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Learning to Drive in the Open Racing Car Simulator
Using Online Neuroevolution

Luigi Cardamone, Daniele Loiacono, and Pier Luca Lanzi

Abstract—In this paper, we applied online neuroevolution to
evolve nonplayer characters for The Open Racing Car Simulator
(TORCS). While previous approaches allowed online learning
with performance improvements during each generation, our ap-
proach enables a finer grained online learning with performance
improvements within each lap. We tested our approach on three
tracks using two methods of online neuroevolution (NEAT and
rtNEAT) combined with four evaluation strategies ( -greedy,

-greedy-improved, softmax, and interval-based) taken from the
literature. We compared the eight resulting configurations on sev-
eral driving tasks involving the learning of a driving behavior for a
specific track, its adaptation to a new track, and the generalization
capability to unknown tracks. The results we present show that,
notwithstanding the several challenges that online learning poses,
our approach 1) can successfully evolve drivers from scratch, 2)
can also be used to transfer evolved knowledge to other tracks, and
3) can generalize effectively producing controllers that can drive
on difficult unseen tracks. Our results also suggest that the ap-
proach performs better when coupled with online NEAT and also
indicate that -greedy-improved and softmax are generally better
than the other evaluation strategies. A comparison with typical
offline neuroevolution suggests that online neuroevolution can be
competitive and even outperform traditional offline approaches on
more difficult tracks while providing all the interesting features of
online learning. Overall, we believe that this study may represent
an initial step toward the application of online neuroevolution in
games.

Index Terms—Machine learning, neuroevolution, online
learning, online neuroevolution, simulated car racing.

I. INTRODUCTION

I N the field of computer games, offline learning has some
limitations that online learning may be able to overcome.

Recently, Spronck et al. [30] and Stanley et al. [32] suggested
that a game intelligence learned offline may easily lead to pre-
dictable behaviors, whose weaknesses can be systematically ex-
ploited by the players to defeat the computer. Furthermore, the
same approach might be unable to adapt to unexpected player’s
strategies or game situations (a typical example being a human
player driving in the opposite direction in a car racing game)
[30], [32]. Finally, they suggested that it might be difficult to
adapt a game intelligence developed offline to match the skill
level of a human player. These limitations are even more rele-
vant in racing games where players demand opponents that are
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1) believable, to preserve the suspension of disbelief; 2) adap-
tive, to match the players driving skills so as to offer a con-
tinually challenging game experience; and 3) nonpredicable, to
avoid the repetitive patterns of the typical racing scenario. Ac-
cordingly, in this paper, we present an initial study on the ap-
plication of online learning to simulated car racing. More pre-
cisely, we focus on existing methods of online neuroevolution
and apply them to a state-of-the-art car racing simulator (The
Open Racing Car Simulator (TORCS) [1]).

The application of neuroevolution to modern computer games
has been mainly restricted to offline learning (e.g., [5], [14],
[22], and [26]). In a typical scenario, an evolutionary algorithm
is applied to a population of networks [5], [22], [32], [48]; at
each generation, the fitness of each network is evaluated by ap-
plying it to the game for a rather long timeslot (e.g., to play one
or more matches [22] or to drive one or more laps [7]); then se-
lection, recombination, and mutation are applied as usual; these
steps are repeated until a termination condition is met. At the
end, the best individual is deployed to the actual game. Offline
neuroevolution can also be applied in real time to train a team of
agents during the game by replacing the rather expensive gener-
ational evolutionary process with a steady-state algorithm [32],
[47]. Recently, Whiteson and Stone [44] focused on neuroevo-
lution for stochastic reinforcement learning problems and pro-
posed an approach to enable online learning by modifying the
fitness evaluation process. Neuroevolution typically deals with
stochastic problems by computing the fitness of each individual
as the average over a fixed number of repeated evaluations (e.g.,
as the average over 100 trials [44]). In contrast, Whiteson and
Stone [44] define a reservoir of evaluations that are allocated to
individuals based on a mechanism that borrows from reinforce-
ment learning [35]. As in offline neuroevolution, each evalua-
tion involves an entire problem instance (e.g., one match of an
arcade game, one lap in a racing game, or an episode of a re-
inforcement learning task [44]). Opposite to what happens in
typical offline neuroevolution, each individual receives a vari-
able number of evaluations that depends on its performance:
the most promising individuals receive an increasingly higher
number of evaluations while less promising individuals receive
fewer and fewer evaluations [44]. The approach of Whiteson
and Stone [44] enables online learning within the same gener-
ation in that, more and more evaluations are allocated to the
best performing individuals, so that the overall performance im-
proves during each generation. However, it does not allow any
learning or adaptation with a finer granularity since each evalu-
ation exactly corresponds to one problem instance. This repre-
sents a significant limitation for the application of [44] to com-
puter games, which often require learning at a finer granularity.
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In this work, we focus on existing methods for online neu-
roevolution, previously applied only to scientific testbeds [44]
and a simple game [29], modify them for a realistic car racing
simulator (TORCS) [1], and compare them in terms of learning
capabilities, adaptivity, and generalization. Our study is based
on the early works of Cardamone et al. [6], [9] and Reeder et al.
[29] who, respectively, extended online neuroevolution [44] and
real-time neuroevolution [32] to the finer granularity needed in
the realm of computer games [6]. In previous approaches [5],
[22], [26], [44], [48], evaluations correspond to one or more
problem instances. In contrast, we focus on very short times-
lots that cover only a small fraction of a problem instance. Ac-
cordingly, our evaluations involve only very small parts of the
overall task. Consequently, while in [5], [22], [26], [44], and
[48] a problem instance is solved by one individual, in our ap-
proach, several individuals might be used in sequence to solve
one problem instance.

Our approach reduces the time spent on the evaluation of poor
performing drivers. In fact, by using very short timeslots to eval-
uate individuals, it is possible to focus on the best drivers within
the same lap (i.e., within the same problem instance). In [44],
the decision of which individual should be evaluated affects one
or more problem instances (one or more laps in our case), so that
longer amounts of time may be spent on evaluating poor drivers.
In our case, the same decision usually affects only a very small
portion of a problem instance (a small fraction of the overall
lap), so that less time is wasted on less promising individuals.
Thus, the use of very short timeslots leads to a finer grained on-
line learning with performance improvements during each lap,
and not just during each generation as in [44]. However, the use
of short timeslots also poses major challenges. First, since the
individuals are tested only on a fraction of the overall task, their
evaluation is extremely noisy as the same driver may be evalu-
ated on very different parts of the track. Second, since learning
happens online and involves one car, individuals have to be
tested sequentially so that 1) subsequent evaluations are corre-
lated and performed starting from very different initial condi-
tions; and 2) there may be abrupt discontinuities in the learning
process (which can be adequately managed as in [9]). Finally,
since the individuals are tested only on a fraction of the overall
track, in principle, there is no guarantee that at the end there will
be an individual capable of driving on the whole track.

We tested our approach using two methods of online neu-
roevolution and four possible evaluation strategies for the al-
location of timeslots to the individuals in the populations. We
compared the performance of the eight resulting configurations,
both in terms of learning capabilities and learning speed, on sev-
eral driving tasks involving 1) the learning of a driving behavior
for a specific track, 2) its adaptation to a new track, and 3) its
generalization to unknown tracks. In particular, we considered
online NEAT, introduced by Whiteson and Stone [44], and its
steady-state version, online rtNEAT, introduced by Reeder et al.
[29]. With respect to the evaluation selection strategies, we con-
sidered the three policies introduced in [44] (namely, -greedy,
softmax, and interval-based) and -greedy-improved, which we
first introduced in [6] and [9].

The results we present show that our approach can success-
fully evolve drivers from scratch and can also be used to adapt

networks evolved for a certain track to another one. Although,
in our approach, evaluations are more noisy than in [44] and
performed only on a fraction of the target driving task, yet
the best evolved networks are capable of driving on the entire
track and generalizing to unknown and more difficult tracks.
In particular, our results show that, when learning to drive
from scratch, rtNEAT initially performs significantly better
than NEAT—as should be expected. However, later online
NEAT quickly catches up and, at the end, it performs better
than rtNEAT (although, the difference is not statistically sig-
nificant). When adapting a driver to another track, our results
show that both approaches reach a comparable performance
with no statistically significant difference between them. The
experiments on generalization show that online NEAT produces
more drivers capable of driving on several difficult unknown
tracks. With respect to the evaluation strategy, all our exper-
iments show that -greedy is generally worse than the other
strategies, which perform similarly, confirming the findings
in [44]. We also performed a set of experiments to study the
effect that the length of the evaluation timeslot has on the
performance of online neuroevolution. Our results show that a
too short evaluation slot boosts the learning at the beginning
but usually leads to suboptimal drivers. A very long evaluation
slot, comparable to the ones used in offline neuroevolution,
dramatically slows down the learning and leads to poor drivers.
Medium-sized evaluation slots provide reasonable learning
speed and competitive drivers. Finally, we compared the online
neuroevolution approaches with typical offline neuroevolu-
tion. Our results show that, notwithstanding the many more
challenges that online neuroevolution has to deal with, it can
provide competitive solutions and may even outperform offline
neuroevolution on more difficult tracks.

Overall, our study highlights the many challenges that a real-
istic game domain poses to online learning (e.g., noisy and inter-
dependent evaluations) and shows practical ways to tackle them
using online neuroevolution. However, the methods we analyze
here do not provide a principled solution to enable the applica-
tion of online learning to commercial game platforms. In fact,
the development of novel paradigms to solve such challenges is
still an open issue, outside the goal of this study, and should be
the topic of future research directions.

II. TORCS

TORCS [1] is a state-of-the-art open source car racing simu-
lator that provides a sophisticated physics engine, full 3-D vi-
sualization, several tracks, several models of cars, and various
game modes (e.g., practice, quick race, championship, etc.). The
car dynamics are accurately simulated and the physics engine
takes into account many aspects of racing cars such as traction,
aerodynamics, fuel consumption, etc.

Each car is controlled by an automated driver or bot. At each
control step (game tick), a bot can access the current game
state, which includes information about the car and the track,
as well as the information about the other cars on the track;
a bot can control the car using the gas/brake pedals, the gear
stick, and steering wheel. The game distribution includes many
programmed bots that can be easily customized or extended to
build new bots.
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All the experiments reported in this paper have been car-
ried out with version 1.3.1 of TORCS using the setup of the
2009 Simulated Car Racing Championship (see the competition
pages for CEC-2009,1 GECCO-2009,2 CIG-2009,3 and [18]).
The car sensory inputs consist of two sets of rangefinders (one
for sensing the track borders, one for sensing the opponents) and
other sensors describing the car state such as the car direction
with respect to the track axis, the amount of damage, the current
gear, etc. (see [18] for the complete list). The car is controlled
by four effectors: the steering wheel, the gas pedal, the brake
pedal, and the gear change [18].

III. NEUROEVOLUTION WITH AUGMENTING TOPOLOGY

In this paper, we focused on neuroevolution with augmenting
topology (NEAT [34]), one of the most successful and widely
applied neuroevolution approaches. NEAT [34] works as the
typical population-based selecto–recombinative evolutionary
algorithm: first, the fitness of the individuals in the population
is evaluated, then selection, recombination, and mutation oper-
ators are applied, and this cycle is repeated until a termination
condition is met. NEAT is based on rather simple but very
effective principles. First, NEAT does not make any assumption
about the optimal topology of the target neural network or about
the type of connections involved (e.g., they can be feedforward
or recursive). Accordingly, its evolutionary search starts from
the simplest topology possible (i.e., a fully connected network
containing only the input and output layers) and complex
structures emerge during the evolutionary process, surviving
only when useful. Furthermore, NEAT deals with the problem
of recombining networks with different structures through a
historical marking mechanism that assigns a unique innovation
number to genes originated from structural mutations. Recom-
bination uses the innovation number to identify similarities
between networks without the need of complex and expensive
topological analysis. Finally, NEAT protects the structural
innovations through the mechanism of speciation, which re-
stricts the selection process to niches containing networks with
a similar topology. To identify such niches, NEAT uses the
innovation numbers of the genes to measure the similarities
between topologies. To prevent a single species from taking
over the population, the networks in the same niche share their
fitness [13].

Later, an extension of NEAT for real-time learning (rtNEAT)
was introduced to evolve populations of agents for the game
of NERO [33], while the game is being played. While NEAT
focuses on finding the very best individual to solve a certain
problem, rtNEAT focuses on finding the best team of agents
quickly. For this purpose, rtNEAT replaces the generational ge-
netic algorithm of NEAT with a steady-state genetic algorithm,
so that, at each generation, only one individual in the population
is modified.

IV. ONLINE NEUROEVOLUTION

Our work is based on two methods of online neuroevolution:
1) the generational approach, introduced by Whiteson and Stone

1http://www.cec-2009.org/
2http://www.sigevo.org/gecco-2009
3http://www.ieee-cig.org/cig-2009

[44], which extends NEAT for the online scenario, and 2) its
steady-state version [29], which extends the steady-state version
of NEAT (rtNEAT) to an online scenario.

A. Online Generational Neuroevolution With NEAT

In [44], Whiteson and Stone extended NEAT for online
learning in stochastic problems. Instead of computing the fitness
of each individual as an average over a fixed number of repeated
evaluations (as usually done when offline neuroevolution is ap-
plied to stochastic problems), a variable number of evaluations is
allocated to each individual based on a mechanism that borrows
from the action–selection strategies employed in reinforcement
learning. For this purpose, Whiteson and Stone [44] introduce a
budget of evaluations that the system can spend on the individuals
in the populations. As in offline neuroevolution, each evaluation
involves one problem instance. Opposite to what happens in
typical offlineneuroevolution, each individual receives a variable
number of evaluations that depends on its performance: the most
promising individuals receive an increasingly higher number of
evaluations while less promising individuals receive fewer and
fewer evaluations [44]. For this purpose, the system needs to bal-
ance exploration and exploitation as do reinforcement learning
algorithms. Accordingly, online neuroevolution applies an eval-
uation selection strategy, borrowed from reinforcement learning,
to identify the most promising candidates in the population so
as to allocate more resources (more evaluation slots) to them.

The online version of NEAT is reported in Algorithm 1.

Algorithm 1: Generational Online Evolution

1: procedure EVOLUTION
is the population, is an individual of

is the number of evaluations of
is the fitness of

2: ; Randomly initialize
3: repeat

Init fitness and evaluation count in
4: for do
5:
6: Set to min fitness
7: end for
8: repeat

Select the individual to evaluate
9: SELECT ;

Update the evaluation count
10: ;

Update the fitness of based on
its current evaluation

11: ;
12: until Evaluation Termination Criteria Met;

Usual NEAT operators
13: Selection ;
14: Recombination ;
15: Mutation ;
16: ;
17: until Maximum Number of Generations Reached
18: end procedure
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At first, the population is randomly initialized as in the most
typical evolutionary algorithm (Algorithm 1, line 2). Then, the
individuals in the population are evaluated (Algorithm 1, lines
4–12) according to a certain action–selection strategy (Algo-
rithm 1, line 9). For this purpose, for each individual in the
population , the system maintains a vector estimating
the individual fitness and a vector keeping the number of
evaluations performed for ; the vector is initialized to zero
while is initialized with the minimum fitness value, which
depends on the problem. Every time an individual is selected
for the evaluation, its counter is increased (Algorithm 1, line
10) and its estimated fitness is updated (Algorithm 1, line 11)
based on the result of the current evaluation and its previous
value. The selection of an individual is performed by the func-
tion call SELECT at line 9 in Algorithm 1 that implements
one of the evaluation selection strategies proposed in the liter-
ature [10], [44] (see Section IV-C). When the criterion to stop
the evaluation is met (Algorithm 1, line 12), the evolutionary
process continues as usual with selection, recombination, and
mutation. These steps are repeated until a target number of gen-
erations have been completed.

B. Online Steady-State Neuroevolution With rtNEAT

rtNEAT [33] is the steady-state version of NEAT in which the
usual population-based selection, recombination, and mutation
operators are replaced with the following steps. First, the worst
individual (according to its shared fitness) in the population is
removed. Then, two parents are selected, recombined, and mu-
tated so as to generate a new individual which is added to the
population. rtNEAT was extended for an online scenario in [24]
following what was already done by Whiteson and Stone for
NEAT [44]. The online version of rtNEAT works basically the
same as online NEAT; the only difference with respect to the
generational version (Algorithm 1) are the lines from 12 to 16
that in rtNEAT are replaced with steady-state evolution (see [8]
for an algorithmic description).

C. Evaluation Selection Strategies

In our study, we considered all the four evaluation selection
strategies introduced in the literature: three of them ( -greedy,
softmax, and interval-based) are the ones considered in [44];
-greedy-improved is an extension of -greedy we introduced

in [6] and [9]. Each strategy has been used to implement the
SELECT procedure for generational or steady-state online neu-
roevolution (see Algorithm 1).

-greedy is probably the simplest action–selection strategy
used in reinforcement learning [35] and its application to on-
line evolution is rather straightforward. At each iteration, it se-
lects with probability a random individual from the popula-
tion while with probability it selects the individual with
the highest fitness (see [8] for an algorithmic description). The
evaluation process ends (Algorithm 1, line 12) after evalu-
ations are completed. The parameter must be of the same
order of the number of new individuals added to the popula-
tion through recombination and mutation. Accordingly, for on-
line NEAT, a generational algorithm has to be comparable to
(possibly larger than) the population size [44], whereas for on-
line rtNEAT, a steady-state algorithm will be small since only

one new individual in the population is added during each gen-
eration. For instance, in the experiments reported in this paper,

is 300 for online NEAT while it is set to 5 for online rtNEAT.
Note that this termination condition does not guarantee that all
the individuals in the population will be evaluated at least once
[10], [44].

-greedy-improved is an extension of -greedy, which we
devised to avoid some of the limitations of the previous strategy.
Like -greedy, this strategy selects the best individual with prob-
ability while with probability it selects a random indi-
vidual among the ones that have not been evaluated yet. How-
ever, in this case, the best individual is eligible for selection only
if its fitness is higher than a threshold . The individuals
evaluation process ends when 1) all the individuals have been
evaluated at least once and 2) the best individual of the current
population has been evaluated for at least or it is not good
enough (i.e., its fitness is below a threshold ). These termi-
nation criteria guarantee that all the individuals of the popula-
tion have been evaluated and that the fitness of the champion is
very accurate. The parameter controls the exploration/ex-
ploitation tradeoff: the higher the value of is, the more the
time spent exploring the search space for better networks will
be. In practice, should be set to the lowest fitness value
that a good network (i.e., a network with a reasonably high per-
formance) should have. The parameter is used to adjust the
accuracy of the evaluation process: the noisier the single evalu-
ation is, the higher the value of should be.

The -greedy-improved strategy is reported in Algorithm 2.

Algorithm 2: -Greedy-Improved Selection Strategy

1: procedure SELECT
is the population, is an individual of

is the number of evaluations of
is the fitness of

2: ;
If the best individual is not good enough

return an individual never
evaluated (explore)

3: if then
4: return ;
5: end if

If all the individuals have been evaluated
return the best individual (exploit)

6: if then
7: return ;
8: end if

Otherwise apply the -greedy strategy
9: if then
10: return

Return an individual never evaluated (explore)
11: else
12: return ;

Return the best individual (exploit)
13: end if
14: end procedure
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At first, line 3, the fitness of the best individual in the population
is compared to the target threshold. If its fitness is too low, an
individual from the population is randomly selected (note that,
such an individual exists, since otherwise, the termination con-
dition would have been met at the previous iteration so that the
evaluation process would have been terminated). Then, if all the
individuals have been evaluated but the best has not been eval-
uated enough, the best is reevaluated (the process continues in
its exploitation of the current result). Otherwise, if the best indi-
vidual is eligible (its fitness is high enough) and other candidates
have not been evaluated, the usual -greedy selection is applied
(Algorithm 2, line 9).

Softmax is a probabilistic action–selection strategy widely
used in reinforcement learning. When applied to online evolu-
tion [44], it computes the selection probability of an individual

by using the Boltzmann distribution [35], [44] as follows:

where is the fitness of , is the population, and is a
parameter to control the balance between exploration and ex-
ploitation, which is set empirically [44]. A low value of favors
exploitation, since small differences in the fitness of individuals
will correspond to large differences in their selection probabil-
ities; a high value of favors exploration, since even large dif-
ferences in the individual fitnesses will correspond to small dif-
ferences in their selection probabilities. The evaluation process
terminates after evaluations are completed [44]. The param-
eter is set using the same criterion used for -greedy.

Interval-based. None of the previous strategies takes into ac-
count the uncertainty affecting the current estimation of the fit-
ness of the individuals. Interval-based selection addresses this
issue by introducing confidence intervals (see Algorithm 3). At
first, all the newly created individuals are evaluated, then for
the remaining iterations the most promising individual (the one
with the highest upper bound of its confidence interval) is re-
turned (Algorithm 3, line 5). As for -greedy and softmax the
evaluation process stops after iterations. Also in this case, the
parameter is set using the same criterion used for -greedy.

Algorithm 3: Interval-Based Selection Strategy

1: procedure SELECT
is the population, is an individual of

is the number of evaluations of
is the fitness of

Initially, all the individuals are evaluated
2: if then
3: return ;
4: else Adjust the fitness according to

an confidence interval
5: return ;
6: end if
7: end procedure

V. RELATED WORK

In this section, we provide a brief overview of the most rele-
vant published works related to this study.

A. Online Neuroevolution for TORCS

We first presented our approach in [6] and [9] where we also
reported some initial results for the learning performance of
online NEAT [44] on two tracks (Aalborg and Wheel 1 [1])
using -greedy-improved and softmax. In this paper, we extend
our previous analysis and consider also 1) online rtNEAT [29],
which was separately introduced at the same time our approach
was initially developed [6], [9], and 2) another two evaluation
selection strategies, -greedy and interval-based, which we did
not consider before. In our initial analysis [6], [9], we focused
only on the overall learning performance and the results were
not statistically analyzed. In this work, we compare all the ap-
proaches and perform a statistical analysis of the results. In par-
ticular, we take into account both the learning speed and the
learning performance, and we also test the performance of the
best evolved individuals to check how many of them are actually
complete drivers capable of driving the whole tracks. In addi-
tion, we analyze adaptation of individuals and their generaliza-
tion capabilities to unknown difficult tracks. We also study how
the length of the evaluation slot influences the learning perfor-
mance and, finally, we compare all the online approaches con-
sidered to offline neuroevolution.

B. Online Neuroevolution

Our approach shares some similarities with the work of
Reeder et al. [29] who extended the approach of [44] to
steady-state neuroevolution (i.e., rtNEAT [32]). However, there
are some relevant differences between [29] and our approach.
First, [29] considers a continual learning problem in that there
is no concept of problem instance. Second, the problem in [29]
is simpler than simulated car racing since subsequent evalu-
ations are totally independent, whereas in our case, they are
strongly correlated so that the outcome of a previous individual
can dramatically influence the current evaluation (e.g., if the
previous driver crashed the car offroad, the next individual
starts its evaluation from a very unfavorable position). Third,
in [29], the game has no exceptional events that can jeopardize
the outcome of subsequent evaluations that are actually present
in our case (e.g., a driver can get stuck in a corner). Moreover,
although in [29] individuals are evaluated on fixed timeslots
(as in our approach), the fitness is not computed by averaging
the outcomes of repeated evaluations, but updated by adding
positive and negative rewards achieved during each evaluation.
In addition, Reeder et al. [29] report only the performance
during learning, which measures the contribution of more
individuals, while the performance of the best individuals alone
is not tested. Accordingly, in [29], it is not clear whether/how
many complete players are evolved. Furthermore, Reeder et al.
[29] only consider -greedy (the simplest evaluation strategy);
in contrast, in this work, we consider and compare all the three
strategies introduced in [44] (i.e., -greedy, softmax, and in-
terval-based) and the -greedy-improved strategy introduced in
[6] and [9]. Reeder et al. [29] also do not deal with the issues of
generalization and adaptation, considered in this paper. Finally,
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the work of Reeder et al., does not include any comparison
with the original approach of Whiteson and Stone [44].

C. Online Learning and Evolutionary Computation

Learning classifier systems (LCSs) [12], [16] are probably
the oldest and the most well-known evolutionary computation
approaches to online learning. These are online evolutionary
rule-based systems that can solve both supervised (classifica-
tion) problems and reinforcement learning problems. As any
other reinforcement learning method, LCSs need to balance ex-
ploration and exploitation and they do it by using the typical ac-
tion–selection mechanisms [35]—the same used in online neu-
roevolution to select individuals for reevaluation [44], [45].

Online neuroevolution usually reevaluates an individual sev-
eral times and combines all the evaluations in one fitness value.
A similar issue arises when evolutionary methods face prob-
lems involving a noisy fitness function. Stagge [31] proposed a
mechanism to select which individuals need more evaluations
under the assumption that the fitness is affected by a Gaussian
noise. More recently, Beielstein and Markon [4] exploited a
similar mechanism to choose the individuals in the population
to be replaced. Note, however, that these works have a different
focus in that they aim at solving offline optimization problems
while minimizing the number of evaluations. In contrast, online
neuroevolution aims at solving online learning problems while
maximizing the performance during learning. Finally, although
the tradeoff between exploration and exploitation is quite a
novel problem in the evolutionary computation research, it
has been extensively studied in the reinforcement learning
literature (e.g., [35] and [43]) and in the literature related to the
multiarmed bandit problems (e.g., [2] and [23]).

D. Online Learning and Games

In the recent years, several researchers applied online
learning either to 1) develop innovative games [32] or 2)
improve the players’ game experience [3], [24], [27], [36],
[47]. Among the others, the NERO project [32] is probably the
most relevant example of online learning applied to games in
which the goal is to train a team of agents to solve navigation
and combat tasks through online evolution. In the development
of NERO, Stanley et al. introduced rtNEAT [32], a real-time
neuroevolution approach, and applied it to train a team of
agents during the game on the tasks defined by the players.
Recently, rtNEAT has been applied also to a real-time strategy
game [24] and to evolve a team of ghosts in Pac-Man [47].
Both these works exploited rtNEAT to adapt the difficulty level
of the game to the skill of the player.

Although online neuroevolution and real-time neuroevolu-
tion (rtNEAT) are strictly related, they differ in several respects.
First, real-time neuroevolution deals with a population of
agents, evaluated in parallel, while online neuroevolution is
devised for a single agent. Second, in real-time neuroevolution,
all the individuals are evaluated only once using the same
procedure (e.g., one timeslot); in contrast, in online neuroevo-
lution, most promising individuals tend to be evaluated more
often. Finally, real-time neuroevolution and online neuroevo-
lution have different goals. The former aims at converging to
a good team behavior quickly (in real time) whereas the latter

aims at maximizing the performance achieved during the whole
learning process.

Beside neuroevolution, Bakkes et al. [3] applied an evolu-
tionary algorithm to learn online a team strategy for the Cap-
ture of the Flag (CTF), a team-oriented game type of Quake
III (a popular 3-D first-person shooter). In the racing game do-
main, Tan et al. [36] applied evolutionary strategies to adapt on-
line the opponent’s skills in the 2007 IEEE Congress on Evolu-
tionary Computation (CEC) Simulated Car Racing Competition
[42]. Finally, Priesterjahn et al. [28] first learned the behavior
of a bot in Quake III by imitation, then applied an evolutionary
rule-based system to optimize it during the game.

E. Transfer Learning

In this work, we also applied online neuroevolution to adapt
previously evolved drivers to new, unseen, tracks. This type of
problem is part of the area known as transfer learning (TL) [38],
[41]. This area studies how the knowledge learned on a source
task can be exploited to speed up the learning on a new target
task. Several methods of transfer learning have been specifically
devised to be applied in reinforcement learning (RL) or temporal
difference (TD) learning [35]. Such methods either focus on the
transfer of value functions (e.g., [37] and [39]) or experience in-
stances (e.g., [17]). Only few works in the literature (see [38] for
an overview) focused on transferring the learned policies and,
thus, can be applied to the methods that perform a search in the
policy space (like NEAT [34]). One of the earliest examples of
transfer learning in online evolution is due to Lanzi [15] who
used populations of condition–action–prediction rules (called
classifiers) evolved for simple tasks to seed the evolution of so-
lutions in similar problems involving more complex state–ac-
tion spaces. More related to our study is the work of Taylor et
al. [40] who showed that it is possible to transfer the knowledge
evolved using NEAT, even when the target task has either a dif-
ferent state space or a different action space. In particular, they
used the population evolved by NEAT in the source task to seed
the initial population for the target task. Note that, in [40], there
is no indication of how NEAT’s historical marking and com-
plexification mechanisms (which assume that the initial popu-
lation is initialized with networks having the same topology) are
managed. To avoid this type of issue, in this study, we followed
a much simpler approach and used only one (the best) evolved
individual to seed the population for the target task.

Our approach also shares some similarities with [21] who
applied case-injected genetic algorithms [20] to first-person
shooters and real-time strategy games. During the evolutionary
process, the worst members of the population are periodically
replaced with individuals previously evolved that 1) proved to
be successful and 2) are similar to the current best members of
the population. Finally, our approach is somehow related also
to delta coding [46], in which individuals are represented as
differences with respect to a solution previously discovered.

VI. LEARNING TO DRIVE IN TORCS USING ONLINE

NEUROEVOLUTION

The application of offline neuroevolution to TORCS is
straightforward [7]: the population consists of candidate drivers
(i.e., networks) whose fitness is computed as their performance
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on one problem instance which corresponds to driving for
one or more laps; most importantly, all the evaluations are
independent and they can be potentially carried out in parallel.

In contrast, the use of online neuroevolution in TORCS poses
several challenges since there is just one car racing on a track
and a population of networks competing to gain control of that
one car. This scenario demands for reasonable performances in
a limited amount of time (i.e., game ticks) and makes the eval-
uation of each network using several laps infeasible. In fact, it
would be unacceptable to allow networks with poor driving ca-
pabilities to control the only car for too long. As a consequence,
the evaluations of candidate drivers have to be carried out using
rather short time slots. This approach, however, opens up several
issues since 1) each candidate network is tested on rather brief
sections of the track; 2) the evaluation of an individual intrin-
sically depends on the results of the evaluation of the previous
individuals; 3) there might be several abrupt and unsafe changes
in the car driving behavior when a controller replaces the pre-
vious one (in fact, different controllers might have totally dif-
ferent ways to deal with the same situation, leading to chopped
driving behaviors); finally, 4) extremely poor controllers might
stop the entire evaluation process (for instance, if the car gets
stuck somewhere, all the subsequent controllers will perform
poorly and possibly lead to a premature convergence).

Since evaluations cover only brief portions of the track (be-
cause of the short time slots), they might easily lead to either
underestimate or overestimate the performance of candidate
drivers. For instance, a network might have a high fitness, just
because it has been evaluated only on favorable parts of the
track (e.g., straight stretches). Most importantly, in the online
scenario, the evaluation of a candidate driver begins where the
evaluation of the previous one ended. Thus, an evaluation intrin-
sically depends on the results of the previous ones; for instance, a
candidate network might be evaluated starting in an unfavorable
position of the track just because the previous drivers performed
poorly. The online neuroevolution approaches applied in this
work (see Section IV) aim at reducing the noise and the uncer-
tainty due to the evaluation process 1) by reevaluating the most
promising candidates more than once and 2) by averaging the
results of more evaluations into a unique fitness value.

Finally, an evaluation of a poor controller might jeopardize
the entire learning process. For instance, the car might get stuck
somewhere offtrack so that the subsequent candidate drivers
would receive low fitnesses possibly leading to a premature con-
vergence. To avoid this issue, we introduced a recovery proce-
dure that is activated when the car is outside the track (where
rangefinder inputs are unavailable [19]). The recovery policy
was implemented as a separate programmed module inspired by
the one available in the drivers distributed with TORCS (similar
to what was done in [25]).

VII. DESIGN OF EXPERIMENTS

All the experiments presented in this paper have been car-
ried out with TORCS 1.3.1, using the setup of the 2009 Simu-
lated Car Racing Championship [18], and the version 1.0 of the
NEAT/rtNEAT package distributed by the NEAT user group,4

modified to compile with gcc-4.1.2.

4http://www.cs.ucf.edu/kstanley/neat.html#group.

A. Sensors and Actuators

We used the sensors provided by the competition software
to build a sensor model consisting of 1) six rangefinder sen-
sors to perceive the track edges along several directions (i.e.,

90 , 60 , 30 , 30 , 60 , 90 ); 2) an aggregate sensor
to perceive the track edges in front of the car, which combines
the readings of the three rangefinders along the direction 10 ,
0 , and 10 ; and 3) the current speed of the car. The effec-
tors provided in the competition software were mapped into
two real-valued effectors that control the steering wheel and the
gas/brake pedals. In addition, when the car frontal sensor does
not perceive the track edge within 100 m (i.e., when the car is
probably on a straight stretch), the gas pedal is set to the max-
imum value by default. Therefore, drivers need to control the
gas/brake pedals only when facing a turn. This design forces
controllers to drive as fast as possible from the very early gen-
erations and prevents the evolutionary search from wasting re-
sources on reliable but slow controllers. Note that drivers do not
control the gear shift, which, in this work, is controlled by a pro-
grammed policy taken from one of the drivers distributed with
TORCS.

B. Experimental Setup

An experiment consists of ten runs. In each run, a driver is
evolved using either the online version of NEAT or the online
version of rtNEAT and one of the four evaluation–selection poli-
cies available (i.e., -greedy, -greedy-improved, softmax, and
interval-based).

Each run lasts for 2000 laps (i.e., the car must complete 2000
laps before the evolutionary process stops) and involves a pop-
ulation of 100 controllers. An evaluation slot consists of 1000
game ticks. Thus, a network is evaluated for approximately 20 s
of actual play time, then the control is passed to the next network
to be evaluated. Note that our timeslot is very short, actually
shorter than the time needed to complete one lap on the sim-
plest track (A-Speedway). In fact, the fastest driver we evolved
in A-Speedway requires around 30 s (Section VIII) to complete
a lap so that our evaluation slot is only the 66% of the fastest
lap. In a more difficult track such as Ruudskogen this difference
is more dramatic where, in the initial learning stage, the evalu-
ation timeslot roughly corresponds to the 5% of the average lap
time [Table I(a)].

The fitness of a controller during an evaluation slot is com-
puted as

where is the number of game ticks the car spent outside the
track; is the average speed during the evaluation, computed as
meters for game tick; is the distance raced by the car during
the evaluation, computed as meters run; and are two con-
stants introduced to guarantee that the fitness is positive and as a
scaling factor for the average speed term (both and have been
empirically set to 1000 in all the experiments reported here). All
the NEAT/rtNEAT parameters were set to their default values,
taken from the configuration files distributed with the software
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TABLE I
ONLINE NEAT AND RTNEAT APPLIED TO TORCS: AVERAGE LAP TIME AFTER (A) 100 LAPS AND (B) 500; (C) FINAL PERFORMANCE COMPUTED AS THE

AVERAGE LAP TIME DURING THE LAST 100 LAPS; (D) AVERAGE PERFORMANCE OF THE BEST INDIVIDUALS IN THE

FINAL POPULATIONS; STATISTICS ARE AVERAGES OVER TEN RUNS

package, except for a few ones.5 For -greedy, softmax, and in-
terval-based, is set to 300 for online NEAT and to 5 for online
rtNEAT following the indications given in [44]. The other pa-
rameters were set to values that we empirically determined. In
particular, for -greedy and -greedy-improved, is set to 0.25;
for -greedy-improved, is 5 (the best individual must be
evaluated at least five times) and is 2100 (i.e., only indi-
viduals with a fitness higher than 2100 can be considered cham-
pions); for softmax, is 50; for interval-based, the confidence
level has been set to 0.8. All the statistics reported in this paper
are averages over ten runs.

C. Statistical Analysis

To analyze the results produced during each experiment, we
performed a two-way analysis of variance (ANOVA) followed

5With respect to the default settings, we modified the following param-
eters: ����� ��� 	
��� � ���; ����� 	�
 � ���� (i.e., we allowed
recurrent connections); ������� �
��� � ���; �
�	�� ������ � ���;
������ ��� �
�� 	�
 � �����; ������ ��� ���� 	�
 � �����;
������	����� ���� ���� � ����.

by the typical post-hoc procedures (SNK, Tukey, Scheff́e, and
Bonferroni) [11]. The two-way ANOVA has been applied to
check whether there are significant differences in the results
with respect to 1) the type of neuroevolution applied (NEAT
or rtNEAT), and to 2) the evaluation strategy used ( -greedy,
-greedy-improved, softmax, or interval-based). The post-hoc

procedures have been applied to identify groups of configura-
tions with similar performance.

VIII. EXPERIMENTAL RESULTS

We applied online neuroevolution using NEAT and rtNEAT
to evolve a driver for each one of the three tracks depicted in
Fig. 1. The tracks have increasing difficulty and they are all
available in the TORCS distribution. A-Speedway is a simple
oval with four identical left turns; a driver for this track, to be
competitive, just needs to learn how to approach that one turn.
CG-Track 1 mainly contains high-speed turns; it is not very dif-
ficult, but it requires complex trajectories to achieve low lap
times. Ruudskogen is a rather complex and narrow track that
contains both fast and slow turns, both on the left and on the
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Fig. 1. Three tracks used for the experiments reported in this paper.
(a) A-Speedway; (b) CG-Track 1; (c) Ruudskogen.

right side; moreover, the height of the track changes signifi-
cantly making the control of the car more difficult when ap-
proaching some of the turns; accordingly, in third track, drivers
must learn sophisticated behaviors for each part of the track to
be competitive.

A. Learning From Scratch

In the first set of experiments, we applied the online versions
of NEAT and rtNEAT to evolve a driver starting from a popula-
tion initialized as usually done in NEAT and rtNEAT, i.e., using
the simplest network topology possible (Section III). Table I
compares the performance of online NEAT/rtNEAT using one
of the four selection strategies on the three tracks; statistics are
averages over ten runs; best performances are highlighted in
bold. Table I(a) reports the average lap time over the first 100
laps; Table I(b) reports the average lap time over the first 500
laps; Table I(c) reports the average lap time over the last 100
laps; and Table I(d) reports the average lap time of the best in-
dividuals evolved for each configuration during each run.

1) Statistical Analysis: For each track, we applied a two-way
ANOVA [1] to test whether the differences in Table I are sta-
tistically significant with respect to two factors, the type of
neuroevolution approach used (NEAT or rtNEAT), and the
type of evaluation selection used ( -greedy, -greedy-im-
proved, softmax, and interval-based). When the tests returned
a statistical significance we also applied the typical post-hoc
procedures (SNK, Tukey, Scheffe, and Bonferroni) to analyze
the differences among the four selection strategies.

2) Initial 100 Laps: As can be noted from Table I(a), in the
initial 100 laps, rtNEAT appears to learn faster than NEAT: in
fact, the average lap times obtained by rtNEAT are usually lower
than the corresponding values obtained by NEAT (apart from a
very few exceptions). However, the two-way ANOVA [11] of
the data in Table I(a), for the averages over the first 100 laps,
shows that the reported differences are not statistically signifi-
cant. The same analysis shows that, with respect to the selec-
tion algorithms, there is no statistically significant difference
between -greedy-improved, softmax, and interval-based. Fi-
nally, the post-hoc procedures make evident a clear distinction
in A-Speedway between -greedy (which is the worst one) and
all the other three policies ( -greedy-improved, softmax, and in-
terval-based).

3) Initial 500 Laps: As the learning proceeds, NEAT im-
proves much more than rtNEAT so that the difference between
their performances becomes blurred. The statistical analysis of
the average lap times over the first 500 laps [Table I(b)] shows
that the difference between NEAT and rtNEAT is now statisti-

cally significant only in the most difficult track, Ruudskogen,
with a confidence level of the 95%. This result might appear
counterintuitive since, in A-Speedway and CG-Track 1, rtNEAT
still performs better than NEAT for three out of the four selec-
tion algorithms. Note however that, in the same tracks, when
-greedy is applied, rtNEAT performs much worse than NEAT

so that, on the average, the differences between NEAT and rt-
NEAT are not statistically significant. With respect to the selec-
tion strategies, the data in Table I(b) confirm and extend what
was previously found: there is a significant difference between
-greedy and the other three strategies in all the three tracks.

4) Last 100 Laps: Table I(c) reports the average lap times
over the last 100 (learning) laps. The reported results show that,
at the end, the difference between NEAT and rtNEAT is blurred:
in eight out of the 12 cases, the average lap time obtained using
NEAT is slightly higher than rtNEAT’s one, but this difference
is not statistically significant. In the remaining cases, NEAT per-
forms significantly better than rtNEAT. With respect to the se-
lection strategies, the statistical analysis confirms the previous
findings showing a statistically significant difference between
-greedy and the other three strategies in all the tracks.

5) Testing: During learning, the whole population controls
the only car available. Therefore, several networks selected from
the population may be used within the same lap so that there is
no guarantee that a complete driver has been evolved. Accord-
ingly, at the end of the learning, we tested the best individuals,
the champions, evolved during each run for each configuration
to assess their final performance on the whole track. For this pur-
pose, each champion drove two laps and we measured its perfor-
mance as the time taken to complete the second lap. Table I(d)
reports the average lap times obtained by the best ten individ-
uals, the ten champions, evolved for each configuration (one for
each one of the ten runs); an “ ” indicates that one of the cham-
pions could not complete the two test laps, i.e., the champion
was not able to drive on the entire track but only on a part of it.
The results show that, although the drivers are evaluated only on
small parts of the track, the vast majority of the best individuals
can drive on the whole track reliably. This is not surprising as
the best drivers are actually reevaluated several times and thus,
overall, are very likely to be tested on the entire track.

The results in Table I(d) are similar to the ones found for the
final 100 laps of the learning phase [Table I(c)] where the dif-
ferences between NEAT and rtNEAT are blurred. At the end,
when coupled with online rtNEAT, -greedy still performs sig-
nificantly worse than the other three evaluation strategies. How-
ever, when online NEAT is used, interval-based performs worse
in the most difficult tracks (although this difference is not sta-
tistically significant).

B. Seeded Evolution

We repeated the same set of experiments starting from popu-
lations seeded with the best individuals previously evolved for
each track. The goal was to test whether, in TORCS, online neu-
roevolution could exploit previous existing knowledge and pos-
sibly improve it so as to evolve a better driver. Note that Taylor
et al. [40] studied how to transfer previously evolved knowl-
edge to more complex tasks involving different sensors/actua-
tors models. In our case, the task is the same, to drive compet-
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Fig. 2. Online (a) NEAT and (b) rtNEAT applied to the CG-Track 1 track with softmax starting from scratch (triangular dots), a population seeded with a champion
from A-Speedway (squared dots), and a champion from Ruudskogen (circled dots). Curves are averages over ten runs.

TABLE II
ONLINE NEAT AND RTNEAT APPLIED FROM A SEEDED POPULATION: AVERAGE PERFORMANCE OF THE BEST INDIVIDUALS

itively, as well as the sensors/actuators model; accordingly, we
applied a much simpler approach than the one in [40].

For each configuration, we applied online neuroevolution
starting from a seeded population and let the car drive for
2000 laps. All the experiments performed demonstrate a
behavior similar to the one illustrated by Fig. 2 where we
compare the performance of NEAT [Fig. 2(a)] and rtNEAT
[Fig. 2(b)], in CG-Track 1 using softmax, when the evolutionary
process 1) starts from scratch, 2) is seeded with a champion of
A-Speedway, and 3) is seeded with a champion of Ruudskogen.
As the curves show, seeding the population with a champion
(significantly) boosts the learning at the beginning. At the
end, after 2000 laps, the performance achieved from a seeded
population is at least as good as the performance achieved from
scratch.

Table II summarizes all the results reporting the average lap
times of the best individuals evolved in each run with online
NEAT and rtNEAT; statistics are averages over ten runs; best
performances are highlighted in bold. In this case, the two-way
ANOVA reports no statistically significant difference between
the performance of NEAT and rtNEAT or among the four eval-
uation strategies. It is worth noting however that the best perfor-

mance is obtained when a driver evolved on a complex track is
used as a seed to evolve a driver for a simpler track. For instance,
when the A-Speedway champion is used to seed the evolution of
a driver for CG-Track 1, the final performances are worse than
those obtained when using the Ruudskogen champion as a seed.

Note that our analysis does not take into account the time re-
quired to evolve the champions (and thus follows the target task
time scenario of [38]). However, the goal of this set of exper-
iments was rather limited and way behind the wider scope of
transfer learning. In fact, our goal was just to investigate the
possibility of reusing previously evolved drivers on new unseen
track as typically happened during many recently organized sci-
entific car racing competitions.

C. Generalization

At the end, we tested the champions evolved for each one
of the three tracks (i.e., one champion for each one of the ten
learning runs executed for each configuration on each track) on
a large set of the most difficult tracks available in the TORCS
distribution. For each track, we let each champion drive two laps
and recorded its performance as the time to complete the second
lap.
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Our results (see Table IV in the Appendix) show that NEAT
evolves drivers that, on the new unseen tracks, are generally
faster than the ones evolved by rtNEAT. The usual two-way
ANOVA shows that such difference is always statistically sig-
nificant on all the three tracks with a confidence level of 99.9%.
With respect to the evaluation strategies, the statistical analysis
confirms what was previously found showing that -greedy per-
forms significantly worse than the other three strategies. In ad-
dition, the data collected for the champions evolved in Ruud-
skogen show a statistically significant difference among all the
four selection strategies suggesting that, in this case, the best
driver is the one evolved using -greedy-improved, followed by
softmax, interval-based, and -greedy.

We also analyzed the data regarding the number of cham-
pions that were able to complete the test process (reported be-
tween parentheses in the Appendix as Table IV) using a two-way
ANOVA. The analysis shows that the number of champions
evolved using NEAT, which are capable of completing the test,
is significantly higher (with a confidence level of 99%) than the
number of champions evolved using rtNEAT, i.e., NEAT evolves
more champions that can race on new unseen tracks. With re-
spect to the evaluation strategies, the two-way ANOVA again
shows that -greedy performs worse than the other three strate-
gies. In addition, all the four post-hoc tests cluster the four evalu-
ation strategies in three groups: one consisting of -greedy (the
worse one), one consisting of interval-based and softmax (the
middle ones), and one containing -greedy-improved (the best
one).

Interestingly, our analysis also shows that the champions
evolved in A-Speedway can generalize significantly less than
the drivers evolved in CG-Track 1 and Ruudskogen. In fact, the
number of A-Speedway champions that can complete two laps
on an unknown track is much smaller than that of CG-Track 1
and Ruudskogen champions and this difference is statistically
significant with a confidence level of 99%. This result confirms
what was previously found in the experiments with seeded
population: it is convenient to use drivers evolved on the most
difficult tracks.

D. Discussion

Our experimental results show that online rtNEAT learns
faster at the beginning but, somewhat surprisingly, the dif-
ference soon becomes blurred so that at the end there are
no statistically significant differences. The two approaches
perform similarly also when applied to adapt an old driver
to a new track. However, NEAT appears to be more reliable
when it comes to generalizing in that it evolves drivers that
can complete significantly more laps on unknown tracks.
Among the four selection strategies, the analysis suggests that
-greedy-improved and softmax may be the best ones. Thus,

overall, our results suggest that online NEAT may be the best
approach to evolve a driver for TORCS and that NEAT should
be coupled with -greedy-improved or softmax.

Indeed, when learning from scratch, rtNEAT at the beginning
[Table I(a)] performs significantly better than NEAT: since it
uses steady-state evolution, rtNEAT explores the solution space
less than NEAT (which is generational); accordingly, rtNEAT
initially reaches a better performance. However, in the long run,

NEAT catches up and at the end NEAT and rtNEAT perform
similarly.

The experiments with seeded populations (Section VIII-B)
show that it is possible to transfer previous knowledge (pre-
vious evolved drivers) to seed the evolution of drivers for dif-
ferent tracks. More interestingly, they show that it is more con-
venient to transfer the knowledge evolved from difficult tracks
to simpler ones (e.g., to use a driver evolved for Ruudskogen
to seed a population for CG-Track 1) rather than the other way
around. Overall, the experiments with seeded populations show
no statistically significant difference between the performance
of NEAT and rtNEAT or the four selection strategies. Moreover,
at the end, both methods reach a comparable performance (in
fact, there is no statistically significant difference at the end).

The final testing performed on many unknown tracks suggests
that NEAT can generalize better than rtNEAT in that it generates
significantly more controllers capable of driving on difficult un-
known tracks.

With respect to the evaluation strategies, all the experiments
seem to agree. -greedy is the worst evaluation strategy often
leading to a significantly lower performance while the other
three evaluation strategies usually perform similarly. Only in
some cases, the statistical analysis reported that the performance
achieved with interval-based is significantly worse than the one
achieved with -greedy-improved and softmax.

IX. LENGTH OF THE EVALUATION SLOT

We repeated the experiments of Section VIII-A using short
evaluation slots of 500 ticks, medium evaluation slots of 2000
ticks (twice the length used in Section VIII-A), and long eval-
uation slots of enough ticks to complete two laps in each track
(i.e., 3000 ticks for A-Speedway, 6000 ticks for CG-Track 1,
and 12000 ticks for Ruudskogen).

Overall, all the experiments show the same behavior exem-
plified in Fig. 3 where we report the learning curves for online
NEAT [Fig. 3(a)] and online rtNEAT [Fig. 3(b)] applied to
CG-Track 1 using softmax with different evaluation slot sizes.
As can be noted, very short evaluation slots result in faster
learning at the beginning, but lead to a final performance worse
than that achieved with longer evaluation slots. However, with
very long evaluation slots, the learning is initially very slow
and, after 2000 laps, the performance is much worse than that
achieved with shorter slots. Evaluation slots of 1000 or 2000
ticks (approximately 20 and 40 s of actual game time) result
in the best performances and reasonable learning speeds at the
beginning. In particular, our results show that, in general, there
is no significant difference between the performance using
1000 or 2000 game ticks. Thus, an evaluation slot of 1000 ticks
seems to be the best tradeoff since it allows for the best learning
speed (shorter slots correspond to faster learning) without a
statistically significant decrease in the final performance.

X. COMPARISON WITH OFFLINE NEUROEVOLUTION

In the last set of experiments, we compared the online ap-
proaches considered in this paper with the typical offline neu-
roevolution [5], [14], [22], [26], previously applied to TORCS
in [7]. In this case, the evaluations of individuals are performed
1) independently, in that, they potentially may be carried out
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Fig. 3. Online neuroevolution applied to the CG-Track 1 track using softmax and different sizes of the evaluation slot: (a) NEAT; (b) rtNEAT. Curves are averages
over ten runs; bars report the standard error.

TABLE III
OFFLINE AND ONLINE NEUROEVOLUTION APPLIED TO TORCS: AVERAGE PERFORMANCE OF THE BEST INDIVIDUALS IN THE FINAL POPULATIONS; STATISTICS

ARE AVERAGES OVER TEN RUNS

in parallel, and 2) more accurately, in that, each evaluation
involves a complete problem instance. We applied (offline)
NEAT and rtNEAT to evolve drivers for each one of the tracks
previously considered. Each individual was evaluated by ap-
plying it to drive two laps on the target track. All the evalua-
tions started with the car placed in the same position and ended
when either the car completed two laps or a large amount of
game ticks had elapsed (to avoid spending to much time when
a driver gets stuck). The fitness is the same used for online
neuroevolution (see Section VI and [7]). Note that it is not
possible to compare online and offline neuroevolution based
on the number of laps completed (as we did for the online
case) since offline evolution involves multiple evaluations and
not just one car racing on the track. Accordingly, to provide
a fair comparison, we computed the average number of game
ticks used for each setting tested in Section VIII-A and stopped
offline neuroevolution when a comparable number of actual
game seconds had elapsed.6

Table III compares the average lap times of the best indi-
viduals evolved using 1) online neuroevolution [taken from
Table I(d)], and 2) offline neuroevolution; the statistics are av-
erages over ten runs. In the simplest track, A-Speedway, offline
neuroevolution performs significantly better than online NEAT
and offline rtNEAT at a 99% confidence level. As the track

6In A-Speedway, offline neuroevolution was stopped after 110 000 actual
game seconds were elapsed; in CG-Track 1 after 220 000 game seconds; in
Ruudskogen after 405 000 game seconds.

difficulty increases, in CG-Track 1, the performance of online
approaches increases and the difference becomes more blurred:
offline neuroevolution only outperforms online approaches
using -greedy, which proved to be the worst performing online
approach. In the most difficult track, Ruudskogen, online NEAT
using -greedy-improved performs significantly better than
offline neuroevolution (with a confidence of the 99%) while
online rtNEAT using -greedy (the worst combination possible
for online neuroevolution) performs significantly worse than
offline NEAT and rtNEAT.

XI. CONCLUSION

We applied online neuroevolution to evolve drivers for
TORCS [1]. We focused on the two major online neuroevolu-
tion approaches (online NEAT [44] and online rtNEAT [29])
and on the four evaluation selection strategies introduced
in the literature ( -greedy, softmax, interval-based [44], and
-greedy-improved [6]). We considered eight methods (each

one combining one neuroevolution approach with an evaluation
strategy). We performed three sets of experiments to compare
the methods in terms of learning capabilities, adaptation, and
generalization. We also performed an experiment to study the
influence of the length of the evaluation timeslot on the overall
performance. At the end, we compared the online approaches
considered with the most typical offline neuroevolution.

In the first set of experiments, we applied the eight methods to
evolve a driver for three different tracks of increasing difficulty
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TABLE IV
TESTING THE CHAMPIONS OF EACH TRACK ON OTHER UNSEEN TRACKS. THE AVERAGE LAP TIME FOR EACH CHAMPION ON EACH TRACK WITH THE STANDARD

DEVIATION AND, BETWEEN PARENTHESES, THE NUMBER OF EVOLVED CHAMPIONS THAT WERE ABLE TO COMPLETE THE TWO LAPS

and compared their performance at the beginning of the learning
phase and at the end of it. When learning to drive from scratch,

rtNEAT initially performs significantly better than NEAT; as
the learning proceeds, NEAT catches up and, at the end, both
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methods perform similarly with no statistically significant dif-
ference reported.

The second set of experiments focused on knowledge
transfer. The champions evolved for each track were used to
seed the evolution of drivers for different tracks. The results
suggest that it is convenient to exploit previous knowledge:
the new seeds speed up the learning process at the beginning
and result in an overall improvement of the final performance.
More interestingly, our results suggest that knowledge should
be transferred from the drivers evolved on more difficult tracks.

The third set of experiments was aimed at testing the gener-
alization capabilities of the eight approaches. The results sug-
gest that NEAT can generalize more, producing (significantly
more) drivers capable of completing two laps on difficult un-
known tracks.

With respect to the evaluation strategy, all the experiments
performed basically agree: -greedy is significantly worse than
-greedy-improved, softmax, and interval-based, which per-

form similarly. These results confirm the findings of Whiteson
and Stone [44], who also noted that, on the typical rein-
forcement learning benchmarks, -greedy performed worse.
In addition, as reported in [44], also our analysis shows no
statistically significant difference between softmax and in-
terval-based. In particular, with respect to the generalization
capabilities, the results also show a difference in the perfor-
mance of -greedy-improved, softmax, and interval-based,
with a cluster containing what appear to be the best technique
( -greedy-improved) and a cluster containing softmax and
interval-based.

We performed another set of experiments to study how the
length of the evaluation slot could affect the final performance.
Our results show that short evaluation slots can boost the
learning at the beginning, but might lead to the convergence to
a suboptimal driver. Long evaluation slots (e.g., similar to the
one that would be used for offline neuroevolution) result in an
extremely slow learning at the beginning and very poor drivers
at the end. Evaluation slots of 1000 or 2000 ticks appear to be
the best choice in that they provide a reasonable learning speed
and lead to a similar performance. In particular, we believe
that 1000 ticks might be the best compromise providing the
best learning speed initially, with no statistically significant
decrease in the final performance.

In the last set of experiments, we compared the online
approaches considered here with typical offline neuroevolu-
tion. Our results suggest that online neuroevolution can be
competitive, notwithstanding the several challenges that online
neuroevolution has to face. In fact, offline neuroevolution
performs slightly better than online only in the easiest track
(A-Speedway), while, as the track difficulty increases, the
differences become blurred and, on the most difficult track,
online approaches may outperform offline neuroevolution.

Overall, our results showed that, although a general solution
to tackle the several challenges posed by realistic game plat-
forms to online learning is still missing, it is possible to adapt
existing approaches to obtain interesting performances. In fact,
there are still several open issues that should be investigated to
enable online learning in commercial games. A major long-term
research direction regards the development of methods that can

provide a principled solution to the issues discussed in this paper
(e.g., the interdependent evaluation of candidate solutions using
short time windows). With respect to the application of online
neuroevolution to games, our future research directions include
the use of adaptive evaluation selection strategies, to improve
the performance during the last stage of the evolution, as well
as the use of an adaptive evaluation slot size. We also plan to
investigate how the number of reevaluations (the parameter )
influences the performance with respect to the characteristics
of the track and the neuroevolution approach used. Finally, we
wish to investigate the use of online neuroevolution in different
domains, for instance, to adapt nonplayer character behaviors in
first-person shooters.

APPENDIX

See Table IV.
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