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Abstract

We applied on-line neuroevolution to evolve non-player characters for The Open Racing Car
Simulator. While previous approaches allowed on-line learning with performance improvements
during each generation, our approach enables a finer grained on-line learning with performance
improvements within each lap. We tested our approach on three tracks using two methods of on-
line neuroevolution (NEAT and rtNEAT) combined with four evaluation strategies (e-Greedy,
e-Greedy-Improved, Softmax, and Interval-based) taken from the literature. We compared the
eight resulting configurations on several driving tasks involving (i) the learning of a driving
behavior for a specific track, (ii) its adaptation to a new track, and (iii) the generalization
capability to unknown tracks. The results we present show that our approach can successfully
evolve drivers from scratch and can also be used to transfer evolved knowledge to other tracks.
Overall, our results suggest that the approach performs significantly better when coupled with
on-line NEAT and also indicate that e-Greedy-Improved, Softmax are generally better than the
other evaluation strategies.

1 Introduction

The application of neuroevolution to modern computer games has been mainly restricted to off-line
learning (e.g., [17, 5, 20, 14]). In the typical scenario, an evolutionary algorithm is applied to a
population of networks [25, 17, 35, 5]; at each generation, the fitness of each network is evaluated
by applying it to the game for a rather long timeslot (e.g., to play one or more matches [17], to
drive one or more laps [8], etc.); then selection, 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. Off-line neuroevolution can also be applied in real-time to train a
team of agents during the game by replacing the rather expensive generational evolutionary process
with a steady-state algorithm [25, 34].

In the field of computer games, there are several interesting applications that involve on-line
learning scenarios [25] and thus may benefit from on-line neuroevolution. Recently, Whiteson and
Stone [32] focused on neuroevolution for stochastic reinforcement learning problems and proposed
an approach to enable on-line 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 [32]). In contrast,



Whiteson and Stone [32] define a reservoir of evaluations that are allocated to individuals based
on a mechanism that borrows from reinforcement learning [28]. As in off-line neuroevolution, each
evaluation involves an entire problem instance (e.g., one match of an arcade game, one lap in
a racing game, or an episode of a reinforcement learning task [32]). Opposite to what happens
in typical off-line neuroevolution, each individual receives a variable number of evaluations that
depends on its performance: most promising individuals receive an increasingly higher number of
evaluations while less promising individuals receive fewer and fewer evaluations [32].

The approach of Whiteson and Stone [32] enables on-line learning within the same generation
in that, more and more evaluations are allocated to the best performing individuals, so that the
overall performance improves during each generation. However, it does not allow any learning
or adaptation with a finer granularity since each evaluation exactly corresponds to one problem
instance. This represents a significant limitation for the application of [32] to computer games
which often require learning at a finer granularity.

In this work, we applied on-line neuroevolution to evolve drivers for The Open Racing Car
Simulator (TORCS) [1], a state-of-the-art open source car racing simulator. Our approach, prelim-
inarily introduced in [7, 6], extends the approach of [32, 23] to the realm of simulated car racing,
allowing on-line learning at a finer granularity than [32]. In previous approaches [32, 35, 17, 5, 20],
evaluations correspond to one or more problem instances. In contrast, our approach focuses on
very short timeslots which cover only a small fraction of a problem instance. Accordingly, our eval-
uations involve only very small parts of the overall task. Consequently, while in [32, 35, 17, 5, 20],
a problem instance is solved by one individual, in our approach several individuals might be used
in sequence to solve one problem instance.

Our approach reduces the time spent for the evaluation of poor performing drivers. In fact, by
using very short timeslots to evaluate individuals, it is possible to focus on the best drivers within
the same lap (i.e., within the same problem instance). In [32], the decision of what individual
should be evaluated affects one or more problem instances (one or more laps in our case), so that
large amounts of time may be spent to evaluate 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 [32]. However, the use of short timeslots also poses major challenges. Firstly,
since the individuals are tested only on a fraction of the overall task, their evaluation is extremely
noisy as the same driver may be evaluated on very different parts of the track. Secondly, since
learning happens on-line and involves one car, individuals have to be tested sequentially so that
(i) subsequent evaluations are highly correlated; (ii) evaluations are performed starting from very
different initial conditions, (as opposed to [32] where all the evaluations start from the same initial
conditions); (iii) there are abrupt discontinuities in the learning process which must be adequately
managed. 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 on-line neuroevolution and four possible evaluation
strategies for the allocation 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 several driving task involving (i) the learning of a driving behavior for a specific track,
(ii) its adaptation to a new track, and (iii) the generalization capability to unknown tracks. In
particular, we considered on-line NEAT, introduced by Whiteson and Stone [32], and its steady-
state version, on-line rtNEAT, introduced by Reeder et al. [23]. With respect to the evaluation
selection strategies, we considered the three policies introduced in [32] (namely, e-Greedy, Softmax,



and Interval-based) and e-Greedy-Improved we firstly introduced in [7, 6].

The results we present here show that our approach can successfully 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 [32] 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, on-line rtNEAT initially performs significantly better than NEAT but later on it
is outperformed by on-line NEAT which, at the end, reaches a significantly better performance.
Instead, when adapting a driver to another track, our results suggest that on-line NEAT is able
to learn faster. However, at the end, both approaches reach a comparable performance with no
statistically significant difference between their performances. The experiments on generalization
show that on-line NEAT produces more drivers capable of driving on several difficult unknown
tracks. Finally, with respect to the evaluation strategy, all our experiments show that e-Greedy
is significantly worse than the other strategies, which perform similarly, confirming the findings
n [32]; they also suggest that Softmax and e-Greedy-Improved perform better than the others,
extending the findings in [32].

The paper is organized as follows. In Section 2, we briefly overview The Open Racing Car
Simulator (TORCS) [1]. In Section 3, we present Neuroevolution with Augmenting Topology
(NEAT), the off-line neuroevolution approach that has been extended for on-line learning in [32, 23].
In Section 4, we overview on-line NEAT, on-line rtNEAT and the four evaluation selection strategies
we compared. In Section 5, we discuss the published work that relates to our study. In Section 6,
we discuss our approach and in Section7 we outline the experimental design we followed. In
Section 8, we present the results of our experiments and the statistical analysis we performed.
Finally, in Section 9, we draw some conclusions from our study and outline the possible future
research directions.

2 TORCS

The Open Racing Car Simulator (TORCS) [1] is a state-of-the-art open source car racing simulator
which provides a sophisticated physics engine, full 3D visualization, several tracks, several models
of cars, and various game modes (e.g., practice, quick race, championship, etc.). The car dynamics
is 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 several 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 which can be easily customized or extended to build new bots.

All the experiments reported in this paper have been carried out with the version 1.3.1 of
TORCS using the setup of the 2009 Simulated Car Racing Championship (see the competition
pages for CEC-2009!, GECCO-20092, CIG-20093, and [16]). The car sensory inputs consist of two
rangefinder sensors (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 damages, the current gear, etc. (see [16] for the complete list). The car is controlled by four
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effectors: the steering wheel, the gas pedal, the brake pedal, and the gear change [16].

3 Neuroevolution with Augmenting Topology (NEAT)

In this paper, we focused on Neuroevolution with Augmenting Topology or NEAT [27], one of the
most successful and widely applied neuroevolution approaches. NEAT [27] 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 operators 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 nor about the type of connections involved (e.g., they can be feed-forward
or recursive). Accordingly, its evolutionary search starts from the simplest topology possible (i.e.,
a fully connected network containing only the input and the 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.
Recombination uses the innovation number to identify similarities between networks without the
need of complex and expensive topological analyses. Finally, NEAT protects the structural innova-
tions through the mechanism of speciation which restricts the selection process to niches containing
networks with 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 popu-
lations of agents for the game of NERO [26], 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 genetic algorithm of
NEAT with a steady-state genetic algorithm, so that, at each generation, only one individual in
the population is modified.

4 On-line Neuroevolution

Our work is based on two methods of on-line neuroevolution: (i) the generational approach, in-
troduced by Whiteson and Stone [32], which extends NEAT for the on-line scenario, and (ii) its
steady-state version [23], which extends the steady-state version of NEAT (rtNEAT) to an on-line
scenario.

4.1 On-line Generational Neuroevolution with NEAT

In [32], Whiteson and Stone extended NEAT for on-line 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 off-line neuroevolution is applied 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 [32]
introduce a budget of evaluations that the system can spend on the individuals in the populations.
As in off-line neuroevolution, each evaluation involves one problem instance. Opposite to what
happens in typical off-line neuroevolution, each individual receives a variable number of evaluations



that depends on its performance: most promising individuals receive an increasingly higher number
of evaluations while less promising individuals receive fewer and fewer evaluations [32].

At each generation, the on-line version of NEAT selects which individuals in the population
should be evaluated so that less promising individuals will receive fewer evaluation slots while
most promising ones will receive more evaluation slots. For this purpose, the system needs to
balance exploration and exploitation as reinforcement learning algorithms do. Accordingly, on-line
neuroevolution applies an evaluation 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 on-line version of NEAT is reported as Algorithm 1. 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 from line 4 to line 12) according to a certain action-
selection strategy (Algorithm 1, line 9). For this purpose, for each individual p in the population P,
the system maintains a vector f(p) estimating the individual fitness and a vector e(p) keeping the
number of evaluations performed for p; the vector e(-) is initialized to zero while f(-) is initialized
with the minimum fitness value which depends on the problem. Every time an individual is selected
for evaluation, its counter is increased (Algorithm 1, line 10) and its estimated fitness is updated
(line 11) based on the result of the current evaluation and its previous value. The selection of an
individual is performed by the function call SELECT(p) at line 9 in Algorithm 1 that implements
one of the evaluation selection strategies proposed in the literature [32, 10] (see Section 4.3). When
the criterion to stop the evaluation is met (line 12), the evolutionary process continues as usual
with selection, recombination and mutation. These steps are repeated until a target number of
generations have been completed.

4.2 On-line Steady-State Neuroevolution with rtNEAT

rtNEAT [26] 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 in-
dividual (according to its shared fitness) in the population is removed. Then, two parents are
selected, recombined and mutated so as to generate a new individual which is added to the popula-
tion. rtNEAT was extended for an on-line scenario in [19] following what already done by Whiteson
and Stone for NEAT [32]. The on-line version of rtNEAT is reported as Algorithm 2. The only
difference with respect to the generational version (Algorithm 1) are the lines from 13 to 18 that
implements steady-state evolution and initialize the evaluation count e(p) and the fitness estimation

f(p).

4.3 Evaluation Selection Strategies

In our study, we considered all the four evaluation selection strategies introduced in the literature:
three of them (e-Greedy, Softmax and Interval-based) are the ones considered in [32]; e-Greedy-
Improved is an extension of e-Greedy we introduced [6, 7]. Each strategy has been used to imple-
ment the SELECT procedure for generational or steady-state on-line neuroevolution (see Algorithm 1
and Algorithm 2).

e-Greedy is probably the simplest action-selection strategy used in reinforcement learning [28]
and its application to on-line evolution is rather straightforward. At each iteration, it selects with
probability € a random individual from the population while with probability 1 — ¢ it selects the
individual with the highest fitness (see Algorithm 3).



Algorithm 1 Generational On-line Evolution.
1: procedure EVOLUTION(P)

> P is the population, p is an individual of P
> e(p) is the number of evaluations of p
> f(p) is the fitness of p

2: Init(P); > Randomly initialize P
3: repeat
> Init fitness and evaluation count in P
4: for p e P do
5: e(p) =0
6: fP) = fmin > Set to min fitness
7 end for
8: repeat
> Select the individual to evaluate
9: p < SELECT(P);
> Update the evaluation count
10: e(p) < e(p) + 1;
> Update the fitness of based on
> its current evaluation EVAL(p)
11: F(p) < f(p) + 755 (EVAL(p) — f(p));
12: until Evaluation Termination Criteria Met;
> Usual NEAT operators
13: P, «— Selection(P);
14: P, — Recombination(P;);
15: P,, — Mutation(P,);
16: P — P,;
17: until Maximum Number of Generations Reached

18: end procedure

The evaluation process ends (Algorithm 1 line 12 and Algorithm 2 line 12) after k evaluations
are completed. The parameter k must be of the same order of the number of new individuals
added to the population through recombination and mutation. Accordingly, for on-line NEAT, a
generational algorithm, k need to be around (possibly larger than) the population size [32], whereas
for on-line rtNEAT, a steady-state algorithm, k will be small since only one new individual in the
population is added during each generation. For instance, in the experiments reported in this paper
k is 300 for on-line NEAT while it is set to 5 for on-line rtNEAT. Note that this termination criteria
does not guarantee that all the individuals in the population will be evaluated at least once [32, 10].

e-Greedy-Improved is an extension of e-Greedy which we devised to avoid some of the limitations
of the previous strategy. Like e-Greedy, this strategy selects the best individual with probability
(1 — ¢) while with probability e it selects a random individual among the ones that have not been
evaluated yet. However, in this case, the best individual is eligible for selection only if its fitness is
higher than a threshold 6ps;. The individuals evaluation process ends when (i) all the individuals
have been evaluated at least once and (ii) the best individual of the current population has been
evaluated for at least 6,4 or it is not good enough (i.e., its fitness is below a threshold 6p.s;). This
termination condition guarantees that all the individuals of the population have been evaluated
and that the fitness of the champion is very accurate.

The e-Greedy-Improved strategy is reported as Algorithm 4. At first, line 3, the fitness of the



Algorithm 2 Steady-State On-line Evolution.
1: procedure EVOLUTION(P)

> P is the population, p is an individual of P

> e(p) is the number of evaluations of p

> f(p) is the fitness of p

2: Init(P); > Randomly initialize P
> Init fitness and evaluation count in P

3: for pe P do
4: e(p) =0
5: f®) = fnin > Set to min fitness
6: end for
T repeat
8: repeat
> Select the individual to evaluate
9: p < SELECT(P);
> Update the evaluation count
10: e(p) < e(p) + 1;
> Update the fitness of based on
> its current evaluation EVAL(p)
11: F(p) < f(p) + 755 (EVAL(p) — f(p));
12: until Evaluation Termination Criteria Met;
> Usual rtNEAT operators
13: Remove the Worst Individual from P
14: Select two parents
15: Apply recombination and mutation to generate p
> Init the count and the fitness estimate
16: e(p) < 0
17 f (p) — fmin
18: Add p to P
19: until Maximum Number of Generations Reached

20: end procedure

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 condition 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 evaluated enough, the best is reevaluated (the process continues in its
exploitation of the current result). Otherwise, if the best individual is eligible (its fitness is high
enough) and other candidates have not been evaluated, the usual e-Greedy selection is applied
(line 9).

Softmax is a probabilistic action-selection strategy widely used in reinforcement learning. When
applied to on-line evolution [32], it computes the selection probability of an individual p by using
the Boltzmann distribution [28, 32] as follows,




Algorithm 3 =-Greedy selection strategy.

1. procedure SELECT(P) > P is the population
2: if (rand() < €) then
3: return p = random(P);

> Select a random individual from P
4: else
5: return argmax,cp f(p);

> Get the fittest individual in P
6: end if
return p;

7: end procedure

where f(p) is the fitness of p, P is the population and 7 is a parameter to control the balance between
exploration and exploitation which is set empirically [32]. A low value of T favors exploitation, since
small differences in the fitness of individuals will correspond to large differences in their selection
probabilities; a high value of 7 favors exploration, since even large differences in the individual
fitnesses will correspond to small differences in their selection probabilities. The strategy is reported
as Algorithm 5. Initially, all the individuals in the population are evaluated once (Algorithm 5,
line 2). Then, the fitness of individuals is used to compute their selection probability according to
the Boltzmann distribution (Algorithm 5, line 5). At the end, an individual is selected based on
these probabilities (Algorithm 5, line 7). The evaluation process terminates after k evaluations are
completed [32]. The parameter k is set using the same criterion used for e-Greedy.

Interval-based. None of the previous strategies takes into account the uncertainty affecting the
current estimation of the fitness of the individuals. Interval-based selection addresses this issue
by introducing confidence intervals (see Algorithm 6). 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 returned (Algorithm 6, line 5). As for e-Greedy
and Softmax the evaluation process stops after k iterations. Also in this case, the parameter k is
set using the same criterion used for e-Greedy.

5 Related Work

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

5.1 On-line Neuroevolution for TORCS

We firstly presented our approach in [7, 6] where we also reported some initial results for the
learning performance of on-line NEAT [32] on two tracks (Aalborg and Wheel 1 [1]) using e-Greedy-
Improved and Softmax. In this paper, we extend our previous analysis and consider also (i) on-
line rtNEAT [23], which was separately introduced at the same time our approach was initially
developed [7, 6], and (ii) other two evaluation selection strategies, e-Greedy and Interval-based,
which we did not consider before. In our initial analysis [7, 6], we focused only on the overall
learning performance and the results were not statistically analyzed. Here, we compare all the
approaches and statistically analyze the results. In particular, we take into account both the
learning speed, 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



Algorithm 4 e-Greedy-Improved selection strategy.
1. procedure SELECT(P) > P is the population, p is an individual of P
> e(p) is the number of evaluations of p
> f(p) is the fitness of p

2: best = argmax,ep f(p);
> If the best individual is not good enough
> return an individual never
> evaluated (explore)
3: if (f(best) < Opest) then
: return ple(p) = 0;
end if
> If all the individuals have been evaluated
> return the best individual (exploit)
if (Ap € Ple(p) = 0) A (e(best) < Bppq;) then
return best;
end if
> Otherwise apply the e-greedy strategy
9: if (rand() < €) then

10: return ple(p) = 0;
> Return an individual never evaluated (explore)
11: else
12: return best;
> Return the best individual (exploit)
13: end if

14: end procedure

tracks. In addition, we analyze adaptation of individuals and their generalization capabilities to
unknown difficult tracks.

5.2 On-line Neuroevolution

Our approach shares some similarities with the work of Reeder et al. [23] who extended the ap-
proach of [32] to steady-state neuroevolution (i.e., rtNEAT [25]). However, there are some relevant
differences between [23] and our approach. Firstly, [23] considers a continual learning problem in
that there is no there is no concept of problem instance. Secondly, the problem in [23] is also
simpler than simulated car racing since subsequent evaluations are totally independent whereas
in our case, they are strongly correlated so that the outcome of previous individual can dramati-
cally 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). Thirdly, in [23], the game has
no exceptional events which can jeopardize the outcome of subsequent evaluations which are ac-
tually present in our case (e.g., a driver can get stuck in a corner). Moreover, although in [23]
individuals are evaluated on fixed timeslots (as in our approach), the fitness is not computed by av-
eraging the outcomes of repeated evaluations, but updates by adding positive and negative rewards
achieved during each evaluation. In addition, Reeder el al. [23] 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, it is not clear whether /how many complete players
are evolved in [23]. Furthermore, they only consider e-Greedy (the simplest evaluation strategy),



Algorithm 5 Softmax selection strategy.
1: procedure SELECT(P)

> P is the population, p is an individual of P
> e(p) is the number of evaluations of p

> f(p) is the fitness of p

> Evaluate all individuals at least once

2: if 3p € Ple(p) =0 then

3: return p;

4: else

5: total =3 p I

6: for all p € P do

7 if rand() < % then

8: return p;

9: else .
10: total = total — e ;
11: end if
12: end for
13: end if

14: end procedure

while we consider and compare all the three strategies introduced in [32] (i.e., e-Greedy, Softmax,
and Interval-based) and the e-Greedy-Improved strategy introduced in [7, 6]. Reeder et al. [23]
also do not deal with the issues of generalization and adaptation, considered in this paper. Finally,
the work of Reeder et al., does not include any comparison with the original approach of Whiteson
and Stone [32].

5.3 On-Line Learning and Evolutionary Computation

On-line neuroevolution [32, 33] is related to Learning Classifier Systems (LCSs) [12, 15], probably
the most well-known evolutionary computation approach to on-line learning. These are on-line
evolutionary rule-based systems which can solve both supervised (classification) problems and re-
inforcement learning problems. As any other reinforcement learning method, LCSs need to balance
exploration and exploitation and they do it by using the typical action-selection mechanisms [28]
— the same used in on-line neuroevolution to select individuals for reevaluation [32, 33].

On-line neuroevolution usually reevaluates an individual several times and combines all the
evaluations in one fitness value. A similar issue arises when evolutionary methods face problems
involving a noisy fitness function. Stagge [24] 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 off-line optimization problems while minimizing the number of evaluations. In contrast,
on-line neuroevolution aims at solving on-line learning problems while maximizing the performance
during learning. Finally, although the trade-off 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., [31, 28]) and in the literature related to the multi-armed
bandit problems (e.g., [2, 18]).

10



Algorithm 6 Interval-Based selection strategy.
1: procedure SELECT(P)

> P is the population, p is an individual of P
> e(p) is the number of evaluations of p

> f(p) is the fitness of p

> Initially, all the individuals are evaluated

2: if Ip € Ple(p) =0 then
3: return p;
4: else > Adjust the fitness according to
> an « confidence interval
: .o |.
5: return argmax,cp | f(p) + Z(1ta) Jew |
6: end if

7: end procedure

5.4 On-Line Learning and Games

In the recent years, several researchers applied on-line learning either (i) to develop innovative
games [25] or (ii) to improve the players’ game experience [32, 33, 21]. Among the others, the
NERO project [25] is probably the most relevant example of on-line learning applied to games
in which the goal is to train a team of agents to solve navigation and combat tasks through on-
line evolution. In the development of NERO, Stanley et al. introduced rtNEAT [25], a real-time
neuroevolution approach, and applied it to train a team of agent during the game on the tasks
defined by the players. Recently, rtNEAT has been applied also to a real-time strategy game [19]
and to evolve a team of ghosts in Pac-Man [34]. Both these works exploited rtNEAT to adapt
on-line the difficulty level of the game to the skill of the player.

Although on-line neuroevolution and real-time neuroevolution (rtNEAT) are strictly related,
they differ in several respects. Firstly, real-time neuroevolution deals with a population of agents,
evaluated in parallel, while on-line neuroevolution is devised for a single agent. Secondly, in real-
time neuroevolution all the individuals are evaluated only once using the same procedure (e.g., one
timeslot); in contrast, in on-line neuroevolution most promising individuals tend to be evaluated
more often. Finally, real-time neuroevolution and on-line neuroevolution have different goals. The
former aims at converging to a good team behavior quickly (in real-time)whereas the latter aims
at finding the best performing individual during the whole learning process.

Beside neuroevolution, Bakkes et al. [3] applied an evolutionary algorithm to learn on-line a
team-strategy for the Capture of the Flag (CTF), a team-oriented game type of Quake III (a
popular 3D First Person Shooter). In the racing game domain, Tan et al. [29] applied evolutionary
strategies to adapt on-line the opponent’s skills in the 2007 IEEE CEC Simulated Car Racing
Competition [30]. Finally, Priesterjahn et al. [22] 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.

6 Learning to Drive in TORCS using On-Line Neuroevolution

The application of off-line neuroevolution to TORCS is straightforward [9]: the population consists
of candidate drivers (i.e., networks) whose fitness is computed as their performance on one problem
instance which corresponds to driving for one or more laps; most important, all the evaluations are
independent and they potentially can be carried out in parallel.
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In contrast, the use of on-line 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 performance in a limited amount of time (i.e., game
ticks) and makes the evaluation of each network using several laps infeasible. In fact, it would
be unacceptable to allow networks with poor driving capabilities 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 (i) each candidate network is
tested on rather brief sections of the track, (ii) the evaluation of an individual intrinsically depends
on the results of the evaluation of the previous individuals; (iii) there might be several abrupt
and unsafe changes in the car driving behavior when a controller replaces the previous one in any
position of the track (in fact, different controllers might have totally different ways to deal with the
same situation, leading to chopped driving behaviors); finally, (iv) extremely poor controllers might
stop the whole evaluation process (for instance, if the car get stuck somewhere, all the subsequent
controllers will perform poorly and possibly leading to a premature convergence).

Since evaluations cover only brief portions of the track (because 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), while performing poorly on the entire track. The on-line
neuroevolution approaches applied in this work (see Section 4) aim at reducing the noise and the
uncertainty due to the evaluation process (i) by reevaluating the most promising candidates more
than once and (ii) by averaging the results of more evaluations into a unique fitness value.

Most important, in the on-line scenario, the evaluation of a candidate driver begins where the
evaluation of the previous one ended. Thus, an evaluation intrinsically depends on the results of
the previous ones; for instance, a candidate network might be evaluated starting in a unfavorable
position of the track just because the previous drivers performed poorly. Accordingly, its evaluation
might be worse than it should be just because of what happened during the earlier evaluations.
To limit the dependency from previous evaluations, we introduced a sort of warm up procedure to
separate subsequent evaluations. The warm up lasts for about the 10% of the time slot allowed for
the evaluation of an individual and allow for a smooth transition between the previous evaluated
network and the network currently evaluated. During warm up the behavior of the car is determined
by the output of a weighted sum of both the previously evaluated network and the next network
to be evaluated. At the beginning of warm up, the previous network weights more (i.e., the car
behavior is more similar to the one just tested). As the warm up time passes, the weight of the
evaluated network decreases and the contribution of the network to be evaluated increases. At the
end of the warm up period the car is in full control of the new network and the actual evaluation
can start. Overall, the warm up procedure reduces the dependency between subsequent evaluations
and, by averaging the behaviors of subsequent controllers, it also reduces the abrupt and unsafe
changes in the driving policy introduced by the subsequent use of different networks leading to nice
and fluid driving behaviors.

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 convergence. To avoid this issue, we
introduced a recovery procedure that checks, at the end of each evaluation, whether the car is lying
outside the track. If this is the case, a programmed recovery policy (similar to the one available
in the drivers distributed with TORCS) is activated and the car is brought back inside the track
limits. Then, the evaluation of the next individual can start.
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7 Design of Experiments

All the experiments presented in this paper have been carried out with TORCS 1.3.1, using the setup
of the 2009 Simulated Car Racing Championship [16], and the version 1.0 of the NEAT /rtNEAT
package distributed by the NEAT user group?, modified to compile with gce-4.1.2.

Sensors and Actuators. We used the sensors provided by the competition software to build
a sensor model consisting of (i) six range finder sensors to perceive the track edges along several
directions (i.e., -90°, -60°, -30°, +30°, +60°, +90°); (ii) an aggregate sensor to perceive the track edges
in front of the car, which combines the readings of the three range finders along the direction - 10°, 0°
and + 10°; and (iii) the current speed of the car. The effectors 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 meters (i.e.,
when the car is probably on a straight stretch), the gas pedal is set to the maximum 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 generations and prevents
the evolutionary search from wasting resources on reliable but slow controllers. Note that, drivers
do not control the gear shift which, in this work, is controlled by a programmed policy taken from
one of the drivers distributed with TORCS.

Experimental Setup. An experiment consists of ten runs. In each run, a driver is evolved using
either the on-line version of NEAT or the on-line version of rtNEAT and one of the four evaluation-
selection policies available (i.e., e-Greedy, e-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 population of 100 controllers. An evaluation slot consists of 1000
game ticks (approximately 20 seconds of actual play time) while the warm up period lasts for 100
game ticks (around two seconds of actual play time). Accordingly, a network is evaluated for 20
seconds and then after a two seconds transition 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 simplest track (A-Speedway). In fact, the fastest driver we evolved in A-Speedway requires
around 30 seconds (Section 8) to complete a lap so that our evaluation slot is only the 66% of the
fastest lap. In a more difficult track like Ruudskogen this difference is more dramatic where, in
the initial learning stage, the evaluation timeslot roughly corresponds to the 5% of the average lap
time (Table 1a).

The fitness of a controller during an evaluation slot is computed as,

eval =n— Ty + B -5+ d,

where T,,; is the number of game ticks the car is outside the track; 5 is the average speed during
the evaluation, computed as meters for game tick; d is the distance raced by the car during the
evaluation, computed as meters run; n and § are two constants introduced to guarantee that the
fitness is positive and as a scaling factor for the average speed term (both 7 and  have been
empirically set to 1000 in all the experiment reported here). All the NEAT /rtNEAT parameters
were set to their default values, taken in the configuration files distributed with the software package,
except for a few ones.® For e-Greedy, Softmax, and Interval-based, k is set to 300 for on-line NEAT

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

SWith respect to the default settings we modified the following parameters: weigh mut_power=0.1;
recur_prob=0.05 (i.e., we allowed recurrent connections); mutdiff_coeff=1.0; compat_thresh=1.0;
mutate_add_node_prob=0.005; mutate_add_link_prob=0.005; and interspecies_mate_rate=0.01.

13



(a) A-Speedway (b) CG-Track 1 (¢) Ruudskogen

Figure 1: The three tracks used for the experiments reported in this paper.

and to 5 for on-line rtNEAT following the indications given in [32]. The other parameters were set
to values which we empirically determined. In particular, for e-Greedy and e-Greedy-Improved, ¢
is set to 0.25; for e-Greedy-Improved, 6y is 5 (the best individual should have been evaluated
at least five times) and Opes is 2100 (i.e., only individuals with a fitness higher than 2100 can be
considered a champion); for Softmax, 7 is 50; for Interval-based, the confidence level o has been
set to 0.8. All the statistics reported in this paper are averages over ten runs.

Statistical Analysis. To analyze the results produced during each experiment, we performed a
two-ways analysis of variance (ANOVA) followed by the typical post-hoc procedures (SNK, Tukey,
Scheffe, and Bonferroni) [11]. The two-ways ANOVA has been applied to check whether there was
some significant difference in the collected results with respect to (i) the type of neuroevolution
applied (NEAT or rtNEAT), and to (ii) the evaluation strategy used (e-Greedy, e-Greedy-Improved,
Softmax, or Interval-based). The post-hoc procedures have been applied to identify groups of
configurations with similar performance.

8 Experimental Results

We applied on-line neuroevolution using NEAT and rtNEAT to evolve a driver for each one of the
three tracks depicted in Figure 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 difficult, but it requires complex trajectories to achieve low
lap times. Ruudskogen is a rather complex and narrow track which contains both fast and slow
turns, both on the left and on the right side; moreover the height of the track changes significantly
making the control of the car more difficult when approaching some of the turns; accordingly, in
third track, drivers must learn sophisticated behaviors for each part of the track to be competitive.

8.1 Learning from Scratch.

In the first set of experiments, we applied the on-line versions of NEAT and rtNEAT to learn
a driver starting from a population initialized as usually done in NEAT and rtNEAT, i.e., using
the simplest network topology possible (Section 3). Table 1 compares the performance of on-line
NEAT /rtNEAT using one of the four selection strategies on the three tracks; statistics are averages
over ten runs. Table la reports the average lap time over the first 100 laps; Table 1b reports the
average lap time over the first 500 laps; Table 1c reports the average lap time over the last 100
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laps; and Table 1d reports the average lap time of the best individuals evolved for each configuration
during each run.

Statistical Analysis. For each track, we applied a two-ways analysis of variance (a two-ways
ANOVA [11]) to test whether the differences in Table 1 are statistically significant with respect
to two factors, the type of neuroevolution approach used (NEAT or rtNEAT) and the type of
evaluation selection used (e-Greedy, e-Greedy-Improved, 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.

Initial 100 Laps. As can be noted from Table 1a, 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 very few exceptions). The two-ways analysis
of variance [11] of the data in Table la, for the averages over the first 100 laps, shows that the
reported differences between NEAT and rtNEAT are statistically significant with a 100% confidence
level in A-Speedway and with a 95% confidence level in CG-Track 1. However, the differences are
not statistically significant in Ruudskogen. The same analysis shows that, with respect to the
selection algorithms, there is no statistically significant difference between e-Greedy-Improved,
Softmax, and Interval-based. Finally, the post-hoc procedures applied reports a clear distinction
in A-Speedway between e-Greedy (which performs worse) and all the other three selection policies
(e-Greedy-Improved, Softmax, and Interval-based).

Initial 500 Laps. As the learning proceeds, NEAT improves 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 1b) shows that the difference between NEAT and rtNEAT is
now statistically 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 selection algorithms. Note however that,
in the same tracks, when e-Greedy is applied, rtNEAT performs much worse than NEAT so that,
on the average, the differences between NEAT and rtNEAT are not statistically significant. With
respect to the selection strategies, the data in Table 1b confirm and extend what previously found:
there is a significant difference between e-Greedy and the other three strategies in A-Speedway and
now also in CG-Track 1.

Last 100 Laps. Table 1c reports the average lap times over the last 100 (learning) laps. The
reported results show that, at the end, NEAT reaches a better performance than rtNEAT. The
statistical analysis of the data in Table 1c shows that, on the average, the difference between
NEAT and rtNEAT is statistically significant with a 99.9% confidence level. The difference between
NEAT and rtNEAT is more evident in Ruudskogen, the most difficult track, where NEAT always
performs significantly better. In contrast, in the easier tracks, A-Speedway and CG-Track 1, there
is no clear winner: NEAT performs better than rtNEAT, when e-Greedy and Interval-based are
applied; whereas rtNEAT performs better than NEAT, when e-Greedy-Improved and Softmax
are applied. With respect to the selection strategies, the statistical analysis confirms the previous
findings showing a statistically significant difference between e-Greedy and the other three strategies
in all the tracks.

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. Accordingly, at the end of the learning, we tested the
best individuals, the champions, evolved during each run for each configuration to assess its final
performance on the whole track. For this purpose, each champion drove two laps and we measured
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Selection | A-Speedway | CG-Track 1 | Ruudskogen |
Strategy Laps | NEAT (u£ o) [ rtNEAT (pnE o) | NEAT (p £ o) [ rtNEAT (p £0) | NEAT (u £ o) [ rtNEAT (u£ o) |
e-Greedy 100 98.8+23.9 118.1+36.7 234.5£36.2 232.3£38.4 467.9£67.1 498.2£87.1
e-Greedy-Improved 100 84.44 9.0 67.4+11.1 261.6+£25.9 228.9+42.3 523.4+58.7 478.4£66.1
Softmax 100 84.6+22.4 73.9+ 8.3 216.5+30.4 195.14+46.9 426.4+81.1 429.2+65.4
Interval-based 100 89.2+22.1 75.2+11.7 227.9+37.9 210.6+23.8 479.3+66.1 432.1+£73.7
(a)
Selection [ A-Speedway | CG-Track 1 | Ruudskogen |
Strategy Laps [ NEAT (u £ o) [ rtNEAT (u £ o) | NEAT (u£ o) [ rtNEAT (u£ o) | NEAT (pE o) [ rtNEAT (p £ o) |
e-Greedy 500 68.0+ 6.5 97.9+32.1 161.4+26.8 215.4+39.6 318.0+55.3 425.4+116.8
e-Greedy-Improved 500 55.44 3.4 47.24+ 2.7 151.6+13.8 126.6+27.0 302.4+51.3 365.1+£97.8
Softmax 500 56.7+ 6.4 49.24 3.8 127.44+14.1 119.24+12.8 263.5+44.9 276.1+£68.5
Interval-based 500 58.74+ 4.7 53.44 8.5 141.94+14.9 141.74£27.7 306.2+86.0 299.3+56.0
(b)
Selection [ A-Speedway | CG-Track 1 | Ruudskogen |
Strategy | NEAT (u £ o) | rtNEAT (u £ o) | NEAT (u £0) [ rtNEAT (u£0) [ NEAT (uE o) | rtNEAT (u £ o) |
e-Greedy 39.3+ 4.7 72.3+19.8 91.0+14.7 175.54+50.5 178.54+34.4 284.2+69.5
e-Greedy-Improved 37.2+ 1.7 34.7+ 1.1 75.1+£12.5 69.4+ 5.0 117.1+ 6.4 175.1£79.8
Softmax 36.8+ 5.0 35.3+ 0.7 76.6+10.4 75.6+ 8.0 131.9+ 8.9 156.64+28.4
Interval-based 34.5+ 4.7 35.0+ 1.0 71.1+ 7.5 73.5+ 4.3 147.54+22.8 163.24+16.6
(c)
Selection [ A-Speedway | CG-Track 1 | Ruudskogen |
Strategy | NEAT (u £0) | rtNEAT (u £0) | NEAT (u£o0) [ rtNEAT (u£0) [ NEAT (pu£0) [ rtNEAT (p£0) |
=-Groedy 310 £ 1.2 () 61.7 £ 22.3 619 £ 95 () 1324 £ 424 | (») 131.1 £ 185 | () 2483 £ 96.1
e-Greedy-Improved 31.1 £ 0.4 30.5 £ 1.1 55.4 + 7.9 56.4 + 8.7 93.2 £+ 10.6 (*) 103.7 + 8.1
Softmax 30.6 + 0.6 31.1 + 0.6 56.6 + 5.9 57.6 £ 9.5 96.8 + 6.9 113.8 + 16.0
Interval-based 30.9 £ 0.7 31.4 £ 1.2 59.8 + 18.4 65.6 + 18.2 (¥) 125.9 + 37.7 | (x) 159.1 + 84.7
(d)

Table 1: On-line NEAT and rtNEAT applied to TORCS: (a) average lap time after 100 and (b)
after 500 laps; (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.

its performance as the time taken to complete the second lap. Table 1d reports the average lap
times obtained by the best ten individuals, the ten champions, evolved for each configuration (one
for each one of the ten runs); an “«” indicates that one of the champions could not complete the two
test laps, i.e., the champion was not able to drive on the entire track but only 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 1d confirm and extend what found for the final 100 laps of the learning
phase (Table 1d). The differences between NEAT and rtNEAT are still statistically significant and
the e-Greedy still performs significantly worse than the other three evaluation strategies. In this
case however, NEAT turns out to be the best algorithm since its average lap time is always lower
than the one achieved by rtNEAT. The only exception being the performance of e-Greedy-Improved
on A-Speedway which however per-se is not statistically significant.

8.2 Seeded Evolution

We repeated the same set of experiments starting from populations seeded with the best individuals
evolved, for each track, in the previous set of experiments. The goal was to test whether on-line
neuroevolution could exploit previous existing knowledge and possibly improve it so as to evolve a
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better driver.

For each configuration, we applied on-line neuroevolution starting from a seeded population
and let the car drive for 2000 laps. Table 2 reports, for each one of the three tracks, the average lap
times of on-line NEAT and rtNEAT using one of the four selection strategies on the three tracks;
statistics are averages over ten runs. More precisely, Table 2a reports the average lap time over the
first 100 laps; Table 2b reports the average lap time over the last 100 laps; and Table 2c reports
the average lap time of the best individuals evolved in each run.

All the tables evidence the same pattern. When starting from a population seeded with a
champion evolved using a track that is simpler than the target track (e.g., using the A-Speedway
champion to seed the evolution of a driver for Ruudskogen), the results are similar to those obtained
in the previous set of experiments: (i) rtNEAT is initially better than NEAT, but then, at the end,
NEAT becomes significantly better than rtNEAT; (ii) e-Greedy is significantly worse than the other
three evaluation strategies.

In contrast, when seeding the initial population with a champion of a track that is more chal-
lenging than the target track the results are different. Initially, opposite to what happened when
learning from scratch, in several cases, rtNEAT performs slightly worse than NEAT (Table 2a) but
then, as the learning proceeds, rtNEAT improves and reaching a slightly better performance than
NEAT (Table 2b).

Interestingly however, no matter what the original seed was, the statistical analysis of the
evolved solutions (see Table 2c) shows that there is no significant difference between NEAT and
rtNEAT when the evolved champions are tested.

With respect to the evaluation strategies, in all the cases, at the beginning, e-Greedy and
e-Greedy-Improved strategies perform significantly better than Softmax and Interval-based (Ta-
ble 2a); while, at the end (Table 2b) and during testing (Table 2c), there is no overall statistically
significant difference.

8.3 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. Table 3 reports
the average lap time for each champion on each track with the standard deviations and, between
parentheses, the number of evolved champions that were able to complete the two laps.

As can be noted, NEAT always performs better than rtNEAT in that the average lap times
of the champions evolved using NEAT are always lower than the corresponding average lap times
of the champions evolved using rtNEAT (there are only very few exceptions which correspond to
configuration where very few drivers were able to complete two laps). We performed a two-ways
analysis of variance (ANOVA) on these data to test whether there was a statistically significant
difference in the performance of the champions with respect to (i) the type of neuroevolution applied
(NEAT or rtNEAT), and (ii) the evaluation strategy used (e-Greedy, e-Greedy-Improved, Softmax,
or Interval-based). The results show that the reported difference is not significant for the champions
evolved in the simplest track (A-Speedway) but it becomes significant with a confidence level of
100% for the champions evolved in CG-Track 1 and Ruudskogen. With respect to the evaluation
strategies, the two-ways ANOVA confirms what found in the previous two sets of experiments
showing that e-Greedy performs significantly worse than the other three strategies. In addition,
the data collected for the champions evolved in Ruudskogen show a statistically significant difference
among all the four selection strategies suggesting that, in this case, the best driver is the one evolved
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Target Track for Adaptation

Training Selection A-Speedway | CG-Track 1 | Ruudskogen
Track Strategy NEAT (u £ o) [ ntNEAT (u £ 0) | NEAT (un £ o) [ rtNEAT (u £ o) | NEAT (u £ o) [ rtNEAT (u £ o)
A-Speedway e-Greedy 132.2 + 12.3 134.6 + 14.4 392.1 + 86.5 460.8 £ 83.2
e-Greedy-Improved 163.3 + 32.8 139.3 + 28.7 4329 + 31.3 328.6 + 52.9
Softmax 133.1 + 15.4 121.6 + 13.9 356.9 £ 68.1 289.9 £ 44.1
Interval-based 125.4 + 11.2 1221 + 11.1 392.4 + 64.0 298.8 + 76.5
CG-Track 1 e-Greedy 33.1 £ 0.7 329 £ 0.7 211.3 £+ 18.8 198.4 + 135
e-Greedy-Improved 33.1 £ 0.7 33.1 £ 0.9 276.4 £+ 22.0 279.7 + 31.7
Softmax 359 + 1.0 37.0 £ 09 2153 £+ 12.4 206.9 + 18.4
Interval-based 35.0 £ 0.6 356 £ 1.1 212.1 £ 6.7 201.6 + 12.8
Ruudskogen e-Greedy 338 £1.1 333 £ 0.6 53.1 £ 2.0 544 £ 1.7
e-Greedy-Improved 33.0 £ 0.7 326 £ 05 532 + 15 532+ 15
Softmax 359 £+ 1.0 36.6 + 0.9 575+ 1.4 63.5 + 1.2
Interval-based 35.8 4+ 0.5 36.2 + 0.8 56.9 + 1.8 61.9 &+ 2.0

(a)

Target Track for Adaptation

Training Selection A-Speedway | CG-Track 1 | Ruudskogen
Track Strategy NEAT (1 £ o) [ ntNEAT (u £ o) | NEAT (u £ 0) | rtNEAT (u £ o) | NEAT (u £ o) | rtNEAT (u £ o)
A-Speedway e-Greedy 77.5 £+ 10.0 105.7 + 21.1 175.7 + 245 253.4 + 52.4
e-Greedy-Improved 72.6 + 13.2 62.7 + 2.6 1136 + 7.7 125.6 + 10.2
Softmax 69.5 + 3.6 65.2 + 5.6 1245 + 9.3 131.7 £ 9.3
Interval-based 70.1 £ 7.3 69.0 £+ 8.3 132.4 + 15.9 132.0 + 10.5
CG-Track 1 e-Greedy 353+ 17 338 £ 1.2 190.5 + 61.8 169.8 + 8.8
e-Greedy-Improved 35.0 £ 1.8 33.7 £ 1.0 112.8 + 5.0 146.1 + 37.5
Softmax 38.8 + 1.8 342 + 1.0 139.5 + 18.0 142.8 + 9.6
Interval-based 332 £31 342 £ 1.2 134.1 + 11.8 136.5 + 15.5
Ruudskogen e-Greedy 339 £ 1.2 328 £ 09 56.7 + 3.3 53.1 + 2.1
e-Greedy-Improved 331 +13 332+ 06 539 + 1.8 533 + 1.7
Softmax 31.7 £ 0.4 33.0 £ 1.1 60.1 + 1.2 54.6 + 1.3
Interval-based 35.0 + 0.8 327 £ 05 58.4 + 0.9 544 + 1.4

(b)

Target Track for Adaptation

Training Selection A-Speedway [ CG-Track 1 [ Ruudskogen
Track Strategy NEAT (u £ o) [ nNEAT (u £0) | NEAT (p £ o) [ ntNEAT (u £ o) | NEAT (p £ o) | rtNEAT (u £ o)
A-Speedway e-Greedy 57.0 £ 8.1 78.7 £ 26.7 122.1 + 247 188.0 + 36.8
e-Greedy-Improved 51.4 + 2.1 50.5 + 2.3 88.1 + 3.1 97.7 + 8.0
Softmax 53.2 £ 4.2 492 £ 1.7 91.3 £ 4.2 99.4 £+ 4.8
Interval-based 55.7 + 11.2 85.6 + 33.3 103.0 + 12.0 128.4 + 34.8
CG-Track 1 e-Greedy 30.8 £ 0.7 31.4 £ 0.7 147.0 + 72.3 139.5 + 18.6
e-Greedy-Improved 30.9 £+ 0.6 30.8 + 05 92.7 £ 5.8 104.9 + 11.0
Softmax 30.4 + 0.5 30.9 + 0.6 102.1 + 13.1 108.7 + 7.7
Interval-based 30.2 4+ 0.4 313+ 1.1 108.3 + 21.8 134.6 + 57.0
Ruudskogen e-Greedy (*)318 £ 15 (*)309 £07 (*)476 £ 1.1 (*)475 £ 1.0
e-Greedy-Improved 304 £ 0.3 30.6 + 0.4 46.7 + 0.7 46.2 + 0.7
Softmax (*) 30.6 + 0.3 30.2 £ 05 46.2 + 0.7 472+ 14
Interval-based 30.0+ 0.2 31.9 + 3.8 (*)51.2 + 9.8 51.7 + 135

(c)

Table 2: On-line NEAT and rtNEAT applied from a seeded population: (a) average performance
after 100 laps; (b) average performance of the last 100 laps; (c) average performance of the best
individuals.
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using e-Greedy-Improved, followed by Softmax, Interval-based, and e-Greedy.

We also analyzed the data for the number of champions that were able to complete the test
process (reported between parentheses in Table 3) using a two-ways ANOVA. The analysis shows
that the number of champions evolved using NEAT, that 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 which can complete new unseen tracks. With respect
to the evaluation strategies, the two-ways ANOVA again shows that e-Greedy performs worse
than the other three strategies. In addition, all the four post-hoc tests cluster the four evaluation
strategies in three groups: one consisting of e-Greedy (the worse one), one consisting of e-Greedy-
Improved and Softmax (the best ones), and one containing Interval-based (the middle one).

8.4 Discussion

Our experimental analysis suggests that, overall, on-line NEAT may be the best approach to
evolve a driver for TORCS; it also suggests that e-Greedy-Improved and Softmax may be the best
evaluation strategies to be used. Indeed, when learning from scratch, rtNEAT at the beginning
(Table 1a) performs significantly better than NEAT: since it uses steady-state evolution, rtNEAT
explores the solution space less than NEAT (which is generational); accordingly, at the beginning,
rtNEAT reaches a better performance. However, in the long run, NEAT catches up and at the end
it performs significantly better than rtNEAT.

The experiments with seeded populations (Section 8.2) show that is possible to transfer previ-
ous knowledge (previous evolved drivers) to seed the evolution of drivers for different tracks. In
particular, when using a driver evolved on a simple track as the seed for a more challenging track,
the results are similar to the ones obtained when learning from scratch (rtNEAT is initially better,
but then NEAT catches up). In contrast, when using a driver evolved on a challenging track as the
seed for a simple track, the results show the opposite behavior: initially, rtNEAT performs worse
and then both models reach a similar performance. The analysis of the populations suggests that,
when starting from a more experienced driver, capable of driving in many different situations (e.g.,
on the Ruudskogen track), at the beginning (Table 2a), steady-state evolution tends to exploit the
current knowledge rather than trying to recombine good building-blocks of the experienced behav-
iors already present in the initial population. Accordingly, NEAT tends to perform better since,
by using a generational evolutionary algorithm, it tends to recombine the existing good behaviors
more effectively, so as to adapt faster on the new track. In contrast, in rtNEAT this process is
slower so that at the beginning the performance of rtNEAT is worse. However, 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 suggest that NEAT can generalize more,
producing (significantly more) controllers capable of driving on difficult unknown tracks.

With respect to the evaluation strategies, all the experiments seem to agree. e-Greedy is the
worse 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
a significant difference in the performance of e-Greedy-Improved, Softmax and Interval-based, which
resulted in a clustering between what appear to be the best techniques (e-Greedy-Improved and
Softmax) and Interval-based.
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Training Track

Test Selection A-Speedway | CG-Track 1 | Ruudskogen
Track Strategy NEAT (u £0) [ nNEAT (nE o) | NEAT (uEo) [ nNEAT (u£o) | NEAT (u £0) [ rnNEAT (u £0)
alpine-1 =Greedy 1057 L 425 (4) | 2654 L 930 (3) | 2020 & 226 (7) —© 3128 L 1121 (6) | 2051 £ 16.4 (2)
c-Greedy-Improved | 178.0 £ 13.9 (6) | 2042 =208 (3) | 263.4 &+ 104.7 (7) | 243.2 & 40.5 (4) 199.3 + 16.7 (9) 243.1 + 16.0 (9)
Softmax 1744 £17.4 (6) | 1787 +£31.8 (4) | 295.1 £ 103.4 (7) | 282.1 = 140.3 (8) | 219.6 + 17.6 (8) 270.9 + 35.4 (6)
Interval-based 2514 £87.2(5) | 1859 £434(4) | 2614 £701(7) | 268.4 + 36.7 (7) 248.8 + 37.8 (7) 280.2 + 64.0 (6)
alpine-2 = Greedy 2453 L 112.3 (3) | 1930 £ 00 (1) 1742 £ 678 (7) | 1526 L 17.6 (3) 1387 £ 117 (9) | 2059 L 102.6 (4)
e-Greedy-Improved | 213.3 & 110.4 (8) | 184.9 & 27.5(3) | 1435 £ 17.5(8) | 150.4 & 23.7 (7) 130.1 + 17.5 (9) 1422 + 8.8 (7)
Softmax 187.6 + 622 (4) | 149.4 + 28.8 (3) 136.1 + 6.1 (6) 128.3 + 7.4 (6) 134.1 + 9.0 (10) 150.4 + 23.6 (7)
Interval-based 1778 £ 513 (5) | 1365 +158(4) | 1363 £156(6) | 196.1 =+ 46.1 (5) 137.9 + 12.7 (5) 1711 + 57.1 (6)
etrack-1 = Greedy 2001 £ 556 (4) | 2362 L 574 (4) | 2138 £ 408 (6) | 280.2 £ 75.0 (6) 105.0 £ 39.6 (9) 208.8 £ 37.2 (5)
e-Greedy-Improved | 220.8 + 359 (7) | 263.8 & 415 (4) | 162.6 =321 (8) | 186.2 & 64.9 (6) | 131.1 & 53.6 (10) | 125.1 =+ 11.4 (6)
Softmax 238.7 £ 60.4 (6) | 2512 £508(5) | 1525 +28.8(8) | 160.1 +22.4 (8) | 151.6 + 36.0 (10) | 192.0 & 80.5 (8)
Interval-based 206.2 £ 317 (5) | 2541 +762(6) | 158.8 407 (8) | 238.0 & 75.6 (6) 203.6 + 18.8 (4) 151.6 + 30.6 (5)
etrack-2 =Greedy 2663 £ 304 (2) | 3488 L 107 (2) | 2420 L 4656 (6) 3715 £ 00 (1) 207.6 £ 385 (9) 282.7 L 27.1 (3)
e-Greedy-Improved —(0) 284.6 + 0.0 (1) 227.7 + 46.6 (6) 239.3 £+ 38.4 (7) 151.1 + 60.1 (9) 198.0 + 68.6 (9)
Softmax —(0) 324.1 £ 0.0 (1) 2206 £ 213 (7) | 254.9 £ 656 (5) | 179.2 & 56.0 (10) | 209.0 = 45.6 (7)
Interval-based 328.8 + 0.0 (1) 279.7 + 50.7 (4) | 179.4 +26.4 (7) | 208.3 + 25.0 (4) 155.7 + 40.8 (7) 233.5 + 59.8 (6)
e-track-3 e-Greedy 222.6 £+ 64.1 (5) 391.3 £ 129.4 (6) 210.9 £+ 59.0 (8) 320.3 £ 153.3 (4) 202.0 £ 101.8 (10) 236.6 £+ 88.3 (5)
e-Greedy-Improved 272.3 £+ 85.0 (8) 273.2 £ 78.2 (6) 161.2 £+ 22.3 (8) 155.9 + 22.9 (9) 123.0 + 16.7 (10) 138.7 + 33.3 (6)
Softmax 241.1 £ 475 (5) 219.7 £ 63.1 (6) 172.0 £ 30.0 (9) 185.1 £ 31.8 (10) 140.5 + 18.3 (9) 175.0 + 79.5 (9)
Interval-based 223.6 + 46.6 (6) | 244.9 + 102.4 (6) | 183.4 &+ 25.5(7) | 194.0 + 47.4 (7) 151.4 4+ 35.6 (8) | 204.8 & 100.3 (8)
o track 4 =Greedy 3317 £ 67.1 (6) | 207.3 £ 428 (2) | 2769 & 58.0 (10) | 405.8 L 1265 (4) | 247.0 + 83.4 (10) | 3500 & 132.4 (3)
c-Greedy-Improved | 360.1 £ 50.4 (4) | 320.6 £ 54.1 (4) | 217.9 £79.3 (9) | 199.3 & 40.3 (10) | 142.8 & 17.7 (10) | 184.9 = 32.0 (9)
Softmax 373.4 + 101.7 (6) | 334.2 +£54.8(6) | 204.0 +46.8 (9) | 227.2 + 71.2 (10) | 155.4 & 16.5 (10) | 191.6 + 49.8 (10)
Interval-based 3101 £ 535 (3) | 3474 £838(7) | 250.0 + 77.9 (10) | 259.4 + 96.9 (9) 188.9 + 493 (8) | 277.3 + 166.8 (8)
e track 6 = Greedy 262.6 L 124 (2) 515.9 £ 0.0 (1) 2439 L 433 (5) | 3531 £ 1205 (4) | 206.6 L 47.2 (9) 2842 L 56.1 (2)
e-Greedy-Improved | 290.7 = 0.0 (1) 225.2 £ 0.0 (1) 1803 £ 26.1 (7) | 240.8 & 73.7 (10) | 139.9 & 23.9 (10) | 179.7 + 38.8 (9)
Softmax —(0) 320.5 + 0.0 (1) 200.2 +89.8 (7) | 290.1 + 127.1 (8) | 165.6 & 25.6 (10) | 183.7 = 55.2 (8)
Interval-based —(0) 280.8 & 114.3 (4) | 213.0 £420(7) | 229.8 + 626 (7) 198.9 + 93.2 (7) 211.8 + 63.2 (6)
forza = Greedy 3005 L 102.7 (4) | 423.7 L 166.8 (4) | 2225 L 22.8 (9) | 335.7 & 114.0 (8) | 222.8 L 884 (10) | 348.1 L 156.4 (5)
e-Greedy-Improved | 374.0 £ 943 (6) | 367.3 £ 953 (5) | 231.0 £59.8 (9) | 250.7 &+ 134.6 (8) | 141.3 & 40.2 (10) | 192.5 = 62.9 (9)
Softmax 305.8 & 85.8 (8) | 2204 =433 (4) | 1854 +38.6(9) | 247.6 +81.8(9) | 158.0 + 49,5 (10) | 191.8 + 45.0 (10)
Interval-based 208.6 &+ 46.5 (6) | 243.8 £ 61.1(5) | 197.9 526 (8) | 2857 & 70.0 (6) 173.8 £ 36.9 (8) | 279.9 + 125.7 (9)
g track1 =Greedy 1034 £ 378 (7) | 1347 L 418 (5) 61.0 = 9.5 (10) 1324 L 42.4 (3) 70.0 £ 18.2 (9) 103.0 £ 323 (7)
e-Greedy-Improved | 115.5 £ 20.4 (9) | 152.5 + 54.7 (9) 55.4 & 7.9 (10) 56.4 + 8.7 (10) 50.8 + 3.6 (10) 63.1 & 9.5 (9)
Softmax 112.7 + 32.9 (9) 133.2 + 41.9 (6) 56.6 + 5.9 (10) 57.6 + 9.5 (10) 57.8 + 7.8 (10) 62.1 + 5.4 (9)
Interval-based 147.9 + 455 (10) | 1359 +40.6 (7) | 59.8 &£ 18.4 (10) | 65.6 = 18.2 (10) 65.0 & 10.9 (8) 72.0 £ 27.8 (7)
g-track-2 e-Greedy 190.3 + 101.7 (7) 262.8 £ 56.0 (4) 107.8 + 19.2 (10) 243.3 £+ 89.6 (8) 105.4 + 26.5 (10) 131.9 + 33.8 (8)
e-Greedy-Improved 135.5 + 41.8 (7) 236.7 £+ 66.1 (9) 88.6 + 16.5 (10) 89.8 + 11.5 (10) 72.3 + 4.3 (10) 85.9 + 8.6 (9)
Softmax 1476 £39.1(9) | 1711+ 920 (5) | 9154 17.6 (10) | 103.7 & 27.7 (10) | 85.7 & 15.0 (10) | 100.2 = 29.4 (10)
Interval-based 251.9 £ 57.7 (6) | 1751 £ 559 (6) | 101.3 4 23.6 (10) | 118.3 & 53.2 (10) 92.3 & 15.0 (9) 99.8 &+ 19.1 (7)
g track-3 =Greedy 2618 £ 428 (4) | 2332 L 540(4) | 1388 L 407 (7) | 2427 L 744 (6) 1406 L 242 (9) 1085 L 22.7 (4)
e-Greedy-Improved 196.0 + 49.0 (7) 248.9 + 33.4 (4) 146.6 + 44.6 (9) 144.5 + 18.9 (8) 95.8 + 6.1 (10) 116.8 + 9.3 (8)
Softmax 258.8 + 53.9 (5) 197.2 4+ 31.0 (4) | 143.6 +49.4 (8) | 169.6 + 42.4 (8) 118.1 + 25.0 (10) 127.4 £ 17.2 (9)
Interval-based 250.4 + 49.2 (5) | 21524+ 81.4 (6) | 140.8 & 20.4(7) | 179.2 + 40.8 (6) 146.8 + 39.4 (8) 149.0 + 23.3 (6)
ole-road-1 = Greedy 490.7 T 1515 (5) | 448.7 £ 138.0 (4) | 277.1 L 60.1 (9) | 3788 £ 1121 (5) | 2521 L 515 (9) | 422.7 L 144.0 (6)
e-Greedy-Improved | 380.4 £ 58.1 (7) | 427.9 4857 (6) | 240.9 =503 (8) | 248.8 100 (8) | 1723 & 14.8 (10) | 200.2 =+ 21.6 (8)
Softmax 360.7 £ 102.0 (8) | 3633 +92.0 (4) | 2293 +£30.4 (8) | 280.3 £ 600 (8) | 189.9 & 23.2 (10) | 220.4 =+ 31.1 (10)
Interval-based 377.7 £ 66.2 (6) | 320.5 + 144.0 (5) | 2207 256 (7) | 330.8 + 1256 (6) | 282.5 + 924 (9) | 297.3 & 117.4 (7)
ruudskogen = Greedy 2362 L 768 (6) | 2783 £ 107.7 (2) | 156.2 £ 24.0 (9) | 227.2 £ 46.4 (5) 311 £ 185 (9) 2483 L 96.1 (8)
&-Greedy-Improved | 272.5 £ 70.0 (8) 230.9 + 0.0 (1) | 149.4 +20.2 (10) | 178.8 + 81.7 (10) | 93.2 + 10.6 (10) 103.7 + 8.1 (9)
Softmax 261.1 £ 532 (6) | 2144 +£48.1(5) | 1289 +143(8) | 1433 + 32,0 (7) 96.8 & 6.9 (10) 113.8 + 16.0 (10)
Interval-based 250.4 +49.0 (6) | 2073 +81.2(4) | 131.3+159(6) | 2156 + 82,9 (7) 125.9 + 37.7 (9) 150.1 + 84.7 (8)
wheel-T =Greedy 2007 £ 719 (7) | 311.6 £ 114.2 (6) | 1855 L 38.0 (10) | 318.0 £ 1154 (7) | 163.0 £ 47.8 (10) | 199.7 £ 1026 (7)
e-Greedy-Improved | 208.7 = 49.7 (8) | 274.6 = 61.8 (8) | 147.8 +33.3(9) | 160.1 & 16.5 (9) 100.4 + 7.9 (9) 136.1 + 9.5 (8)
Softmax 208.6 £ 412 (9) | 231.1+£0921(5) | 157.0 £27.6(9) | 147.9 £123(9) | 127.5 + 17.0 (10) | 153.6 & 28.8 (9)
Interval-based 207.0 £615(8) | 213.2+£747(7) | 1472+ 118(8) | 184.8 £+ 87.5(8) 145.1 + 28.8 (8) 156.7 &+ 52.9 (6)
wheel 2 =—Greedy 7000 £ 718 (6) | 5145 £ 1478 (3) | 2732 £ 433 (9) | 3640 L 1115 (4) | 2770 £ 953 (8) | 3554 & 1443 (6)
c-Greedy-Improved | 404.7 £ 79.2 (6) | 477.4 £ 1137 (4) | 2252 £412(9) | 251.2 £57.0 (9) | 166.0 & 18.1 (10) | 270.0 = 143.2 (9)
Softmax 431.9 £ 103.1 (8) 329.5 £ 80.9 (4) 235.8 4 36.1 (9) 203.6 £+ 111.1 (9) 197.6 + 28.3 (9) 285.6 £ 120.2 (8)
Interval-based 320.5 + 51.0 (5) | 388.8 + 160.7 (5) | 272.8 & 28.8 (8) | 355.7 + 128.7 (7) | 228.0 +52.7 (9) | 276.6 & 132.0 (6)

Table 3: Testing the champions of each track on other unseen tracks.
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9 Conclusions

We applied on-line neuroevolution to learn drivers for The Open Racing Car Simulator (TORCS) [1].
We focused on the two major on-line neuroevolution approaches (on-line NEAT [32] and on-line
rtNEAT [23]) and on the four evaluation selection strategies introduced in the literature (e-Greedy,
Softmax, Interval-based [32] and e-Greedy-Improved [7]). We considered eight methods (each
one combining one neuroevolution approach with an evaluation strategy) and performed three
sets of experiments to compare the methods in terms of learning capabilities, adaptation, and
generalization.

In the first set of experiments, we applied the eight methods to evolve a driver for three different
tracks of increasing difficulty 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 starts to outperform rtNEAT and at the end
it reaches a significantly better performance.

The second set of experiments focused on knowledge transfer. The champion evolved for each
track were used to seed the evolution of drivers for different tracks. The results suggest that is
convenient to exploit previous knowledge: the new seeds boost the learning improving the final
performance effectively. When using drivers evolved on simple tracks as the seed for more chal-
lenging track, the overall behavior is similar to what previously found in that rtNEAT is initially
better, but then NEAT catches up. However, when using drivers evolved on more challenging
tracks, the behavior is opposite: initially, rtNEAT performs worse and then both models reach a
similar performance. Our analysis suggests that, when starting from a more experienced driver,
steady-state evolution (rtNEAT) tends to exploit the current knowledge rather than recombining
good building-blocks of the experienced drivers in the initial population, resulting in a lower perfor-
mance. In contrast, generational evolution (NEAT) recombines the existing good behaviors more
rapidly, resulting in a faster adaptation to the new track. However, at the end, NEAT and rtNEAT
reach a comparable performance (in fact, there is no statistically significant difference at the end).

The last set of experiments was aimed at testing the generalization capabilities of the eight
approaches. The results suggest that NEAT can generalize more, producing (significantly more)
drivers capable of completing two laps on difficult unknown tracks.

With respect to the evaluation strategy, all the experiments performed basically agree: e-Greedy
is significantly worse than e-Greedy-Improved, Softmax, and Interval-based, which perform sim-
ilarly. This results confirm the findings of Whiteson and Stone [32], who also noted that, on
the typical reinforcement learning benchmarks, e-Greedy performed worse. In addition, as re-
ported in [32], also our analysis shows no statistically significant difference between Softmax and
Interval-based. In particular, with respect to the generalization capabilities, the results also shows
a difference in the performance of e-Greedy-Improved, Softmax and Interval-based, with a cluster
containing what appear to be the best techniques (e-Greedy-Improved and Softmax) and a cluster
containing only Interval-based.

When compared to off-line neuroevolution (e.g., [8]), our results suggest that on-line neuroevo-
lution can evolve faster drivers while being computationally less expensive. Although, a fair com-
parison of the two approaches is infeasible (as they differ both for their goals and the experimental
setup), a quick comparison we performed show that with the same number of evaluations, the
best individuals evolved using off-line neuroevolution perform slightly worse than the best ones
evolved using on-line neuroevolution. The average lap times achieved using off-line neuroevolu-
tion for A-Speedway, CG-Track 1, and Ruudskogen are respectively 30.11 + 0.4, 62.00 + 4.8, and
106.21 + 8.5; our approach performs statistically significantly better on the most difficult tracks,
CG-Track 1 and Ruudskogen (Table 1). As expected [32], a qualitative analysis shows that off-line
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neuroevolution spends most of its computation resources on the evaluation of poor drivers. Overall,
off-line neuroevolution turns out to be computationally more expensive since it also introduces huge
overheads to reset the state of the simulators between evaluations and crashes. In fact, we noted
that, off-line neuroevolution only spends between the 12% and the 22% of the overall simulation
time for the actual evaluation of individuals.

There are still several issues worth investigating. Our future research directions include the use
of adaptive evaluation selection strategy (for instance, by adapting the € in e-Greedy as done in
reinforcement learning [28]) to improve the performance during the last stage of the evolution. We
also plan to investigate how the length of the evaluation timeslot and the number of reevaluations
(the parameter k) influence the performance with respect to the characteristics of the track and
the neuroevolution approach used.
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