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Abstract—A Kkey challenge in modern robotics is to adapt
to changing environments, a challenge that is exacerbated
when simulations cannot encompass every possible real-world
configuration, and therefore Reinforcement Learning (RL) in
the physical world becomes necessary. Continual Reinforcement
Learning (RL) provides the tools to address this challenge;
however, both the frameworks and the methods remain un-
derexplored. Autonomous Racing (AR) and in particular the
RoboRacer competition provide a testing ground for such
methods, as learning to drive on a new track-floor combination
with the least amount of new experience naturally frames a
continual learning problem. This work tries to address this gap
by proposing a continual RL framework based on Continual
Backpropagation (CBP) that is able, with only real-world data,
to train a generalistic policy on a set of tracks and then fine-
tune it within 15 minutes to outperform classical controllers.
Furthermore, a comparison method based on offline RL is
proposed, and a simulation analysis of the plasticity properties
of the methods is conducted.

I. INTRODUCTION

RL has recently evolved into a practical tool for robotics,
achieving superhuman performance in board games [1],
quadrupeds [2, 3], and drone racing [4]. Generalization to the
physical world remains a central challenge, usually tackled
by carefully designing the simulator used for pre-training and
adding randomization on key parameters: some examples are
legged locomotion on unknown terrain [5] or grasping novel
objects [6].

Following a different approach, this paper focuses on direct
real-world training, as simulators can be expensive or difficult
to set up [7], and generalization via randomization can further
add over-conservativeness. Real-world training, though, only
allows training of one agent in a single environment at a time
(given one robot), and this drastically reduces the amount
of data available, highlighting the need for sample-efficient
algorithms. Furthermore, the real world might present non-
stationary environments, which introduce continual learning
challenges: maintaining adaptability without catastrophic for-
getting is a requirement [8].

Autonomous Racing (AR) on the RoboRacer platform
(formerly FITENTH) provides an affordable yet demanding
testbed for benchmarking State-of-the-Art (SotA) controllers
on real hardware in non-stationary environments: firstly, the
ever-changing track layout highlights the need for algorithms
that can adapt to different settings, such as continual learning

*This work was not supported by any organization

LCenter for Project-Based Learning, D-ITET, ETH Zurich,
edoardo.ghignone@pbl.ee.ethz.ch

TEqual Contribution

979-8-3315-8160-2/26/$31.00 ©2026 IEEE

methods; furthermore, the tight schedule of the race imposes
a strict constraint on the available samples. Algorithms have
to adapt with only minutes and not hours or days of extra
data. Different previous RL methods have been applied to the
RoboRacer platform [9, 10, 11, 12], but no result has been a
viable solution able to generalize across different real-world
track layouts.

In this context, we present a continual RoboRacer training
framework that adopts the off-policy Soft Actor-Critic (SAC)
architecture [13], used for its renowned sample efficiency, and
adapt it to a continual setup with Continual Backpropagation
(CBP) [14].

In particular, we conduct tests assuming multiple tracks
can be available for pre-training, but a final track is unknown
(see Figure 1 for more details), and we show that the
combination of CBP with SAC can surpass one of the leading
controllers in the RoboRacer competition within 15 minutes
of fine-tuning. Furthermore, we compare this first method
to offline RL pre-training by means of Implicit Q-Learning
(IQL) [15], showing that even though offline-RL can train a
model on the entire dataset, continual RL can adapt quicker
to an unseen track layout and tire-floor combination.

Our summarized contributions are:

o A continual RL framework based on CBP that learns
generalistic policies with only real-world data and fine-
tunes within 15 minutes on an unseen track-floor combi-
nation. Previous work showed similar performance after
only 82 minutes [12].

o An alternative framework for generalistic policy pre-
training based on offline RL, that shows promising
signs of plasticity but reduced performance, at parity
of training steps.

e An evaluation in simulation of the effect of adding
continual learning network modifications (CBP [14], L2
Init [16]) to only buffer management strategies, showing
that continual techniques help the performance increase
from a fine-tuning stage.

e Tracks, simulation models, and RL frameworks are
open-sourced to foster replication and comparisons
(github.com/ForzaETH/Continual-RL-ICRA-26)

II. RELATED WORK

A. Real-World Reinforcement Learning

Most of the success of RL in the real world comes from
policies pretrained in simulation [17, 4, 18]. However, the
sim-to-real gap is a remaining challenge: most successful
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Fig. 1: Set of tracks used for this study, subdivided into four pre-training and one test track. A Newton-meter was used to
measure lateral static friction (indicated with 1). The green arrows indicate the sequential order in which the tracks are used
for continual training, while the black addition signs indicate the alternative offline pre-training strategy.

transfers require at least some amount of real data or fine-
tuning on the real system [19, 20], zero-shot transfer can
often be impractical due to the sim-to-real gap [19, 21],
and domain randomization could trade generalizability for
performance, and produce over-conservative policies.

For this reason, training with physical robots remains a
viable alternative, and this work will therefore focus on real-
world learning, where the agent will learn only from real-
world interactions, bypassing any type of simulator and the
issues that might arise with it. The review by Tang et al.
[19] highlight that real-world learning introduces mainly two
new challenges, one of them being how to accelerate training
with real-world samples, which are clearly limited in number
when compared to simulators that can simulate thousands of
environments in parallel [22]. This paper tries to tackle the
sample efficiency limitation by applying continual learning
[23] to the AR challenge. Specifically, we consider the setup
where a set of track layouts can be available in a pre-training
phase, and an unknown track, with possibly a different floor,
will make up the test condition.

A first crucial branch of related work analyzes sample-
efficient RL algorithms. SAC [13], one of the most diffused
off-policy algorithms, constitutes the core component of this
paper. While different extensions improving the sample-
efficiency of the original algorithm exist (e.g. [24, 25]), we
preferred to base our work on the more widespread open-
source implementation of SAC [26], which has been extended
successfully with custom features for real-world learning
(asynchronous architecture [27], generalized State-Dependent
Exploration (SDE) [28]), and leave the experimentation with
novel algorithms to future work. Similarly, model-based
methods have had great success in terms of sample complex-
ity and have been successfully deployed on physical robots
[29, 30]. However, the added training compute can outweigh
the benefits when computational resources are tight.

Real-world training further makes it highly impractical to
present the learner with substantially different environments
and hence the agent usually has to learn sequentially, i.e. by
possibly having access to a specific environment only once.
Continual learning offers the tools to make this possible.

B. Continual Learning and Reinforcement Learning

Continual RL addresses the degrading performance of neu-
ral networks under changing tasks or state distributions [23].
Some of its typical challenges are catastrophic forgetting
(reduced performance after task switch) and loss of plasticity
(inability to adapt after a task switch). Typical strategies
to avoid forgetting include replay buffer management, reg-
ularization, or network segregation [31]. CLEAR [32], for
instance, combines replay buffer reuse and regularization and
shows good performance on the CORA benchmark [33],
while methods such as Emphasizing Recent Experiences
(ERE) [34] emphasize newer samples to accelerate adapta-
tion. Focusing on loss of plasticity instead, different metrics
have been developed [35, 14]. Plasticity has been studied
through metrics like dormant neurons (dead units) [36] or
average weight magnitudes [16, 14, 35], and mitigated by
reinitializing biased network heads [37] or low-utility units,
as with CBP [14] and in Reinitialize Dormant Neurons
(ReDo) [36]. Many continual learning methods have been
proposed and show increasing performance in simulation.
However, few ideas are tested on a physical system. This
work will focus on the racing setting within the RoboRacer
format, and particularly on loss of plasticity.

C. Autonomous Racing and Roboracer

The Roboracer AR competition [38] (formerly FITENTH)
provides a key robotic challenge, as participants have to adapt
to unseen track layouts under strict time constraints, de-
manding efficient generalization, either by zero-shot transfer,
rapid fine-tuning, or leveraging pre-trained policies. Classical
methods for AR such as Pure Pursuit (PP) [39], Model
Predictive Contouring Control (MPCC) [40], and Model-
and Acceleration-based Pursuit (MAP) [41] are the most
performant on the RoboRacer platform [42], and are also
widespread across different AR competition formats (e.g.
in [43, 44]). RL methods, however, provide an interesting
alternative, as they achieved SotA performance in simulated
car racing [45] and real-world drone racing [4].

On the RoboRacer physical platform, different RL meth-
ods have been explored without clearly demonstrating high-
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performance: domain randomization [9], direct sim-to-real
deployment [46, 30], and image pretraining with online
finetuning (FastRLap) [10]. Furthermore, Hildisch et al. [12]
show that, with a residual policy structure, an RL controller
can drive faster than a classical controller, and can learn
significantly faster than an end-to-end controller, reaching a
higher performance level than classical control methods for
AR.

This work addresses the main issues of [12] in general-
ization and presents a continual learning framework based
on CBP that is able to learn on multiple tracks, generalize to
unseen tracks, and continually adapt to a new layout, without
using a residual policy structure. Furthermore, offline RL
offers an alternative [47], enabling pre-training on a dataset
of diverse policies, and even outperforming these later in
some cases [48]. This work compares the proposed continual
learning framework to an offline framework based on IQL
[15].

III. METHODOLOGY
A. Evaluation Setup

Physical System - For evaluation, we replicate the plat-
form of [49] and [12], extending the training framework of
the latter. Training is conducted on a remote computer with a
NVIDIA GeForce RTX 4070 laptop GPU. Note that training
directly on the car was also successful, but the increased
computational load induced higher variance in the actor’s
control frequency and reduced the battery lifetime, making
training more time-consuming.

Human-Monitored Training - The safety filter used in
[12] decides based on the relative heading to the intended
race line whether to use the RL controller or the baseline
controller. This safety filter does not recognize if the car
is about to crash when the car is sliding out in corners
but still stays parallel to the race line, which can easily
happen at high speeds. Furthermore, tracking progress on a
residual RL approach can be less clear, due to the interplay
between the RL agent and the baseline controller. For these
reasons, we chose to not use the residual RL structure, but to
follow the usual structure where full agency is relinquished
to the RL agent, following what [12] names an end-to-end
controller. Although the method requires some initial human
intervention, continual strategies improve sample efficiency.
As a result, the agent can learn a basic slow policy after
only a few episodes, and after a few minutes, only sporadic
operator interventions are needed.

Train for Generalization, Fine-tune for Racing - We
train our setup on 4 different tracks with 2 different tire-floor
combinations (see Figure 1 for details) for a total of 100’000
gradient steps, which corresponds to 40-60 minutes of train-
ing. On the final track, we only train for performance. Practi-
cally, this means we keep a maximum of 200’000 samples in
the buffer during training and prune overflowing samples at
the end of training according to a diversity measure applied
trajectory-wise. However, in our tests, this number was only
reached after the last training track and therefore will only
have an influence for further training. Such a diversity method

consists of a dimensionality reduction of the concatenated
observation and action vector by PCA, where we keep the
10 main principal components accounting for 95% of the
variability. This is followed by k-Nearest Neighbors (k-NN)
with k=5. The per sample diversity score is calculated as the
average distance s; to the k nearest neighbors. From this, we
get the final sample priority as P(i) = 1/rank(s), where the
rank is the sorted position in the replay buffer. We define the
trajectory priority as the average score of all samples of the
trajectory and keep all samples from the trajectories with the
highest priorities. This was inspired by previous approaches
that tried to tackle the continual learning problem with buffer
management strategies [31]. Keeping older samples during
training for generalization prevents forgetting. On the final
race track, we start with 5’000 samples from the previous
replay buffer and let the agent adapt more, accepting some
forgetting. The samples are again obtained by employing the
diversity filter method. First experiments with an entirely
fresh replay buffer were unsuccessful: after a few moments of
training the performance dropped severely and the car started
acting as in early training.

B. Soft Actor-Critic

Our setup builds on top of the SAC [13] implementation
from Stable Baselines 3 (SB3) [26]. We use Async-SAC-
1 from [27] implemented as two separate ROS nodes: an
acting node and a learning node. The acting node runs at 20
Hz, while the learning node runs without time constraints.
In practice, our setup ran with an Update-To-Data (UTD)
ratio between 1 and 1.7, which was primarily influenced
by the sampling time for the increasing replay buffer size.
Furthermore, as previous work has highlighted [24], a higher
UTD ratio would not have been beneficial for the standard
SAC algorithm.

To improve exploration efficiency, we use Generalized
State-Dependent Exploration (gSDE) [28] from the SB3
implementation. The most important hyperparameters are
summarized in Table I. This setup, as well as observation
space, action space, and reward function, is shared between
all considered methods. Trainings were repeated for three
different random initializations of the network in the case of
real-world experiments, and five different random initializa-
tions for the simulated experiments.

TABLE I: Hyperparameters for the asynchronous SAC im-
plementation.

Hyperparameter [ Value

- - Hyperparameter [ Value
Net}mr}( dlmens'lon 2x256 Discount factor 0.99
Activation function ReLU -
— - ¢SDE sampling rate | 20 steps
Mini-batch size 128 nesten TD 3 stens
Learning rate 0.003 S°p ps

Observation Space - The state information used in the
observation space is acquired from the sensor data following
[49]. The components and the corresponding dimensions
are listed in Table II. The tire forces are estimated using
the Pacejka tire model and give the car some information
about the grip on a specific floor. The parameters for the
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model are estimated before training on a new floor through
system identification according to [50]. The observations
are flattened before they are passed as inputs to the net-
works. Therefore, we dqﬁne the observations as o; =
[At, C, Sty St—s, L7 d7 97 v, w; Fa af,Qr, Praces pinapout]T €
O C R'38, with full definition of the symbols available in
Table II.

TABLE II: Observation space.

Symbol | Observation [ Range [ Dimension
At Time between observations (0,0.1] s 1
c Collision {0,1 1
St Longitudinal frenet coordinate 0,120)m 1
St—1 Previous s 0, 120]m 1
L Length of current track 0,120m 1
d Lateral deviation ) (—2,2]m 1
from proposed race line
P Relative heading to (=, 7] 1
the proposed race line ’
Longitudinal and lateral
v velocity in car frame [vmin, Ymaz] 2
P Yaw rate [—13,13]/s 1
F Front and rear tire forces (x,y,z) [—40, 40]m 2x3
ay, o | Front and rear tire slip angles [—m, w]m 2
poce | o e mesd T it | 20
Pin Lateral velocity in car frame [—136, 136]m 2x20
PDout Lateral velocity in car frame [—136, 136]m 2x20

Action Space - Actions at time step ¢ are defined as a; €
A = [~6max; Omax) X [Umin, Umax] C R?, where 8,4, = 0.42
is the steering angle limit and vy, = 0.5 and vy = 10
are the velocity limits. The positive lower velocity limit was
crucial for fast early learning.

Reward Function - The reward function consists of
three parts. The time normalized stepwise advancement re-
ward 7y, = fj:n;jz; and the collision penalty Teoiision =
— 1 otlision==True are used in simulation and on-car. For the
human-monitored on-car learning, we add another penalty
Tdrive = —ldrive—button==Faise fOr releasing the safety
drive button which has to be pressed by the human operator
while the car autonomy is active. The partial rewards are
multiplied by a weighting factor, which results in 75101 =
Wsq * Tsa + Weollision * Teollision 1 ]-on—car *Wdrive * Tdrive- We
empirically chose the weights to be wy, = 20, Weottision =
16, and wgrive = 10.

C. Continual Learning extensions for SAC

Our pipeline integrates CBP [14] into the SAC algorithm.
In particular, we apply it to all layers of the actor and the
critic networks. The original implementation of CBP only
includes one-to-one layer transitions. However, the SAC actor
network has 2 heads for mean and Standard Deviation (SD).
We extend the instantaneous utility function as follows with
a summation over the output layers:

2 Hpp1 nipr
_ |hl,i,t_fl,i,t‘ (m)
Yrit = ni_i : z : z :|wl,i,k,t
m=1 k=1
E :’wlfl,j,z‘,t|
j=1

With H, 1 being the cardinality of similarly shaped output
layers. h; ;¢ is the current activation of ¢ in layer I, f;; ; is

the running average of the activation and their difference is
the mean-corrected activation. n;_; and n;4; are the number
of units in the previous and next layer respectively. wl(rln,)”
is the units k-th outgoing weight of the head with index m
and w;_1 ; ;¢ the units j-th incoming weight.

We combine CBP with L2 Init [16], a regularization-
based continual learning method, that adds an L2-loss term
between the current and the initial network weights to the
learning objective. This is applied to the actor and the critic
networks and prevents the network weights from growing
indefinitely, which is a common phenomenon that induces
loss of plasticity.

Lastly, we employ a variation of the ERE [34] sampling
strategy, which assumes a fixed size replay buffer and an
alternation between a data collection phase and a param-
eter update phase. In the latter, the training experiences
are uniformly sampled from a stepwise shrinking replay
buffer. Because we use the asynchronous SAC setup with
a continuously growing replay buffer, the algorithm needs
to be adapted. Instead of shrinking the replay buffer, we
define a priority curve (Figure 2) which is evaluated for the
current replay buffer occupation during sampling. The curve
has three parts, a high priority part for new samples with
priority Pp;qn(7) = 1.0, an adaptive low priority part, and a
transition spline curve in between which follows the quintic
smooth step function Py,.qpsient (1) = 6-t°—15-t44+10-13,i €
[Clows Chigh)s With €0 and cp,gp being the percentages of
low and high priority samples respectively. We let the lower
priority be dependent on the buffer occupation according to
Prow (i) = 1/(14+0-N) > Piow,min, Where 1 is a decay factor
and N is the replay buffer occupation. This has the effect
that the priority for older samples shrinks with increasing
buffer occupation. For all experiments, we set those values to
Clow = 0.9, cpign = 0.95, n = 0.001, and P4, min = 0.001.
This method gives newer samples more weight, allowing the
policy to adapt to the current state distribution while being
reminded of older experiences. Note that recomputing the
priority curve and the sampling probabilities can dominate
computation time if the replay buffer increases too much. In
this case, a solution could be to recompute the probabilities
only every n steps.

Priority Curve
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Fig. 2: Priority curve for sampling from the replay buffer with
emphasis on recent experiences. Buffer index (i) represents
relative positioning in the buffer, where i = 1 indicates the
newest sample and i = 0 indicates the oldest sample.

9490



D. Pre-Training with Implicit Q-Learning

As the goal during pre-training is to obtain a policy able
to generalize across tracks, we tested an offline RL method,
able to train from different trajectories previously obtained by
training with CBP-FS (Section IV-A) on the training tracks. A
subset of trajectories from all the training sessions, including
some from early learning, were kept for the pre-training.
During the offline pre-training, we sample uniformly from
all experiences instead of relying on the most recent one. We
use the IQL algorithm from [15] without modifications and
set the expectile for the value loss to 0.7 and the temperature
for the advantage weighted behavior cloning weights to 0.1.
Furthermore, we use the same network extensions as for the
continual variant, CBP and L2 Init, and apply them during
pre-training and finetuning.

IV. RESULTS
A. Simulation Experiments

To more thoroughly analyze the different algorithms, an
initial experiment was run in simulation. The ROS simulator
described by [38] was used, adapted with a custom Pacejka
Tire model, identified from real data following [50]. While
the model was adapted to closely fit reality, none of the
simulation trained models were successfully deployed on the
physical platform. The map layout was directly transferred
from the one used in the real world.

Five different models were compared in this experiment: a
baseline implementation from the end-to-end model of [12]
trained from scratch on every map, named Baseline-FS (for
From Scratch); a continually trained version of the baseline,
named Baseline-C-n, with n indicating the number of tracks
it was trained on; a version of the continual method trained
from scratch on every track, named CBP-FS; a version
trained continually, CBP-n; the offline method, IQL-n. Pre-
training followed the same procedure as described in Figure 1
and in the same order.

Track 1 (n=1) Track 2 (n=2)

W

0+ T T T T T T T T T
Ok 10k 20k 30k Ok 10k 20k 30k Ok 10k 20k 30k Ok
Environment Interaction Steps

Track 3 (n=3) Track 4 (n=4)

N5

—— Baseline-FS
CBP-FS
~——— Baseline-C-n

= CBP-n

v o

IS

N

Total Average Reward
w

-

T T T
10k 20k 30k

Fig. 3: Average total rewards of training in simulation.
All configurations are averaged over 5 runs. Shaded areas
indicate one SD distance.

In Figure 3 the average reward curves show the different
learning patterns for the continual methods (i.e. IQL-n is
omitted as it is not trained on one track at a time). While
training on the first two tracks does not isolate clear, distinct
patterns, the switch to a larger track layout and a different
floor highlights the limitations of the non-continual method.
On Track 4, CPB-4 exhibits a marginally higher average

reward than Baseline-C-n. Furthermore, CBP-FS shows its
ability to train more efficiently compared to the other method
from scratch, Baseline-FS. Baseline-C-n also shows a signifi-
cantly reduced plasticity: looking at the number of dead units
of the actor in Figure 4, it can be clearly seen that Baseline-
C-n flattens at a higher percentage of dead units, slightly
above 70%, while CBP-n stays constantly lower, between
60% and 65%.

Track 4 (n=4)

Track 2 (n=2)
] ] ] —— Baseline-FS

30% - 1 1 1 CBP-FS
—— Baseline-C-n
20% 1 1 1 — cBPn

Track 1 (n=1) Track 3 (n=3)

LI
s 3
B

Dead Units

25‘00 50‘00 6 25‘00 50‘00 6 25‘00 50‘00

Environment Interaction Steps

6 2 5‘00 50‘00 6

Fig. 4: Percentage of dead units in the actor network during
training.

Furthermore, it is interesting to notice that depending on
the track, the methods trained from scratch end at consistently
different percentages of dead units: while CBP-FS is better
than Baseline-FS on every track, both these methods show a
higher count of dead units on Track 4 than on the other tracks.
This result suggests that training on an arguably more com-
plex track (Track 4) first might be detrimental, as it induces
a higher loss of plasticity. Finally, the different methods are

100% 10.50

Dead Units
=
]
&

Average Lap Time [
© w©
S oG
5 8

20%
8.75
0% 4 8.50

0 2 4 6 8 0 12 14 5 10 15
Fine-tuning Time [min] Fine-tuning Time [min]

— 1014
— cBr4

Success rate
A >60% m >90%

—— Baseline-C-4

— — Baseline-FS x  <60% e =100%

Fig. 5: Simulation results on the test track. Left: Percentage
of dead units during the finetuning process. Right: Test lap
times after 5, 10, and 15 minutes of training on Track 5.

fine-tuned for the same durations as on the physical platform:
5, 10, and 15 minutes. As can be seen in Figure 5, CBP-n
manages to consistently outperform Baseline-C-n, resulting
in fewer collisions and always averaging a lower lap time.
As expected from the higher amount of dead units shown
during pre-training, Baseline-C-n also shows less plasticity.
In particular, the lap time reduction is much lower, only
a 0.28s improvement (9.50s @ 5 min, 9.22 @ 15 min,
2.9% relative improvement) for Baseline-C-n, while CBP-
n improves by 0.59s (9.13s @ 5 min, 8.54 @ 15 min, 6.5%
relative improvement): for this reason, Baseline-C-n was not
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further tested on the physical platform. IQL-n, on the other
hand, reports the slowest lap time at all three testing points,
but manages to do so with a safer policy at the earlier stages.

Analyzing the plasticity of the actors via the percentage of
active units, the trend remains similar to pretraining, as both
the continually trained methods face a relatively moderate
increase in dead units. The offline RL method, instead, clearly
shows a different pattern, by converging to full activation
(0% dead units) and thus promising a highly plastic network.
However, the final performance gap to CBP-n turns out to be
a shortcoming for the fine-tuning phase.

B. On-car experimental setup

Similarly to the simulation setup, the models used for the
real-world evaluation were pre-trained on the four physical
tracks presented in Figure 1: the resulting continual policy is
named CBP-4, and similarly, the offline pre-trained policy is
IQL-4. Following Section III-A, the two policies are then
finetuned for 15 minutes on the test track, yielding the
final policies CBP-5 and IQL-4-CBP, respectively. All RL
policies were trained for three different random seeds, and
performance was evaluated after 5, 10, and 15 minutes. The
track layout and the tire-floor combination were unseen. The
friction was 30% to 39% lower than the training tracks,
significantly impeding adaptation. Practically, Tracks 1 and
2 corresponded to a resin-coated floor, Tracks 3 and 4 cor-
responded to asphalt, and Track 5 was on polished concrete.
Additionally, we trained a reference policy from scratch
(CBP-FS) for 100’000 gradient steps (~ 50 minutes) and
evaluated its final performance. We also compare our results
to the two well-established model-based classical controllers
MAP and Model Predictive Control (MPC), following the
baseline implementation of [12]. For this comparison, system
identification following the procedure of [50] was used, and
basic tuning was conducted. All lap times at the end of fine-
tuning are reported in Table III.

TABLE III: Lap time results after 15 minutes of fine-tuning
on the test track. ¢, is the average lap time, ¢min and fpax
the minimum and maximum lap time respectively, and o the
standard deviation

Test run ty [ tmin [S] tmax [S] o [s]
Classical controllers

MPC 11.50 11.29 11.68 0.095
MAP 10.97 10.75 11.12 0.092
From scratch 10.62 9.94 11.74 0.431
Continual RL 10.44 9.96 10.99 0.199
Offline pre-training 12.13 10.80 14.06 1.199

C. On-car results

Lap time evaluations are available in Figure 6. After 5
minutes of fine-tuning, one of the three continually learned
policies reached MAP performance. After 10 minutes, this
was the case on average, and after 15 minutes, all the policies
beat the MAP controller. The fastest RL policy outperformed
the classical baseline by 6.4%, which is a compatible value
with the result achieved by [12] after 84 minutes. IQL-
4-CBP showed similar results as in simulation, achieving

= I B =
N =} Iy o]

Dead Units
Average Lap Time [s]

=

o% 10
o 2 4 6 8 10 12 14 5 10 15
Fine-tuning Time [min] Fine-tuning Time [min]

—— QL4
— CBP-4

—— mAP
CBP-FS x

Success rate

<60% A >60% m >90% e =100%

Fig. 6: Physical results on the test track. Left: Percentage
of dead units during the finetuning process. Right: Test lap
times after 5, 10, and 15 minutes of training on Track 5.

overall a lower performance than the continually trained one,
despite its advantage of equal training on all experiences.
Dead units metrics, also available in Figure 6, show a similar
pattern as in simulation, particularly for IQL-4-CBP. More
interestingly, CBP-5 shows a much lower amount of dead
units when compared to simulation (around 18% instead of
60%), indicating that the real-world environment requires a
much more complex representation. Almost the same perfor-
mance, and even the overall lowest lap time, was reached
by CBP-FS, albeit with a much longer time at disposal.

y [m]

—» Speed arrow scale = 2 m/s

6 7 8 9 10 1 12
x [m]
CBP-FS
CBP-5

----- Centerline
—— Optimal Trajectory

IQL-4-CBP
MAP

Fig. 7: Minimum lap time trajectories on Track 5. Arrows
aligned with the trajectories indicate longitudinal velocity,
and arrows perpendicular to the trajectory indicate lateral
velocity.

The qualitative comparison of the trajectories in Figure 7
shows that the learned policies that were faster than the MAP
controller often chose wider trajectories with lower curvature
and managed to carry higher speed in the corners. CBP-FS,
in particular, manages to carry the highest speed through the
corner by exiting with a line much closer to the boundaries,
possibly indicating a better specialization than CBP-5, which
instead tackles the left-hander with a safer trajectory. Also,
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MAP seems to commit to a too high velocity before the
highlighted corners and needs to overcorrect, induce high slip
(notice the higher lateral velocity), and overall exit the corner
with a much lower speed than the RL policies. Finally, the
offline pre-trained policy chooses a trajectory much closer to
the interior boundary in tight curves, which is still possible
at lower speeds when the car has not started slipping yet.

V. CONCLUSIONS

In this work, we propose a RoboRacer continual RL
training framework to obtain a generalistic policy able to
be finetuned on unseen terrains. Integrating SAC with CBP,
L2 Init, and an adaptation of ERE, the proposed method
manages to be finetuned on a track with lower friction than
observed in pre-training, within 10-15 minutes (instead of
82 as previously [12]), and outperforms previous classical
controllers such as [41]. Additionally, we explore offline
pre-training with IQL, presenting a policy with promising
plasticity, but reduced performance. Our findings concerning
network plasticity strengthen the dead units metric proposed
in [14] and further the correlation between it and improved
network adaptation capabilities.

Overall, the method presented can be used to train a
generalistic policy and to finetune it on a reasonably out-
of-distribution task: such an approach could be adapted to
other platforms, such as quadruped robots on unseen terrains,
dexterous manipulators with unseen materials, etc., where
accurate simulation might become impossible and training
with real-world samples crucial. Different limitations could
be further investigated, such as the loss of performance
induced by offline RL pre-training, or the effect of even more
sample-efficient RL algorithms (e.g. [25]).
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