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Abstract—We demonstrate a complete, real-time autonomous
racing stack that deploys Deadline-Aware Monte Carlo Tree
Search (DA-MCTS) on physical FITENTH hardware powered
by an NVIDIA Jetson Orin Nano. DA-MCTS adapts the risk
profile of its sampled actions to the compute budget available at
runtime, letting a sampling-based planner meet a hard control
deadline on a resource-constrained processor without retuning.
On FITENTH hardware, DA-MCTS computes a racing line
online and attains lap times competitive with pure-pursuit and
Stanley baselines that require a precomputed reference line.
Demo video link: https://youtu.be/vgiwadLAvKs| and source code
link: https://github.com/scope-lab-vu/RTCSA_Demo_ws,

Index Terms—Real-time Path Planning, Monte Carlo Tree
Search, Autonomous Racing, FITENTH, Particle Filter Local-
ization

I. INTRODUCTION

Autonomous racing presents a unique challenge, where
actions must be chosen under nonlinear tire dynamics and
noisy sensor data, within control deadlines that span only a
few milliseconds. Iterative and sampling-based methods such
as Model Predictive Control (MPC) and Monte Carlo Tree
Search (MCTS) are traditionally adopted for this task, but their
solution quality scales with the number of iterations completed
per control step. This creates a problem at deployment, since
such planners are tuned on workstations yet run on embedded
processors (e.g., the NVIDIA Jetson Orin Nano), where the
compute budget is smaller and varies at runtime as perception
and localization compete for the same hardware. Deadline-
Aware MCTS (DA-MCTS) addresses this by estimating the
available compute budget online and shifting its continuous ac-
tion space sampling between aggressive, cautious, and learned
Gaussian-prior modes.

This demonstration deploys the entire DA-MCTS [1] stack
onboard a physical FITENTH car in real time. The stack
pairs a particle filter localizer with DA-MCTS as a unified
planner and controller that produces velocity and steering
commands using estimated pose. We compare against pure-
pursuit, Stanley and MPC baselines that track a precomputed
optimal raceline and Model Predictive Path Integral (MPPI)
that is a sampling based method, and through experiments on
an indoor racetrack we show that DA-MCTS computes the
raceline online and produces competitive lap times, without
any retuning.

II. IMPLEMENTATION DETAILS

The DA-MCTS pipeline is depicted in fig. [I where each
component runs as a separate ROS2 node pinned to a CPU

core on the Jetson Orin Nano.

Localization. We use SynPF [2] for localization. It con-
sumes the odometry readings and the LiDAR scan (topics
/odom and /scan) and outputs the vehicle pose, the x,y
position and the heading 1 in the global frame, which is
published on /pose topic. Localization is event-triggered by
the incoming LiDAR scan, which arrives at 40 Hz, and our
C++ implementation of SynPF has a WCET of 15 ms on the
Jetson Orin Nano.

DA-MCTS Controller. DA-MCTS plans by running Monte
Carlo Tree Search with double progressive widening over a
continuous action space, discovering a racing line online. DA-
MCTS relies on two learned models. The dynamics model
is a Sparse Variational Gaussian Process (SVGP), trained
on data collected by driving the car along a precomputed
raceline; it predicts the error of an extended-kinematic vehicle
model and adds it back as a correction, and it takes cornering
stiffness as an input feature so it generalizes to varying friction
conditions. The second is an action-prior policy, a Gaussian
process also trained on data collected along a precomputed
raceline, which proposes context-appropriate actions for the
search to sample. For further implementation details, see [1]].
The defining idea of DA-MCTS is to adapt to a changing
compute deadline by treating that deadline as an input to
the search. Each planning step is given a time budget, and
a small network reads how much of the budget remains,
along with the search progress so far, to decide how the
next action is sampled. We partition the continuous action
space into three modes—aggressive, cautious, and the learned
prior, shifting the sampling probability toward cautious actions
when the deadline is small and toward aggressive maneuvers
otherwise. The intuition is that with less compute it is safer to
favor actions that slow the car, leaving more time to avoid
a crash. This adaptation lets the planner stay safe under
tight, fluctuating budgets of an embedded processor with no
retuning. At each step DA-MCTS integrates the first action
of its best trajectory into a velocity and steering command,
published on /drive topic. The controller runs at a constant
rate of 25 Hz, which matches with the planning time step of
MCTS rollouts and simulation steps.

III. EXPERIMENTAL RESULTS

Figure [2a] shows the scaled indoor racetrack, obtained by
mapping the area around our lab with SLAM Toolbox [3]. Fig-
ure shows the standard FITENTH platform used in the
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Fig. 1. DA-MCTS Pipeline. The SynPF particle-filter localizer fuses the LiIDAR scan with wheel and IMU odometry to estimate the vehicle’s global pose.
The DA-MCTS controller uses this pose to plan online and produce velocity and steering commands directly to the actuators.

demonstration. The vehicle specifications include a Hokuyo
UST-10LX 2D LiDAR, a VESC 6 MkVI that supplies motor
commands and wheel odometry, integrated with an IMU, and
an NVIDIA Jetson Orin Nano for onboard compute.

(a) Test track (b) FITENTH platform

Fig. 2. Demonstration setup. (a) The scaled indoor test track, mapped around
our lab; the red line is the reference raceline. (b) The FITENTH vehicle.

Table [I] reports the fastest lap by each method completed
on the indoor lab track, in the FITENTH ROS2 simulator
and on the real car. We compare DA-MCTS against four
baselines. Pure pursuit is a geometric tracker that steers toward
a lookahead point on the precomputed reference raceline.
Stanley tracks the same raceline using a front-axle cross-track
and heading error. MPC is an iterative method with a SVGP as
a dynamics model that optimizes over a horizon to follow the
precomputed raceline. MPPI is a sampling based planner that
rolls out many action sequences online rather than tracking
a fixed raceline. DA-MCTS, our method, plans and controls
online from the reward alone, discovering its trajectory with no
precomputed raceline. MPC and MPPI fail to complete a lap
as single MPC step takes 81 ms and an MPPI step 500 ms,
far exceeding the 40 ms control deadline, so both miss the
deadline and crash. The key result is that DA-MCTS plans
online without a reference raceline and produces lap times
close to the pure-pursuit and Stanley baselines that depend on a
precomputed raceline as shown in table[l] On the real car, DA-
MCTS achieves the fastest lap, as it plans over a horizon using
the learned dynamics model to anticipate and avoid imminent
crashes, making it robust to sensor and localization noise.

IV. CONCLUSION

We demonstrated an FITENTH racing stack that runs
Deadline-Aware MCTS in real time on an embedded Jetson
Orin Nano, using a particle filter localizer and DA-MCTS as a
deadline-aware controller. Our results show that the trajectory
generated by DA-MCTS discovers a sub-optimal race line and

attains lap times competitive with pure-pursuit and Stanley
baselines that are given the optimal racing line. Future work
will focus on extending the DA-MCTS planned trajectories
to avoid obstacles, on improving lap times after each lap to
discover the true racing line online, and on adding run-time
assurance to keep the vehicle safe at all times.

TABLE I
FASTEST LAP TIME (S) ON INDOOR RACE TRACK. LOWER IS BETTER.
BASELINES TRACK A PRECOMPUTED RACELINE; DA-MCTS PLANS

ONLINE.
Method Simulation (s) Real car (s)
Pure Pursuit [4]] 20.22 36.25
Stanley [5] 20.25 30.06
MPC [6] Crash” Crash”
MPPI [7] Crash” Crash”
DA-MCTS (ours) 20.46 26.45

* Crash = method failed to complete a lap.
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