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Abstract—We propose a human-centered safety filter (HCSF)
for shared autonomy that significantly enhances system safety
without compromising human agency. Our HCSF is built on
a neural safety value function, which we first learn scalably
through black-box interactions and then use at deployment to
enforce a novel state—action control barrier function (Q-CBF)
safety constraint. Since this Q-CBF safety filter does not require
any knowledge of the system dynamics for both synthesis and
runtime safety monitoring and intervention, our method applies
readily to complex, black-box shared autonomy systems. Notably,
our HCSF’s CBF-based interventions modify the human’s ac-
tions minimally and smoothly, avoiding the abrupt, last-moment
corrections delivered by many conventional safety filters. We
validate our approach in a comprehensive in-person user study
using Assetto Corsa—a high-fidelity car racing simulator with
black-box dynamics—to assess robustness in “driving on the
edge” scenarios. We compare both trajectory data and drivers’
perceptions of our HCSF assistance against unassisted driving
and a conventional safety filter. Experimental results show that
1) compared to having no assistance, our HCSF improves both
safety and user satisfaction without compromising human agency
or comfort, and 2) relative to a conventional safety filter, our
proposed HCSF boosts human agency, comfort, and satisfaction
while maintaining robustness.

1. INTRODUCTION

Recent developments in robot safety provide an exciting
opportunity for enhancing human safety and performance in
high-stakes situations. However, augmenting human decision-
making with artificial intelligence (AI) in a trustworthy way
remains an open problem. A human—Al team in a performance
car racing [1-3] is a representative, yet challenging example,
as it pushes safety to the limit. How should the AI co-
pilot assist the human without dulling the driver’s competitive
edge? Should the AI discourage a human from attempting
a risky overtaking maneuver on a sharp turn? When an Al
system assists humans in such safety-critical and time-sensitive
tasks, maintaining human agency is critical. We need to
ensure human awareness of the Al system’s current intent and
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Fig. 1: Our proposed human-centered safety filter (HCSF) enables
robust and smooth safety interventions for shared autonomy systems.
(a) Last-resort safety filter (LRSF) switches to the best-effort fallback
policy at the last possible moment. However, this switching can
feel abrupt and uncomfortable for human operators. (b) Our HCSF
instead intervenes smoothly while promoting human agency, thereby
reducing automation surprise and enhancing user experience. (c)
Users interact with a high-fidelity racing simulator via a steering
wheel and set of pedals (throttle and brake).

operating mode, thus avoiding the notorious and sometimes
fatal “automation surprise” [4, 5].

Safety filters [6, 7] have become an effective approach to
ensure safety under an operational design domain (ODD),
i.e., a clearly defined set of operating conditions for robots
to work properly and safely [8, 9]. Safety filters have been
deployed on a wide range of autonomous systems, such
as automated vehicles [10, 11], legged robots [12—-14], and
aerial navigation [15, 16]. Traditional model-based numerical
approaches for safety filter synthesis [17] result in safety
guarantees by design, but they are unable to scale up due to
the “curse of dimensionality” [18]. Recent research focuses on
neural approximation of safety filters [19-23] that can scale
to tens [14, 24] and even hundreds of state variables [25].
While existing safety filters effectively maintain safety, their



use in human—Al shared autonomy can result in abrupt, dis-
continuous interventions that disregard the human operator’s
intentions. This undermines the driver’s sense of being in
control, creating an uncomfortable and unenjoyable experi-
ence. Moreover, such unpredictable, non-transparent behavior
can erode confidence and trust in the Al assistant, ultimately
degrading team performance and causing the human driver to
lose their strategic edge.

Contributions. To overcome these limitations, we propose a
novel HCSF (Fig. 1) that advances the state of the art in
learning-based safety filtering while actively promoting human
agency in shared autonomy settings. In particular, we make
three key contributions:

« We introduce, to the best of our knowledge, the first
fully model-free control barrier function (CBF) safety
filter. We learn a neural safety value function through
interactions with a black-box system and, at deployment,
enforce a safety constraint based on a novel state—action
control barrier function (Q-CBF) without any knowledge
of system dynamics (e.g., control affine model). Both
the synthesis and deployment of our Q-CBF are scalable
to high-dimensional systems and do not require any
knowledge of their dynamics.

e« We build upon the learned Q-CBF and demonstrate
our HCSF in Assetto Corsa (AC), a high-fidelity racing
simulator with black-box dynamics, where the filter is
pushed to the limit against all potential failure modes by
real human drivers with diverse skill levels. To the best
of our knowledge, this is the first time a safety filter has
been synthesized, deployed, and evaluated in such a high-
dimensional, dynamic shared autonomy setting involving
human operators.

« We conduct an extensive in-person user study with 83
human participants and conclude, with statistical signifi-
cance in both trajectory data and human driver responses,
that our HCSF considerably improves safety and user
satisfaction without compromising human agency or com-
fort relative to having no safety filter. Furthermore, when
compared to a conventional safety filter, our HCSF offers
significant gains in human agency, comfort, and overall
satisfaction while maintaining at least the same level of
robustness—if not exceeding it.

Overview. We organize this paper as follows. Section 1II re-
views related works, while Section III introduces the problem
formulation. In Section IV, we present our HCSF design,
emphasizing its key properties and synthesis, and then discuss
its practical implementation in Section V. Section VI provides
our experimental results. Finally, Section VII addresses the
limitations and outlines possible future directions, and Sec-
tion VIII concludes the paper.

II. RELATED WORK

Our work relates to, and builds on, recent advances in
human-interactive safety filters and Al-assisted motorsports.

A. Human-Interactive Safety Filters

A safety filter is a supervisory control scheme that con-
tinuously monitors the operation of an autonomous system
and intervenes, when necessary, by adjusting its planned
actions to prevent potential catastrophic failures. Safety fil-
ters have been increasingly used in high-stakes autonomy
applications, ranging from autonomous driving [11, 26-2§],
to aerial navigation [16, 20, 29-31], and to legged loco-
motion [12, 14, 23, 24]. Recent work by Hsu et al. [7]
provides a unified analysis framework for various safety filters,
including Hamilton—Jacobi (HJ) reachability [16—18], control
barrier functions [20, 32, 33], model predictive control [34,
35], and Lyapunov methods [36]. In general, synthesis of
safety filters can be computationally challenging, especially
for systems with high-dimensional state space and complex
dynamics. Deep learning has proven to effectively scale up
the computation of safety controllers [14, 19, 23, 25, 37].
More recently, methods have been developed that treat these
learned neural controllers as an untrusted fallback within a
safety filter framework, and robust safety guarantees can be
subsequently obtained through runtime verification algorithms
such as convex optimization [38—40], forward reachable sets
rollouts [22], and conformal prediction [41].

When robots are deployed around humans, ensuring safety
is paramount to enable their trustworthy integration into
people’s everyday lives. However, enforcing safety becomes
particularly challenging in human-interactive settings due to
coupled motion, limited communication, and potentially con-
flicting objectives between robots and their human peers. Early
attempts at safe human-robot interaction focus on achieving
robust safety by safeguarding against worst-case human deci-
sions [26, 42, 43], which may lead to overly conservative robot
behaviors [44]. Recent research effort has been devoted to
designing safety filters that adapt to human decision-making,
in hope of improving the robot’s task performance without
compromising safety. One popular approach is filter-aware
motion planning, which incorporates predictions of the safety
filter’s behaviors into the robot’s task policy [26, 45]. This
strategy allows the robot to avoid abrupt safety overrides by
preempting future costly interventions triggered by unlikely
human actions. Another line of research aims at reducing
conservativeness by dynamically adjusting the safety filter’s
ODD according to the robot’s evolving uncertainty about the
human [25, 46, 47].

While existing human-interactive safety filters enable robots
to interact safely and efficiently with other humans, similar
formulations in human-robot shared control settings remain
scarce. Recently, research efforts have focused on preserv-
ing human agency while enhancing safety in shared auton-
omy [48-50]. Howeyver, these approaches do not define a clear
ODD and lack the principled safety analysis that a safety filter
provides, often leading to elevated failure rates. Moreover,
some methods rely on knowing the human operator’s policy a
priori, limiting their robustness when working with groups of
human operators who have diverse intentions and skill levels



[48, 501.

In this work, we draw inspiration from filter-aware planning
to design a safety filter that minimally modifies human actions.
Our proposed HCSF preserves the principled safety analysis
inherited from safety filter theory—in particular, from HIJ
reachability and control barrier functions—while avoiding any
explicit model representation of human intentions.

B. Al-Enabled Motorsports

While modern Al systems surpass human intelligence in
competitive sports [S1, 52], their potential to augment human
decision-making is underexplored. High-speed performance
car racing presents a domain where safety and seamless
collaboration are required to enable a competitive human—Al
team—the Al co-pilot must assist the human without dulling
the driver’s competitive edge.

Wurman et al. [1] demonstrate for the first time that a
well-trained neural policy can win a head-to-head competition
against some of the world’s best drivers in a car racing game.
Follow-up works further improve the Al competitiveness via
reasoning strategic interactions with data-driven modeling of
opponent behaviors [53] and blending model-based dynamic
game strategy with data-driven prior knowledge [54, 55]. Com-
paring to fully automated Al motorsports, human—Al collabo-
rative car racing is an emerging, yet relatively underexplored
research area. Gopinath et al. [3] propose a multi-task imitation
learning approach that enables an automated coaching system
that interacts with the student similar to a human teacher.
DeCastro et al. [2] enhance the performance of human—Al
teams in car racing by learning a policy that infers and aligns
with human intents leveraging a world model. While Al agents
in motorsports have shown promising performance, ensuring
the safety of human drivers remains largely unaddressed in a
principled manner. Chen et al. [56] present preliminary results
on approximate learning-based safety analysis for autonomous
racing, but their approach is limited to the single-car, fully
automated setting.

This work presents an HCSF, a principled safety filter
framework that actively promotes human agency, comfort, and
satisfaction. We extensively evaluate our HCSF in a large-scale
user study using AC, marking the first time a safety filter has
been tested with both quantitative and qualitative measures of
human-AlI interaction in a high-fidelity, highly dynamic shared
autonomy setting.

III. PRELIMINARIES AND PROBLEM FORMULATION

We seek to ensure the safe operation of a robot with
discrete-time nonlinear dynamics:

T4l = f(ﬂﬁt,ut), (D

where x; € X C R”? and u; € U C R™ denote the state
and control input at time step ¢ € N. The robot’s control
typically comes from a task policy 7% : X — U. We define
the failure set F with a Lipschitz continuous safety margin
function g : X — R:

F={zxecX|g(x)<0}. 2)

States inside F are considered to have already failed in terms
of safety. In the context of racing, states that correspond to
the race car being outside the track boundaries or in contact
with another vehicle should be inside . The control set I/
and failure set F are core components of the robot’s ODD
(Section V-C). The ODD may be understood as a social
contract that bridges the robot operator, the public, and the
policymakers—it provides a clear-cut set of conditions under
which the robot is required to operate safely. To ensure safe
robot operation under an ODD, we consider a supervisory
control framework called safety filters.

A. Safety Filters

A safety filter [7] is an automated process that continuously
monitors the system and intervenes, if deemed necessary, by
modifying a candidate action given by the task policy 7 to
prevent a potentially catastrophic safety failure in the future.
Specifically, instead of directly applying the task action u; =
7@K(z4), the robot uses an action based on safety filtering:

3

The specific function form of ¢ depends on the intervention
type of a safety filter, which includes, e.g., switching, tran-
sition, and optimization [7, Sec. 3]. The safety filter only
prevents the use of a task action that would compromise future
safety, allowing the robot to maintain safety without needing to
modify its entire behavior. In this paper, we use HJ reachability
analysis to synthesize safety filter ¢ [17, 18].

up = ¢(.§Ct,7TIaSk).

B. Hamilton-Jacobi Reachability Analysis

We aim to design a safety filter which, given ODD elements
F and U, keeps the robot within the maximal safe set
S* C F° C X, where F© = X — F. This set §* consists
of all states from which there exiszs a control policy that
indefinitely prevents the robot from entering /. In theory,
S* can be computed using Hamilton-Jacobi (HJ) reachability
analysis, which employs level-set methods to recast the safety
filter synthesis problem as an optimal control problem. Its
solution follows from solving the dynamic programming safety
Bellman equation [17]:

Via) = minfg(@) max V() @
which admits the safety value function V : X — R as its
fixed-point solution. Given V(-), the maximal safe set §* is
then defined as:

S ={zxecX|V(x)>0}CF. (5)

For subsequent extension to our proposed HCSF, we adopt
the Q-function [57]—a notion widely used in reinforcement
learning (RL)—to modify (4) into the srate—action safety
Bellman equation:

Q(ZE, u) - min{g(x)a g}gl}/{( Q(f(ZC, u)a u/)}a Q)
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Fig. 2: Iustration of our HCSF intervention at a hairpin corner (i.e., a sharp turn requiring rapid deceleration). Without safety filter assistance,
inexperienced human drivers often miss the braking point, leading to understeering and the vehicle leaving the track. In contrast, our HCSF
monitors the state and the human action to determine the braking point and provides necessary steering and braking interventions that keep

the vehicle on the track. Braking assistance is visible through the rear lights.

which admits the state—action safety value function Q@ : X X
U — R as its fixed-point solution. This formulation remains
equivalent to (4) in the sense that V() = max,ecy Q(z,u).
We now introduce the LRSF, a value-based safety filter
constructed upon the safety value functions Q(-,-) and V (-):

7.{.task T

where the safe fallback policy is defined as =%(z) =
arg max, c,; Q(z,u), and 7%(.) is any task-oriented policy
that does not explicitly account for safety. We refer to (7) as
a “last-resort” strategy since the filter does not intervene until
V(z) = 0: the critical point at which the system is about
to exit S*. Upon reaching the boundary of $*, LRSF fully
overrides the control with 79(-) to enforce safety.

Prior work [16-19, 29] has established LRSF as a funda-
mental framework applicable for all HJ reachability analysis-
based safety filters. This is due to its straightforward yet
effective design for enforcing safety and its “least-restrictive”
nature, allowing the task-oriented policy full freedom until the
system reaches the boundary of the maximal safe set.

However, LRSF also has notable drawbacks. First, its task-
agnostic fallback policy often leads to discontinuous and jerky
interventions [7]. This issue can become more pronounced in
a shared autonomy setting, where human operators might feel
surprised and confused by abrupt overrides [4, 5]. Even though
LRSF offers maximum freedom until the system reaches
the boundary of S*, its interventions that do not take into
account the human’s input risk diminishing the operator’s
sense of control. Furthermore, the time and space complexities
required to solve the Bellman equation (4) scale exponentially
with the state-space dimension, rendering grid-based dynamic
programming infeasible for real-world safe robot control.

Our proposed HCSF addresses these limitations by synthe-
sizing an output that minimally deviates from the human op-
erator’s input, thereby enhancing both agency and smoothness
while still enforcing safety (Section IV). In addition, in Sec-
tion V, we leverage recent advances in safety RL [19, 23, 37]

Vre X st
otherwise,

Viz)>0 e

to approximate the Q-function via RL, enabling the synthesis
of a best-effort fallback policy 7%(:) for high-dimensional
systems.

C. Discrete-Time Control Barrier Functions

In this subsection, we introduce the definition and im-
plementation of the discrete-time control barrier function
(DCBF), another well-established approach for value-based
safety filtering.

Definition 1 (Discrete-time CBF [13]). A function h : X — R
is a DCBF for system (1) if S = {x € X | h(x) > 0} C F*
and o € (0,1] that satisfies:
sup Ah(xz, u) > —ah(x),
uclU
where Ah(z,u) = h(f(x,u)) — h(z).

VI € X, ()

Unlike LRSF, which imposes safety through hard overrides,
a DCBF enables smooth safety interventions by solving an
optimization problem that finds the safety-enforcing action
closest to the task action u'*(x):

u(x) = argmin ||u““k(:c) — u||2 , (9a)
u€U
st. Ah(z,u) > —ah(x), (9b)

where (9b) is the DCBF constraint. The trade-off is that a
DCBF no longer enforces safety within the maximal safe set
S* in general. Instead, it encodes safety with respect to a
(smaller) safe set S = {z € X | h(z) > 0} C S*.

An HJ safety value function V(-) is closely linked to a
DCBF in the sense that, if V'(+) is continuously differentiable,
it automatically qualifies as a valid CBF for the maximal safe
set §* [7, Sec. 3.2]. This insight enables the use of V() in a
smooth CBF safety filter rather than the LRSF alternative—an
approach that underpins our proposed HCSF.

Remark 1. Definition 1 could be relaxed such that (8) is
required to hold for all ©; € {x € X | h(z) > 0}. A control
input uy € U that satisfies (9b) for any function h(-) meeting



the relaxed DCBF definition still renders the O-superlevel set of
h(+) forward invariant. Such relaxation of (8) still guarantees
safety, but loses the set attractiveness property for the O-
superlevel set of h(-) [58].

IV. SMOOTH HUMAN-CENTERED SAFETY FILTER FOR
SHARED AUTONOMY

In this section, we introduce a model-free, human-centered
safety filter methodology that builds on HJ reachability anal-
ysis and DCBFs. We present our HCSF formulation and
highlight its differences from existing safety filters.

Conventional CBF safety filter methods similar to (9)
typically require knowledge of the system’s dynamics [10,
13, 15, 31, 32, 58], even when using learned barrier func-
tions [20, 33, 59-62]. This requirement arises for one or both
of the following reasons: 1) either a full-order or a simplified
dynamical model of the system is utilized to synthesize CBF
candidates, and 2) knowledge of the dynamics (e.g., control
affine model) is leveraged at runtime to enforce the CBF
safety constraint within an optimal control problem (OCP)
(e.g., quadratic program).

While some works explicitly aimed to build and deploy
model-free CBF safety filters, they have so far fallen short
of being fully model-free—relying on some combination of
simplified models of the system dynamics [63—65], predefined
low-level controllers [64, 65], and handcrafted fallback poli-
cies (e.g., evading maneuvers) [66]. Additionally, recent efforts
in learning a CBF for latent state representations have proven
to be effective for partially observable systems, but they still
require a control affine dynamical model [67]. Such reliance
on knowledge of the system dynamics and the deployment
environment can significantly limit the applicability of CBFs
in complex, real-world scenarios where the dynamical model
is often unknown and should be treated as a black-box. On
the other hand, a model-free algorithm for learning a policy
together with a barrier certificate was proposed recently [68],
but it cannot be used to build a safety filter because the learned
policy must be deployed at all times. Finally, we acknowledge
a preprint reporting concurrent efforts toward a model-free
state—action CBF safety filter [69]. However, it addresses a
finite-horizon safety problem and enforces safety at runtime
like a smooth least restrictive safety filter [70] rather than
a CBF one, fundamentally differing from our work in both
mathematical formulation and enforcement of safety.

To this end, we introduce, to the best of our knowledge, the
first CBF safety filter that is fully model-free. We first show
that the safety value function V(-) is itself a valid DCBF in
the sense of Definition 1. Then, using the state—action safety
value function Q(-,-) which could be learned scalably through
black-box interactions with the system via model-free RL-
based HIJ reachability analysis (Section V-A), we propose a
method of enforcing a novel Q-CBF safety constraint that does
not require any information regarding the dynamics. While
theoretical safety guarantees are contingent on the validity of
the learned CBF (which may be established through statistical
analysis [41] or model-based verification [20, 38]), this is not

the focus of our research. Instead, we show our safety filter
achieves an extremely high empirical safe rate and effectively
preserves human agency.

We now present the Q-CBF formulation.

Proposition 1 (Q-CBF). The safety value function V(x) :
X — R, which is a fixed-point solution of the safety Bellman
equation (4), is a valid DCBF as defined in Definition 1 and
Remark 1. The corresponding DCBF constraint is:

Qz,u) 2V (),

where v € [0, 1). Following the notation from Definition 1,
is equivalent to 1 — a.

(10)

Proof: The proof is deferred to Appendix A. [ ]

We emphasize the key difference between the original
DCBF constraint (9b) and our formulation (10)—the require-
ment (or lack thereof) of the system dynamics. Given Q(-, ")
that satisfies (6), (10) does not require the system dynamics
for its evaluation. This enables its application to safety-critical
systems with black-box dynamics, namely a high-fidelity car
racing simulator. On the contrary, evaluating the original
DCBF constraint (9b) does require a priori knowledge of
the system dynamics, which prohibits it from being applied
to systems with unknown dynamics. We also note that (10)
constrains the system such that V'(-) cannot decay below 0. In
other words, it keeps the system within the maximal safe set
S*, in contrast to many handcrafted DCBFs that often suffer
from conservative safe sets.

We now leverage Proposition 1 to define our proposed
HCSF, a safety filter tailored for shared autonomy settings
(Fig. 2). Our HCSF solves an OCP at each timestep to find
a safe action that minimally deviates from the human control
yhuman () while satisfying the Q-CBF constraint.

Definition 2 (Human-Centered Safety Filter).
u(x) = argmin ||uhuma“(:c) — u||2 , (11a)
uEU

st Qz,u) >4V (x),

where v € [0,1) is a design parameter that dictates how
quickly the safety value function is allowed to decrease over
a single timestep.

(11b)

The Q-CBF constraint ensures that the safety value function
does not decay below the specified threshold vV (x) at each
timestep. The recursive feasibility of HCSF is a direct conse-
quence of V'(+) being a valid DCBF, as stated in Proposition 1.
This is formalized in the following proposition:

Proposition 2 (Recursive Feasibility of HCSF). The optimiza-
tion problem in Eq. (11) is recursively feasible for ¥~ € [0, 1),
given any initial state x € S.

Proof: The proof is deferred to Appendix A. [ ]
Together, Definition 2 and Proposition 2 establish that our
HCSF actively promotes human agency by selecting an action
that remains as close as possible to the human’s intended input,
while ensuring the system never leaves the maximal safe set.
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Fig. 3: A diagram describing the interaction between a human operator, our proposed HCSF, and AC game environment. Our HCSF utilizes a
safety value function that we learn scalably through black-box interactions via model-free RL.-based HJ reachability analysis, and at runtime
leverages our novel Q-CBF constraint to enforce safety without any knowledge of system dynamics. Moreover, it intervenes minimally and
smoothly to enhance human agency and comfort. Finally, our HCSF communicates the action modifications to the human driver via visual

cues, facilitating transparent human-robot collaborartion.

Additional information regarding the practical implementation
of our HCSF together with our choice of v can be found in
Appendix C. In the following section, we discuss a series of
design choices that enable scalable and efficient implementa-
tion of the safety filters, along with details on their deployment
in a high-fidelity car racing simulation.

V. APPLICATION OF HCSF TO HIGH-SPEED RACING

Our HCSF design in Section IV assumes the knowledge of
the state—action safety value function Q(-, -). However, directly
solving (6) for high-dimensional systems is intractable—a
manifestation of the notorious “curse of dimensionality.” In
this section, we leverage recent advances in safety RL to
address this challenge and learn both the Q-function and the
best-effort fallback policy in a high-fidelity racing environ-
ment. Specifically, we begin by describing the environment
setup and then detail the observation, action, safety margin
function, and episode termination conditions. Next, we outline
our multi-phase training pipeline, which includes warmup
and initialization phases that expedite learning by frequently
exposing the agent to “dangerous” states. Finally, we discuss
how we integrate safety filters with visual cues in an effort to
enhance the Al’s transparency.

A. Neural Synthesis of Safety Filters

Solving the safety Bellman equation (4) via dynamic pro-
gramming is intractable for high-dimensional systems, as the
computational and memory requirements grow exponentially
with the dimensionality of the state space. Even state-of-the-art
level-set methods can typically handle at most six continuous
state dimensions, rendering them unsuitable for car racing
applications.

Recent works [19, 22] in safety RL address this limitation
by proposing a time-discounted variant of (4), which allows
for scalable and effective approximation of the state—action
safety value function Q(:, -) and the best-effort fallback policy
u9(+) via model-free RL algorithms, such as Soft Actor—Critic
(SAC) [71].

During training, we accumulate a replay buffer B of tran-
sitions (z,u, g,2’), where g := g(x). The critic (i.e., state—
action safety value function network) is then trained to predict
the future discounted minimum margin by minimizing the
Bellman residual, while the actor (i.e., best-effort fallback
policy network) is trained to maximize the safety value.
Further details on the neural synthesis of safety filters are
provided in Appendix C.

B. Human-Machine Interface

We use Assetto Corsa (AC), a high-fidelity racing simulator,
together with a gym-compliant interface [72], to facilitate RL
in a realistic driving environment. Specifically, we adopt the
AC sim control interface (SCI), which integrates real-time
hardware actuation (steering wheel and pedals) with trajectory
data from the AC game engine and Python implementations
of LRSF and HCSF. A first-person view is displayed on the
monitor at 300 Hz. The SCI connects the hardware bus and
the host computer via USB to run the safety filter loop (see
Fig. 3), supporting a 30 Hz control rate—sufficient for a high-
fidelity racing environment [1, 72].

The actuation platform consists of a Fanatec CSL DD QR2
wheel base, a Fanatec ClubSport Steering Wheel GT Alcantara
V2, and Fanatec Clubsport Pedals V3. To enhance participants’
immersion, we also include a Samsung S39C FHD 75Hz
Curved Monitor and a Trak RS6 Racing Simulator rig.

C. Operational Design Domain (ODD)

We select the Silverstone Circuit (GP layout) for both
training and deploying the safety filters, as its combination of
fast straights and technical corners provides a challenging yet
comprehensive proving ground. The ego vehicle is a BMW
74 GT3, while Mazda MX-5 ND cars serve as opponent
vehicles. Since the MX-5 ND is less powerful, it naturally
encourages human drivers to attempt overtaking maneuvers.
Although a single opponent is deployed during the user
study, multiple opponents are used during training to increase
on-track interactions and help the ego agent learn effective



collision-avoidance strategies. We use 50% opponent strength
and 30% opponent aggression. The weather condition is set to
“ideal”, track conditions to “optimum”, temperature to 26°C,
and wind to Okm/h. Additionally, traction control, stability
control, and ABS are activated, while fuel consumption and
tyre wear are turned off.

We learn the state—action safety value function Q(-,-) and
the best-effort fallback policy u®(-) based on the observation,
action, margin function, and episode termination condition
detailed below.

1) Observation: The system operates in a partially ob-
servable environment, where each observation is a 133-
dimensional vector representing the ego agent’s state and
surroundings. This vector includes trajectory data (e.g., speed,
angular velocity, tire slip angles, distance to the reference path,
and distances to track boundaries computed via ray-casting)
from the last four timesteps, as well as the control inputs
over the same four timesteps, in order to account for partial
observability. The observation vector also contains the look-
ahead curvature of the track and information about the nearest
opponent, such as relative position, relative velocity, and
braking status. A detailed breakdown of this 133-dimensional
observation vector is provided in Appendix B.

2) Action: The normalized action space is defined as
U = [-1,1]3, with three continuous channels corresponding
to steering, throttle, and brake. Gear changes are handled
automatically via the gearbox feature provided by AC.

3) Margin Function: The margin function ¢ : X — R
is defined as the minimum between the signed distance to
the track boundary and the signed distance to the nearest
opponent, ensuring proximity-based safety constraints for both
the environment and opponent vehicles. The corresponding
failure set F is defined as in (2).

4) Episode Termination: If the margin function becomes
negative or if the vehicle remains stationary for an elongated
time period, the episode terminates and the vehicle is au-
tomatically reset to the closest point on the reference path.
These episode termination conditions apply to both the neural
synthesis of safety filters and the user study.

D. Warmup and Initialization

In AC, resetting the vehicle places it stationary on the
closest point of the reference path, making it difficult to
gather training data for near-failure scenarios where safety
filters are most critical. To address this, we use a two-
phase pipeline (warmup and initialization) that accelerates
the vehicle to higher speeds under a performance-oriented
policy (warmup), then systematically pushes it into more
challenging or hazardous states (initialization). By deliberately
inducing these “dangerous” situations (including adversarial
and random maneuvers near the boundary of the safe set),
our pipeline ensures the agent encounters a wide range of
conditions where the safety filters must intervene effectively.
This design both reduces wall-clock training time by avoiding
trivial low-speed states and promotes robust learning, as the
filter gains experience in precisely the situations where safety

Fig. 4: Our HCSF displays two types of visual cues: horizontal arrows
that reflect the modifications made to the steering input, and vertical
arrows that indicate the corrections made to the throttle/braking
inputs. The length of each arrow is proportional to the magnitude
of modification made to the corresponding input channel.

intervention is needed most. Full details on the warmup and
initialization phases can be found in Appendix C.

E. Training Details

We train the policy and value networks on a single RTX
4090—equipped machine with an AMD Ryzen 9 7950X 16-
core processor. A replay buffer of size 20 million is used,
and the actor and critic networks are each updated once per
environment step. Both the policy and value networks are
three-layer MLPs with 256 neurons per hidden layer, trained
with a batch size of 128. The networks are trained for over
three weeks (12.8 million environment steps) using the Adam
optimizer. We use the same neural approximation of Q(, -) for
all safety filters. Further details on training hyperparameters
are provided in Appendix C.

F. Visual Cues

In our framework, low-bandwidth visual cues foster trans-
parency and collaboration between the human driver and a
safety filter. Whenever an intervention occurs, vertical and
horizontal arrows on the screen show both the direction and
magnitude of the AI’s corrections relative to the driver’s
original input. Specifically, the arrow’s orientation indicates
whether the Al is steering more to the left or right compared
to the human, or braking more or less compared to the human,
while the arrow’s length is proportional to the magnitude of
that difference. By mapping each cue to a distinct control
channel, we avoid unnecessary information loss. We also omit
audio cues, which could add cognitive load or distraction in
high-speed scenarios. As illustrated in Fig. 4, this setup allows
the driver to immediately recognize when and how the system
intervenes.

During our user study, all participants were shown a color-
coded reference path, which is a series of green and red
arrowheads on the track (Fig. 2). Green arrowheads indicate
acceleration, and red arrowheads advise deceleration. This
visual aid allows drivers to navigate effectively without prior
expertise in sim racing.
















































