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Abstract— Safety is a fundamental and pervasive require-
ment in robotics, yet most existing approaches rely on task-
specific training or predefined models, necessitating redesign
or retraining from scratch when tasks or systems change. In
this paper, we propose a novel approach for constructing model-
free safety filters that learns perception-based control barrier
functions (CBFs) from one initial policy for arbitrary tasks and
then derives task-independent safety filters in terms of CBF-
based constraints in a model-free manner. The safety filters
can be flexibly integrated into policies for diverse tasks and
remain robust to mild environmental variations. We further
theoretically prove that the safety filters can improve the safety
of the initial policy itself, relaxing the safety requirements
on initial policies used for CBF construction. The proposed
method is systematically evaluated over multiple safety-critical
tasks and random environments, validating the effectiveness
and generalizability of our method. Notably, starting with an
initial LiDAR-only navigation policy, our approach successfully
learn LiDAR-visual multimodal CBFs with LiDAR and vision
inputs, and applies them to different downstream tasks.

I. INTRODUCTION

As robotic systems undertake increasingly complex tasks
in unstructured and cluttered environments, safety becomes
a central challenge that must be addressed. Recently, the
learning-based methods have been widely explored to in-
crease the capability of robots in such settings [1], [2], [3].
Among them, control barrier functions (CBFs) have gained
attention as an effective tool for encoding safety constraints
combined with learning-based methods [4], [5], [6], [7]. Ex-
isting methods can be roughly categorized into two classes:
one employs neural networks to learn CBF formulation in
complex environments, and the other integrates CBFs into
reinforcement or imitation learning pipelines for safe policy
design.

However, several limitations remain in existing learning-
based approaches. Firstly, CBF formulation requires explicit
safety labels during data collection, which is cumbersome
and costly. Secondly, most CBF-based methods rely on
predicting safety in a future horizon to select safe actions,
which in turn requires prior models of system dynamics and
perception—an unrealistic assumption for robots equipped
with high-dimensional sensors such as cameras and LiDARs.
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Fig. 1. Illustration of our approach. Perception-based CBFs are learned
from an existing policy (such as a navigation policy) to encode underlying
general safety properties and embed them into the model-free safety filter,
thereby enhancing the safety of policies across different tasks.

Finally, current methods typically learn a safe policy from
scratch for each task and environment, without reusing safety
knowledge across tasks, resulting in poor data efficiency.

In principle, a robot’s safety should depend on environ-
mental configurations (e.g., obstacle locations and shapes)
and intrinsic robot characteristics (e.g., dynamics and sensor
capabilities), rather than specific tasks. For instance, in an
obstacle-dense environment, whether performing navigation,
exploration, or target tracking, the fundamental safety re-
quirement remains avoiding collisions with obstacles. Such
a requirement is determined by the environment’s structure
and the robot’s properties, rather than the nature of the task
itself. The observation suggests that safety properties can be
generalized across different tasks within similar scenarios.
Motivated by it, we are going to tackle the following problem
in this paper: Given that a robot has a task-specific policy
(called the initial policy), not necessarily with guaranteed
safety. Can we learn the knowledge of safety from the initial
policy that can be transferred to other tasks in similar
environments and enhance their safety accordingly?

To this end, we propose a model-free safety filter rep-
resented by neural CBFs, which is learned from one initial
task and subsequently applied to policies for diverse tasks, as
illustrated in Fig. 1. The learned CBFs capture the generaliz-
able safety requirement from robot perception, enabling the
safety filter to transfer the safety knowledge flexibly across
tasks. The key contributions of this work are summarized as
follows:

1) We develop a robust and flexible model-free
perception-based safety filter that is transferable to
policies for other tasks without requiring models of
the system dynamics or perception.

2) We provide a theoretical guarantee that the learned
safety filters improve the safety of the initial policy,
which relaxes the safety demands on initial policies
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used for CBF formulation and thus broadens its prac-
tical applicability.

3) Given a LiDAR-only navigation policy, we learn mul-
timodal CBFs (LiDAR and RGB-camera), and transfer
them to policies for three distinct safety-critical tasks
in random environments: cruising, target tracking, and
navigation, validating both flexibility and effectiveness
of our approach.

II. RELATED WORK

A. Learning-based Safe Policies

Safety is indispensable in robotics and has been in-
creasingly embedded into learning-based methods to han-
dle complex tasks and environments, with reinforcement
learning (RL) and imitation learning (IL) being the most
representative approaches. In RL, safety is typically pro-
moted through reward shaping with safety-oriented terms
[8], [9], while these designs are largely heuristic and provide
limited theoretical assurance. A more principled framework
is safe reinforcement learning (safe RL), which incorporates
constraints during training to obtain policies that satisfy
safety requirements. These methods have also been broadly
demonstrated across various robots [10], [11], [12]. However,
precise task objectives and constraints are demanded before
training, leading to policies that are confined to predefined
tasks and often accompanied by an unstable training process.
Imitation learning mainly uses expert demonstrations for
training, but the performance depends on the quality of the
data [13], [14], [15], and is susceptible to fragile corner cases,
leading to task-specific solutions with poor generalization.

Owing to the strong theoretical foundation, CBFs have
been widely incorporated into learning-based methods to
enhance interpretability and enable theoretical analysis on
safety. There are two main approaches: the first implicitly
incorporates CBFs into the training process to enhance policy
safety [16], [17], [18], but typically lacks formal guarantees
similar to adding safety rewards in RL; the second applies
CBFs as a safety filter that explicitly modifies the original
policy to meet safety requirements which is highly flexible
and offers strong theoretical guarantees [19], [20], [21], but
it relies on system models to predict future safety, making it
incompatible with the model-free learning-based methods.

B. Neural Control Barrier Functions

To represent safety requirements in complex tasks and
scenarios, neural control barrier functions (NCBFs) are typ-
ically learned by training neural networks on collected data.
A prevailing approach involves designing loss functions that
enforce fundamental CBF properties such as separating safe
from unsafe sets [22], [23], [24], as well as additional criteria
like feasibility and optimality [25].

While NCBFs provide mappings from states or obser-
vations [26] to safety-related function values, they do not
account for the effect of actions on safety directly, but
rather require a prior model to predict subsequent states or
observations, evaluating future CBF values to assess action

feasibility. This dependency complicates implementation and
restricts the approach to model-based scenarios.

A further limitation is that data labeling relies on manual
quantification, which is challenging to assess since it depends
on the robot’s control performance and must account for
both the present state and subsequent long-term behavior.
For example, in obstacle avoidance scenarios, states or
observations are typically labeled as safe if no collision
occurs or at a safe distance, based solely on the relative
position between the robot and obstacles. However, for a
robot with limited braking capability, even if it is currently
in a collision-free state at a certain velocity, it may be unable
to avoid a collision in the future. Therefore, labeling such a
state as safe is unreasonable for this robot.

Recent research has explored deriving CBFs from policies
to address these problems. Specific policies can be used
to obtain data for training the CBF, implicitly accounting
for input constraints [27]. The relationship between value
functions and CBFs has been established [28], and a specially
designed reward structure in RL has been leveraged to derive
CBFs [29]. But these CBFs are built upon specific or optimal
policies and often suffer from issues such as reward hacking
during training, making it difficult to achieve the desired
results.

III. PRELIMINARIES AND PROBLEM FORMULATION

Consider a robot system modeled as a Markov decision
process (MDP) [30]

St+1 = «F(St>at) (D

which can be defined concisely as a tuple (S, A, F, R,7),
where S is a set of states satisfied s, € S C R", Ais a
set of actions satisfied a; € ACR™, F:Sx A — Sis
a possibly dynamics, R : S x A — R is a reward function,
and v € [0, 1] is a discount factor.

A. Reinforcement Learning

Reinforcement learning aims to learn a policy via in-
teraction between the environment and the agent with the
dynamic model (1). The cumulative reward is defined as
G =10 v*R;, . With a policy m, state value function
V™ (s) and action value function Q™ (s, a) are defined as

VTF(S) = Eﬂ[Gt|St = SL
Q7 (s,a) = E™[G|S; = s, Ay = al.

The objective is to find an optimal policy 7* to make
V™ (s) > V7(s),Vm,s €S.

2

B. Discrete-time Control Barrier Functions

Consider the discrete-time system (1), we have the follow-
ing definitions and a lemma:

Definition 1. (Discrete-time Control Barrier Function
[31]) The function h : R™ — R is called a Discrete-time
Control Barrier Function for the system (1) if there exists
A such that

sup [h(F (s, a)) + (A =1)h(s)] >0,0<A<1. (3)
at€A
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Lemma 1. (Forward Invariant [32], [33], [34]) The set C
is defined as the zero-superlevel set of a smooth function
h:R" - R, ie.,

C={seR":h(s) >0},
dC = {s € R" : h(s) =0}, 4)
Int(C) = {s € R" : h(s) > 0},

then the system (1) is forward invariant with respect to the
set C, i.e.,

Vst clC = St+1 € C (5)
if

Proof. Since s; € C, from (4) we have h(s;) > 0. If (6)
holds on, then A(s¢11) > (1 — A)h(s¢) > 0, which means
St41 € C. [ |

C. State Space Partitioning

Following the approach in [29], we categorize the entire
state space S into three classes: unsafe set Sypafe, safe
set Safe and k-steps irrecoverable set Sy, irec, r€Spectively.
Once the unsafe set Synsafe 1S defined, the relationships are
described as follows:

80 € Seufe <A, VE > 0, 54 ¢ Sunsafe

S0 € Skm—irrec &V, mgdx {St ¢ Sunsafe} =k @
As illustrated in Fig. 2, taking obstacle avoidance as an
example, Synsate 15 typically defined as the region occupied
by obstacles, then Sg,g represents states where there exist ac-
tions from the action space such that collisions can always be
avoided. S, -imec includes states that are definitely collisions
within k steps (for example, due to high-speed motion). To
ensure safety, our goal is to guarantee that the robot’s state
never enters the unsafe set, i.e., s; & Sunsafe, VE > 0.

IV. METHODOLOGY

In this section, we first establish a theoretical connection
between the value function and CBE, and then develop a
corresponding safety filter with a formal analysis. Based
on these results, we further propose a method to learn
perception-based CBFs from existing policies. Finally, we
highlight the flexibility and self-improvement ability of our
approach. The algorithm framework is depicted in Fig. 3.

A. Value Function as Control Barrier Function

There is a zero-one reward shaping mechanism proposed
in [29] that naturally transfers the optimal value function to
a CBF, which is formalized as Lemma 2:

Lemma 2. (Optimal Value Function as Control Barrier
Function [29]) Assume that there is an immediate termina-
tion if s € Sypsate, and define reward function r(s,a) = 0 if
$ € Sunsate and 7(s,a) = 1 otherwise, then a control barrier
function can be constructed based on the optimal value
function V*(s) as h(s) = V*(s) — e, where ¢ € (0, ﬁ],
ie.,

o h™(s) > 0if s € Sqafes

e h™(s) <0 if s € Synsafe-

Proof. By definition (2):
o for s € Sunsafe> We have V*(s) = 0 due to immediate
termination;
o for s € Sy, there exists a policy 7 that guarantees the
safety, so that V*(s) = £ ' = ﬁ,
o for s € Sy, -irrec, the agent falls ,j" Sunsate Within & steps,
hence V*(s) = S Jy" = ﬂv.
Then any bias ¢ € (0, 23] makes h(s) = V*(s) — ¢ is a
control barrier function satisfying h(s) > 0 if s € S and
h(s) < 0 if s € Synsafe- [ ]

This algorithm has been verified on several benchmarks
[35], but it exclusively examines the relationship between the
optimal value function and CBF. We would like to extend it
by a further step, that is the relationship between the value
function of an arbitrary policy and the CBF, as stated in
Corollary 1:

Corollary 1. (Value Function as Control Barrier Func-
tion) Assume there is an immediate termination if s € Sypsate,
and define reward function r(s,a) = 0 if s € Sypsare and
r(s,a) = 1 otherwise, then the value function V™ (s) of any
policy 7 can be transferred to a (conservative) control barrier
function h™(s) = V7(s) — ¢ where ¢ € (0, 115], ie.,

o W™ (s) < 0if s € Sunsafe-

Proof. Since 7 is an arbitrary policy, V™ (s) < V*(s), then
for s € Sunsates V™ (s) < V*(s) = 0, and hence h™(s) =
V7™ (s) — e < 0. Different from Lemma 2, for s € Sgg or
S € Sky-irrees K™ (s) < 0 might also hold, indicating that it
might regard some safe states as unsafe, and thus it is a
conservative CBE. ]

Corollary 1 shows that the value function of any policy
can be transferred into a CBF. Therefore, there is no need
to train an RL algorithm completely to obtain an optimal
policy; instead, any available (non-optimal) policy can be
leveraged for CBF learning via policy evaluation.

In practical applications, since the accurate value function
is usually unavailable and instead approximated using a neu-
ral network, the approximation error may cause ambiguity
in determining system safety. While [29] analyses the case
where the optimal value function has bounded approximation
errors, we further investigate the relationship between the
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Fig. 3. The framework of our method. The perception-based control barrier function is trained by observations sampled from an initial policy based on a
zero-one reward. With the model-free safety constraint, the learned CBF can be applied to enhance the safety of other policies for diverse tasks or improve
the initial policy itself. The modality used for CBF (e.g., LIDAR and vision) is independent of the initial policy (e.g., LIDAR-based) and does not impose
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value function of an arbitrary policy and the control barrier
function under bounded errors, formalized in the following
corollary:

Corollary 2. (Estimated Value Function as Control Bar-
rier Function) Given the same assumption in Corollary 1,
assume the value function V™ (s) of policy 7 is estimated
by V™(s) with a bounded approximation error |V ™(s) —
V”(S)\ < e for any state s € S, then the estimated value
function V'™ (s) can be transferred to a (conservative) control
barrier function 7™ (s) = V7™ (s) — e where ¢ € (e ], ie.,
e h7™(s) < 0if s € Synsafe-
Proof. For s € Sypsate, V™ (s) < V*(s) = 0. Since |V™(s) —
V™(s)] < e, then V™(s) < e and h™(s) = V7(s) —e <
0. ]

1
’1—~

As discussed above, one of the main challenges in combin-
ing learning-based methods with CBFs is predicting future
CBF values under different actions without system models.
Leveraging the relationship between state and action value
functions in reinforcement learning, we next propose a
model-free safety filter tailored to CBF expressed by value
functions.

B. Model-free Safety Filter

In model-based methods, safety requirements are often for-
mulated as the CBF constraint (6), which involves predicting
the state at the next time instant s;; under candidate action
a; to check if the safety constraint is met. For the model-
free paradigm, we propose to derive the future CBF values
based on Bellman equation without predicting future states,
expressed in the following model-free safety constraint:

Q™ (s¢,at) > ymin{e, V™ (sy)} + 1. 8)
Here, V7™(s;y1) is estimated from Q™(s:,ar) via
V7 (si41) n~ Llee)=r(ea)  pyhermore, for the

~

Algorithm 1 Learn Perception-based CBFs from Existing Policies

1: Initial policy 7, replay buffer D <« {}, critic network
Q4, Vs, discount factor «y
2: for each step t in training do

3: Sample action a; = 7(o;)

4: Get observation o441

5: if unsafe then

6: Ty < 0

7: else

8: Tt < 1

9: end if

10: D<—DU{(0t,at,m,0t+1)}
11: Update critic parameters ¢, ¢

12: end for

13: Choose bias ¢
14: h<« Vg —¢
15: Output: A

special case that the system (1) is deterministic, (8) strictly
guarantees safety as stated in the following theorem:

Theorem 1. (Safety Guarantee for Deterministic Sys-
tems) Assume system (1) is deterministic, then A™ (s;+1) > 0
if h™(s;) > 0 and the action a; satisfies (8)

Proof. Due to the zero-one reward function r(s,a), ie.,
r < 1, we have Q™ (s¢,a;) > ymin{e, V™ (s;)} + 7(s¢, ar)
that follows from (8). From the Bellman equation, we
have Q7 (s¢,at) = r(s¢,ar) + YV ™(sg11) for determinis-
tic system, which implies that r(s¢ ar) + YV ™(sp41) =
Q7 (s¢,ar) > ymin{e, V™ (sy)} +7r(se, ar), then V7 (spq1) —
min{e, V™ (s;)} > 0. Furthermore, min{e, V7™ (s;)} = Ae +
(I =X)V7™(st) with A =1if e < V™(s;) and 0 otherwise.
As such, there always exists A € [0, 1] satisfying V™ (s;41) —
Ae — (1 = A)V™(s¢) > 0. Substituting h™(s) = V7™ (s) — ¢
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into it, we have h™(sy41) + (A — 1)hA™(s¢) > 0. It follows
from (6) that A™(s¢41) > 0 holds. [ ]

Based on (8), we propose a Model-free Safety Filter to
rectify unsafe actions within arbitrary nominal policy 7hom
as

Trfilter (5) = {
©

The formulation (9) implies that the nominal policy re-
mains unchanged if it already satisfies the safety constraint
(8); otherwise, it attempts to meet the constraint through
the minimal necessary adjustments. If no action satisfies the
constraint, the action that maximizes Q™ (s, a) is selected.

arg min ||a — mom(s)||  if there exists a satisfies (8)

a
arg max Q" (s, a) otherwise
a

C. Self-improvement over Initial Policies

The derived safety filter can improve the safety of the
initial policies used for CBF formulation, as stated in the
following theorem:

Theorem 2. Consider a CBF A™ learned from a given
policy 7 for system (1), then the policy msyeer derived from (9)
is strictly better than the initial policy 7 in terms of safety,
if dsg, VW(S()) < mgx QW(SO, a) and hﬂ—(SQ) < 0 hold.

Proof. Firstly, when a; = m(s;), it is obvious that the
value of Q(st,ar) will not decrease after filtering, that is
Q™ (s¢, Thiner(5¢)) > Q7 (s¢,7m(s¢)) = V7™(s¢) for all sy,
which implies V7 (5,) > V7 (sy).

Next, we prove that Q7 (so, Tner(s0)) > V7™(so). If
h™(s0) < 0, then V™ (sg) < & < L follows from Corol-
lary 1, and we have V™ (so) < vV ™ (s0)+1, while the model-
free constraint (8) now becomes V™ (sg) > vV™(sg) + 1,
which implies the policy 7 necessarily violates (8) when
h™ < 0. Hence, if there exists a satisfies (8), then 7gyer(So)
satisfies that Q™ (so, Taer(S0)) > YV ™ (s0) + 1 > V™ (s¢);
otherwise, as V™ (sg) < max Q7 (so,a), Q™ (s0, Thner(S0)) =
max Q" (s0,a) > Q7 (s0,7(s0)) = V" (50)-

Finally, from policy improvement theory [30], the filtered
policy Ty 18 strictly better than . |

To put it simply, Theorem 2 shows that if there exist
safer action candidates than those generated by the initial
policy 7 at unsafe states, then the safety filter will definitely
improve safety in these cases. Such a self-improvement
ability enables our method to derive a better policy from
a suboptimal one. Besides, Corollary 1 implies that how
safe the initial policy is influences the conservativeness of
the learned CBF. Consequently, even starting with an initial
policy with limited safety guarantees, our framework enables
iterative self-improvement: learning an enhanced policy with
higher safety, then deriving refined CBFs, and repeating the
process iteratively, which significantly improves the usability
of our method.

D. Practical Improvements

1) Bounded activation function: From the analysis in
subsection IV-A, the derived value functions V7™ (s) are

bounded within [0, ﬁ] Accordingly, we employ a Gaussian

activation function in the output layer to ensure bounded
outputs while preserving smooth gradients. To further stabi-
lize training in its early stages, we initialize the bias of the
final linear layer with a negative constant and keep it fixed
during optimization. This design choice enforces the critic’s
initial outputs to remain close to zero, providing a consistent
starting point and mitigating instability in value estimation.

2) Robustness improvement: Since observation-based
control barrier functions (0CBFs) [26] are more robust
against environmental changes than state-based ones, we
directly employ observations as inputs and proceed with the
learning of oCBFs using an existing policy m under zero-one
reward design, outlined as Algorithm 1.

V. EXPERIMENTS

In this section, we first apply our method to learn multi-
modal CBFs and construct the safety filter based on LiDAR
and RGB-camera data. Then we incorporate the safety filter
into the nominal policies of three safety-critical tasks to
increase their safety. The LiDAR-Vision data are collected
during the execution of a LiDAR-only DRL-based navigation
policy T,y [36] in a 10m x 10m Gazebo simulation environ-
ment with multiple irregular obstacles as shown in Fig. 4(a).
The robot is equipped with a 180° FOV LiDAR and a 110°
FOV RGB camera, and the action a@ = [v, w] represents linear
and angular velocity respectively where v € [0,1] m/s and
w € [—1,1] rad/s. The discount factor v = 0.99, implying
that the value of critics V™ € [0, 100]. The bias ¢ is chosen
as 50. In each training episode with a maximum of 500 steps,
the starting point of the robot and the positions of some
obstacles in the environment are randomly reset to increase
the data diversity.

A. Learn LiDAR-Vision Fused Control Barrier Functions

1) Single-frame Multimodal Control Barrier Functions:
We first learn CBFs based on LiDAR-vision fusion with
single frames. To derive the value function of m,,, TD3
algorithm [37] is employed for training, but without updating
the parameters of the policy network during the process. The
structure of the critic network is designed as depicted in
Fig. 5.

Following 600 training episodes, we systematically evalu-
ate the trained CBF by sampling robot poses across obstacle-
free regions, with the resulting heatmaps visualized in
Fig. 4(b). Regions containing obstacles are assigned zero
values in the heatmap since they are inaccessible to the
robot. The results show that positions closer to obstacles
exhibit lower values, indicating that collisions may remain
unavoidable even at certain distances from obstacles, which
is an inherent consequence of accounting for input con-
straints. Moreover, the results demonstrate the significant
influence of robot orientation on regional safety assessment.
For instance, in the heatmap where the robot is facing to
the right, the left-hand regions of all obstacles consistently
display lower values, suggesting that these areas are more
prone to collisions.
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an ineffective CBF due to inadequate sampling.

We further compare CBFs derived from existing safe
policies against those obtained through reinforcement learn-
ing with direct zero-one rewards and the associated value
functions [29]. After the same episodes, the latter policy
degenerates into behaviors such as spinning in place as
Fig. 6(a), and the resulting heatmap Fig. 6(b) fails to encode
obstacle-related information, with nearly all regions remain-
ing uniformly white. This overly conservative behavior ham-
pers adequate sampling, thereby preventing the acquisition of
meaningful obstacle awareness.

TABLE I
STEPS COMPARISON BASED ON DIFFERENT SAFETY FILTERS

Safety filters

W/o safety filters - 35 202 87
Proposed in [29] Single-frame 403 924 539

Inputs Min. Average

Multi-frame 509 1865 987
Ours Single-frame 462 1007 648
; Multi-frame 524 2089 1116

2) Multi-frame Multimodal Control Barrier Functions:
Since single-frame data cannot capture the velocity infor-
mation, which is critical for safety, we train a multi-frame
CBF (here we use three frames: current and the previous two
frames) and design the corresponding network architecture,
as illustrated in Fig. 5. As the outputs of multi-frame CBF
no longer have a one-to-one correspondence with robot
poses, making direct visualization via heatmaps infeasible,
we instead evaluate its effectiveness through downstream
tasks discussed in detail in the next subsection.

B. Cross-task Safety Enhancement and Self-improvement

To further validate the correctness of our method, we
deploy the proposed safety filter with multimodal CBFs
across diverse tasks, including cruising, target tracking, and
navigation, to enhance the safety performance of existing
policies.

1) Safe Cruising: The first task is cruising, where the
preset policy is a constant velocity vhom = 0.3 m/s without
considering obstacle avoidance, and the safety of the policy
is evaluated by the number of steps taken before a collision.
A total of 20 tests are conducted with random initial positions
and obstacles for each test, and a sample trajectory is
depicted in Fig. 7(a). We also test the preset policy without
safety filters and another safety constraint proposed in [29] as
the formulation Q)(s,a) > ¢ for comparison with statistical
results presented in Table I. The results show that our safety
filter provides stronger safety guarantees, and multi-frame
CBFs that implicitly capture velocity information yield better
performance.

2) Safe Target Tracking: We utilize two robots to validate
performance in target tracking tasks. The leader robot follows
a predefined trajectory and transmits coordinate information
to the follower robot. The follower implements a prede-
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(a) Cruising

(b) Target tracking

(c) Navigation

Fig. 7. Trajectories results of three safety-assured tasks using our multi-frame LiDAR-Vision fused safety filter.

fined target-tracking policy without considering collision
avoidance and is enhanced via the proposed safety filter
based on the multi-frame CBF. As shown in Fig. 7(b), the
follower robot, without global map information, successfully
avoids collisions by correcting unsafe actions on the fly. In
particular, it also maintains collision-free with the leader
robot, a case that was never encountered during training,
which validates the reliability and generalizability to new
and unseen scenarios.

3) Self-improved Safe Navigation: To verify the self-
improvement ability of our method, we integrate the CBF-
based safety filter into the LiDAR-based policy m,,, used
to learn the CBF, obtaining the new navigation policy silier,
We compare the performance of 7y, and i in navigation
tasks, and a representative experimental result is depicted
in Fig. 7(c). In 20 test runs with randomized start, goal
positions, and obstacle configurations, 7,,, succeeds 13 times
(65% success rate), while 7" achieves 17 successful runs
(85% success rate), which confirms that the learned CBF
filter can improve the initial policy itself in safety.

VI. CONCLUSION

In this paper, we propose a method to learn robust
perception-based CBFs from existing policies and derive
a flexible model-free safety filter, eliminating the need to
predict the next observation via explicit system models. The
learned CBFs and safety filter are applied to multiple tasks
to enhance safety, including cruising, target tracking, and
navigation, demonstrating the robustness, flexibility, and self-
improvement ability of our method. The bias currently used
to convert value functions into CBF thresholds is selected
heuristically, and it is empirically shown that the value of
the bias affects the conservatism. A proper selection strategy
on the bias deserves further investigation in the future.
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