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Abstract— Control barrier functions (CBFs) have become
popular as a safety filter to guarantee the safety of nonlinear
dynamical systems for arbitrary inputs. However, it is difficult
to construct functions that satisfy the CBF constraints for high
relative degree systems with input constraints. To address these
challenges, recent work has explored learning CBFs using neural
networks via neural CBFs (NCBFs). However, such methods face
difficulties when scaling to higher dimensional systems under
input constraints. In this work, we first identify challenges that
NCBFs face during training. Next, to address these challenges,
we propose policy neural CBFs (PNCBFs), a method of
constructing CBFs by learning the value function of a nominal
policy, and show that the value function of the maximum-
over-time cost is a CBF. We demonstrate the effectiveness
of our method in simulation on a variety of systems ranging
from toy linear systems to a jet aircraft with a 16-dimensional
state space. Finally, we validate our approach on a two-agent
quadcopter system on hardware under tight input constraints.

I. INTRODUCTION AND RELATED WORKS

Techniques employing control barrier functions (CBFs)
are powerful tools for safety-critical control of dynamical
systems. In particular, CBFs can be used as a safety filter to
maintain and certify the safety of any system under arbitrary
inputs. This safety guarantee is crucial in order to give
users the needed confidence for greater adoption of robotics
in safety-critical domains such as autonomous driving [1],
surgical robotics [2], and urban air mobility [3].

Despite their theoretical advantages, constructing CBFs
in practice remains difficult. While it is easy to construct
a candidate CBF, it is much harder to verify the conditions
necessary to enjoy the safety guarantees of a valid CBF for
systems with input constraints. Consequently, input constraints
are often ignored when using CBFs in practice [4–7].
CBFs for High Relative Degree Systems under Input
Constraints. To address the above challenges with CBFs,
recent works try to simplify the construction of valid CBFs
for high relative degree systems and input constraints. In
particular, backup CBFs constrain the system to states where
a fallback controller can maintain safety [8–11]. These
approaches, however, either require knowledge of an invariant
set for the fallback controller which is difficult to compute
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Fig. 1. We train a Policy Neural CBF (PNCBF) by learning the value
function V h,π for a given train policy offline. The sublevel set of V h,π

contains all states from which the train policy remains safe. The PNCBF can
then be used online as a safety filter to ensure the safety of any potentially
unsafe test policy. Our method avoids the pitfalls of previous Neural CBF
approaches and can scale to high dimensional systems such as a jet aircraft.

in itself, or require an appropriate predictive horizon that
trades between myopic unsafe behavior and performance.
Neural CBFs. Recently, learning based approaches have
been used to learn neural CBFs (NCBFs) that approximate
CBFs using neural networks [12], part of a more general trend
of learning neural certificates [13–23]. Owing to the flexibility
of neural networks, NCBFs have been extended to handle
parametric uncertainties [24], obstacles with unknown dy-
namics [25] and multi-agent control [26–28]. However, many
existing NCBF approaches do not consider input constraints.
Recent work has examined incorporating input constraints into
NCBFs [29], but this approach requires solving a minimax
problem that can be brittle to solve in practice.
Reachability Analysis. Reachability analysis provides a
powerful tool for analyzing the safety of dynamical systems.
Hamilton-Jacobi (HJ) reachability analysis computes the
largest control-invariant set [30] and is often computed
using grid-based methods [31]. Recent works connect
the HJ value function with CBFs [32], providing an
alternative to Sum-of-Squares programming for automated
synthesis. However, the curse of dimensionality limits the
practical applicability of grid-based solvers to systems with
state-dimension smaller than 5 [31].
Contributions. We summarize our contributions as follows:

1) We identify challenges that existing training methods
for Neural CBFs face when under input constraints.

2) We show that the policy value function is a valid CBF.
Using this insight, we propose learning Neural CBFs
via the policy value function, thereby bypassing the
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challenges that previous neural CBF approaches face.
3) We demonstrate our approach with extensive simulation

experiments and show that our method can yield much
larger control invariant sets and can scale to higher di-
mensional systems than current state of the art methods.

4) We validate our approach on a two-agent quadcopter
system on hardware.

II. PRELIMINARIES

A. Problem Definition

We consider continuous-time, control-affine dynamics

ẋ = f(x) + g(x)u, (1)

where x ∈ X ⊆ Rn, u ∈ U ⊆ Rm and f, g are locally
Lipschitz continuous functions. Let A ⊂ X denote a set
of unsafe states. We now state the safe controller synthesis
problem we wish to tackle below.

Problem 1 (Safe Controller Synthesis). Given the system (1)
and an avoid set A ⊂ X , find a control policy π : X → U
that prevents the system from entering the avoid set A, i.e.,

x0 ̸∈ A =⇒ xt ̸∈ A, ∀t ≥ 0. (2)

Often, we have a test policy πtest : X → U that is performant
but may not be safe. In this case, we want our policy π to
minimally modify πtest to maintain safety.

Problem 2 (Safety Filter Synthesis). Solve Problem 1 with
the additional desire that π is close to πtest. Specifically,
we wish to solve the optimization problem

min
π

∥π − πtest∥ (3a)

s.t. xt ̸∈ A, ∀t ≥ 0, (3b)

where ∥·∥ is some distance metric.

In this work, we focus on solving Problem 2 with Control
Barrier Functions (CBFs), as we describe below.

B. Safety Filter Synthesis with Control Barrier Functions

We focus on CBFs [33–35] as a solution to Problem 2.
Specifically, let B : X → R be a continuously differentiable
function, α : R → R be an extended class-κ function1, and2

B(x) > 0, ∀x ∈ A,

(4a)

B(x) ≤ 0 =⇒ inf
u∈U

LfB(x) + LgB(x)u ≤ −α
(
B(x)

)
,

(4b)

where LfB := ∇BTf , LgB := ∇BTg. Then, B is a
CBF, and any control u that satisfies the descent condition
(4b) renders the sublevel set of B { x ∈ X | B(x) ≤ 0 }
forward-invariant, i.e., any trajectory starting from within

1Extended class-κ is the set of continuous, strictly increasing functions
α such that α(0) = 0

2Some works [35] define the unsafe set to be the zero superlevel set of B,
while some use the sublevel set. We use the former definition in this work.
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Fig. 2. HOCBF on the double integrator. On a double integrator with
box control constraints |u| ≤ 1 and the constraint p ≥ 0, applying different
values of the α to the HOCBF candidate B(x) = −v−αp results in different
boundaries of the resulting safety filter. However, the only valid choice that
satisfies the CBF descent condition (4b) is α = 0 (green), which disallows
any negative velocities and is overly conservative. All other choices of α
intersect the true unsafe region (gray dotted) at some point and violate (4b).

this set remains in this set under such a choice of u. In
particular, since (4b) is a linear constraint on u, we can solve
Problem 2 using the following Quadratic Program (QP).

min
u ∈ U

∥u− πtest(x)∥2

s.t. LfB(x) + LgB(x)u ≤ −α(B(x))
(5)

Challenges with CBF synthesis. Define a candidate CBF as
any function that satisfies (4a). Since (4b) is linear in u, if
U = Rm, any candidate CBF B also satisfies (4b) if LgB ̸≡
0. When a system is of high relative degree (i.e., LgB(x) ≡
0), Higher Order CBFs (HOCBFs)[36, 37] can be used.

The main challenge to proving that a candidate CBF
also satisfies (4b) occurs for bounded control sets U due
to actuator limits [11]. Finding a function B such that (4b)
verifiably holds for arbitrary nonlinear dynamics and avoid
sets A is a hard problem that can be solved using Hamilton-
Jacobi (HJ) reachability [38]. However, HJ reachability is
computationally expensive and impractical for systems with
more than 5 dimensions [31]. Consequently, many works
that propose CBFs do not consider actuator limits [4–7].

One can try to use HOCBFs for automated CBF synthesis
of high relative degree systems. As we show next, this can be
problematic in the presence of input constraints.

Challenges of HOCBFs on the Double Integrator.
Consider the double integrator ṗ = v, v̇ = a, the simplest
high relative degree system, with the safety constraint p ≥ 0.
The HOCBF candidate B(x) = −v − αp is a valid CBF if
and only if α = 0 (i.e., disallowing all negative velocities).
All other choices of α intersect the true unsafe region and
violate (4b) (see Fig. 2).

C. Neural CBFs

To address the challenges of designing a valid CBF by
hand, recent works have proposed learning a CBF using
neural networks [24, 25, 29].

A naive approach to approximating the CBF B with a
neural network approximation Bθ is to encourage satisfying
the CBF conditions (4) by minimizing a loss L that penalizes
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Fig. 3. Over and Underestimation of the Safe Set. When the safe set (in
green) is overestimated (Left) , there are no valid CBFs that can satisfy all the
loss terms in (11) simultaneously. Consequently, the Neural CBF Bθ has a
zero level set (boundary in purple) that is larger than the true control-invariant
set at the expense of violating the descent condition (4b). In contrast, when
the safe set is underestimated (Right) , we can obtain a valid but overly conser-
vative CBF. For comparison, the true unsafe set is shaded in gray with dots.

constraint violations over samples of the state space, i.e.,

Lunsf(θ, x) = [ϵunsf −Bθ(x)]+ , (6)

Ldesc(θ, x) = [LfBθ(x) + LgBθ(x)π(x) + cBθ(x)]+ , (7)

L1(θ) =
∑

x∈Xunsf

Lunsf(θ, x) +
∑
x∈X

Ldesc(θ, x), (8)

where ϵunsf > 0 for the strict inequality in (4a), α(·) is
chosen to be linear x 7→ cx for some c > 0, and Xunsf

denotes some superset of A. Successful minimization (i.e.,
zero loss) of (6) implies (4a), and similarly for (7) and (4b).

However, one problem is that the minimizer of (8) may
have a small or even empty forward-invariant set. For example,
let B̂ be an exponential control-Lyapunov function, i.e.,

inf
u∈U

Lf B̂(x) + LgB̂(x)u+ ĉB̂(x) ≤ 0, ĉ > c. (9)

Then, B̂ + d for all d > 0 small enough will also have zero
loss on (8). However, the forward-invariant set of B̂ + d is
the empty set, and hence is not a useful CBF.

To address this challenge, many previous works
additionally consider a loss term that enforces that Bθ ≤ 0
on some safe set Xsafe [12, 25, 26, 39], i.e.,

Lsafe(θ, x) = [Bθ(x)]+ , (10)

L2(θ) =
∑

x∈Xsafe

Lsafe(θ, x) + L1(θ). (11)

However, the difficulty here is in finding the set Xsafe. In
[18, 26], this is taken to be the set of initial conditions.
In [12, 24], this is assumed to be available, but no details
are given for how this set is found in practice. In [25], this
set is evaluated by rolling out the test policy for a fixed
number of timesteps. For all these cases, it is not clear
whether a valid CBF Bθ exists such that Bθ < 0 on Xsafe.
The largest-possible Xsafe from which a valid CBF can still
be found can be obtained using reachability analysis [31].
However, the solution of the HJ reachabilty problem yields a
CBF directly, rendering the NCBF unnecessary. Choosing an
Xsafe that is too large compromises the safety of the resulting
CBF, while choosing an Xsafe that is too small often results
in a forward-invariant set that is too small (see Fig. 3).

An attempt to combat this issue is presented in [29], where
a regularization term is added to the loss function to enlarge
the sublevel set of the learned CBF Bθ. One issue with this
approach is that this regularization term takes a nonzero value
for any CBF (including the CBF with the largest zero sublevel
set). Hence, the coefficient on this regularization term induces
a trade-off between the size of the sublevel set and satisfaction
of the CBF constraints (4a) and (4b). We provide comparisons
against this method in the experiments section Section IV.

III. POLICY NEURAL CBFS

To bypass the above challenges of training a Neural CBF,
we now propose policy neural CBFs (PNCBFs), a different
approach that does not require knowledge of the safe set but
can still recover a large forward-invariant set.

A. Constructing CBFs via Policy Evaluation

We assume that the avoid set A can be described as the
superlevel set of some continuous function h : X → R, i.e.,

A = { x ∈ X | h(x) > 0 } . (12)

Let π : X → U be an arbitrary policy, and let xπ
t denote the

resulting state at time t following π. Consider the following
maximum-over-time cost function

V h,π(x0) := sup
t≥0

h(xπ
t ). (13)

It can be shown that V h,π satisfies the following Hamilton-
Jacobi PDE in the viscosity sense [40].

max
{
h(x)−V h,π(x), ∇V h,π(x)T (f(x) + g(x)π(x))

}
= 0.

(14)
This immediately gives us the following two inequalities

V h,π(x) ≥ h(x), (15a)

∇V h,π(x)T (f(x) + g(x)π(x)) ≤ 0, (15b)

from which we have the following theorem.

Theorem 1 (Policy value function is a CBF). The policy
value function V h,π is a CBF for (1) for any π and α > 0.

Proof. (15a) and (12) implies (4a). Next, (15b) implies (4b)
for any choice of α, since V (x) ≤ 0 implies that

∇V h,π(x)T (f(x) + g(x)π(x)) ≤ 0 ≤ −α(V (x)).

Intuitively, the policy value function V h,π gives us an
upper-bound on the worst constraint violation h in the future
under the optimal policy, since using π guarantees that h
will be at most V h,π, and the optimal policy will do no
worse. Moreover, by following the negative gradient of V h,π ,
we can move to states where following π leads to a lower
maximum value of h, i.e., safer states (see Fig. 4).

Consequently, this provides us with a method to construct
CBFs via policy evaluation of any policy π. To make this more
concrete, consider the dynamic-programming form of (13):

V h,π(x0) = max

{
sup

0≤s≤T
h(xs), V h,π(xT )

}
. (16)
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Algorithm 1 Policy Neural CBF
1: input: Train Policy π
2: Collect dataset of tuples

(
xt, maxt≤s≤T h(xs), xT

)
3: while not converged do
4: Minimize loss (17) over samples from the dataset
5: end while

Given a nominal policy π, we can collect rollouts of the sys-
tem and store tuples (xt, maxt≤s≤T h(xs), xT ) for different
t. We then minimize the policy evaluation loss on a neural
network approximation of the policy value function V h,π

θ

L =

∥∥∥∥V h,π
θ (xt)−max

{
max
t≤s≤T

h(xs), V
h,π
θ (xT )

}∥∥∥∥2. (17)

We summarize the above for training PNCBFs in Algorithm 1.
After training, we can use V h,π

θ via the CBF-QP (5) to
minimally modify any (unsafe) test policy to maintain safety.
Viewing policy CBFs as policy distillation. One can
interpret policy value functions as policy distillation. More
specifically, when V h,π is used as a safety filter in the CBF-
QP (5) with any new test policy π̃, the forward-invariant set of
the resulting CBF-QP controller will be no smaller than that
of the original train policy π, as we show next.

Theorem 2. Let V h,π be a policy value function and
let π̃ be some other policy. Then, the forward-invariant
set under CBF-QP with V h,π and π̃ is a superset of the
forward-invariant set under π.

Proof. The forward-invariant set under π is exactly the zero
sublevel set of V h,π

{
x
∣∣ V h,π ≤ 0

}
. Since V h,π is a CBF,

the CBF-QP controller will render this set forward-invariant
under any new nominal policy π̃.

Relationship with Hamilton-Jacobi Reachability. The
policy CBF is also closely related to HJ reachability. As
noted in [32, 41, 42], the (optimal) HJ value function is
a CBF. This is equivalent to the policy CBF (13) with the
optimal policy π∗. The policy CBF can thus be seen as a
relaxation of optimality that remains a CBF.

For neural networks, policy evaluation can be more attractive
than optimization, which requires techniques such as deep
reinforcement learning (e.g., [43–45]) that can be more
unstable and computationally expensive. However, as a
middle ground, we next show how policy iteration can be
applied to PNCBFs to achieve fast convergence without
resorting to a full deep reinforcement learning setup.

B. Policy Iteration with PNCBFs

The choice of the train policy π is crucial. In light of
Theorem 2, the forward invariant set of the resulting PNCBF
controller (via the CBF-QP (5)) is only guaranteed to be no
smaller than that of π. Hence, a poor choice of π can result
in a small forward-invariant set, resulting in a poor CBF.

To resolve this problem, we use the insight that the policy
value function (13) is also a (shifted) Lyapunov function.

Time

−1.5

−1.0

−0.5

0.0

Vh, π

−1

0

1

x

d
dxV

h,π(x0) < 0

→ Larger x is safer

Fig. 4. Understanding the policy value function. (Left) Trajectories from
a train policy π started from three values of x0. (Right) The corresponding
policy value functions V h,π along each trajectory. V h,π is non-increasing
along (any) trajectory of π and is a CBF. Hence, the gradients of V h,π inform
the CBF-QP on how to improve safety using the “knowledge” of the π.

Hence, when using V h,π with the CBF-QP (5), we can hope
that the resulting forward-invariant set will be larger than the
original policy π. Nevertheless, this new controller will be no
worse than the original policy π. Thus, we propose to take the
PNCBF controller as the new train policy π+ to train a new
PNCBF, and iterate this procedure (see Fig. 5). By treating the
application of a CBF-QP as an analytical policy improvement
and the computation of V h,π as policy evaluation, we
can interpret this procedure as policy iteration, which has
been studied extensively for the normal sum-over-time cost
structure [46] where it enjoys guaranteed convergence at a
superlinear rate under certain assumptions [47]. While it is not
clear if this convergence result holds for the maximum-over-
time cost structure, we empirically observe fast convergence
in only a few iterations, as we show in Section IV-C. Also,
we observe that using a policy value function with a non-zero
discount factor can help with convergence when π is far from
optimal. We leave an analysis of the interaction between the
discount factor and convergence rates to future work.

C. Discounting and Contraction

One problem with using (17) directly as a loss function is
that there are undesireable solutions that satisfy this recursive
equation. For example, V h,π(x) = a for a large enough mini-
mizes (17), but is clearly not a solution to (13). This is similar
to the case in Markov Decision Processes where the undis-
counted value iteration is not contractive [48]. Hence, instead
of (13), we consider the following discounted cost, for λ ≥ 0.

V h,π
λ (x0) := sup

t≥0

{
h̃(xt, λ) + e−λth(xt)

}
, (18)

h̃(xt, λ) :=

∫ t

0

λe−λsh(xs)ds. (19)

Taking λ = 0 recovers the undiscounted problem (13), while
λ → ∞ yields the solution V h,π

∞ = h. Hence, different
choices of λ can be seen as implicitly choosing the horizon
considered for safety. Similar to (14), it can also be shown
that V h,π

λ satisfies the following Hamilton-Jacobi PDE in the
viscosity sense (suppressing arguments for conciseness) [40]:

max
{
h− V h,π

λ , ∇V h,π
λ

T
(f + gπ)− λ(V h,π

λ − h)
}
= 0,

(20)
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Fig. 5. Policy iteration on a double integrator. Starting with a suboptimal nominal policy π, we learn the value function V h,π . By treating the CBF-QP of
the learned V h,π as a new nominal policy, we can repeat this process to perform policy iteration. Here, only two iterations are needed to obtain a CBF V h,π

that almost covers the true control-invariant set. The final CBF-QP controller maintains safety (blue line) under any potentially unsafe nominal policy (red line).

as well as the following dynamic programming equation

V h,π
λ (x0) = max

{
sup

0≤s≤t
h̃(xs, λ), h̃(xt, λ) + e−λtV h,π

λ (xt)

}
.

(21)
While solutions to the PDE (20) no longer satisfy the CBF
constraint (4b) for λ > 0, they do prevent the constant
solution from being a minimizer of the corresponding
discounted loss. Hence, in practice, we use (21) instead of
(17). We start with a small value of λ to avoid premature
convergence to the constant solution, and gradually decrease
it to 0 as training progresses.

Verification of PNCBF. We stress that, without verifying
that the learned PNCBF satisfies the descent condition
(4b), we can not claim that the PNCBF satisfies the CBF
conditions nor claim any safety guarantees. Verification of
NCBFs can be performed using neural-network verification
tools [49], sampling [50] or a generalization error bound [26].
However, these tools face scalability issues [49], with current
methods possibly not able to verify the learned PNCBF.

Nevertheless, as we show next, empirical results show
that our proposed method vastly improves the volume of
both the forward-invariant set and the set where the safety
filter is permissible to nominal controls compared to baseline
methods, including an (unverified) HOCBF candidate.

IV. SIMULATION EXPERIMENTS

To study the performance of PNCBFs, we perform a series
of simulation experiments on high relative degree systems
under box control constraints.
Baselines. We compare against the following safety filters.

• Neural CBF (NCBF) [12, 24]: Learning a Neural
CBF using (11). We choose the safe set to be the set
containing the equilibrium point under the train policy π.

• Non-Saturating Neural CBF (NSCBF) [29]: A
recent approach that explicitly tackles the problem of
input constraints for CBFs by learning a Neural CBF.
However, instead of enforcing the derivative condition
(4b) over the entire state-space as in [24], this is only
enforced on the boundary as in barrier certificates [51].

• Handcrafted Candidate CBF (CBF) [36, 37]: We
construct a candidate CBF via a Higher-Order CBF on
h without considering input constraints.

• Approximate MPC-based Predictive Safety Filter
(MPC) [52]: A trajectory optimization problem is
solved, imposing the safety constraints while penalizing
deviations from the test policy. We do not assume
access to a known forward-invariant set and hence do
not impose this terminal constraint.

• Sum-of-Squares Synthesis (SOS) [53]: When the
dynamics are polynomial, a sequence of convex
optimization problem can be solved to construct a CBF.

All neural networks are trained until convergence and use
3 layers of 256 neurons with tanh activations. For PNCBFs,
we perform at most 3 iterations of policy iteration.

A. Qualitative Behavior on a Double Integrator, Segway

We first perform a general comparison between the different
methods on a double integrator and a Segway, two simple
systems that can be easily visualized. On the double integrator,
safety is defined via position bounds (|p| ≤ 1), while the
Segway must stay upright (|θ| ≤ 0.3π) and remain within
position bounds (|p| ≤ 2.0). We use a different test policy (i.e.,
zero control) than the policy used during training for PNCBFs.

We visualize the results in Fig. 6, plotting the region of
the state space from where the safety filter preserves safety
(Safe Region) and where the test policy can influence the
output of the safety filter (Filter Boundary). For CBF-based
methods, the filter boundary corresponds to the zero level
set of the CBF. On the double integrator, all methods induce
forward-invariance on some region of the state space but only
our method is both maximally safe and permissive. This trend
is even more pronounced on the Segway, where our method is
able to find a significantly larger safe set and filter boundary.

B. Scalability to high-dimensional systems with a jet aircraft

Next, we explore the scalability of PNCBF to high
dimensional systems. We consider a ground collision
avoidance example involving a jet aircraft [54, 55]. Since
this system is not control-affine in the throttle, we leave
the throttle as the output of a P controller, resulting in a
16-dimensional state space and a 3-dimensional control
space. We define safety as a box constraint on the aircraft’s
altitude. During testing, we apply an adversarial test policy
that commands the aircraft to dive nose-first into the ground.

We visualize the results in Fig. 6, showing a 2D slice of
the state space. Even on a 16-dimensional state space, we
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optimal safety filter will not be able to achieve safety for all sampled states. (Right) An example of an initial state from which only our method is able
to filter out unsafe controls from the nominal policy and prevent a collision (highlighted in red) with the moving obstacle.

observe that PNCBFs are able to recover a significantly larger
region of the safe set compared to other baseline methods.

C. Performance of Policy Iteration

Finally, to investigate the ability of PNCBFs to learn a
safe and permissible safety filter from an initially unsafe train
policy, we consider a two-agent quadcopter system with a 12D
state and 4D control space that must stay within communica-
tion radius while avoiding collisions with a dynamic obstacle.
We model each quadcopter as a double integrator with a
velocity tracking controller. The obstacle is assumed to move
with constant velocity and direction. The train policy moves
each quadcopter anticlockwise around a circle, ignoring all
constraints. The obstacle can achieve higher velocities than
each quadcopter. Additionally, the velocity tracking controller
has a slow response time. Hence, the quadcopters must react
well in advance to avoid collisions with the obstacle while
staying within communication radius, resulting in a problem
with complex safety constraints despite the simple dynamics.

Although the train policy is unsafe, policy iteration is able
to significantly reduce the unsafe fraction to near 0 in only
two iterations, representing a 90% reduction in unsafe states
compared to the next best method (see Fig. 7).

V. HARDWARE EXPERIMENTS

We further validate our approach in a two-agent quadrotor
hardware experiment mirroring Section IV-C. We use two
custom drones and use Boston Dynamics’s Spot as a dynamic
obstacle. Velocity setpoints are sent to the drones through
the PX4 flight stack. The PNCBF filters the drone’s unsafe
test policy to avoid collisions with Spot while remaining
within communication radius (Fig. 8).

Fig. 8. Two-agent Quadrotor System with Moving Quadruped Obstacle.
Snapshots from a hardware realization of the setup from Section IV-C.

VI. DISCUSSION AND CONCLUSION

By learning the policy value function, we are able to learn
Neural CBFs for high relative degree systems under input
constraints. Extensive simulation experiments show that our
method is more scalable and can yield much larger forward
invariant sets compared to existing methods of constructing
safety filters, while hardware experiments suggest the
robustness of our method to noise in physical systems.

One limitation of our method is that it requires an accurate
dynamics model. Model errors may cause the learned safety
filter to be unsafe on the real system. While this was not a ma-
jor issue in our hardware experiments, we plan to investigate
methods to improve robustness to model errors in future work,
such as by learning robust CBFs as in [24], or by incorporat-
ing this into a reinforcement learning setup simuilar to [45].
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