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Learning Conservative Neural Control Barrier Functions from Demonstrations
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Abstract— Safety filters, particularly those based on control
barrier functions, have gained increased interest as effective
tools for safe control of dynamical systems. Existing correct-by-
construction synthesis algorithms for such filters, however, suffer
from the curse-of-dimensionality. Deep learning approaches have
been proposed in recent years to address this challenge. In
this paper, we add to this set of approaches an algorithm for
training neural control barrier functions from offline datasets.
Such functions can be used to design constraints for quadratic
programs that are then used as safety filters. Our algorithm
trains these functions so that the system is not only prevented
from reaching unsafe states but is also disincentivized from
reaching out-of-distribution ones, at which they would be
less reliable. It is inspired by Conservative Q-learning, an
offline reinforcement learning algorithm. We call its outputs
Conservative Control Barrier Functions (CCBFs). Our empirical
results demonstrate that CCBFs outperform existing methods in
maintaining safety while minimally affecting task performance.
Code is available at https://github.com/tabz23/CCBF.

I. INTRODUCTION

Ensuring that control systems satisfy safety specifications is
critical in various applications, such as autonomous driving [1]
and robotic surgery [2]. Safety filters have emerged as promis-
ing tools for enforcing safety constraints [3]. Control barrier
functions (CBF) allow the design of efficient safety filters in
the form of quadratic programs (QP) that preserve the forward
invariance of sets of states disjoint from a user-defined failure
set of states, such as collisions, while minimally altering
(potentially unsafe) task-achieving nominal control [4], [5].
However, synthesizing CBFs using correct-by-construction
techniques, such as sum-of-squares programming [6], [7],
does not scale beyond few dimensions.

To address this challenge, researchers have proposed data-
driven methods for learning safety filters [8], which have
been applied in settings with uncertain dynamics [9], [10]
and high-dimensional observations, such as images [11], [12],
[13], [14] and point clouds [15], [16]. However, these filters
lack the theoretical guarantees that their formally verified or
synthesized counterparts have. Moreover, when deployed, by
design, they will alter the nominal controls, resulting in a
shift between the distribution of trajectories used for their
training and the ones visited during deployment. It is often
assumed that the filter is trained iteratively until convergence:
in each iteration, it is used to generate new trajectories whose
states get labeled as safe, i.e., belong to a forward invariant
set disjoint from the failure set, or unsafe, i.e., belong to
the complement of that forward invariant set, and then the
filter gets retrained accordingly [17]. After convergence, the
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distribution of states used to train the filter would match the
distribution of states it will encounter during deployment.
Consequently, one can use classic generalization bounds
to obtain probabilistic guarantees on the correctness of the
learned filter. However, in various safety-critical settings, it
can be challenging and expensive to collect new trajectories.
This highlights the need for learning safety filters from offline
data, while addressing or mitigating the resulting distribution
shift between training and deployment.

Offline reinforcement learning (RL) has been studied
extensively in the past few years [18]. Several algorithms have
been proposed to learn optimal policies from offline datasets
of trajectories in that literature [19], [20], [21], [22]. The goal
is to obtain policies that outperform the ones used to generate
the data or those which can be obtained using behavior cloning
(BC), while accounting for distribution shift. In this paper,
we aim to train safety filters using offline datasets of safe and
unsafe trajectories that alter unsafe nominal controls to safe
ones. For that purpose, we introduce Conservative Control
Barrier Functions (CCBFs), a method for training neural
CBEFs that is inspired by conservative Q-learning (CQL) [19],
an offline RL algorithm. The core insight is that the learned
neural CBF should avoid over-estimating the safety of states
and actions unseen in the dataset. Our method exhibits this
property as seen in Figure 1. This objective is similar to the
CQL objective, which minimizes the Q-values for randomly
sampled actions at the dataset states in order to learn a Q-
function that lower bounds the true one. That addresses the
common problem of overestimating the ()-values for unseen
state-action pairs in offline RL. By analogously minimizing
the control barrier function’s values of states reached by
random actions starting from the dataset states, CCBFs avoid
overestimating the safety of unseen states.

We evaluate our approach against three baseline methods in
four environments with unknown dynamics and with varying
state dimensions. Our results show that CCBFs outperform
the baselines in achieving safety without sacrificing task
performance while being easy to train and not requiring
significant tuning of the hyperparameters.

II. RELATED WORK

a) Learning safety filters from expert demonstrations:
Several algorithms have been proposed recently to train
neural CBFs from offline datasets [10], [23], [24]. They
differ in their objectives, their dataset generation process,
their assumptions, and their guarantees, if any. [25] and [26]
proposed learning safety filters to prevent control systems
from reaching out-of-distribution (OOD) states. [25] proposed
an algorithm for training neural CBFs, termed in-distribution
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Fig. 1: Learned barrier functions and trajectory rollouts.

(a) Offline dataset trajectories with an obstacle (gray) and a
goal ( ) (b—d) NCBF, CCBF (ours), and iDBF, respectively.
(e—j) Rollouts (blue) using three CBF-QP policies, with nominal
controllers ordered left to right as PD, BC, and BC-Safe (defined
in Section IV-B). For each pair of figures, the left panel shows
the results of using NCBF as the CBF in CBF-QP policy and
the right panel shows the results of using CCBF instead. CCBF
consistently balances safety with goal-reaching by accounting for
both the obstacle and the training distribution, whereas NCBF
emphasizes only obstacle avoidance and iDBF is very conservative.

barrier functions (iDBFs), using an offline dataset of safe
trajectories to prevent the control system from reaching OOD
states. To train an iDBF, the algorithm first trains a BC policy
using the same dataset. Then, for each state in the training
dataset, the algorithm randomly samples a set of actions,
and if the BC policy assigns a sampled action a probability
density below a user-defined threshold, the next state reached
by that action is labeled OOD and appended to the dataset.
It finally uses an existing approach for training neural CBFs
(e.g., [9]) to train the iDBF using the augmented dataset,
treating the InD states as safe and the OOD states as unsafe.
[26] proposed Lyapunov Density Models, combining control
Lyapunov functions [27] and density models [28], which are
also learned from data to keep a control system from reaching
OOD states. More recently, [29] proposed an algorithm for
learning neural CBFs from an offline dataset consisting of
a mix of labeled and unlabeled trajectories by leveraging
cost-sensitive classification [30] to assign safety labels to the
unlabeled demonstrations.

Several other works proposed algorithms for synthesizing
CBFs from expert safe demonstrations, providing formal
correctness guarantees through Lipschitz continuity and
coverage-based proofs [31], [10].

In this paper, we aim to train neural CBFs from offline
datasets of both safe and unsafe demonstrations that can be
used as safety filters for control systems to avoid unsafe
states and disincentivize reaching OOD ones while minimally
affecting task progress.

b) Safe offline RL: Safe offline RL is a branch of offline
RL that aims to train policies that satisfy safety constraints
while maximizing reward using offline datasets. It tackles
a similar problem to ours: given a set of trajectories of a
Constrained Markov Decision Process (CMDP), design an
optimal and safe policy that avoids distribution shift [32].
However, it considers soft safety constraints which require
the expected cost of the trajectories to remain below a user-

defined threshold, in contrast with the hard constraints of
avoiding failure states that we consider. Several approaches
incorporated safety filters into the safe offline RL pipeline
[33], [34]. A close work to ours is the recently proposed
method FISOR [33], which similarly employs a hard state-
wise constraint formulation for safe offline RL. It first
adapts Hamilton-Jacobi reachability to learn a value function
that defines the backward reachable set (BRS) of a known
constraint set (aka failure set) from the offline dataset. It uses
Implicit Q-learning [35] to prevent over-optimistic safety
value estimation that can result from querying OOD actions
in offline RL settings. It then trains a weighted BC policy
that maximizes rewards within the feasible region in the state
space, i.e., the complement of the backward reachable set.
We instead take a different approach and assume that the
states in the dataset are labeled as safe (belong to a controlled
forward invariant set disjoint from the failure set) or unsafe,
train a neural CBF with an additional loss term inspired
from CQL [19] to avoid over-optimistic CBF values for OOD
states, and test its performance as a safety filter for various
nominal controllers that are learned separately from the same
dataset using various safe offline RL algorithms.

III. PRELIMINARIES

In this paper, we consider nonlinear control-affine systems.

Definition 1 (Control-affine systems): A nonlinear control-
affine system can be modeled using an ordinary differential
equation (ODE) of the form:

&= f(x) +g(x)u, ey

where x(t) € X C R™ represents the state, and u(t) €
U C R™ denotes the control input at time ¢. The functions
f: X —>R"and g: X — R™ ™ are assumed to be locally
Lipschitz continuous.

A set of states S C X is called controlled forward invariant
with respect to system (1) if there exists a control policy that
makes it forward invariant, i.e., all trajectories starting in S
remain inside it.

We assume that there is a user-defined set of failure states,
such as collisions or violations of speed limits of autonomous
vehicles, that a safe controller should prevent the system
from reaching. Given a controlled forward invariant set .S
that is disjoint from the failure set, we say that the states
in S are safe (and S is the safe set) and the states in
S := X\S are unsafe (and S is the unsafe set). Note that
S contains the failure set and might also contain additional
states, particularly when there are input constraints or the
system has a high relative degree [17], [36]. Thus, safety is
defined as the invariance to a set disjoint from the failure
set. The largest safe set S can be obtained using Hamilton-
Jacobi (HJ) reachability analysis [36]. Unfortunately, existing
algorithms for HJ reachability do not generally scale beyond
a few dimensions [37].

A. Control barrier functions

Definition 2 (Control barrier functions [4]): A function
B : X — R is a control barrier function for system (1)

8979



if it is continuously differentiable and satisfies: Vo € D C X,
Ju € U such that B(x,u) + a(B(z)) > 0, )

where the super-level set B> := {z | B(x) > 0} belongs to
D, and a: R — R is a locally Lipschitz extended class-Koo
function, i.e., it is strictly increasing and satisfies «(0) = 0.

A CBF B for system (1) specifies the controls that
guarantee the forward invariance of B>g, as stated in the
following theorem. If the set of unsafe states is disjoint from
B> and the system starts from B>, then the system can
be kept safe by following such controls.

Theorem 1 ([4]): Any Lipschitz continuous control policy
7 : D — U satisfying Vz € D, 7(z) € Ker := {u € U |
VB(z)(f(z) + g(z)u) + a(B(x)) > 0} makes the set B>
forward invariant.

Given a reference controller s : X — U that does not
necessarily satisfy safety constraints, a safety filter using the
CBF B can be employed to modify its unsafe control choices.
Specifically, a quadratic program (QP) can be formulated to
determine the closest safe control to mef(z) [5], resulting in
what is denoted by a CBF-QP policy mg,f, as shown below:

71'safe(sc) = arg LDEIZ{IIHU - Trref(x)”2

s.t. VB(z)(f(x) + g(x)u) + a(B(z)) > 0.

3

Under some non-restrictive conditions, it can be proven
that e is locally Lipschitz continuous for x € Int(B>o),
the interior of the set Bxq [5].

B. Offline reinforcement learning

The goal of offline RL is to design optimal control
policies from offline datasets without further interaction with
the environment. Conservative Q learning (CQL) [19] is a
prominent offline RL approach with several variants. The first
variant, which is the one we are interested in here and simply
call CQL for the rest of the paper, learns a () function from
the offline dataset corresponding to some policy that lower
bounds its actual @ function pointwise for all state-action
pairs, guaranteeing not over-estimating the values of state-
action pairs that are not part of the dataset. Similarly, we
want to learn barrier functions which do not over-estimate
the safety of states not part of the dataset.

CQL modifies the Q-function learning iterative update for
a policy m by adding a term to minimize the ()-values of
a set of state-action pairs, where the states are those in the
dataset and the actions are sampled from some distribution
u(als), to the standard Bellman error term, as follows:

QF ! argmén OBy op, anp(als)[Q(s, a)]

+ %Es,awD Q(s,a) - BWQk(Sv a) 2, (4)

where « is a hyperparameter, D is the offline dataset, Q’”l
denotes the learned @-function at iteration &k + 1, Q’“ is the
learned @-function from the previous iteration, and B™ s
the empirical Bellman operator for policy 7.

Theorem 3.1 in [19] establishes that the fixed point Q” =
limy o0 Qk, obtained by the update in equation (4), when

the support of 11 is a subset of the support of mg (where 7g
denotes the behavior policy that generated the offline dataset
D), is a pointwise lower bound of the true @-function of
policy , i.e., Q’T(s,a) < Q"(s,a), Y(s,a), when « is
sufficiently large. Thus, the learned @-function QT conserva-
tively underestimates the true -function )™, preventing over-
optimistic estimates for OOD actions. Previous research has
already built a connection between control barrier functions
and value functions [38], [17], so we adopt a similar analogy
here to design a conservative loss for learning control barrier
functions which do not over-estimate the safety of states
unseen in the dataset.

C. Problem statement

We consider the setting where an offline trajectory dataset,
that is generated using a potentially unknown and unsafe
reference controller, is available, along with a user-specified
failure set of states. We assume that the user has domain
knowledge that allows them to label some, if not all, of the
states in the dataset whether they belong to a (not exactly
known) controlled forward invariant set that is disjoint from
the user-specified failure set, i.e., safe, or not'. Our objective
is to train a neural CBF using the offline dataset that can be
used to define the constraints in a quadratic program that acts
as a safety filter that prevents the system from reaching the
failure states. Consequently, it must also not over-estimate
the safety of states unseen in the dataset which can result
in trajectories reaching the failure set. Finally, the safety
filter should not be conservative beyond what is necessary
to maintain safety, i.e., as minimally altering the nominal
control as possible.

IV. METHOD

Our aim is to design a CBF-QP policy from offline data.
If the reference policy or the dynamics are not available, we
train corresponding models using the same data. Moreover,
in settings with high-dimensional observations, we train
representation models and consider their latent spaces to
be the state spaces based on which we train the dynamics
models and the neural CBFs. We discuss how we train each
of these components next.

A. Learning latent dynamics

We train a deterministic autoencoder to project high-
dimensional visual observations into a low-dimensional latent
space. We train it in parallel with a control-affine latent
dynamics model. The autoencoder maps RGB images o; €
ReX"Xw to Jatent vectors z; € X using an encoder &, and

'One can only label the states which belong to the provided failure set
as unsafe and leave the rest of the states in the dataset unlabeled. However,
that may lead to a neural CBF with a small or empty super-level set, which
represents the safe set. That limits the states at which the system can start
and the resulting safety filter be effective. Alternatively, we can adapt our
method to training policy neural CBFs [17], which does not require the
states to be labeled as safe or unsafe to train a neural CBF with a large
super-level set, but we leave that for future work.

8980



reconstructs them using a decoder G. We train a control-affine
dynamics model of the form:

Zpp1 = 2 + (fo(ze) + go(xe)ue) At, ©)

where fp and gy are multilayer perceptrons parametrized
by 0, approximating the continuous-time dynamics model
& = fo(x) + go(z)u. We train the system by minimizing the
following loss function using gradient descent: £ := Ay |los —
G(E(o)) I3+ A2 1E(0r41) = Zeq1[13+ A3 0041 = G(&e41) |13,
where 2,1 is the predicted next latent state using (5), and Ay,
A2, and A3 are hyperparameters. The first term ensures that
the latent vector retains sufficient information for accurate
image reconstruction, the second enforces accurate latent
dynamics prediction, and the third maintains consistency
between predicted and ground-truth observations. During
training, we optimize the autoencoder’s parameters using
the first loss term A1 [lo; — G(€(o;)) |13, while holding those
parameters fixed when optimizing the dynamics model to
maintain a stable latent state space.

Generally, we assume that the continuous time dynamics
are either user-provided or that they can be approximated
in the form of (5) accurately on the training distribution,
which is the case in our experiments. Our assumption that the
dynamics are control-affine is needed so that the online safety
filtering problem can be formulated as a quadratic program.

B. Learning nominal controllers

We train neural reference (nominal) controllers on the
same offline dataset we use for training the CCBF. We use
BC and safe offline RL algorithms to train these controllers.
We train BC-based controllers by solving the optimization
problem arg maxg B, ,)~p[log 75(u|z)]. When we only use
the safe trajectories in the dataset in BC, we call the resulting
policy BC-Safe. In the navigation environment, we use a PD
controller defined as upp = Kp(x, — X) + Ky, where
X, 1is the goal position, and K, K4 are the proportional and
derivative gains. For safety gymnasium environments [39],
we train BC and safe offline RL policies using DSRL [40],
which provides training datasets and implementations of RL
algorithms. While such policies will be safer than the ones
that result from traditional (non-safe) offline RL algorithms,
they optimize for soft constraints and as we show in our

experiments, become safer when coupled with a safety filter.

C. Learning CCBFs from offline datasets

We assume that a dataset of trajectories of the form
o := {x1,u1,T2,u2,...,Tp,ur} is available. We define
Xare as the set of states labeled as safe and Xy as
the set of states labeled as unsafe in the dataset. We
denote the set of consecutive triplets (z,u,2’) in the
dataset in which x’/ € Xy by Dse and the set of triplets
in which z € X and 2/ € Xugare bY Dunsate- Given
this dataset, we train a neural CCBF By X — R
by minimizing the following loss function: KCCBF(gb) =

<(#),

Esafc (¢) +£unsafe (¢) +£ascent (¢) +£descem ((b) +£hp ( )

where L (¢) = %;::\ ZIGanls 0 (Esate — By (7)),
Eunsafe( )

P ] 22€ Xy 7 (Eunsate + By (7)),

Lascent(¢) = dej;:[l Z (z,u,2')EDgte & 0 (Cascent — VB¢($U) (fo(x) +
go(z)u) — aBy(z)),
Edescent((b) = ‘lg:;::;l‘ 2:(30’u)aj/)epmsafe U(Edescent +

VBy()(fo(2) + go(2)u) + aBy(x)),
Elip( ) \5? Z(aﬁur’ €D ||B¢( ) B¢(.’L‘)H,

Le(0) = 5 Len,, 0 Sy, exp (222)).

Here, o is the ReLU activation function, and egfe, Eunsafes
Eascent> Edescents Wsafe, Wunsafes Wascents Wdescents Wlip, We, and 7
are non-negative real numbers chosen as hyperparameters.
The set V, is a uniformly sampled set of actions from ¢/ to
evaluate at state x as well as the action taken in the dataset at
x. The state ] is the state reached by the learned dynamics
following action v at state . When we train without using L,
we call the result a neural control barrier function (NCBF).

The loss terms Lgre and Lynare drive the CCBF to be
positive at safe states and negative at unsafe states. The terms
Lascent and Lgeseeny drive the CCBF to satisfy the gradient
constraint (2). Specifically, Lgescent penalizes violations of (2)
during training. While it’s hard to determine violations of (2)
inside the safe and unsafe sets, we can infer the violations
whenever a trajectory crosses from a state labeled as safe to
one that is labeled as unsafe. Moreover, the loss term Ly
drives the CCBF to be smooth. Finally, £, drives the CCBF
to be conservative.

The term inside the sum in £, represents the soft maximum
of the CCBF values of the sampled states as well as the next
state appearing in the training trajectory. The temperature
parameter 7 controls the smoothness of the soft maximum.
As 71 decreases, the soft maximum approaches the actual
maximum. When 7 = 1, £, is similar to a loss term appearing
in the objective function of learning the @-function for a
learned policy 7 in a variant of CQL described in equation
(4) of [19]. That variant corresponds to choosing the sampling
distribution p in equation (4) in Section III-B of our paper
to be the one that maximizes the argument of the argmin in
the presence of a regularizer R(u), i.e.,

M= argmaxua ESND, a~p(als) [Q(Sa a)]
R “ 2
+ 3 Eoann[Q(s.a) = B™Q(s,0)| + R, ©)

where 7, is the policy obtained by (6) at iteration k& — 1,
R(n) = —Dxr(i, p), Do is the KL-divergence, and p is
the uniform distribution over the actions. Thus, p would be
the regularized maximizer of the iterate Qk. Substituting that
1 in equation (4) in Section III-B results in:

OF+1 argﬂgn a]ESND[logZeXP(Q(Saa))]

. N 2
+3Eoann [Qs,0) = BHQ(s,0)| . @)

as shown in equation (4) in [19]. In our setting, LccpF i
analogous to the objective function in (7) where the Q-
function is replaced with the barrier function B, the Bellman
error term is replaced with the terms of Lccpr besides L.
which penalize violations of the CBF conditions similar to
how the Bellman error penalizes violations of the Bellman
equation, and the sampling distribution for the actions in V,
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in L. is chosen to be the policy that maximizes safety (the
barrier values) with a regularizer in the form of the distance
(KL-divergence) to the uniform distribution. Formalizing this
connection is an interesting future direction.

V. CASE STUDIES

In this section, we describe our experimental setup and
present our results and key observations.

A. Experimental setup

We evaluate our approach on four environments : (1) 2D
navigation: an agent must navigate to a goal position while
avoiding a static circular obstacle, (2) Vision-based naviga-
tion: similar to 2D navigation but using bird-eye-view image
observations, (3) SafetyHopper and (4) SafetySwimmer:
locomotion tasks from the safety gymnasium benchmark [39],
where agents must move as quickly as possible while adhering
to velocity constraints. In each experiment, we present the
results of rolling out the policy under different conditions:
with no safety filter and with a NCBF-, an iDBF-, and a CCBF-
based filter. We compare these methods with FISOR [33],
in the safety gymnasium tasks. When training the NCBFs,
iDBFs, and CCBFs, we use the same model architecture,
the same set of common hyperparameters, and the same
dynamics model. The only hyperparameters which differ
between the different models are those specific to the different
methods. Moreover, we train the NCBFs and CCBFs on the
same datasets consisting of both safe and unsafe trajectories,
whereas we train the iDBFs only on the safe states from safe
trajectories in the dataset (also excluding the safe states in the
unsafe trajectories), as we do for training BC-Safe policies.

a) 2D navigation: The agent has 2D single-integrator
dynamics, has actuation limits that constrain the maximum
speed in each dimension to be v,,4,, and has to reach a goal
position while avoiding a static circular obstacle. Note that
the agent can stop at any state by choosing zero control. Thus,
the complement of the set of states that define the obstacle
is a controlled forward invariant set. Consequently, we label
a state as safe if the Euclidean distance d to the center of
the obstacle is greater than or equal to r + €, where r is the
obstacle’s radius and € is a small positive constant. States
with d < r are labeled as unsafe, and states in between are
not used for training. The small € margin improves training
stability, as has been observed in other works, e.g., [41].

b) Vision-based navigation: This setup extends the 2D
navigation task to a vision-based setting, where 64 x 64 x
3 RGB observations representing a top-down view of the
environment are given instead of the 2D position.

c) Safety gymnasium locomotion: We test on SafetyHop-
per (11D state, 3D control) and SafetySwimmer (8D state, 2D
control) from safety gymnasium [39]. Agents earn rewards
for forward motion but incur costs if velocity exceeds user-
defined thresholds. We picked these two tasks as challenging
ones evident by the results in Table II which show that
FISOR and other safe offline RL algorithms fail to balance
the safety and task performance in them. We labeled states
as unsafe if they exceeded the maximum velocity constraint,

and labeled them as safe otherwise. Thus, we only labeled
states in the failure set as unsafe and assumed that all other
states in the dataset belong to a controlled forward invariant
set. We also explored another strategy: in trajectories that
eventually enter the failure set, we ignore the states outside
the failure set and label only the states inside it (i.e., those
with velocity exceeding the user-defined limit) as unsafe.
States in trajectories that never enter the failure set over their
entire duration are instead labeled as safe. However, this
approach reduced the number of trajectories to sample safe
states from to 135 out of 1686 trajectories for Swimmer and
130 out of 2240 for Hopper and led to poor safety-preserving
performance. Due to page limitations, we summarize the key
results of that experiment and refer the readers to Section
V-B for definitions of normalized cost (C) and reward (R):
In Swimmer, averaged across all nominal controllers, using
CCBF as a safety filter resulted in C=1.46 and R=0.31
(compared to C=1.49 and R=0.32 for nominal controllers
without safety filters; Table II), outperforming NCBF (C:
2.38, R: 0.26). In the case of Hopper, both NCBF and CCBF
performed poorly, degrading the performance of BC and BC-
Safe, while maintaining the same performance for COptiDICE.
BEAR-L and BCQ-L simulations terminate after only 5-30
steps because these algorithms, when paired with the CCBF
and NCBF, produced policies that quickly drove the agent
into terminal states such as falling, unstable torso angles,
or extreme joint positions. Importantly, CCBF consistently
outperformed NCBF under both labeling strategies, but
both NCBF and CCBF achieved significantly better safety-
preserving performance when trained using the full DSRL
dataset compared to the trajectory-filtered approach for
labeling safe states, emphasizing the importance of more
data, even if it means potentially mislabeling few states.

B. Results

We discuss two main observations: (1) CCBF-based fil-
ters significantly improve safety while minimally affecting
performance, (2) CCBFs need less hyperparameter tuning.
Then, we discuss the results of different ablation studies
that help us isolate the effect of our conservative loss term
L.. We report the results for the 2D navigation and vision-
based navigation scenarios in Table I using the metrics:
success %, the percentage of episodes in which the agent
successfully reached the goal; and collision %, the percentage
of episodes with at least one collision. We report our results
for the safety gymnasium tasks in Table II using the metrics:
normalized reward and normalized cost, following the
evaluation criteria in the safe offline RL literature [40], [42].
For both the Swimmer and the Hopper scenarios, they can
can be modeled as CMDPs. We assume that the transition
functions are deterministic and in the form of the control-
affine dynamics in (5). Each episode results in a trajectory
o = {x1,u1,7,¢1,...,27,ur,r7,cr}. The normalized
reward and cost returns of a trajectory o generated using

policy 7 are defined as follows: R} . .4 = % %100
and CT.

. C7 T o_
Tomalized ‘= —=» Where RT = ", r; denotes the reward
return of o, CT = >, ¢; denotes its cost return, and Ry, and
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Rpax denote the maximum and minimum reward returns of
all the trajectories in the dataset as defined and computed in
DSRL [40]. In all benchmark tasks, the cost ¢; is zero if the
state x4 is safe and one if it is unsafe. We performed several
ablations, but due to space constraints, we summarize some
of their key findings and report average metrics across all
nominal controllers for each task instead of presenting detailed
results for each filter-controller combination. Complete tables
with all experimental results and all hyperparameters used
will be available in an extended version of this paper.

TABLE 1I: Controller evaluation results (S=Success%,
C=Collision%). Results averaged across 500 runs (2D) and
50 runs (vision-based). Green: Safest agent with the highest
average success % across all controllers.

Policy None NCBF CCBF iDBF

N C N C s C S C

2D Navigation

PD controller 100.0 904 91.6 0 910 O 0 100.0
BC 962 21.8 952 0 954 0 96 34
BC-Safe 936 64 938 0 928 0 78 0
Average 949 141 935 0 931 0 58 345

Vision-based Navigation

PD controller 100.0 96.0 34.0 20.0 58.0 4.0 94.0 80.0
BC 98.0 36.0 68.0 60 86.0 0 960 14.0
BC-Safe 92.0 220 78.0 160 940 0 98.0 10.0

Average 95.0 29.0 60.0 14.0 79.3 1.3 96.0 347

TABLE II: Evaluation results of normalized reward (R?1) and
normalized cost (CJ) for different pairs of nominal controllers
and safety filters. Results are averaged across three barrier models
trained with each method and each evaluated on 20 runs starting
from random initial states. Bold: Safe agents (C < 1). Gray: Unsafe
agents (C >1). Green: Safest agent with the highest average success
% across all controllers.

" None NCBF CCBF iDBF
Policy
Ccy RT Ccl RT cl RT Cy Rt
Swimmer
BC 2.26+0.64  0.44+0.03  505+2.84  0.4+0.06  0.94£0.18 0.39+0.03  3.80+0.31 0.36+0.01
BC-Safe 0.12£0.05  0.43£0.03  0.12£0.06 0.46x0.02 0.03x0.02 0.45+0.02  0.19£0.06  0.50+0.02
COptiDICE  1.65+0.33  0.30+0.04 1404039 0.07£0.01  0.19£0.08 0.28+0.06 11.75+2.99  0.57+0.03
BEAR-L 0.61£0.11  0.16£0.03  0.46£0.05 0.18£0.05 0.42+0.17 0.09+0.01  0.43£0.07  0.14x0.01
BCQ-L 2.82+1.15  0.25+0.08 4.69+320 0.20£0.10 1.40£0.47 0.29+0.03  9.38+1.65  0.39+0.08
Average 1.49 0.32 2.34 0.26 0.59 0.3 5.1 0.39
FISOR 0.01£0.01  -0.08+0.01
Hopper
BC 0.19£0.27  0.04£0.02  0.23£0.18  0.04£0.01 0.09+0.06 0.04£0.01 4.71£2.26  0.33+0.24
BC-Safe 0.03£0.02  0.570.01  0.14£0.10  0.61x0.01 0.05:0.03 0.56+0.05 0.21+0.13  0.56x0.03
COptiDICE ~ 0.01£0.01  0.18£0.01  0.01£0.01 0.17£0.01 0.03:0.03 0.17£0.01  1.81+0.73  0.24+0.03
BEAR-L 0.37£0.01  0.16£0.01  0.27£0.09 0.210.08 0.20+0.06 0.30£0.06  0.34£0.02  0.16x0.01
BCQ-L 3.0940.34  0.50£0.04  1.34+0.48 0.3120.02 1.16£0.53 0.37+0.05 3.82+0.17  0.46+0.20
Average 0.74 0.29 0.39 0.27 0.31 0.28 2.18 0.35

FISOR 0.03£0.04  0.08+0.05

a) CCBF-based filters improve safety while minimally
affecting reward returns: Observing the results in Table I for
the 2D navigation task, we can see that NCBF and CCBF
result in similar success percentages and both result in zero
collisions, outperforming iDBF. Trajectories taken when using
CCBF and NCBF as a safety filter are presented in Figure 1.

In the vision-based navigation environment, CCBF outper-
forms both NCBF and iDBF by achieving better success and
collision percentages using any nominal controller. Unlike
the case of the 2D navigation scenario, iDBF generally
performs better than NCBF. The improved performance of
iDBF can be attributed to the naturally increased distance
between training trajectories, which reduces the likelihood of
mislabeling nearby images as safe or unsafe as the sampled
images nearby a training trajectory will not overlap with the
images visited by other training trajectories. In contrast, the
training trajectories in the 2D environment are more closely
spaced, resulting in the sampled states by iDBF, which are
labeled as unsafe, overlapping with the states of training
trajectories which are labeled as safe.

In the Swimmer environment, CCBF reduces the average
cost over all nominal controllers by approximately 60% with
around a 6% drop in average reward. In contrast, both iDBF
and NCBF increase the cost. In the Hopper environment, both
CCBEF and iDBF exhibit similar behavior seen in the Swimmer
environment, whereas NCBF reduces the average cost by 47%
with only a 7% drop in average reward, which differs from
its performance in the Swimmer environment. These results
show that CCBF consistently reduces cost while minimally
impacting reward. On the other hand, NCBF’s results vary
between environments, performing poorly in Swimmer but
well in Hopper, possibly because Swimmer results in a larger
distribution shift during deployment.

That said, FISOR results in low costs in the Swimmer
and Hopper tasks (comparable to CCBF paired with BC-safe
in the Swimmer task and with COptiDICE in the Hopper
task). However, FISOR yields much lower rewards in both
environments: -0.08 in Swimmer compared to 0.45 in the case
of CCBF paired with BC-Safe, and 0.08 in Hopper compared
to 0.17 when CCBF is paired with COptiDICE.

It is worth noting that the policies used during evaluation
in Table II are distinct from those used to collect the DSRL
dataset. This demonstrates that CCBFs, despite being trained
on offline data, can effectively improve safety for new policies
without noticeably affecting task performance.

iDBF performs well with the BC-Safe controller, improving
safety in vision-based navigation and maintaining comparable
levels in Swimmer and Hopper. This is expected since iDBF’s
approach labels states as unsafe when they correspond to
low-probability actions under BC-Safe. However, with other
controllers such as COptiDICE, performance degrades, likely
because iDBF steers them toward regions that BC-Safe deems
safe but that are suboptimal if the dataset trajectories are not
expert (reward-maximizing).

To further investigate iDBF’s performance, we conducted
several ablation experiments by varying the model size and
the density threshold p for selecting OOD actions. We tested
medium-sized models (4 layers, 128 neurons) versus large
models (5 layers, 400 neurons) across different density thresh-
olds (p € {1,0.1,10~%,1078}). For medium-sized models,
average costs increased substantially across all thresholds
compared to not using any safety filter: average Swimmer
costs rose from 1.49 to 4.38-6.92, while Hopper costs
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increased from 0.74 to 1.02-2.50. Large models generally
showed improvement with average costs ranging from 3.85-
6.63 for Swimmer and 0.77-1.90 for Hopper, demonstrating
better performance than medium-sized models across most
density thresholds. However, across all configurations and
model sizes, iDBF’s performance consistently deteriorated
and underperformed compared to nominal controllers, and
to CCBF and NCBF methods that leverage actual unsafe
trajectories in the offline dataset.

b) CCBFs need less hyperparameter tuning: iDBF’s
performance was sensitive to the density threshold p used to
classify sampled actions as OOD. We also had to tune the
hyperparameters wWsafe, Wunsafes Esafes aNd Eynsafe tO Obtain an
iDBF that does not assign a single value to all states. In the
case of CCBF, we had to tune w,. to a value between 0.5
and 1 for the learned CCBF to disincentivize unseen actions,
as shown in Figure 1. However, in all experiments, CCBFs
distinguished safe and unsafe states when assigning w. to
any value between 0 and 1 without collapsing, unlike iDBF.

c) Isolating the effect of our conservativeness-inducing
loss term L.: We conducted an experiment where we
trained CCBFs with w, € {0, 0.5, 1.0}, for the vision-based
navigation, Swimmer, and Hopper environments. Note that
when w. = 0, our approach is equivalent to training a NCBF.
We split the dataset trajectories into training and testing ones
and only train on the former. For each safe state in the
test trajectories, we evaluated the CCBF at the next state
along the trajectory as well as at a set of states obtained by
taking random actions from that same state, following the
procedure used to compute L. First, we found that increasing
w, decreases the CCBF values of the states reached by taking
both the actions in the test set and the actions randomly
sampled, as expected. Second, increasing w,. enlarges the
gap between the values of the CCBFs at the states in the
test set compared to the ones reached by the random actions.
This clearly shows that the learned CCBFs generalize well
to distinguish actions taken by the policies generating the
data and random ones and consider the states resulting from
the latter as less safe. In contrast, we found that NCBFs
consistently assign similar values for the randomly-reached
states and the ones in the test set, also as expected. We present
examples of our results in Figure 2.

Next, we studied whether other conservativeness-inducing
loss terms would result in similar improvement in performance
compared to the NCBF approach. We denote the first
candidate loss term, which replaces L., by L], . and its
associate weight by w/ .- The term L . is equivalent
Lunsate €valuated at the states sampled in the same manner
when computing L., i.e., treating the states reached by
randomly-sampled actions similarly to unsafe ones. We call
this new approach CCBF*. It exhibits similar properties to
CCBF when comparing the values it assigns for the OOD
and InD states in new trajectories and performs better than
iDBF and NCBEF, but under performs compared to CCBF. We
summarise the main results below due to lack of space. For
Swimmer, the average results across controllers are: CCBF*
withw} =0.5(C =133, R=0.34) and w} =1 (C = 2.44,

R = 0.32). For Hopper, the averages are: CCBF* with
w) = 0.5 (C =0.37, R = 0.31), and w} =1 (C = 0.91,
R = 0.26). We note that the learned CCBF* resulting from
wy = 1 under performs the one resulting from w; = 0.5.
This potentially occurs because w) = 1 penalizes OOD states
as much as actual unsafe states. Since randomly reached
states are likely (but not necessarily) OOD, this aligns with
findings in [43] stating that treating OOD and unsafe actions
similarly degrades performance. As a remark, in both CCBF
and CCBF¥*, increasing w. and w above the value of one
can result in over-conservative safety filters.

From these two experiments, we conclude that CCBF’s
and CCBF*’s conservativeness-inducing loss terms enable
learning safety filters that not only filter actions for safety, but
also for staying in-distribution. Our experiments show that
CCBF outperforms CCBF*, but further evaluation is needed
to claim that one of these approaches is consistently better.
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Fig. 2: Variation of the mean of the barrier values of states reached
by taking either dataset actions ( ) or randomly sampled actions
green) starting from safe states in unseen test trajectories, plotted
against the number of training steps. Results are shown for CCBF
trained with w. = 0.5: (a) Swimmer, (c) Hopper, and (e) vision-
based navigation, where dataset actions are consistently evaluated as
safer than random actions. For NCBF: (b) Swimmer, (d) Hopper, and
(f) vision-based navigation, where this distinction is not observed
and the two curves largely overlap.

VI. CONCLUSION

We introduced Conservative Control Barrier Functions
(CCBFs), neural safety filters trained using offline data. The
core idea is to add a loss term that prevents over-estimation of
the safety of state-action pairs not seen in the dataset. When
reference controllers and safety filters are trained offline,
CCBFs, even when paired with reference controllers that were
not used to generate the offline dataset, outperform baselines
and result in closed-loop behaviors that better preserve safety
while minimally impacting task performance. Our approach
in its present form does not offer formal guarantees for safety
maintenance or OOD state avoidance, and deriving ones
would be exciting future work. Also, evaluating our method
on maintaining the safety of real robots would also be needed
for further validation.
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