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Abstract— Reinforcement learning (RL), while powerful and
expressive, can often prioritize performance at the expense
of safety. Yet safety violations can lead to -catastrophic
outcomes in real-world deployments. Control Barrier Func-
tions (CBFs) offer a principled method to enforce dynamic
safety—traditionally deployed online via safety filters. While
the result is safe behavior, the fact that the RL policy does not
have knowledge of the CBF can lead to conservative behaviors.
This paper proposes CBF-RL, a framework for generating safe
behaviors with RL by enforcing CBFs in training. CBF-RL
has two key attributes: (1) minimally modifying a nominal RL
policy to encode safety constraints via a CBF term, and (2)
safety filtering of the policy rollouts in training. Theoretically,
we prove that continuous-time safety filters can be deployed via
closed-form expressions on discrete-time roll-outs. Practically,
we demonstrate that CBF-RL internalizes the safety constraints
in the learned policy—both enforcing safer actions and biasing
towards safer rewards—enabling safe deployment without the
need for an online safety filter. We validate our framework
through ablation studies on navigation tasks and on the Unitree
G1 humanoid robot, where CBF-RL enables safer exploration,
faster convergence, and robust performance under uncertainty,
enabling the humanoid robot to avoid obstacles and climb stairs
safely in real-world settings without a runtime safety filter.

I. INTRODUCTION

Humanoid robots are capable of interacting with en-
vironments designed for humans. However, the complex
environment, high-dimensional robot dynamics, and noise
of the sensors also make them highly vulnerable to unsafe
control inputs. One unsafe action could lead to damage to
both the robot and its surroundings, and thus ensuring safety
is essential. Meanwhile, reinforcement learning (RL) has
emerged as a powerful tool for humanoid robots to achieve
diverse skills, but focuses mostly on performance [1]-[3] and
expressiveness [4]-[7]. In this paper, we propose integrating
formal safety mechanisms with the powerful exploration
and exploitation abilities of RL so that learned policies can
reduce or prevent catastrophic behaviors. To achieve this, we
turn to Control Barrier Functions (CBFs) [8] for a principled
way to encode state-based safety constraints as forward-
invariant sets. The CBF conditions are often enforced using
safety filters [9]: quadratic programs satisfying the safety
constraint by minimally modifying a proposed control input.

There are two key approaches to instantiating safety filters
in RL. The first approach is safety filtering the RL-proposed
action and projects it into the safe set before execution [10]-
[13] or performing constrained updates of the gradient [14],
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Fig. 1. A humanoid robot trained to climb stairs with the CBF-RL
framework. Safety is injected into training by both filtering the policy-
proposed actions and also provide safety rewards in addition to task and
regularization rewards. During deployment the CBF policy retains safe
behavior without a runtime filter.

[15]. This guarantees safety at runtime, but the filter must
remain in the loop at deployment, and the learned policy
may never internalize the constraint. This prevents a high-
dimensional agent, like a humanoid robot, from discovering
novel or efficient behaviors since the exploration space
is pruned too aggressively. Both also require solving an
optimization program at every control step, which may be
computationally expensive. The second approach is reward
shaping where a residual augments the reward term to
penalize states that approach or violate constraint boundaries
[16]-[21] and encourages the agent towards safer behaviors
without active filtering. This alone does not directly enforce
safe actions during training and is often sensitive to the
choice of penalty weights, possibly being insufficient in
safety-critical applications. This paper proposes a fusion of
these two approaches to integrating CBFs into RL.

A. Contributions

In this paper, we show that safety filtering and reward
shaping are complementary, proposing CBF-RL: a dual ap-
proach that applies both a closed-form CBF-based safety
filter and a barrier-inspired reward term during training. This
safety filters a nominal RL policy, enabling it to learn safe
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behaviors. Catastrophic unsafe actions are prevented by the
active filter, and the reward term biases the policy toward
avoiding safety interventions. Therefore, the policy has direct
corrective supervision—it observes what it would have done,
how the filter corrects it, and how the reward changes. It
also learns to propose actions that directly satisfy the barrier
condition. This enables the policy to show safe behaviors at
deployment time without an active filter.

We evaluate CBF-RL, and its dual approach to safe RL,
with ablations using a 2D navigation task with dynamics
randomness, analyzing task completion rates and robustness
tests. We also train humanoid locomotion policies in Isaa-
cLab [22] with full-order dynamics and domain random-
ization for obstacle avoidance and stair climbing tasks. The
approach is validated on hardware using a Unitree G1 hu-
manoid with zero-shot sim-to-real policies to exhibit the ef-
fectiveness of the proposed framework in high-dimensional,
complex systems. With the dual-trained policy, the robot can
successfully navigate around obstacles and climb stairs under
command sequences that would lead to failure with nominal
policies that don’t leverage the CBF-RL framework.

Our contributions are as follows:

o Conceptually: We propose a dual CBF-RL training
framework that uses both CBF-based active filtering
and barrier-inspired rewards during training, and can be
deployed without a filter.

e Theoretically: We provide a continuous-to-discrete-
relationship analysis of CBF-RL and a closed-form
solution for light-weight integration.

e Practically: We empirically demonstrate across simu-
lated, and hardware experiments that policies trained
using the dual approach can internalize safety and
reduce unsafe actions at deployment.

B. Related Work

Due to the ease of modifying rewards for training, a
number of works incorporate safety value functions into
the reward structure to guide policies toward safety. [16],
[17] use a fixed penalty, [18], [19], [21] utilize correction-
proportional penalties, and [20] proposes an explicit barrier-
inspired reward shaping mechanism to reduce unsafe explo-
ration. These methods encourage safe behavior but do not
explicitly direct the policy to exhibit safe behaviors during
learning, instead solely relying on the policy to discover safer
actions on its own, leading to slower training.

To address this, runtime CBF-based safety filters during
training minimally modify the actions of the policy such
that the system stays in the user-defined forward-invariant
safe set typically by solving an optimization program, be
it discrete-time due to the nature of RL training [10]-[13],
[15], [23], or continuous-time [24]-[26] which empirically
shows improved safety. For humanoid locomotion, these
methods are not ideal as humanoid robots have tight real-
time and computation power constraints and inaccurate state
estimation from sensor noise. We instead filter only in
simulation during training, and show that the resulting policy
retains safety even without a runtime filter. We further

provide theoretical verification that under certain conditions,
continuous-time CBF can be used as conditions for forward
invariance for RL simulations that are discrete in nature, and
thus we can use the closed-form solution to the CBF-QP to
accelerate each step in training.

Many papers utilize model-based approaches [11], [15],
[24], [27]. which require access to accurate dynamics mod-
els. While theoretically appealing, they are less practical for
high-dimensional humanoids where dynamics are complex
and uncertain. Some works also do constrained updates of
the gradient to ensure that the policy remains safe [14], [15];
however, they also require solving optimization programs at
each gradient update step and limit the exploration of the
policy. Our framework is model-free, requiring only deriva-
tives of the reduced-order model (e.g. for the kinematics of a
humanoid robot, its Jacobian .J), and emphasizes lightweight
integration with standard policy-gradient RL, in our case
proximal policy optimization(PPO) [28]. This also leads to
the benefit of the policy being able to venture closer to the
constraint boundaries, ensuring rich exploration.

In response to the issue of stochastic systems, robust ex-
tensions address uncertainty in dynamics or sensing through
disturbance observers, Gaussian Process models, or robusti-
fied CBFs [24]-[26], [29]. These methods improve reliability
under uncertainty but add significant complexity and com-
putational burden. Here we show that by relying on domain
randomization during training, dual-trained policies remain
safer under uncertainty of the system without explicit models.

Another line of work learns barrier-like certificates or
relates value functions to barrier properties [30], [31]. These
methods aim to automate the design of barrier functions or
embed them in differentiable layers. Our approach assumes
analytic barrier functions and focuses on pragmatic integra-
tion with RL training rather than barrier discovery.

The above works have been applied to domains such as
spacecraft inspection [12], drone control [13], autonomous
driving [23], and driver assistance [24]. Much of the prior
work captures part of the safety challenge, but none directly
combines filtering and shaping in a way that allows a
policy to internalize safety during training and then act
autonomously without a filter at deployment, especially not
on a high-dimensional system such as a humanoid robot.
This distinction defines the novelty of our contribution.

II. BACKGROUND

Reinforcement Learning We consider the standard
RL formulation of a Markov decision process (MDP)
(X, U, P,r,v). At each timestep k, an agent selects an action
ux € U, according to a policy my(uk|xx) based on an
observed state x, € X, and receives a reward r(xy, uy).
The environment follows the transition dynamics xxi1 ~
P(|xx,uk). The goal is then to maximize the expected
discounted return E[Y 7 | "7 (xxk, uk)]. During deployment,
actions are selected as the conditional expectation ux =
E[mp(uk|xk)]. In this work, we specifically use model-
free policy-gradient actor-critic methods such as PPO [28],
though our approach is agnostic to the specific RL algorithm.
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RL also often suffers from reward sparsity when unsafe
events like obstacle collisions are rare. Thus the policy
seldom experiences consequences of unsafe actions, leading
to vanishing gradients and unstable, slow training. As such,
one part of our method also does reward densification to
mitigate this by designing r(xx,ux) to give informative
nonterminal signals related to safety.

Reduced-Order Models Consider a continuous-time system
with dynamics x = ¢(x,u), where x € R™ is the state and
u € R™ is the control input. In our case the state x may be
very high-dimensional, e.g. joint positions and velocities of
a robot. Thus we consider a reduced-order state q € R™«,
ng < n, representing key lower-dimensional features such as
the robot’s center of mass position. We define a projection p :
R™ — R™« that projects the full-order state onto the reduced-
order state. Given a locally Lipschitz continuous feedback
control law v = k(q), the reduced-order state q is

a= 52 o(x v(xv) ~ (@) + gla)v
=f(q) +gla)k(q), (D

where 1(x,v) is a control interface lifting the reduced-
order input v to a full-order input u. See [30], [32] for
the connections between reduced and full order models.
Control Barrier Function Safety Filters In the control

barrier function framework, a set of “safe states” for the

system, S C R™q, is encoded as the zero superlevel set of a
continuously differentiable function h : R™ — R,

S = {q € R™ | h(q) > O} , )
dS :={qeR" |h(q) =0}, 3)
int (S) == {q € R™ | h(q) > 0}. “4)

The aim of safety-critical control is to design a feedback
control law k(q) that renders S forward invariant.

Definition 1. A set S C R« is forward invariant for (1) if,
for every initial state q(to) € S, the resulting state trajectory
q: ] CR— R" remains in § for all £ € I N R>y,.

For control-affine systems as in (1), the forward invariance
of S can be enforced using CBFs [8], [9].

Definition 2. Let S C R"¢ be a set as in (2), with h
satisfying Vh|ss # 0. Then, h is a control barrier function
on R™ if there exists'a v € K<, such that for all q € R"q,

sup {h(a,v) = Leh(a) + Lgh(a)v } > =1(h(@)- ()

vER™

Given a CBF h and function v € K¢, the set of control
inputs satisfying (5) at q is given by

Ucne(a) = {v € B" [ h(q.v) = =1(h(@)} . ©)

Any locally Lipschitz controller k for (1) for which k(q) €
Ucsr(q) Vq € S enforces forward invariance of S [8].

1: A function a : R — R belongs to S if it is increasing, continuous,
and satisfies «(0) = 0, lim, 400 a(r) = to0.

For real-world robotic systems with zero-order hold,
sampled-data implementations, it is generally impossible to
choose continuous control actions that create the closed-loop
system (1). As such, for the remainder of this work, we focus
on the discrete-time analogues of these systems,

qr+1 = F(ar) + G(ar)ve, Vk € Zxo, (1)

where F : R"™ — R"™ and G : R"™ — R"*™ are
the discretization of (1) over a time interval At > 0 for
a constant input v. Here, we focus on enforcing forward
invariance at sample times”> kAt. This can be achieved using
a discrete-time CBF [34], [35].

Definition 3. Let S C R™ be as in (2) and p € [0,1].
The function h is a discrete-time control barrier function
(DTCBF) for (7) if Vq € S there exists a v € R™ for which

h(F(q) + G(q)v) > ph(q). (8)

Similar to CBFs and continuous-time systems, DTCBFs
keep the discrete-time system (7) safe for each k € Z>.
Here the value of h is lower bounded by a geometrically
decaying curve, h(qx) > p*h(qo) [34]. Thus, they can be
used to generate safe control actions through an optimization
program wherein a desired but potentially unsafe input vies €
R™ is minimally modified to produce a safe input:

Vi =arg min  ||lvi — vi(qu)|? ©

v ER™
s.t. h(F(qr) + G(qr)ve) > ph(qx).
III. DuAL APPROACH TO CBF-RL

In order to apply CBFs to RL pipelines, we characterize
the relationship between continuous-time CBFs and discrete
updates of the RL environment. With this relationship, we
can utilize the closed-form solution of the continuous-time
CBF-QP to understand its effect on the RL environment.

Lemma 1. Suppose h : R™ — R is a C* CBF for the
continuous-time single integrator ¢ = v, where q,v € R"q.
Let ks : R™ — R™ be any safe, locally Lipschitz controller
for the continuous-time integrator, satisfying

Vh(a) ks(q) > —ah(q), Vq € R™, (11)

for some a > 0. Let oy : R™ x R" — R™ (q,v) —
q+ At v be the Euler discretization of the single integrator
with time step At > 0. There exists a continuous function R :
R" x R™ — R such that Yq € R, lim o RﬁqTﬁ”) =0
and

h(fai(a, ks(a))) = (1 — Ata)h(q) — [R(q, Atks(q))]-
(12)
Proof. By [36, Chapter 5.2 (2)], there exists a continuous
function R : R™¢ X R — R satisfying limw -0 RHT’” =
0 and h(q+w) = h(q)+Vh(q) Tw+R(q,w) Vg, w € R,
Taking w = At ks(q), we calculate h(q + At ks(q)) as

= h(q) + At - [Vh(q) "ks(q)] + R(q, Atks(q))  (13)
> h(a) — At - ah(a) — |R(g, At k(@) (14)

(10)

2: See [33] for a discussion of zero-order-hold, intersample safety.
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Fig. 2. CBF-RL framework: For one given task, the user defines the safety barrier function h(q) and the accompanying Vh(q). During training, the RL

policy proposes action v'poucy; the CBF safety filter then calculates the closed-form solution of the CBF-QP v
on proposed action vP°lcY and agent configuration . The RL agent executes v

filtered and the safety reward 7.1, based

filtered i the massively-parallel discretized environment, and the policy

is updated with the combination of task, regularization, and safety rewards » = rjominal + Tcbf- During deployment, the policy is able to output safe

. 1i
actions vP2.'Y

obt . Without needing an explicit runtime filter. Sample code for the single integrator example with CBF-RL reward core construction can be

found at https://github.com/1lzyang2000/cbf-rl-navigation-demo.

Combining h terms, the result follows. O

Using Lemma 1, we bound the evolution of the barrier
function along trajectories of the Euler-discretized integrator.

Theorem 1 (Continuous to Discrete Safety). Consider the
setting of Lemma 1. Suppose there exists a compact, forward-
invariant set K C R"« for the discrete-time integrator dy-
namics Qg1 = fat(qg, ks(dx)). Then, VAL > 0, u(At) =
SUpgex | R(a, Atks(q))| < 400 and limag 0 p(At) /At =
0. Further, provided (1 — Ata) € [0,1), for qo € K,

1(At)
Ata
Remark 1. As a consequence of the limiting behavior of p,
as we take the discretization step At to zero, the standard
DTCBF bound, h(qx) > (1 — Ata)¥h(qp), is recovered.

h(ar) > (1 — Ata)*h(qo) —

,VE>0. (15

Proof. Fix At > 0. Since R and ks are continuous,
compactness of K implies u(At) is finite VAt > 0. To
establish the limit lima¢—,0 (At)/At = 0, we note that

lima¢—so w = 0Vq € K implies
. i B(@Atks(a)] _
ap Jim e 0. a9

Compactness of K and joint continuity of |R(q, At ks(q))]
in q and At implies uniform continuity of |R(q, At ks(q))|;
this lets us interchange limit and supremum. We conclude
lima¢—s0 SUPge ¢ W =0 = lima;_o “(AA:) = 0.

Now, we establish the bound using a comparison system.
If yir1 = pyr—|di| forall k > 0 and |dx| < u, a geometric
series argument establishes y, > pFyq — (lflp)u vk > 0.
Fix qp € K. Since K is forward invariant for the closed-loop
system, |R(qx, At ks(qg))| < p(At) VE > 0. Using Lemma
1, we take p = 1—Ata, u(At) = supye i [R(q, At ks(q))l,
and conclude by comparison with y;, that the bound

p(At)
Ata’

h(qr) > (1 — Ata)*h(qo) — (17)

does indeed hold for all qg € K. O
The above means that with small enough At (typically
At < 0.01s, governed by the stability limits and solve
time of the physics engine), continuous-time CBF tools can
be directly applied to discrete-time RL environments. We
provide the two core parts of CBF-RL shown in Fig. 2:

Safety-filtering during training At training time, the policy
would generate desired actions that are not necessarily safe
Vgomy at step k. A safety filter is then applied to enforce safe
behaviors and guide the system to ’learn’ the safety filter as
part of the natural closed-loop dynamics. As we have proven
the relationship between the continuous-time and discrete-
time CBF conditions, we replace the typically nonlinear
DTCBF constraint with the continuous-time CBF first-order
inequality. This reduces the safety filtering problem to a
single linear-constraint quadratic program (QP) [9]:

safe

. olic
viafe — argvgrel%r%q —||vi — v}, )2 (18)
st. Vh(ar) vi > —ah(qw). (19)

While this QP provides a safe control input, solving an
optimization program numerically at every step of RL train-
ing is computationally undesirable, especially in massively
parallel environments such as IsaacLab [22]. Fortunately,
since the QP has a single linear constraint, it can be solved
analytically in closed-form:

Vgolicy7 if agvgolicy > bk
Viafe = ) b — a vPolioY) 5
VEOhCy + ( k k k2 ) k, 0.W.
llal
(20)
ay := Vh(aqg), b := —ah(qg). (21)

Penalizing unsafe behavior In addition to filtering the
policy actions at training time, we also quantify how safe the
environment is to inform training. To this end, we modify
the rewards to include rcgr defined as
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Tebt (Qk, Vi) = min (a;—vgoucy — by, 0) (22)

+ (exp(- SR —1) - 23)

and the whole reward is thus 7 = rnominal + Tcbf-

Intuitively, this reward penalizes actions whenever the
safety filter is activated, and also incentivizes the model
to take actions as close to the safe actions as possible to
reduce the intervention of the filter. Because the penalty term
exp(...) — 1 is strictly lower-bounded by —1, it provides
a smooth learning signal without causing unbounded insta-
bility with respect to the primary task rewards. The whole
algorithm is as shown in Alg. 1.

Algorithm 1 RL Training with Discrete-Time CBF Safety

1: Initialize policy parameters 6, initial configuration g,
safety function h
2: for step = 1 t0 Nygeps do

3 Initialize gy, observation og
4 for k=0t0T—1do
5 V};Ohcy < T (Ok)
policy policy
6: Q1 At Aty
7: a; = Vh(qr), by = —ah(qy) .
8 Compute CBF condition: ¢ = a] vi>' — by,
9 if ¢ > 0 then v{*® « vPOIY,
. b — a] vV al
10: else v « vPOIY W
) ag
11: qZ"fﬁ — qi + At Vzafe
12: A, g1 ENVIRONMENT,UPDATE(qi?ﬁ)
13: r —  w [min (agvgomy — by, 0) +
”vpolicyivsafeHZ
exp (- IR 1) 4 R(agy)
14: Store transition: (qy, o, qzihfy Qe g, r)
15: end for
16: Update policy parameters 0 < nVoL(0, 1)
17: end for

Single Integrator Example To demonstrate our proposed
approach and analyze the effect of each component of CBF-
RL, we perform extensive ablation studies on a single inte-
grator navigation task. The agent is placed into a 2D world
with obstacles and tasked with going to a specified goal. The
starting, obstacle, and goal locations are all randomized, and
extra care is taken such that the agent always initializes in a
safe state following [13]. The single integrator has dynamics
dk+1 = qr + Vi At where q = (x,y) is the robot position,
v}, is the velocity of the agent, and At is the timestep size.
The safety barrier function h is defined as

ha) = min { min (la =yl = (rgen +7)).  24)
T — Tagents (L — ) — Tagents
Y — Tagent, (L —y) — ragem}
%7 j* € argmin; h;(q),
Vh(q) = i(;., v if lefy/right wall active, (25
tey, if bottom/top wall active,

where p; is the position of the jth obstacle with radius 7,
the agent also has radius r,gen and the size of the world is

L. Thus we can formulate the training-time safety filter with
(20) and define our reward modification associated with the
safety with (23). Full reward terms are shown in Table II.

Ablation To validate our method, we train 4 variants (Dual,
Reward-only, Filter-only, Nominal) and test 12 variants fol-
lowing Table III for 1500 steps with 4096 parallel environ-
ments. We also evaluate policies trained with filtered action
then deployed without a runtime filter (rt. filt.). The training
progress can be seen in Fig. 3, where we observe that the
Dual and Filter-only approaches achieve rapid convergence
while remaining safe throughout training. Furthermore, as
illustrated by the trajectory comparisons in Fig. 4 as an
example from over 1000 random test environments, the Dual
approach is able to reach the goal in both domain randomized
and non-domain randomized settings, even without a runtime
filter, while the other methods fail to do so. Notably, the Filter
Only approach performs well only with an active safety filter
and degrades markedly without it.

Robustness To further investigate the robustness of the
policy induced by domain randomization (DR), we train
the dual approach with noise on the dynamics model, i.e.
dr+1 = Qi + (v + d)At where d follows the standard
normal distribution scaled by 20% to the maximum velocity.
It is observed that the policy trained with the dual method
overall suffers least from the dynamics disturbance as can
be seen in Table L.

TABLE 1. Success rates over 1000 random test environments for different

methods, with and without DR. The dual policy consistently performs well
and suffers less degradation due to dynamics uncertainty.

Dual Dual (w/o rt. filt.) Reward Only
No DR 99.0% 92.7% 91.9%
DR 99.0%(—0%) 91.7%(—1%) 87.6%(—4.3%)
Filter Only Filter Only (w/o rt. filt.) Nominal
No DR 98.8% 38.7% 51.4%
DR 96.7%(—2.1%) 36.8%(—1.9%) 55.0%(+3.6%)

IV. CBF-RL FOR SAFE HUMANOID LOCOMOTION

In the following section, we present two different use cases
of CBF-RL in humanoid locomotion to show the generality
and performance of our method. Each uses a different set of
user-specified reduced-order coordinates and a valid CBF for
the resulting reduced-order dynamics. The nominal rewards
and observations (history length 5) follow [37]. Note that
for blind stair climbing, we employ the asymmetric actor-
critic method [38] and provide a height scan of size Im
x 1.5m with a resolution of 0.1m to the critic observation
with a history length of 1. We use an MLP policy with 3
hidden layers of [512,256,128] neurons running at 50Hz,
outputting the joint position setpoints of the 12-DoF lower
body for the Unitree G1. We train in IsaacLab with 4096
environments with At = 0.005s. Each episode lasts for
a maximum of 20,000 steps on the NVIDIA RTX 4090
GPU and perform zero-shot hardware transfer experiments
to verify our approach.
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Mean episode reward vs. steps

o e N
2000+ 34
= 1500 26 £
5 g
5 1000 L7
O
5001 r9
0- -0
0 500 000 1500
Step
Dual Reward Only == Filter Only === Nominal
= = Dual Collisions Reward Only Collisions
= = Filter Only Collisions == = Nominal Collisions

Fig. 3. Training progress with the Dual, Reward Only, Filter Only and
Nominal methods. Dual and Filter Only achieve faster convergence and
avoid training-time safety violations.

TABLE II. Reward terms for single integrator navigation. Agent is
rewarded for staying alive and closing the distance to the goal and penalized
for hitting the obstacles / walls, exceeding the set time to complete the task,
and violating the CBF conditions or not proposing safer actions

Reward Formula

Tgoal 1.0 - 1(goal reached)

Tobstacle —-1.0- l(obstacle collision)

Twall —1.0 - 1(wall collision)

Tprogress ~ 20.0 - Ipe—1 — gll — lIp: — gl - 1(active)
UmaXAt

Talive 0.01 - 1(active)

Tebs 100 (min(Vh(a) v + ah(a), 0)

v
+ exp( - W) - 1) - 1(active)
Ttimeout ~ —10.0 - 1(time exceeded)

A. Task Definition

Planar Obstacle Avoidance First, we consider the task
where a humanoid robot needs to avoid obstacles during
locomotion without intervention, even when the velocity
command is to collide with the obstacle. Thus, we can
simplify the safety problem as a single integrator problem
where the policy modulates the robot’s planar velocities
voise » = [vz, vy] to maintain safe distances from the closest
obstacle, a cylinder centered at p] in the robot frame. We
define the safety function h(p) = ||p}||— R, — R, where R,
and R, are the radii of the robot and the obstacle respectively.
We then train our robot with the CBF reward:

T
Vplanar + ah(P)» 0)

R P,
Tobstacle cbf = mln( HP?H
o

base vsafe

_ 2
_|_ eXp <_ valanar — planar“ ) _ 1 (26)

Stair Climbing Second, we consider the task of humanoid
locomotion on stairs. For this task, we consider the kinematic
model of the foot as our reduced-order model q;*y; = q; +
At IV (q§¥)viY, where g*% = [p,,py]7 is the swing foot’s
position in the body frame, J* comprises the rows of the
robot’s body Jacobian associated with the foot’s position,
and vV is robot’s joint velocities. In climbing stairs, one

@ Start

Trajectory Comparison
Y y P mm= Nominal X

g - Dual v
* Dual (w/o rt. filt.) v
Reward Only v/
6 ‘ === Filter Only v'
Filter Only (w/o rt. filt.) X
41 s Nominal DR X
Dual DR v
2 4 == = Dual (w/o rt. filt.) DR v/
Reward Only DR x
. === Filter Only DR X
04

Filter Only (w/o rt. filt.) DR X
2 4 6 8 10 Goal

Fig. 4. Trajectory comparisons of one example simulation. The black dot
is the start and the yellow circle is the goal. Success = reaching the goal;
failure = collision with obstacles or wall.

TABLE III. List of method configurations for single integrator navigation.
We ablate all permutations of the two main components of CBF-RL.

Method Training Deployment DR
Nominal Nominal No Runtime Filter No
Dual Reward+Filter Runtime Filter No

Dual (w/o rt. filt.) Reward+Filter No Runtime Filter No

Reward Only Reward No Runtime Filter No
Filter Only Filter Runtime Filter No
Filter Only (w/o rt. filt.) Filter No Runtime Filter No
Nominal DR Nominal No Runtime Filter Yes
Dual DR Reward+Filter Runtime Filter Yes

Dual (w/o rt. filt.) DR Reward+Filter No Runtime Filter Yes
Reward Only DR Reward No Runtime Filter Yes
Filter Only DR Filter Runtime Filter Yes

Filter Only (w/o rt. filt.) DR Filter No Runtime Filter Yes

problem is the robot hitting its toe against the next stair riser.
We design the barrier as the distance to a hyperplane tangent
to the stair after the one it is currently stepping on: h(q) =

stair

pstair —p . where ps®" is the z position of the hyperplane

in the body reference frame. Thus the CBF reward is:
T'next stair cbf = mln( ( - JZW(Q))V +a h(q)7 O)

(_ Hq — qsafe||2

o2
added to the nominal rewards including modifications to the
feet clearance reward where the reference feet height now is
dependent on the stair at the front of the robot and also a
penalty on the swing foot force.

+ exp )— 1L (27)

Hardware Deployment Considerations The stochasticity
of real-world state estimation hinders the deployment of
runtime explicit filters. CBF-RL is able to internalize safety
by learning to map noisy observations to inherently safe
actions, thus reducing the reliance of such a filter.

B. Hardware Experiments

Obstacle Course The obstacle course comprises 2 parts:
the first part is the obstacle avoidance task, where the robot
has to prevent itself from colliding with the obstacles, even
if the velocity command intends otherwise; the second part
comprises stairs constructed out of wooden pallets with a
riser height of 0.14m and tread depth of 0.3m. During
execution, the robot locates the obstacles approximated as
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Fig. 5. Robot trajectory, h, and command vs. actual velocity visualization. The robot avoids obstacles approximated as cylinders without a runtime safety
filter and climb up stairs. The velocity plots show the robot modulating its own velocities despite the command and the A plot quantifies safety.

Fig. 6. Snapshots of high stairs of riser height 0.3m. The nominal policy clips its feet against the riser and stumbles, as shown with the red CBF violations
while the CBF-RL dual trained policy successfully climbs up and down. The yellow star marks the point the robot’s feet collides with the stair riser.

Fig. 7. Snapshots of outdoor experiments. The robot is able to climb up stairs of varying roughness, tread depths and riser heights.

cylinders using the ZED 2 RGB-D camera through point
cloud clustering. As seen from the A values in Fig. 5, the
robot modulates its own velocity to avoid the obstacle, even
when the velocity command prompts it to do so. However,
it has no terrain perception and only uses proprioception for
stair climbing. Despite this, we observe that the robot uses
proprioception to determine when to climb and how high to
lift its feet, successfully climbing the wooden stairs.

Stair Climbing Robustness In order to further test the
robustness of our method, we experiment both indoors and
outdoors. During indoor experiments, we perform continuous
runs up and down stairs and also test the performance of the
policy on high stairs, with the dual-trained policy able to
climb up stairs 0.3m high and the policy trained without
the CBF modifications unable to do so, as shown in Fig.
6. Here we note that the robot is able to gage the depth
and height of the stairs through proprioception and adjust
its footsteps accordingly. For outdoor experiments, we test
the dual-trained policy on concrete-poured stairs of different

roughness and sizes, with rougher stairs of riser height 0.14m
/ tread depth 0.33m and smoother stairs of riser height 0.15m
/ tread depth 0.4m respectively, as shown in Fig. 7, where
the robot could adjust its center of mass by modulating the
torso pitch angle to account for deeper and higher stairs.

V. CONCLUSION

This paper introduces CBF-RL, a lightweight dual ap-
proach to inject safety into learning by combining training-
time CBF safety filtering with reward design, leading to
policies that internalize safety and operate without a run-
time filter, demonstrating its effectiveness through simulated
and real-world experiments. Looking forward, we plan to
incorporate automated barrier discovery, perception-based
barriers, and extend the application of CBF-RL beyond
locomotion to whole-body loco-manipulation, which will
address broader humanoid capabilities.
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