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Abstract— Reinforcement Learning (RL) has progressed
from simple control tasks to complex real-world challenges with
large state spaces. While RL excels in these tasks, training time
remains a limitation. Reward shaping is a popular solution,
but existing methods often rely on value functions, which face
scalability issues. This paper presents a novel safety-oriented
reward-shaping framework inspired by barrier functions, of-
fering simplicity and ease of implementation across various
environments and tasks. To evaluate the effectiveness of the pro-
posed reward formulations, we conduct simulation experiments
on CartPole, Ant, and Humanoid environments, along with real-
world deployment on the Unitree Gol quadruped robot. Our
results demonstrate that our method leads to 1.4-2.8 times faster
convergence and as low as 50-60% actuation effort compared
to the vanilla reward. In a sim-to-real experiment with the Gol
robot, we demonstrated better control and dynamics of the bot
with our reward framework. We have open-sourced our code
at https://github.com/Safe-RL-IISc/barrier_shaping.

I. INTRODUCTION

Reinforcement Learning (RL) has demonstrated substan-
tial success in various domains, including gaming (e.g.,
Minecraft [1] and Atari [2]), language model optimization
(e.g., Sparrow [3] and InstructGPT [4]), and robotics [5], [6].
However, all of these methods including RLHF [7], which
addresses RL’s sample efficiency issues in other domains,
can be costly when applied to robotics, including sim-to-
real transfer scenarios. Despite having its limitations, reward
shaping provides a simpler, more accessible and efficient
alternative to address these issues even now. Well-crafted
reward functions guide the agent’s behaviour towards desired
outcomes, facilitating successful learning of the intended
task. Previous works ([8], [9]) have established reward-
shaping to accelerate algorithm convergence. Potential-based
reward shaping [10] is a well-known work that suggests
adding a potential function term initialized to the value func-
tion for reward-shaping. However, it needs a good estimate
of the value function, which is challenging in the case of
sparse reward models and in complex environments due to
dimensionality [11], [12], [13].

With a view to improve upon existing works on reward
shaping methods, we introduce Barrier Function (BF) in-
spired reward shaping, a simple, safety-focused framework
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Fig. 1: An example run of Humanoid with vanilla reward (Top)
and the exponential barrier reward (Bottom), trained for the same
number of time steps. Unlike the vanilla reward, barrier function-
based reward leads to more natural and less wasteful movements.

that enhances training efficiency and safety. Our approach
uses BFs to supplement the base reward in an environment.
Intuitively, when a BF is positive, the system’s state is
within the safe region. Accordingly, we can construct an
inequality by using the derivative of the barrier function,
which is in turn encoded in the form of a reward. This
reward-shaping term encourages the RL agent’s states to
not only remain within the safe zone, but also ensure that
undesirable behaviors are avoided at the limits. In this
paper, we propose two BF-based reward formulations: the
exponential barrier and the quadratic barrier. We assess our
framework across various environments, from CartPole[14]
to Humanoid[15]. Additionally, our approach improves the
walking performance of agents, as evident in Fig 1. We
also demonstrate sim-to-real transferability by applying our
framework to the Unitree Gol robot [16]. The key highlights
of the proposed framework are:

o A safety-oriented, intuitive and easy-to-implement bar-
rier function-inspired reward shaping framework.

o The framework leads to faster convergence towards the
goal and efficient state exploration by enforcing the
system within the safe set.

o It leads to lesser energy expenditure as the barrier
function constrains the states within desired limits, thus
avoiding extreme actions.

II. RELATED WORK

Reward Shaping : Positive linear transformation [17], [18],
[19], leverages the principles of utility theory to enhance
agent performance by adding rewards for state transitions as
the difference between the values of the arbitrary potential
functions applied to the respective states. In [20], a Bayesian
approach to reward shaping is presented, which incorporates
prior beliefs and adapts with experience. While effective, this
method is model-based and may not generalize well across
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different environments. Signal temporal logic, explored in
[21] and [22], can serve as a formal specification for reward
formulation but is also model-dependent. The safety and
stability of the agent and environment remain unaddressed.
To the best of our knowledge, for the first time, we explore
the agent’s safety and stability using reward shaping that en-
sures faster convergence along with less energy consumption
during training and testing.

It is worth mentioning that, in our formulation, we omit
energy terms from the shaped reward as they often clash with
the environment’s goals. For example, in CartPole, including
an energy term would prioritize having the pendulum ver-
tically down, which isn’t the intended objective. Adjusting
energy terms requires extra tuning, complicating things for
larger robot models. Similarly, alternative reward-shaping
approaches like angle limits and velocity limits may lead to
undesirable behavior, keeping the agent within bounds but
failing to achieve the main objective. Intuitively, there is a
relationship between the positions and velocities that must be
respected at the limits. Violation of this can restrict explo-
ration and learning, hindering effective policy development.
The CBF based constraints encode this relationship, thereby
ensuring that the position-velocity values are not in conflict.

Safety : [23] introduces a framework that combines model-
free reinforcement learning with model-based CBF con-
trollers and learned system dynamics to ensure safety during
exploration. Since it is model-based, a good knowledge of
the system dynamics is required. [24] proposes using reach-
ability constraints to expand the feasible set, resulting in a
less conservative policy compared to CBF-based approaches.
[25] explores a more data-driven approach using two neural
networks to learn the controller and safety barrier certificate
simultaneously achieving a verification-in-the-loop synthesis,
but requires formal verification (using SMT solvers) to
ensure constraint satisfaction. Lastly, [26] discusses learning
to restructure an MDP reward function for accelerated rein-
forcement learning, but it can be computationally intensive.
Tan et al. [27] link CBF to a value function to enforce verifi-
able safety. Our approach aligns with the idea of leveraging
model-based constraints for improved performance, but it
doesn’t require learning system dynamics, making it more
generalizable. We also allow for adjustable constraint levels
(soft or hard) to prioritize returns or constraint satisfaction.
Furthermore, we eliminate the need for formal verification,
as our formulation inherently satisfies constraints.

ITI. PRELIMINARY
A. Reinforcement Learning

Reinforcement learning (RL) can be described as a dis-
counted Markov decision process (MDP), defined by the
tuple M = (S, A, P, r, v), where S is a set of states, A
is a set of actions, P : S x A — S is the deterministic
state transition function, r : & x A — R is the reward
function, and v € (0,1) is the discount factor. In RL, the
goal of the learning algorithm is to converge on a policy
7 § — A that maximizes the total (discounted) reward
after performing actions on an MDP, i.e., the objective is

to maximize E(Tvtrt, where 7; is the output of the reward
function r for the sample at instance ¢. Since a policy maps a
state to an action, the value of a policy is evaluated according
to the discounted cumulative reward. Given this MDP, we are
interested in shaping the rewards by using barrier functions,
described in the next section.

B. Barrier Functions

For practical applications, we often want the system state
s to stay within a safe region, denoted as a set C. The set C is
defined as the super-level set of a continuously differentiable
function h : § C R™ — R satisfying,

C={seS:h(s) >0} (1)
OC ={s e S:h(s)=0} ()
Int(C) ={s €S :h(s) >0}, 3)

where Int (C) and OC denote the interior and the boundary
of the set C, respectively. It is assumed that Int (C) is non-
empty and C has no isolated points, i.e. Int(C) # ¢ and
Int (C) = C. The set C is said to be forward invariant (safe)
ifVs(0) € C = s(t) € C VYt > 0. We can mathematically
verify the safety of the set C by establishing the existence
of a barrier function. We have the following definition of a
barrier function (BF) from [28].

Definition 3.1: Given the set C defined by (1)-(3), the
function h is called the barrier function (BF) defined on
the set S if there exists an extended class IC function k such
that for all s € S:

h (s, $)+ & (h(s))>0. 4)

Here k : (—00,00) — (—00,00) is a strictly increasing
continuous function, with x(0) = 0. x is widely called an
extended class K function. Note that /u(s, 5) := %é, where
5 is the time derivative of s. Even if the MDP is in discrete
time, $, and consequently h, can be calculated approximately
as h ~ %(st —84—1)/At, where s, s;_1 are the samples of
the states obtained at time steps ¢ and t—1, and At is the time
interval between two samples. It is worth mentioning that the
classical definition has the actions or controls u as one of
the arguments along with model in (4), thereby making it a
control barrier function (CBF). For this paper, we avoid the
use of inputs and make estimates of the derivative of h by
using s. This allows us to use barrier functions in a model-
free way and is sufficient for the presented work as our focus
is on reward shaping.

If we are able to restrict the states of the system s, s in
such a way that the inequality (4) is satisfied, then we know
that the set C is forward invariant (safe). We can use this
idea to shape the reward functions in such a way that any
violation of safety causes a loss of reward. We will formally
show the reward-shaping methodology in the next section.

IV. REWARD SHAPING METHODOLOGY
A. Reward Shaping using Barrier Functions

Having described BFs and their associated formal results,
we now discuss BF-inspired reward shaping in the context
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of RL. Reward shaping is a method for engineering a reward
function to provide more frequent feedback on appropriate
behaviours. To illustrate our framework, we propose the
shaped reward " in (5), which we obtain by adding a term
to the traditional vanilla reward r.

BF (. -

=r(s)+ 17 (s,8) , ®)

N—_——

additional reward
8, 8) is our barrier function inspired reward shaping
term. We emphasise that the new reward r’ depends on 5.
From Definition 3.1, C is forward invariant if and only if
there exists a barrier function h such that it satisfies (4).

Thus we define rBF as
TBF(

7' (s, 3)

,r,BF (

h(s, 3) + yh(s). (6)

s, 8) =

In order to satisfy (4) we have taken the extended class K
function x as k(m) = ym, v € Rsy. This gives our shaping
term 7BF the desirable property of positively rewarding the
agent when it is in a set of safe states C while negatively
rewarding otherwise.

The BF h: § — R is chosen to be a suitable function
that constrains specific quantities in S, such that it would
lead to desirable properties like actuation safety and training
efficiency. The following section provides specific examples
of BF-based reward shaping.

Remark 4.1: Since, in RL task, our goal is to find a policy
7 : S — A that maximizes total (discounted) reward, as
we maximise the proposed reward (5) it will also enforce
the condition (4) in Definition 3.1 and thus implies safe
execution of the task. However, it is essential to note that
this approach does not provide a safety guarantee and does
not imply safety during training.

B. Barrier Function Formulation
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Fig. 2: Plots illustrating the proposed barrier functions (7)-(8). Dashed lines
represent the constraint limits (-1,1).

In an RL task, some state variables should ideally lie
between a safe range of values. Violating these bounds
can result in undesirable behaviours. To constrain them
within their safe bounds, we must use an appropriate barrier
function, h(s,d) = h(s) parameterized by §. We propose
two barrier functions: a quadratic function hAquag (7) and an
exponential function hey, (8).

hquaa(s, &) 25 sp — s (s}ni“ — sl) @)
lec
hexp (5, 8) b, [1 = (ePGi=s™) L edo(si™=s1) )| (g)
-l ]

where & = [0,,8], 6 € RZ, is the vector parameter, and
L ={lp,l1,la,...} is the set of indices for the elements of
the state variables of the model whose values we want to
constrain. In particular, {s;} is It" element of state vector s,
which is the value of the state variable upon which we wish
to enforce the bounds (smm s7"). The choice of § and the
bounds (sm‘“, s]"™) is elaborated in the following section.

Since h(s,d) is positive for an | € £ only when s; €
(smin sMaxX) " and negative otherwise, h(s,d) qualifies as a
barrier function and 7BF can be computed by Eq. (6).

For appropriate values of d, heyp is flat within the bounds
and tapers down sharply outside them, which allows for bet-
ter exploration while staying within the bounds. In contrast,
the shape of hquag makes it more suitable for tasks that
require s; to be constrained near the central values (Fig. 2).

Barrier Function Reward

=20

ds/dt

-40

-60

Fig. 3: Density plot of the quadratic BF reward, rgid constructed using
(6) and (7) with (-1,1) as the bounds on s. Notice that the reward depends
on s and $. The solid and dotted contour lines correspond to positive and
negative values of the reward, respectively.

The reward rBF is a function of both s and §. Thus, it
jointly constrains them depending on their values (Fig. 3).
To get a more intuitive understanding, consider the following,

(s, 8) = (s, 5) + vh(s)
_ Oh(s) ds _ Oh(s) . )
= s d@L +vh(s) = 55 5 + vh(s)
Taking the partial derivative of 7BF with respect to § gives,
orPi(s,5) 9 Oh(s). O _Oh(s)
T2t Sk 2 (h(s) = T = ()
(10)

Now, if the barrier function h(s) is taken to be a concave
function, then there exists an sp € (s™", s™*) such that
h'(s) > 0 for all s < sy and negative otherwise. Thus,
from (10) we can infer that when s < sq i.e. it is near the
lower bound, (9/93)rBF = h/(s) is positive. As an RL policy
wants to maximize BF, it promotes 5 to be positive. Given
that $ denotes the rate of change of s over time, a positive $
causes s to increase, moving it away from the lower bound
s™n_ Conversely, the opposite effect applies when s is near
s™_ In both cases, s is promoted to move towards Sg.

Thus, rBF works with both s and $ to promote safety.
This effect is lacking with other reward shaping methods
that constrain only s within some bounds for safety. It can
be verified that both of our proposed barriers hquaq and heyp
are concave functions with sg = (s™** 4 s™") /2.
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Fig. 5: 6, and x-position vs time-step graph showing control flow to stabilize -40° pole angle in the

Fig. 4: Energy expended to stabilize initial angles
for each reward formulation in the cartpole envi-
ronment

V. SIMULATION EXPERIMENTS

We experimentally evaluate our BF-based reward-shaping
formulation on OpenAl Gym’s Cartpole [29], and MuJoCo
environments like Half-Cheetah [30], Humanoid [15], and
Ant [14]. We used the Twin Delayed DDPG (TD3) [31]
algorithm with two variants of the BF-based reward shaping:
Toma (7) and 73, (8), which yield the gy ; and gy, policies
respectively. The environment’s vanilla reward is used as
the baseline. All experiments were performed on a Ryzen

Threadripper CPU, 64GB RAM, and an NVIDIA RTX 3080.

A. Cartpole

Reward Shaping: The state-space contains the pole angle
0,, pole angular velocity wy,, cart’s position z., and velocity
v.. The task consists of balancing a pole attached to a moving
cart, i.e. we want 0, = 0. The vanilla reward is r = +1
for every step taken. We define (65", 00%) = (s, s7)
as the pole angle’s desired threshold range for the goal
(6, = 0) around which we want the pendulum to stabilize,
hence h = h(6,,d). This bound is taken as the maximum
angle deviation ¢ from which the pole can balance itself.
According (5)-(6), the quadratic BF (7) shaped reward is
given as, (taking v = 1, 65 = -0 = ¢)

Tquad = 1+ h?,iiﬁd(a 8) 4 Yhguaa ()
=1+ 8,((¢* — %) — 20,w,),0, € R

Results: Fig. 4 shows energy expended till stabilisation
vs initial angle for a range of angles. As can be read,
the performance of policy using vanilla reward is energy-
expensive compared to that of with 7BF. For one unit of
energy spent by the vanilla policy, g, policy spends 0.79
units, 7o, policy spends 0.59 units. Fig. 5 describes the
control performance for the same initial state. In contrast
to Tpyq Policy, the Vanilla policy exhibits chaotic behaviour
with no convergence to the 6, = 0 value. Thus our moy
policy maintains safety during deployment. In Fig. 4 multiple

barrier refers to 7B constructed on w,, and v, along with 6,,.

(11)

B. MuJoCo Walker Environments

Reward Shaping: For walkers like Half-Cheetah [30], Ant
[14], and Humanoid [15], the task is to learn to run as fast
as possible. We use the same rBF formulation for all these
environments as essentially they all have a similar state space

S containing z,,,, ©" and Q“, where ©" and Q" are the

cart pole environment. The policy clearly shows that the vanilla policy struggles to stabilize the pole
angle close to zero, while the quadratic policy accomplishes this in a few time-steps.

set of agent’s joint angles and angular velocities, respectively.
The vanilla reward r given by (12) has multiple terms that
guide the agent to move forward (7forwara) Without falling
(Thearth) and minimizing the contact forces (rcontact)-

7" = Thealth + Tforward T Tcontact- (12)

Since the task involves running, we seek to constrain the
agent’s joint angles ¢; € ©Y within a range of angles
(@min, gmx) VI € L. In this case, £ is the set of all joint
angles. Thus, 6; is analogous to s;. These bounds correspond
to the range of angles within which a joint can safely turn,
violating which could lead to damage to the actuators or
collision with other parts of the body. These general bounds
are specified in the robot description and do not require
additional domain knowledge. The optimal parameters & for
(7)-(8) were found by performing a grid search.
Metrics: The metrics used to evaluate the policy perfor-
mance are (i) Actuation Coefficient, computed from the
episodic energy-velocity curve (Fig. 7), (it) Training Speed,
computed from the velocity-timestep curve (Fig. 6). All the
experiments were repeated for ten random seeds.

The energy &, used by a walker w in a time-step is

calculated by
Ev=) Ab;-7
J€ETw

13)

where J,, is the set of all joints of the walker, 7; is the torque
exerted by the agent on the joint j, and Ad; is the change in

the joint angle. The episodic energy is the sum of £, over an
episode. Since the task of these environments is to maximise
the velocity v,,, we define the Actuation Coefficient (given
in Table. I) as

gepisodic
(Actuation Coefficient),, =

w

(v’
This term represents the energy expended or the effort made
by the agent to achieve a certain Kinetic energy.
Results: Table I shows that for Humanoid, gy, policy takes
only about 49% actuation energy to achieve the same kinetic
energy as the vanilla policy. Fig. 7 (Left) shows that the
7BF policies reach a higher maximum velocity for the same
training time-steps. Fig. 6 (Left) shows that 7g., policy
converges to a higher velocity in much fewer training time-
steps. Table I shows that ﬁfxf; policy converges 1.56 times
faster, while mgy, policy is no worse than vanilla policy.

Continuing the trends from Table I, we see that the 7BF

(14)
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Fig. 6: The plots for each MuJoCo walker environment, averaged for ten random seeds, show the episodic velocity for each training time step. Since these
environments aim to achieve as high a velocity as possible, these plots provide a good metric to judge the training speed.
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Fig. 7: The episodic energy (in joules) spent by the agent for achieving a particular velocity, averaged over ten random seeds. We see that the policy
trained with exponential BF-based reward shaping performs the best across all the environments, consuming the least energy.

Policy Humanoid Half-Cheetah Ant
Rel. Actuation Coeff. Rel. Time Rel. Actuation Coeff. Rel. Time Rel. Actuation Coeff. Rel. Time
__ Nanilla 0 _____t0__ ____100_______ 100 ___ 100 ____100___
Quadratic BF 0.66 + 0.08 0.89 £+ 0.12 0.97 £ 0.08 0.68 +0.03 0.62 +0.05 0.76 £ 0.15
Exponential BF 0.49 +0.03 0.64 +0.06 0.92 +0.05 0.96 £+ 0.02 0.63 £ 0.06 0.36 +0.05

TABLE I: Experiment results for different environments and reward formulations. The Relative Actuation Coefficient field is the episodic energy expended
in actuation (in joules) divided by the squared velocity (m2?s~2) relative to vanilla reward. The result is averaged over 100 best runs. Relative Time is the
relative training time steps taken by a reward formulation to achieve the same maximum velocity as the Vanilla reward (averaged over 10 random seeds).

policies on Ant and Half-cheetah share similarities with
the results in the Humanoid environment. These similarities
include reduced kinetic energy, quicker convergence, and
increased agent velocity within the same time-step frame.

VI. SIM-TO-REAL ON HARDWARE

A. Implementation Details

Hardware: We deploy our trained policies on the Unitree
Gol robot [16], a quadruped with 12 DOFs. We rely on the
SDK provided by [32] to communicate between our code and
the low-level control SDK provided by Unitree. The control
frequency is SOHz for both simulation and hardware.
Simulation and Training: We use an open source imple-
mentation of the Gol in the Isaac Gym simulator [33].
We train the policies for 2500 episodes on 4000 parallel
environments using PPO [34] with both the Vanilla Reward
and fof; constructed using hexp (8), having same formulations
as given in V-B for other walkers. The joint angle bounds
were taken from the physical specifications of the robot.
Domain Randomization: To enhance sim-to-real transfer,
we train a policy that remains robust across variations in
robot attributes such as body mass, motor strength, joint
position calibration, ground friction, restitution, and gravity
orientation and magnitude by varying these quantities.

B. Simulation and Training Results

The Vanilla reward is comprised of three components:
target velocity tracking, target angle tracking, and target
height jump. As depicted in Fig. 8 (Top Row), our proposed
policy %" trained with the g, shaping term added to the
vanilla reward consistently outperforms the Vanilla policy
across all three tasks. In Fig. 8 (Bottom Row), it’s evident
that 78F utilizes only 78% of the energy compared to Vanilla,
as calculated using (13). Furthermore, 7BF exhibits improved
action smoothness (negative of change in action) and sig-
nificantly lower maximum action values, thereby enhancing
safety for deployment.

C. Hardware Results

Vanilla Policy: The Vanilla policy (Fig. 9 Bottom) resulted
in unstable movements and limb instability, particularly
affecting the front right limb during basic commands like
forward motion and re-direction (Fig. 9). This led to a fall,
from which the robot autonomously recovered but at the
cost of posing practical deployment risks. The robot’s joint
movements lacked coordination and efficiency, frequently
deviating from the intended path and causing the front hinge
joints to approach dangerously close to the ground.

7BF Policy: The policy trained with the new reward signifi-
cantly enhanced the Gol robot’s performance, with improved
balanced and coordinated movements despite having half
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Fig. 8: Training plots for the Gol robot in the Issac Gym simulation environment. The top row show that our policy 7BF trained using Texp
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Fig. 9: Top row shows a sample run for the velocity tracking task using 7BF policy trained for 2.5k episodes. Bottom row shows the vanilla policy
performance, trained for 5k episodes. Frames are 0.4 sec apart. The video can be found here: http://www.stochlab.com/redirects/rewardshaping2023.html.
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Fig. 10: Action values for two front shoulder flexion joints of Gol for
Vanilla Policy (left) and 7BF Policy (right) for a sample run of the velocity
tracking task. The action values represent angle targets that are later clipped
to a suitable range. It can be seen that the actions for 7BF are smoother,
rhythmic and have lower action value.

the training duration as the Vanilla policy (Fig. 9 Top).
It flawlessly followed RC controller commands, ensuring
safety without falls or risky behaviour. The advantages of
the 7BF policy are further affirmed by Fig. 10 where 7BF
policy leads to more consistent and rhythmic action values.
This characteristic enhances safety for the actuators and
contributes to increased task efficiency.

VII. CONCLUSIONS

In this paper we propose barrier function (BF) inspired
reward shaping, a safety-oriented, easy-to-implement reward

shaping formulation for robotic platforms. This approach is
based on theoretical principles of safety provided by barrier
functions. The shaping term aims to encourage agents to
remain within predefined safe states during training. This
enhances training efficiency and ensures safer exploration. To
illustrate our formulation process, we proposed two barrier
functions: exponential and quadratic.

While prior works, e.g. by Cheng et al. [23] achieved
high training efficiency and state safety, their framework
needs the system dynamics model. In contrast, our method
eliminates this need, thus being easy to implement in com-
plex environments. However, a limitation of our study is
that we have only tested with barrier functions of joint
angles. Further investigation into other quantities such as
joint angular velocities could offer a more comprehensive
understanding of our reward’s effectiveness.

We employed the Unitree Gol robot [16] as our hardware
platform for sim-to-real experiments. Our reward-shaping
methodology emerged superior through comparative analysis
with [32], revealing smoother, more rhythmic control dynam-
ics. The results indicate that our formulation is an easy way
to introduce safety and efficiency in RL training.
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