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Abstract— Shifting from traditional control strategies to Deep
Reinforcement Learning (RL) for legged robots poses inherent
challenges, especially when addressing real-world physical con-
straints during training. While high-fidelity simulations provide
significant benefits, they often bypass these essential physical
limitations. In this paper, we experiment with the Constrained
Markov Decision Process (CMDP) framework instead of the
conventional unconstrained RL for robotic applications. We
evaluated five constrained policy optimization algorithms for
quadrupedal locomotion using three different robot models.
Our aim is to evaluate their applicability in real-world sce-
narios. Our robot experiments demonstrate the critical role of
incorporating physical constraints, yielding successful sim-to-
real transfers, and reducing operational errors on physical sys-
tems. The CMDP formulation streamlines the training process
by separately handling constraints from rewards. Our findings
underscore the potential of constrained RL for the effective
development and deployment of learned controllers in robotics.

I. INTRODUCTION

The use of Deep Reinforcement Learning (RL) for robotic
control is on the rise, revolutionizing the way control policies
are created for legged robots and other complex dynamic
systems. Particularly, model-free approaches have gained
prominence, replacing traditional optimization-based meth-
ods. This paradigm shift can be attributed to the high-
capacity neural network models, effective model-free algo-
rithms that can solve complex problems, and efficient tools
for data-generation (i.e. simulations). As a result, the synthe-
sis of locomotion policies for legged robots has become more
straightforward and accessible, as evidenced by the growing
number of RL-based controllers in recent literature.

The so-called sim-to-real approach is commonly em-
ployed, where policy training solely relies on simulated data.
This is due to the inherent requirements of widely-used
algorithms such as Proximal Policy Optimization (PPO) [1]
and Soft Actor Critic (SAC) [2], which demand random
exploration and a significant number of samples. As a result,
training policies directly on hardware is both impractical and
hazardous. In recent years, diverse approaches have emerged
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Fig. 1: Training a wheeled-legged quadruped using con-
strained policy optimization. Additional components to con-
ventional PPO are highlighted.

to enhance simulation fidelity (e.g., actuator modeling [3],
hybrid simulator [4], [5]), and to robustify policies against
domain shifts (e.g., dynamics randomization [6], [7], privi-
leged training [8]).

Notably, while most existing research emphasizes enhanc-
ing simulation accuracy and regularizing policies for sim-
to-real transfer, a gap persists in the literature — a lack of
attention to physical constraints. Despite the studies done
in understanding and simulating the physical properties of
hardware, the incorporation of essential physical constraints
during training remains under-explored.

These constraints can be physical, such as limits on joint
velocities, torque limits, or safety regulations. Considering
such constraints is a common practice in model-based ap-
proaches [9], [10]. Existing literature provides compelling
evidence of its significance. For instance, Gangapurwala et
al. [11] first utilized a Constrained Proximal Policy Op-
timization (CPPO) algorithm to train a locomotion con-
troller for a quadrupedal robot, achieving both constraint-
consistency and high performance. Kim et al. [12] also
experimented with a modified version of Interior-point Policy
Optimization (IPO) [13] algorithm and showed rough-terrain
locomotion with a generalizable Constrained Markov Deci-
sion Process (CMDP) formulation.

In this paper, we evaluate various first-order constrained
policy optimization methods, focused on the application to
legged locomotion. We formulate velocity-tracking locomo-
tion as a CMDP [14], effectively isolating the physical
constraints from the reward function. Additionally, we intro-
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duce a modification to existing algorithms to enhance both
stability and final performance.

Our main results can be summarized as follows:

1) We evaluate five first-order constrained RL algorithms
on quadrupedal locomotion task in simulation, using
two robot models of different sizes and capabilities. We
identify suitable algorithms for practical applications
based on constraint violations and final performance.

2) We demonstrate the effectiveness of the constrained
RL approach in handling physical constraints with the
wheeled-legged robot shown in Fig. 1.

From our experiments, we found out that the constrained
RL formulation yields fewer constraint violations compared
to the commonly used unconstrained approach. Additionally,
this reduces the reward-shaping effort for physical limita-
tions, a common practice in the existing research.

II. BACKGROUND

A. Constrained Policy Optimization

In RL, a control problem is typically modeled as a Markov
Decision Process (MDP), which is described by a tuple
(S,A, r, p, µ). Here, S is the set of states, A is the set
of actions, r : S × A × S → R is the reward function,
p : S ×A×S → [0, 1] is the state transition probability and
µ is the initial state distribution. To solve an MDP, we aim
to find a policy π : S 7→ P(A) that maximizes

JR(π) = E

[ ∞∑
t=0

γtr(st, at, st+1)

]
, (1)

where γ ∈ [0, 1) is the discount factor. Here, the expectation
E[. . .] represents the empirical average over a finite batch of
samples. s0 is sampled from an initial state distribution µ
and trajectories are sampled using π.

To address constrained problems, this framework is
extended into a CMDP. The MDP is augmented with
a set C of cost functions that capture constraint vio-
lations {c1, c2, . . . , cn} and corresponding limits E =
{ϵ1, ϵ2, . . . , ϵn} [14], [15]. Each ci : S × A× S → R maps
state-action-state triplets to the cost of the state transition.
In the constrained setting, an optimal policy maximizes
the expected discounted return in Eq. 1, while keeping the
discounted sum of future costs ci below their respective
threshold ϵi, yielding the constrained optimization problem:

max
π

JR(π)

s.t. ∀i ∈ {1, . . . , n}, JCi
(π) ≤ ϵi,

(2)

where

JCi
(π) = E

[ ∞∑
t=0

γtci(st, at, st+1)

]
. (3)

While many constrained RL problems in the literature con-
sider a single constraint (e.g [16], [15], [17]), the CMDP
framework is not limited to the single constraint setup [12].

Derived by the performance difference lemma by Shen et
al. [16], the constrained optimization problem in Eq. 2 can
be reformulated as follows:

max
π′

E
[
Aπ

R,t(s, a)

]
(4a)

s.t. JCi
(π) +

1

1− γ
Eπ′

[
Aπ

Ci,t(s, a)

]
︸ ︷︷ ︸

JCi
(π′)

≤ ϵi ∀i. (4b)

where Aπ
R,t(s, a) and Aπ

Ci,t
(s, a) are estimators of the reward

advantage function and cost advantage function for the i-th
constraint at timestep t, respectively.

B. First-order Optimization Methods for CMDPs

We compare five first-order policy optimization algorithms
in order to identify a method that is performant and stable. As
higher-order algorithms typically require resource-intensive
computation of the inverse Hessian or inverse Hessian-
vector products (see, e.g., CPO [15], PCPO [18], TRPO-
Lagrangian [17]), we restrict our scope to first-order algo-
rithms. We considered practical aspects such as the number
of hyperparameters, availability of an implementation and
the presented empirical results.

1) P3O: Shen et al. [16] proposed to augment the PPO
objective with penalties on the constraint violations. The ob-
jective function for Penalized Proximal Policy Optimization
(P3O) is defined as:

LCLIP
R (θ′)−

∑
i

κi ·max {0, JCi
(π′)− ϵi} , (5)

κi controls the weight of each constraint.
The first term LCLIP

R (θ′) is the clipped surrogate objective
by Schulman et al. [1], defined as:

LCLIP
R (θ′) = E

[
min(rt(θ

′)Ãπθ

R,t, clip(rt(θ
′))Ãπθ

R,t

]
, (6)

where rt(θ
′) denote the probability ratio π′(at|st)

π(at|st) , and the
operation clip(·) clips the value between 1 − δ and 1 + δ
with δ controlling the magnitude of policy updates. ÃR,t

denotes the normalized reward advantage.
Similarly, the final objective of P3O is obtained using

importance sampling and clipping of the importance ratios
of the cost advantages:

LP3O(θ′) = LCLIP
R (θ′)−

∑
i

κi ·max
{
0, LVIOL

Ci
(θ′)
}
, (7)

with

LVIOL
Ci

(θ′) = LCLIP
Ci

(θ′) + (1− γ)(JCi
(πθ)− ϵi)

LCLIP
Ci

(θ′) = E
[
max(rt(θ

′)Aπθ

Ci,t
, clip(rt(θ

′))Aπθ

Ci,t
)
]
.
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2) PPO-Lagrangian: Chow et al. [19] proposed to uti-
lize the Lagrangian relaxation. The Lagrangian method
approaches constraint problems with objective f(θ) and
constraint g(θ) by minimizing the Lagrange dual with dual
variable λ, resulting in the unconstrained objective:

min
λ≥0

max
θ

L(θ, λ) .
= f(θ)− λg(θ). (9)

Approximate solutions of this minimax objective can be
obtained via the iterative primal-dual method, which alter-
nates between updates on the primal variable θ and the dual
variable λ [20].

OpenAI researchers [17] suggested utilizing the iterative
primal-dual method with the PPO objective to derive the
following update:

θ′ = θ + αθ∇θ

(
LCLIP
R (θ)−

∑
i

λiL
CLIP
Ci

(θ)

)
, (10)

λ′
i = λi + αλi

(JCi
(θ)− ϵi). (11)

Here, αθ and αλi
are the learning rates of the gradient

ascent and descent steps, respectively. λ′
i is typically cut off

at zero, to ensure non-negativity of the penalty parameter.
3) IPO: Inspired by the interior-point method for con-

strained optimization problems, IPO uses logarithm barrier
functions ϕ(x) = log(−x)/k, with the hyperparameter k
to achieve an infinitely large penalty as the estimated cost
returns approach the constraint threshold ϵi. This results in
the objective:

LIPO(θ′) = LCLIP
R (θ′) +

∑
i:JCi

(θ′)<ϵi

ϕ(JCi(θ
′)− ϵi), (12)

where JCi
(θ′) can be estimated based on the advantages

using Eq. 4b.
4) CRPO: Constraint-Rectified Policy Optimization

(CRPO) [21] alternates between maximizing the objective
and minimizing the constraint violations whenever the
constraints are violated:

LCRPO(θ′) = 1JC(θ)≤ϵi ·L
CLIP
R (θ′)−1JC(θ)>ϵi ·L

CLIP
C (θ′).

(13)
1(·) denotes the indicator function.

5) FOCOPS: First-Order Constrained Optimization in
Policy Space (FOCOPS) solves the constrained optimization
problem in policy space and then projects the solution back
into parameter space, effectively also leading to an objec-
tive function with a constraint penalty [22]. For a detailed
derivation we refer to the original paper of Zhang at al. [22].

The algorithms P3O [16], PPO-Lagrangian [17], and
IPO [13] relax the constrained optimization problem in
Eq.2 into an unconstrained one using additional penalties
to the PPO objective. CRPO takes a simpler approach and
alternates between PPO updates with reward and cost advan-
tages [21]. FOCOPS [22] solves the constrained optimization
problem in policy space.

III. METHOD
We define a CMDP to train policies for velocity-tracking

perceptive locomotion. The training environment and MDP
inherit from the quadruped environment by Rudin et al. [23].

Task Rewards
Linear Velocity exp(−2.0 · ||vtargxy − vxy ||2)
Yaw Rate exp(−2.0 · ||ωtarg

z − ωz ||2)
Style Rewards

Base Stability exp(−v2z) + exp(−||ωx,y ||2)
Height −0.5 |htarg − hrobot|, htarg = 0.5
Joint Torque Minimization 1e−6 ||τ ||2
Joint Motion 1e−5 ||q̇||2 + 1e−6 ||q̈||2

Constraint Rewards (Removed for CMDP)
Command Smoothness 1 −0.01 ||qdest − qdest−1||2
Command Smoothness 2 −0.01 ||qdest − 2qdest−1 + qdest−2||2
Joint Torque Limits −0.01

∑
max(|τi,t| − τ limi , 0)2

Joint Speed Limits −0.1
∑

max(|q̇i,t| − q̇limi , 0)2

Joint Position Upper Limits −10.0
∑

max(qi,t − qubi , 0)2

Joint Position Lower Limits −10.0
∑

max(qlbi − qi,t, 0)
2

Body Contact −(Number of non-wheel contacts)

TABLE I: Reward Functions. q and τ are joint position and
torque vectors.

A. CMDP for Perceptive Locomotion

1) Reward Functions: Our reward function is a sum of
different reward terms provided in Table I. We define three
categories:

• Task Reward: This defines the main task objective. In
our experiment, the main task is to track linear velocity
command in horizontal direction (vxy) and yaw rate
(ωz).

• Style Reward: There can be many solutions for the ve-
locity tracking, e.g., different gait, base height, or differ-
ent orientation. We use extra rewards to guide natural-
looking motions. Kim et al. [12] similarly achieved
this by applying constraints to gait and other physical
quantities.

• Constraint Reward: High penalty is given when the
physical limits are violated. The constraint rewards are
replaced by the constraints in CMDP.

2) Constraints: For all constraints, we set ϵi = 0 and
defined cost functions such that each cost encapsulates a
specific physical quantity:

• Command Smoothness: For the sim-to-real transfer, it
is crucial to consider the tracking bandwidth of the
physical actuators [9]. Existing works regularize the
output with negative rewards on the first or second order
derivative of the commands [8], [23], [12]. This prevents
infeasible commands, reduces sim-to-real discrepancy
in the joint space, and vibration on the hardware.

We define two constraint functions as:

cc1,i = max(0, |(qdest,i − qdest−1,i)/dt| − q̇des,∗)

cc2,i = max(0, |(qdest,i − 2qdest−1,i + qdest−2,i)/dt
2| − q̈des,∗)

for each joints (i ∈ joints). dt is the timestep and q̇des,∗

and q̈des,∗ are thresholds.
The discounted sum of both costs are restricted to be

below the desired thresholds by setting ϵ = 0.0. q̇des,∗

and q̈des,∗ are hyperparameters, with q̇des,∗ set as half
of the joint speed limit, and q̈des,∗ = q̇des,∗/dt.

• Joint Speed: The constraint function is defined as an
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Fig. 2: Robot models used for experiments. (A) ANYmal C
(B) Barry [24] (C) Wheeled-legged quadruped [25]

indicator function:

cqv = 1(
∑

i∈joints

1(|q̇t,i| > q̇∗i ) > 0.0).

In other words, cqv = 1 if any of the joints violates the
speed limitation. q̇∗ is the physical limit of the actuator.

• Joint Torque: Joint torque constraint is defined similarly
to the joint speed constraint

cτ = 1(
∑

i∈joints

1(|τt,i| > τ∗i ) > 0.0).

• Joint Position: Each joint has different upper bound
(qub) and lower bound (qlb) positions. We only set the
limit angle for the hip joints to avoid self-collision.

cq = 1(
∑

i∈hip joints

(1(qt,i > qubi ) + 1(qt,i < qlbi )) > 0.0).

• Undesirable Body Contact: The cost is 1.0 when there
is any contact at the body parts except for the wheel or
foot, including self-collision.

B. Normalizing Cost Advantages

Advantage normalization is a widely used heuristic to
improve the stability of policy gradient algorithms [26]. This
technique is also applicable for constrained RL algorithms.

Consider the simplified objective for P3O:

L(θ′) = E
[
r(θ′)

(
Aθ

R − κ ·Aθ
C

)]
The un-normalized advantages Aθ

R and Aθ
C can have differ-

ent magnitudes, depending on the reward, constraints, and
the current policy’s behavior. With normalized advantages,

L(θ′) = E
[
r(θ′)

(
Ãθ

R − κ · Ãθ
C

)]
(14)

then the weighting of the constraints (κ) remains unchanged
regardless of the reward and cost functions. E.g., κ = 1
always corresponds to equal weighting of the reward and
cost advantages. This makes the algorithm more stable and
improves generalization across tasks, also as evidenced by
Kim et al. [12]. Furthermore, this prevents the cost advan-
tages from vanishing when cost violation is low.

For P3O and IPO, we need to reformulate the objectives
in Eq. 7 and Eq. 12. We start by expressing the constraint
in Eq. 4b in terms of normalized advantages:

(1− γ)(JCi
(π)− ϵi) + µCi

σCi

+ E
[
Aπ

Ci,t
− µCi

σCi︸ ︷︷ ︸
Ãπ

Ci,t

]
≤ 0 ∀i.

(15)

Fig. 3: Learning curves of the selected CMDP algorithms for
ANYmal C.

Reward Violations per episode

PPO (unconstrained) 24.96 (± 0.67) 533.44 (± 108.94)

P3O 24.13 (± 1.14) 0.49 (± 0.88)
IPO 24.67 (± 0.84) 1.33 (± 1.69)

PPO-Lagrangian 23.68 (± 1.87) 0.99 (± 1.31)
CRPO 22.28 (± 1.70) 0.96 (± 1.22)

FOCOPS 22.65 (± 3.02) 15.82 (± 11.67)

(a) ANYmal C

Reward Violations per episode

PPO (unconstrained) 30.03 (± 1.91) 88.392 (± 38.01)

P3O 29.25 (± 3.04) 0.53 (± 2.41)
IPO 28.87 (± 1.49) 0.31 (± 0.97)

PPO-Lagrangian 28.19 (± 2.86) 1.09 (± 7.60)
CRPO 25.70 (± 3.15) 0.41 (± 1.73)

FOCOPS 25.43 (± 3.89) 21.96 (± 14.14)

(b) Barry

TABLE II: Comparison of the CMDP algorithms for different
quadrupedal robots.

Here, µCi , σCi are the mean and standard deviations of
the cost advantages. ÃCi

π denotes the normalized advantages.
Using importance sampling with clipping, one obtains

LVIOL,N
Ci

(θ′) = LCLIP,N
Ci

(θ′) +
(1−γ)(JCi

(πθ)−ϵi)+µCi

σCi
≤ 0.

(16)
The superscript N indicates the usage of normalized advan-
tage estimates. Penalizing violations of Eq. 16, leads to the
objectives

LP3O, N(θ′) = LCLIP,N
R (θ′)−

∑
i

κi ·max
{
0, LVIOL,N

Ci
(θ′)
}
,

LIPO, N(θ′) = LCLIP,N
R (θ′) +

∑
i

ϕ(LVIOL,N
Ci

(θ′)).

We will use these normalized versions of P3O and IPO
throughout the rest of the paper.

IV. EXPERIMENTAL RESULTS

We present two experiments using three different robots
shown in Fig. 2:

1) Comparison of first-order CMDP algorithms
(ANYmal C and Barry): We select an algorithm
for our purposes (P3O) based on a comparative study
of different first-order CMDP algorithms with two
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Fig. 4: Robot experiments with constraints. (A) Traversing a 20 cm high block with 1.0 m/s command to the front. (B)
Walking in y-direction at the maximum speed.

different quadrupedal robots of different sizes and joint
actuators.

2) Sim-to-real transfer (Wheeled-legged robot): We
validate the CMDP framework by training a perceptive
locomotion policy for the wheeled-legged quadruped
while enforcing tight physical constraints. We compare
it to a standard PPO-trained policy.

A. Comparing different CMDP Algorithms

1) Experimental Setup: We consider an example problem
of legged locomotion on flat terrain with constrained joint
velocities. We constrain the joint velocities to be below
6.0 rad/s. The joint speed limit of 6.0 rad/s is significantly
lower than the actual physical capabilities of the robots;
∼ 8.0 rad/s for ANYmal C and ∼ 20 rad/s for Barry [24].
The same set of reward and constraint functions are used
for both robots. The scales of the reward components were
tuned separately for each robot.

We implement all algorithms with normalized advantages.
As we aim to obtain zero constraint violations, we used P3O,
PPO-Lagrangian and FOCOPS with a threshold (ϵ) of zero.
Hereby, the cost return cannot drop below zero since the cost
function is non-negative. For IPO and CRPO, we treat the
threshold as a hyperparameter. Note that CRPO only applies
reward improvement steps if the cost returns are below ϵ,

and the logarithm barrier penalty term in IPO also needs
constraint satisfaction to be well-defined.

For IPO, since the barrier penalty cannot be applied if the
constraint is already violated, we’ve introduced an additional
penalty to restore constraint satisfaction: LIPO,new(θ′) =
LIPO(θ′) + λrec

∑
i:JCi

(θ′)≥ϵi
LCLIP
Ci

(θ′).
We’ve implemented a warm start for all algorithms,

wherein constraints are ignored during the initial 200 itera-
tions. In particular, for P3O, PPO-Lagrangian, and FOCOPS,
we set κ, λ, and ν to zero, respectively. Likewise, for IPO
and CRPO, we ignored all constraint-related terms in the
objective. This initial phase allowed the agents to explore
freely without constraints, which was crucial for enhancing
their final performance.

2) Results: Fig. 3 and Table II show the cost and reward
over the learning iterations and the final performance of the
best runs. The mean and the standard deviation are computed
from 2500 random episodes of the final policy. We include
PPO without considering the constraint as a baseline.

P3O consistently achieved high rewards with less than a
single constraint violation on average for both robots. For
both robots, P3O and IPO emerged as the top performers in
terms of the reward. IPO demonstrated a high violation rate
for Anymal C robot compared to other top-3 algorithms. The
constraint violation is unavoidable due to the non-negative
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ϵ by design, but potential improvements could be explored
by using different cost functions and advanced scheduling
techniques, as proposed by Kim et al. [12]. PPO-Lagrangian
showed similar performance, but the variance of the result
was higher than P3O and IPO.

3) Our choice: For our real-world experiment, we de-
cided to use P3O. Among the compared algorithms, P3O
required the fewest parameters to adjust in our setup (with
ϵ fixed at zero) and achieved low constraint violation. Al-
though IPO showed similar performance, its sensitivity to
the threshold parameter made it less suitable.

B. Robot Experiments

We evaluate a perceptive locomotion policy trained using
P3O for our wheeled-legged quadrupedal robot [25]. We
compare it with the PPO baseline trained with the constraint
reward (see Table I).

1) Experimental Setup: The policies are trained to follow
velocity commands over rough terrain. The policy observes
the terrain scan around the robot as shown by Fig. 1 and
outputs joint position and wheel speed commands. We used
the rough terrain environment by Rudin et al. [23]. The
velocity commands are sampled uniformly within the ranges
of [-2.0, 2.0] m/s in the x-direction, [-1.0, 1.0] m/s in the
y-direction, and a yaw rate from [-1.5, 1.5] rad/s.

To evaluate the effectiveness of the constrained RL ap-
proach, we enforce tight constraints for the leg actuators.
We use joint speed limit of 6.0 rad/s, which is significantly
lower than the robot’s actual physical limit of ∼8.0 rad/s.
Joint torque is limited to 75 Nm for leg joints. The physical
limit is about 100 Nm.

We applied all constraints mentioned in section III-A. We
used two cost critic networks - one for command smoothness
constraint and the other one for the sum of other costs.

2) Results: In Fig. 4 we show the results from different
policies in two scenarios. Both policies violated joint velocity
and torque constraints at varying rates in our experiments,
while other constraints remained satisfied.

Firstly, we evaluate the policies’ behavior when they
encounter discrete obstacles (Fig. 4A). A notable qualitative
difference in behavior is observed: the P3O policy slows
down before stepping down to reduce impact, while the nor-
mal PPO policy gains speed (See Fig. 4A-1(a) and A-2(a)).
This significantly impacts the rate of constraint violation.

The P3O policy shows two short peaks in the joint velocity
that violate constraints, but the joint torque remains within
the constrained range (Fig. 4A(b)). On the other hand, the
PPO policy exhibits a significantly higher violation rate when
stepping up (the front wheel collision) and when stepping
down (front legs drop). The P3O policy actively modulates
its leg motions and speed in response to discrete events.

Secondly, we evaluate the constraint violation when the
robot is stepping at its maximum speed to the y-direction
(Fig. 4B). We commanded 1.0 m/s, which is the maximum
speed the policy is trained for. Note that this is higher
than the nominal operating range for the ANYmal robot
(∼0.75 m/s by [8], [27]).

As shown in Fig. 4B-1, the P3O policy shows longer
strides and slower gait frequency, resulting in less joint
velocity constraint violation (Fig. 4B-2). Additionally, the
P3O policy exhibited lower tracking error. The tracking
errors are 0.276 (±0.077)m/s and 0.296 (±0.091)m/s for
P3O and PPO, respectively. Both policies could not achieve
1.0 m/s due to the hardware limitation.

V. CONCLUSION & DISCUSSION

Our study presents the effectiveness of CMDP formula-
tion for the perceptive locomotion of quadrupedal robots.
Through a comparative study of five first-order CMDP
algorithms, we identified a normalized version of P3O as
one of the most effective algorithms for our task. The
additional advantage normalization step further enhanced
both the stability and performance of the algorithm.

Real-world experiments on a wheeled-legged quadrupedal
robot provide strong evidence for the effectiveness of the
constrained RL approach. Utilizing the P3O algorithm, our
policies were able to achieve performance metrics on par
with the conventional PPO algorithm used by state-of-the-art
approaches, but with fewer constraint violations. A distinct
advantage we observed was the decoupling of reward and
constraint functions, which simplified the tuning processes
and led to a better performance in terms of constraint
violation.

This improvement can be attributed to the use of multiple
critics in the framework, which has been shown to improve
performance in multi-objective problems [28]. While the
conventional approach (e.g., PPO) and constrained RL al-
gorithms share similar objectives, separate critics allow for
improved credit assignment and far-sighted decision-making
regarding constraints.

In conclusion, constrained RL emerges as a promising tool
for robotic applications, particularly in sim-to-real transfer
scenarios. While our focus was on legged locomotion, the
methodology is broadly applicable.

A. Practical Benefits

From a hands-on perspective, the constrained RL algo-
rithms showed clear advantages. The PPO approach neces-
sitated complex adjustments to the scaling coefficients of
penalty terms (see Table I). The impact of each coeffi-
cient is non-intuitive, often demanding numerous trial and
errors. On the other hand, with separate cost critics, this
effort is removed by design. We can control the influence
of the cost objective using a single parameter κ. Such a
streamlined approach accelerates the overall development
of learned controllers. While having additional cost critics
adds a computational overhead in comparison to PPO (0.07 s
more), this is negligible compared to the simulation time
(∼ 0.74 s).

B. Future work

Future works will include different applications such as
autonomous navigation or manipulation. Additionally, we
only experimented with simple and constant constraints.
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More complex systems, such as joints with variable gear
ratios [24], may introduce state-dependent constraints. Iden-
tifying complex constraints from an unknown or under-
modeled systems remains an open question.
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