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ECO: Energy-Constrained Optimization
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Abstract—Achieving stable and energy-e cient locomotion
is essential for humanoid robots to operate continuously in
real-world applications. Existing model predictive control (MPC)
and reinforcement learning (RL) approaches often rely on
energy-related metrics embedded within a multi-objective opti-
mization framework, which require extensive hyperparameter
tuning and often result in suboptimal policies. To address these
challenges, we propose ECO (Energy-Constrained Optimization),
a constrained RL framework that separates energy-related met-
rics from rewards, reformulating them as explicit inequality
constraints. This method provides a clear and interpretable phys-
ical representation of energy costs, enabling more e cient and
intuitive hyperparameter tuning for improved energy e ciency.
ECO introduces dedicated constraints for energy consumption
and reference motion, enforced by the Lagrangian method,
to achieve stable, symmetric, and energy-e cient walking for
humanoid robots. We evaluated ECO against MPC, standard
RL with reward shaping, and four state-of-the-art constrained
RL methods. Experiments, including sim-to-sim and sim-to-real
transfers on the kid-sized humanoid robot BRUCE, demonstrate
that ECO significantly reduces energy consumption compared to
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baselines while maintaining robust walking performance. These
results highlight a substantial advancement in energy-e cient
humanoid locomotion. All experimental demonstrations can be
found on the project website: https://sites.google.com/view/eco-
humanoid.

Note to Practitioners—Traditional MPC and RL approaches
often require extensive hyperparameter tuning and frequently
result in suboptimal solutions for improving energy e ciency
while maintaining stable walking performance. ECO is designed
to address these challenges by reformulating energy consump-
tion as explicit inequality constraints, providing a physically
interpretable and intuitive approach to optimizing energy e -
ciency. This framework is particularly well-suited for applications
prioritizing energy conservation and operational stability, such
as surveillance, disaster response, and long-duration autonomous
operations. Additionally, ECO generates emergent behaviors such
as lighter steps and reduced body shaking, which are espe-
cially advantageous for loco-manipulation tasks by minimizing
disruptions to upper-body manipulation caused by locomotion.
Comparative experiments empirically o er valuable insights into
constraint selection and learning setups, which may also inspire
relevant ongoing research in constrained RL.

Index Terms—Humanoid and bipedal locomotion, constrained
reinforcement learning, legged robots.

I. INTRODUCTION

ECENT advances in humanoid robotics have enabled

these robots to perform complex motions, such as
walking, running, jumping, and even loco-manipulation [1],
[2], [3], [4]. Despite these achievements, energy e ciency
still remains a significant bottleneck for humanoid robots.
Compared to their biological counterparts [5], humanoid
robots require substantially more energy to perform sim-
ilar tasks, limiting their operational range, endurance,
and maximum payload in real-world applications [5],
[6].

To improve the energy e ciency of humanoid robots, one
promising approach is to leverage reinforcement learning
(RL) to optimize the control policy. For instance, Proxi-
mal Policy Optimization (PPO)-based frameworks incorporate
energy-related terms into reward functions, such as minimiz-
ing joint torques, joint accelerations, and contact forces [7],
[8], [9]. However, to achieve e cient and stable locomo-
tion, these methods often require extensive tuning on the
weights of the reward terms regarding energy cost, task
completion, and stability. This tuning process is non-intuitive
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and time-consuming, as (i) the e ects of weight configurations
are not straightforward, (ii) the training periods—ranging from
hours to days—to evaluate a single coe cient choice even
with parallel computation [10], [11]. Furthermore, conflicting
objectives within the reward terms can result in suboptimal
solutions or even convergence failures [12], [13]. For example,
the learned policy might prioritize minimizing energy con-
sumption at the cost of stability, resulting in unstable walking,
or emphasize stability at the expense of significantly increased
energy usage.

To simplify the reward tuning process for optimizing
energetically e cient locomotion with RL, we propose
ECO (Energy-Constrained Optimization). ECO leverages con-
strained RL formualtion to separate conflicting objectives into
distinct rewards and constraints [1], [14], [15]. This separation
ensures that critical constraints, such as energy consumption
limits, are strictly enforced, while task-related rewards, such
as velocity tracking and stability can be optimized without
extensive tuning of coe cients. Energy constraint thresholds
are identified through a physically intuitive tuning process,
incrementally adjusted based on direct energy criteria using
a linear search algorithm. We evaluate our approach by
comparing four state-of-the-art constrained RL methods and
investigating various constraint settings. Our results empir-
ically show that the proposed setup outperforms others
in training stability and constraint enforcement. Through
extensive experiments on both simulation and hardware
platforms, we validate that ECO consistently converges to
solutions that minimize energy consumption while ensuring
stable and robust walking.

Our main contributions
follows:

1) We propose ECO, a method designed for optimizing
the energy e ciency of humanoid locomotion. Rather
than balancing energy minimization with other reward
terms—such as velocity tracking, motion tracking, and
stability—we explicitly treat energy cost as a con-
straint. This approach provides a clear, interpretable
physical meaning of the energy cost, enabling e cient
and intuitive hyperparameter tuning focused on energy
e ciency.

2) We investigate four constrained RL algorithms and also
di erent constraint settings to train the policy. Through
extensive simulations, we empirically find that the
PPO-Lagrangian method with the current constraint
setup achieves the lowest energy cost with fast and
stable convergence. Additionally, instead of manually
designing e cient walking, we observe that the resulting
policy promotes i) extended knee movements, ii) lighter
steps, and iii) reduced body shaking as shown in Fig. 1.

3) We carry out real-world validations on the Bruce robot.
To the best of our knowledge, this is the first work to
achieve energy-e cient humanoid walking using con-
strained RL on a real humanoid robot. Compared to
MPC and PPO baselines, ECO demonstrates approxi-
mately 6 times lower energy consumption than MPC
and 2.3 times lower than PPO, setting a new benchmark
for energy-e cient humanoid locomotion.

can be summarized as
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Fig. 1. Comparison between the proposed constrained RL framework,
ECO, with MPC and normal RL (PPO) baselines. It creates synergy
between energy consumption and walking stability of the humanoid robots
without requiring an extensive parameter-turning process, outperforming both
MPC and normal RL baselines.

We organize the remainder of the paper as follows. Sec. Il
reviews the literature related to this work. Sec. Il introduces
the preliminaries of RL and constrinted RL formulations.
Sec. IV presents the proposed ECO framework in detail. Secs.
V and VI show the simulation and experiment result of ECO
on BRUCE with comprehensive evaluations and compares
with baseline methods. Finally, we discuss and conclude the
paper in Secs. VII and VIII.

Il. RELATED WORK
A. Energy Optimization in Legged Locomotion

Improving energy e ciency directly helps to extend the
endurance of legged robots and prevent actuator overheating,
thereby improving the overall performance [6]. For example,
passive dynamic walkers can achieve e cient and stable
walking through mechanical designs without any actuation
[16] or with minimal actuation [17]. However, achieving
similar e ciency in more complex legged systems, such as
quadrupedal and bipedal robots, remains a challenge. As a
unified Trajectory Optimization (TO) framework has been
widely used for legged locomotion [18], [19], incorporating
energy-related constraints tends to be a potential solution.
Reference [20] formulates the TO problem with the cost of
transport (CoT) as a constraint, which quantifies the energy
expenditure per unit distance. However, using TO to consider
complex constraints often results in a high-dimensional and
nonconvex landscape, which hinders real-time usage. To sim-
plify the problem, energy constraints are approximated using
the norm of joint torques and accelerations [2], [21], [22], or
by encouraging specific bioinspired e cient behaviors, such
as adaptive center of mass (CoM) height control and rolling
contact of the stance leg in gait design [23]. In these methods,
energy consumption is only implicitly considered, which often
makes it compromised in favor of other task requirements,
such as stability and robustness.
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B. Learning for Legged Locomotion

Given the aforementioned issues, o0 ine learning a locomo-
tion policy with complex rewards can be a promising solution
to balance energy-e ciency and robustness in real-time [24],
[25], [26]. Reference [27] demonstrated sim-to-real learning of
multiple bipedal gaits through periodic reward composition.
Similarly, [28] extended rapid motor adaptation (RMA) for
bipedal locomotion to address challenges such as payloads and
slippery surfaces. Other methods also integrated model-based
footstep planning with model-free RL to achieve dynamic
and e cient walking [29], [30]. However, to avoid disrupting
the primary learning goals, energy penalties in the reward
function often act as regularizers, with minimal impact on
reducing excessive joint torque usage. Reference [31] balanced
energy consumption with stability through curriculum learning
with symmetric mirror loss. Reference [32] further studied
di erent ways to incorporate symmertry, highlighting how
symmetry priors can improve gait robustness and sample e -
ciency without overly restricting policy exploration. Reference
[7] explored e cient quadrupedal gaits with energy-centric
rewards. References [33], [34], [35], [36] train control poli-
cies for humanoid locomotion using human motion data as
reference trajectories. Despite these advancements, the energy-
related hyperparameters, like the reward weight or curriculum
length, still present an unclear physical meaning, which intri-
cates the weight tuning and curriculum design.

C. Constrained Reinforcement Learning

Constrained RL, or safe RL, formulates the problem as
a constrained Markov decision process (CMDP) [37], [38],
[39], [40], using cost functions to decouple rewards from
constraints. This allows robots to maximize rewards while
keeping costs within physically meaningful thresholds. CPO
[14] uses second-order optimization to enforce constraints
iteratively but struggles with scalability in multi-constraint
settings. PPO-Lagrangian (PPO-Lag) [41] enhances PPO with
primal-dual updates for better constraint satisfaction and per-
formance. Constraint manifold is defined for safe exploration
leading to actions that satisfy corresponding constraints in [42]
and [43]. However, e cient constraint manifold computation
for legged robots with a floating base remains challenging.
Constraint-rectified Policy Optimization (CRPO) [44] o ers
a primal-based framework well-suited for multi-constraint
problems, while Interior-point Policy Optimization (IPO)
[45] employs log-barrier penalties for feasibility enforcement.
Reference [15] extended IPO with a teacher-student frame-
work, transferring most reward terms into constraints to avoid
reward scale tuning, and demonstrated robust performance
on legged robots. Penalized Proximal Policy Optimization
(P30) [46] uses clamping penalty functions for constraint
enforcement and has shown success in reducing viola-
tions (e.g., self-collision, joint speed limits) in quadruped
locomotion [47]. Despite these advancements, these methods
have only been validated on quadruped robots. Applying
them to humanoid robots, especially when combining energy
consumption with other constraints (e.g., self-collision), can
overly restrict the search space. Given the smaller convergence
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region of humanoid robots compared to quadrupeds, rethinking
how to select and design constraints and how to select an
appropriate optimization method within the constrained RL
framework to generate e cient and stable walking perfor-
mance of humanoid robots remains a critical challenge.

I11. PRELIMINARIES & PROBLEM STATEMENT
A. Markov Decision Processes

RL is typically modeled as a Markov Decision Process
(MDP) [37]:
M = (S;APR; ;) )

where S and A denote the state and action spaces, respectively.
The functions P(s’js;a) and R(s'js;a) represents the transition
probability and corresponding reward of moving from state s
to s’ under actiona. () represents the initial state distribution,
and is the discount factor.

A stationary policy  governs the action probability (ajs)
for a given state s, with all policies parameterized by . The

corresponding infinite-horizon reward is defined as
" #

tR(St+1jSt; at) : (2)
t=0

JR( ) =E

The objective of the MDP is to maximize:
max J%( " ); ®)

where is the neural network parameter space.

B. Constrained Markov Decision Processes

A CMDP extends the standard MDP framework by incor-
porating a set of cost functions, referred to as general
constraints. This set is defined as C = (Cj;bj)iZ;, where
each cost function C; : S A ! R is associated with a
corresponding threshold b;.

The objective of the CMDP is to identify the policy that
maximizes the reward while satisfying all specified constraints:

max IR, (4)

where ¢= \  jJ%( )
the set of feasible policies that satisfy all constraints and
JCi( ) is the expected value of a cost function under a
policy . These constraints can take various forms, such as
a discounted cumulative sum, average sum, etc. [37].
Discounted sum constraints are formulated to ensure that
a specified quantity remains below a given threshold over
the long term, accounting for cumulative e ects rather than
instantaneous values at each time step. They are defined as:
" #

'Ci(Str1jsiar)  by; (5)
t=0

I )=E

where T is the episode length. This type of constraint is par-
ticularly well-suited for maintaining long-term requirements in
robotic operations, such as limiting energy consumption over
a certain period.
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Average sum constraints ensure that the mean value of a
specific variable remains below a given threshold at each time

step. Formally, these constraints are expressed as:
" p

_ 1 .
J( )=E T Ci(St+1jst; ar) bi: (6)
t=0
For instance, these constraints can be utilized to enforce
specific motion styles, such as symmetry during walking.

C. Constraints RL Methods

1) PPO-Lag: PPO-Lag [41] is one of the most widely used
methods in constrained RL. The Lagrangian function is:

i J9C) b (@)
i=1
where  is the Lagrange multipliers. Using this approach,
the original constrained optimization problem in Eq. (4) is
reformulated as an unconstrained optimization problem:

LCs 10 m) ®)

This optimization process alternates between updating the
primal variable  and the dual variables ;, ultimately yielding
an approximate solution to the Eq. (4).

2) CRPO: CRPO [44] alternates between maximizing the
reward and minimizing the cost, prioritizing the reduction of
costs when constraints are violated. In cases where multi-
ple constraints are violated, a single constraint is randomly
selected for optimization:

L(: uon )=3%C)
max min
2 1

i 0

>
i 390 ) ©9)

i=1

Lerro = ne=o JR( )

where ng = [“ Kcisp; IS the number of violated constraints,
2 R™ is a random one-hot vector used to select a violated
constraint to update at each iteration.
3) IPO: IPO [45] transforms the constrained RL problem
into an unconstrained one by employing a logarithmic barrier
function, defined as follows:

PO log J%( ) b ;
i=1

Liro = JR( ) (10)
where PO > 0 is the fixed hyperparameter that controls the
steepness of the logarithmic function.

4) P30: P30 [46] extends the PPO framework by incor-
porating penalties for constraint violations into the objective
function. The objective is defined as:

R XK o
Lpzo = J7( ) i
i=1

maxfJ%( )+ ;;0q; (11)

where iP3O represents the fixed weight for each constrain.
" 4

i = E(sa) bu er 'Ci(Strajsa)  bi; (12)
t=0

represents the amount by which the actual cost exceeds the

constraint threshold b;, as calculated using data collected from

prior interactions with the environment.
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In this paper, we compare these methods and ultimately
select PPO-Lag as the constrained optimization approach for
ECO. In Sec. IV, we will provide detailed implementation
insights and explain the rationale behind this choice. In Sec. V,
we will compare their performance to validate this selection.

IV. PROPOSED ECO FRAMEWORK

In this section, we describe the proposed ECO framework,
which aims to minimize energy consumption in humanoid
locomotion while ensuring stable and natural leg movements.
Both the control policy and reward critic are implemented as
fully connected neural networks. As illustrated in Fig. 2, the
control policy takes the robot’s proprioception and velocity
commands as input and outputs the desired joint positions.
We train the policy using PPO-Lagrangian [48] in IsaacGym
and deploy it directly on the physical robot. The following
subsections introduce the state space, action space, constraints
settings, reward settings, and the formulation for constraint
policy optimization.

A. State Space

The input to the policy network consists of an observation
history comprising K¢ consecutive frames, which include the
robot’s proprioceptive states and velocity commands, with a
dimensionality of S. Specifically, S includes velocity com-
mands (v§™;vemd; 19m9) 2 R3, clock inputs (sin(t); cos(t)) 2
R?, joint positions @ 2 R", joint velocities g 2 R", body
angular velocities gy 2 RS, last action a; 1 2 R", and the
XY components of body Euler angles ¥a,q 2 R?, where n is
number of leg Degree of Freedoms (DoFs). The body yaw
angle is excluded due to its drift on the real hardware.

The state space of our reward critic includes both the inputs
used by the policy network and additional privileged informa-
tion, such as body linear velocity, body yaw angle, external
push forces and torques, friction coe cients, body mass, phase
identifiers, and contact indicators. These indicators specify the
swing and stance phases of each foot, as determined by the
contact scheduler.

B. Action Space

In this work, we actively control leg joints while the arm
joints are fixed to nominal angles. The action from the policy,
represented as a 2 R", is defined as the deviations from the
nominal joint positions ™" [29], [49]. This action is fed
into the PD controller to convert the action into the desired
torque command using the following equation:

T=Kp@+ g Q) +Ke0 @) (19)

where (; § denote the current joint position and joint velocity.

C. Constraints

1) Constraints Selection Consideration: Since minimizing
energy consumption is the main focus of this paper, a naive
choice is to mix it with other objectives, such as adherence to
task commands, behavior stability, and disturbance rejection.
However, regarding energy consumption, we observed that
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Fig. 2. Overview of the training and deployment process in proposed ECO framework. The policy network, taking velocity commands and proprioception
data as inputs, outputs desired joint positions at 100Hz to a PD controller, which updates torque commands at 1kHz. The reward critic is trained with privileged
observations. The simulator provides the reward, energy cost, and symmetry cost, which are used to compute the reward and cost returns. The policy is then
updated using the Lagrangian formulation in Eq. (21) to balance rewards and costs. The trained policy is directly deployed to the real world.

adjusting the reward weights alone for PPO does not lead to
convergence within the feasible domain (shown in Sec. V-D1).
Consequently, we select energy consumption as a constraint in
this optimization process. Additionally, we integrate reference
motion (using Mirror Loss as the reference in this paper) as a
constraint to encourage natural motions.

Among prior works [15], [47], additional reward terms are
often placed within constraints for quadrupedal robots. In
Sec. V-D6, we investigate various constraint settings including
the constraints used in [15] and [47], and find that the current
approach struggles with stable convergence as the number of
constraints increases. This may be due to humanoid robots
having a much smaller constrained feasible domain than
quadrupeds, which makes convergence more challenging in
the presence of multiple constraints. Therefore, in this work,
we focus on two primary constraints: energy minimization and
reference motion tracking for humanoid robots.

2) Energy Constraint: Due to the challenges in accurately
measuring link inertia and quantifying friction and heat dissi-
pation losses, the overall energy consumption of a robot cannot
be directly measured. Therefore, in this work, the motor energy
consumption, which constitutes the primary part of the total
energy consumption, is selected as the evaluation metric. It
can be calculated by integrating the absolute power of the n
motors. Since the timestep dt is fixed, the energy cost function
is defined as
x

j {4

=1

Ci(St+1jst;ar) = (14)

to exclude dt. Here, t’ and qg’ denote the torque and velocity
of the j-th joint at time t. Using the discounted sum constraint
from Eq. (5), the energy constraint is formulated as:

2 3

J( )=E J Qi) by (15)

t=0  j=1

where by is the energy threshold, estimated based on the
robot’s speed range and walking duration.

3) Reference Motion Constraint: To enforce stability and
mirror symmetry, we define a mirror loss term following [31]
as the cost function:

a( ( o(SONI%

where sg () is the stop gradient operator, () and () are
the mirroring functions for actions and states, respectively, and

(si) is the mean action of the stochastic policy conditioned
on the state sj. This constraint ensures that when the observa-
tion input to the policy is mirrored, the corresponding action
output is also mirrored. Practically, if the policy learns to lift
the left leg at the appropriate moment, this constraint also
enforces it to lift the right leg at the corresponding moment,
and vice versa. This reference constraint promotes more stable
and symmetric behavior within the policy. Such symmetry
fosters balanced behavior without the need to prescribe motion
trajectories explicitly, thereby reducing the necessity to define
trajectory parameters manually.

We apply the average constraint from Eq. (6) to this cost
function:

Ca(sis;@) = jisg ( (si)) (16)

" #

C, — EX 52 .
J2( )=E i) al ( o(s))ii bo;

T (17)
t=0

where b, is the constraint threshold of reference motion.

D. Rewards

The aspect of reward design is not the main focus of this
paper, therefore we adopt a reward configuration similar to
the Humanoid-Gym [9]. Since reference motion and energy
constraints are directly integrated into the cost function, we
have omitted the reference joint position tracking reward, joint
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velocity penalty reward, and joint torque penalty reward from
the original setup. The total rewa@(function is defined as

R(St+1jst; @) = i Ty (18)
i

where the rewards r; and their corresponding scales ; will be

detailed in Sec. V.

E. Constrained Policy Optimization

To solve the constrained optimization for energy-e cient
humanoid walking, we employ the Lagrangian method to
transform the original constrained objective into an uncon-
strained form, as introduced in Sec. Ill. Having two designed
constraints, we formulate the problem as follows:

i 9 ) bi:
i=1
Here, J( ) and J%( ) are cost returns defined by Egs. (15)
and (17). Solving Eq. (19) involves iteratively updating the
policy parameters and the Lagrange multipliers. The update
steps alternate between improving the policy based on both
reward and cost gradients, and adjusting ; to enforce con-
straints. Formally:

max min JR( ) (19)
2 1,20

#
w1 = v+ (k) rJIR( ) ~ kr S0 0 20)
Mlomax 0; K k) I%( ) by
Here, (k) and (k) are learning rates computed by Adam

optimizer [50] at the training iteration k. The projection
maxf0; xg ensures that each Lagrange multiplier remains non-
negative. We integrate this Lagrangian approach into the PPO
algorithm [51] within an Actor-Critic framework. The policy
is optimized to maximize a combined objective:

X
() 39 )

i=1

where Lg is the clipped surrogate objective defined by PPO:

Lr = minfry () A °4(s ¢;ay);

Lppo-Lag = Lr (21)

clip (re (1) :ca;c2) A (s ¢ agg; (22)
with the probability ratio
@jsy)
()= ———"=: 23
() old(@t | S t) (23)

In this formulation, o4 denotes the behavior policy used for
data collection, A < is the advantage computed via GAE [52],
and cq; ¢, define the PPO clipping range.

Similarly, within the PPO framework, the final objectives
of IPO, P30, and CRPO are as follows:

Lipo=Lr 1e() 1?9 log J9( ) by ;
i=1
X
Lpso = Lr () PO max J%( )+ ;0 ; (24)
i=1
X .
Lcrro = ne=0 Lr 1e() i 37 )
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Among the algorithms compared, P30 (with fixed P° =
1:.0) and PPO-Lag (with initial ; = 0, ; = 1le 3)
required minimal parameter tuning and achieved low con-
straint violations. While P30 demonstrated comparable energy
performance, PPO-Lag exhibited better convergence speed and
stability, thereby selected for implementing the constrained
policy optimization approach in ECO.

The reward critic is trained with the following loss [53]:

Lrewardcritic = max fkV(s;)  Riko;
KViarget(St) + Clip(Viarget(St)  V(St);C1:C2) Riko

where R; is the cumulative return at time t, V(s;) denotes
the value estimated by the critic at state S, and Viarget(St) is
the value approximated by the target critic at state s;. Unlike
previous studies [41], [48] that utilize a cost critic, we estimate
cost return for energy using the Monte Carlo approach [54],
which achieves comparable performance while requiring fewer
network parameters and minimal design choices.

(25)

V. SIMULATION
A. Robot Platform

We use the kid-sized humanoid robot BRUCE [3], [55],
[56] as an example to demonstrate the performance of the
proposed ECO framework. BRUCE is 70cm tall, weighs 4:8kg,
and has a total of 16 DoFs, with 3 per arm and 5 per
leg. All leg DoFs are driven by liquid-cooled proprioceptive
actuators with peak torque 10:5Nm, while the arm DoFs
are driven by Dynamixel servo motors. The PD controller
gains for both legs are set as K, = diag(7; 10; 7; 10; 1.5) and
Kg = diag(0:2;0:4;0:2; 0:4;0:08) for the hip yaw, hip pitch,
hip roll, knee pitch, and ankle pitch joints, respectively.

B. Learning Setups

1) Traning Setups: The policy training is conducted in
the IsaacGym [57] with parallelization across 8192 environ-
ments. The utilized rewards and scales are summarized in
Tab. 1. The constraint policy optimization of ECO utilizes the
PPO-Lagrangian [41] and the hyperparameters are shown in
Tab. 11l. We employ domain randomization [58] to enhance
transfer to unseen scenarios, with specific parameters listed in
Tab. 11. During training, two types of external perturbations are
applied to enhance the policy robustness: force disturbances
every 2s, lasting 0:001s with magnitudes randomly sampled
between [ 100;100]N, and velocity impulses every 4s, also
lasting 0:001s, with linear velocities up to 0:2m=s and angular
velocities up to 0:4rad=s. The simulation is executed at a
frequency of 1kHz, with a control frequency of 100Hz. The
training process is carried out on a system equipped with an
Intel Core i9-13900KFN processor and NVIDIA GeForce RTX
4090, and each training run consists of 2000 policy iterations.
Convergence is typically achieved within approximately 4h
of wall-clock time. We use the policy trained after 10h for
sim-to-real experiments.

2) Constraint Thresholds Search: Since the PPO baseline
policy described in Sec. V-C converges to a suboptimal
solution, it serves as a useful initial reference for selecting
constraint thresholds. For the reference motion constraint,
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TABLE |
SUMMARY OF ADDITIONAL REWARD FUNCTIONS. THE TRACKING ERROR METRIC IS DEFINED As: (g;W) := exp( w kek?),WHERE e REPRESENTS THE

TRACKING ERROR, AND W IS THE ASSOCIATED WEIGHT. V5 AND

ang REPRESENT THE LINEAR AND ANGULAR VELOCITY ERRORS;
THE INDICATOR FUNCTION FOR THE LOGICAL CONDITION (), FOR EXAMPLE,

Ols
stanD pHase = 1 WHEN THE LEG IS IN STAND PHASE. tar IS

THE DURATION THAT THE FOOT REMAINS IN THE AIR DURING LOCOMOTION; P! IS THE VELOCITY OF THE FEET; Oyaw/roLL IS THE
YAW AND ROLL JOINT POSITION; Qo IS THE DEFAULT JOINT POSITION; P? Is THE BASE HEIGHT; ht Is THE DEVIATION

IN FOOT HEIGHT; h; IS THE TARGET FOOT HEIGHT DURING THE SWING PHASE;

REPRESENTS THE SUMMATION

ACROSS ALL LEGS. THE BASE HEIGHT TARGET IS SET TO 0:45m, THE MAXIMUM CONTACT FORCE Fpax IS
SET TO 50N, AND THE TARGET FOOT HEIGHT h; Is 0:03m

Reward Equation (r;) Scale (11;)
Tracking Linear Velocity d(Avyn, 10) 1.2
Tracking Angular Velocity — ¢(Awgng, 10) 1.1
Foot Air Time > Leontact - Min(tair, 0.5) 1.0
Foot Contact Velocity >4/ ||Pf I Teontact -0.05
Foot Clearance Z Il|Ahf7h,g\<0.01 . Isting phase 1.0
Foot Contact Number ﬁZ(]lconmt = Tgiand phase) 1.2
Base Orientation 5 (&(euler angles, 10) + ¢(gravity vector, 20)) 1.0
Foot Contact Forces > max(0, [|Fe| — Fiax) -0.01
Default Joint Pos &(Gyawioll — o, 100) 0.5
Tracking Base Height (PP — 0.45,100) 0.2
Self-collision Penalty > (Lself-coltision) -1.0
Action Smoothness la; —a;_1)? + |a; — 2a;_1 + a;_o|? + 0.05]a|| -0.002

TABLE I

OVERVIEW OF DOMAIN RANDOMIZATION. THE DOMAIN RANDOM-
IZATION TERMS AND THE ASSOCIATED PARAMETER RANGES ARE
LISTED. ADDITIVE RANDOMIZATION INCREMENTS THE PARAM-
ETER BY A VALUE WITHIN THE SPECIFIED RANGE WHILE
SCALING RANDOMIZATION ADJUSTS IT BY A MULTIPLICA-

TIVE FACTOR FROM THE SAME RANGE

Parameter Unit Range Operator Type
Payload kg [-0.5, 0.5] additive Uniform
Body COM Displacement ~ m [-0.05, 0.05] additive Uniform
Floor Friction - [0.1, 2.0] - Uniform
Restitution - [0.0, 0.5] additive Uniform
Motor Strength % [0.9, 1.1] scaling Uniform
Joint Friction % [0.02, 0.05] scaling Uniform
Joint armature % [0.0, 0.01] additive Uniform
Action Delay ms [0, 10] - Uniform
Kp Factors % [0.9, 1.1] scaling Uniform
Kd Factor % [0.9, 1.1] scaling Uniform
Initial Euler Angle Noise rad [-0.1, 0.1] additive Uniform
Joint Position Noise rad [-0.03, 0.03] additive  Gaussian (1o0)
Joint Velocity Noise rad/s [-0.6, 0.6] additive  Gaussian (10)
Angular Velocity Noise rad/s [-0.06, 0.06] additive Gaussian (1o)
Euler Angle Noise rad [-0.018, 0.018] additive Gaussian (1o)

we empirically observed that the mirror-symmetry loss value
obtained from the PPO baseline ensures robust and symmetric
walking behavior. Accordingly, we set the threshold b, in
Eg. (17) as 0.05 across all experiments. For the energy
constraint threshold, we adopt a linear search strategy [15]
to determine appropriate values, further details are provided
in Sec. V-D4. Each threshold search takes around 4 hours of
wall-clock time depending on the chosen step size. Addition-
ally, as summarized in Tab. 111, energy consumption thresholds
may vary with di erent target velocities.

C. Baselines

For comparison, five baseline approaches are chosen to
demonstrate that our proposed ECO framework significantly
improves energy e ciency without degenerating the

TABLE Il
HYPERPARAMETERS IN THE TRAINING PROCESS

Parameter Value
Number of Environments 8192
Number Training Epochs 2
Batch size 8192 x 96
Episode Length 24s
Discount Factor of Reward 0.994
Discount Factor of Energy Cost 0.90
PPO Clip Coefficient cl, c2 0.8,1.2
Frame Stack of Single Observation K 15
Frame Stack of Single Privileged Observation 3
Number of Single Observation S 40
Number of Single Privileged Observation 55
Initial Lagrangian Multipliers A1, Ao 0.0, 0.0
Learning Rate of Lagrangian Multiplier3;, 32 0.001,0.001

Cost Threshold by (0.1m/s)
Cost Threshold by (0.15m/s)
Cost Threshold b; (0.2m/s)
Cost Threshold b,

60J = 2.5W x 24s

70J ~ 2.9W x 24s

80J ~ 3.3W x 24s
0.05

performance of humanoid robots in walking tasks. The MPC
baseline uses the state-of-the-art model-based hierarchical
method which combines a high-level MPC planner with
a simplified model and a low-level whole-body controller
with the full-body dynamics [19]. Humanoid-Gym [9] is
used as the model-free RL baseline (PPO) for training
end-to-end locomotion policies in humanoid robots. To
facilitate a rigorous comparison with the ECO model, the
PPO baseline has been augmented with an energy penalty
reward [7], which serves as the constraint within the ECO
framework. We selected scales of energy penalty reward
e 2 f 0:001; 0:01; 0:1; 0:03; 0:05; 0:08; 0:015;
0:02; 0:025g, while all other rewards and scales are aligned
with those of ECO as detailed in Tab. I. Additionally, a
mirror loss is included in the PPO loss function to encourage
symmetry, with a fixed weight of 0.1. Three constrained RL
baseline methods are chosen as introduce in Eq. (27). For
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Fig. 3. Comparison of training metrics for ECO, P30, IPO, and CRPO.
and 0.05, respectively, as indicated by the black dashed lines in (a) and (b).

IPO and P30, we fine-tune the hyperparameters as follows:
P30 =1:0, P¥ =1:0, 1P 2f1:0;10:09, and O = 1:0.

D. Simulation Results

1) Comparing Constraint RL Algorithms: We compare the
proposed ECO framework against PPO, IPO, P30, and CRPO
under a 0:1ms=s linear velocity tracking task, subject to energy
and reference motion constraints. To assess the performance,
we evaluate four key metrics, each capturing a distinct aspect
of the task: (1) Normalized total reward JR — reflects over-
all task performance; (2) Normalized episode length Tey —
measures stability and robustness; (3) Mean energy cost JC
— quantifies energy e ciency; (4) Mean mirror cost J —
evaluates motion symmetry. The metrics are formally defined
as:

R_E e 1 PtT o™ Rmin
FR=E = E ; 26
Rmax Rmin ( )
1 E i max
= T T
— E i=1 "ep ep .
Tep = Té?)ax Té?)i” ' @7
- 1 XX i ai
Jt = — Ci(s;a); (28)
i=1 t=0
Jeo == Xc (si: ai); (29)
- B 2\9i, 4 ),

i=1
where rbi is the reward at time t of episode i, and Rmin, Rmax
are the minimum and maximum cumulative rewards observed
across all algorithms, Tgp is the length of episode i, and Tg';j”,
Tep are the minimum and maximum episode lengths among
all methods, (sj;a;) is the i-th state—action sample in a batch
and B is the batch size. We enforce the average-sum constraint

(d) Normalized Total Reward

The energy consumption and mirror reference motion thresholds are set at 60J
Results averaged over 10 random seeds.

over each gradient batch as in [59], using the same batch size
across all algorithms.

As shown in Fig. 3, ECO (initialized with ; =0, ; =10 %)
consistently converges to the target energy threshold of 60J
while maintaining a normalized episode length close to 1.0,
demonstrating both energy e ciency and training stability.
In comparison, P30 satisfies both the energy and reference
motion constraints but requires more iterations to converge.
IPO exhibits sensitivity to the penalty coe cient [°°: with

PO = 1.0, it fails to satisfy the energy constraint; increasing
it to 17° = 10:0 enforces the constraint but leads to reduced
episode length due to overly conservative behavior. CRPO,
while capable of satisfying the constraints, exhibits unstable
convergence, likely due to frequent policy shifts between
optimizing for reward and constraint cost.

As shown in Fig. 4, we explore three orders of magnitude
for the energy reward coe cient in PPO ( ¢), but none yields
a satisfactory balance between energy e ciency and stability.
Lower coe cients failed to reduce energy consumption, while
higher ones caused instability and frequent falls. These results
highlight the di culty of manually tuning reward weights in
multi-objective PPO. In contrast, ECO directly enforces energy
and motion constraints, avoiding such tuning and achieving
robust, energy-e cient behavior.

Regarding the reference motion constraint (Fig. 3(b)), IPO,
P30, and CRPO rapidly converge to the predefined threshold
of 0.05, though their resulting behaviors are more conservative
than those of ECO. In contrast, PPO with various energy coef-
ficients converges to di erent levels of mirror cost (Fig. 4(b)),
often yielding asymmetric and unstable gaits. These results
highlight that constrained RL o ers a more principled and
e cient framework for aligning policy behaviors with target
objectives without heavy hyperparameter tuning.
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Fig. 4. Comparison of training metrics for ECO and the PPO. The energy consumption and mirror reference motion thresholds are set at 60J and 0.05,
respectively, as indicated by the black dashed lines in (a) and (b). Results averaged over 10 random seeds.

Fig. 5. Sim-to-Sim transfer results. For visual clarity, single-run deployment curves are shown. (a) Visual comparison of walking stability across simulators;
(b) Ankle height consistency across simulators; (c) Motor energy consumption at 0:1m=s over 10s in Gazebo; (d) Body velocity tracking in MuJoCo in

di erent speed commands.

Finally, we note that PPO, P30, and IPO rely on fixed
constraint coe cients (., M°, P9) and CRPO lacks
constraint-specific parameters altogether. These approaches
are therefore prone to convergence issues or require care-
ful manual tuning. In contrast, ECO leverages PPO-Lag to
dynamically update the Lagrange multipliers ; using the
Adam optimizer, allowing adaptive scaling the impact of
constrains during training. This dynamic adjustment signifi-
cantly improves convergence stability and highlights PPO-Lag
as a more e ective strategy for optimizing energy-e cient
humanoid locomotion.

2) Sim-to-Sim Transfer: To evaluate the robustness and
generalizability of the learned policy, we transferred it to two
additional simulation environments, MuJoCo [60] and Gazebo
[61], to assess ECO’s sim-to-sim performance and benchmark
it against baseline methods. As shown in Fig. 5(a), our method
achieves stable walking across three simulation environments.
Fig. 5(b) and (c) demonstrate that ECO consistently maintains
a similar gait pattern during cross-simulator transfer and
reduces energy usage in Gazebo while BRUCE walks at
0:1m=s over a 10s period. Fig. 5(d) further shows that our
method accurately tracks linear velocity commands at three
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