Robotics: Science and Systems 2025
Los Angeles, CA, USA, June 21-25, 2025

Gain Tuning Is Not What You Need: Reward Gain
Adaptation for Constrained Locomotion Learning

Arthicha Srisuchinnawong' and Poramate Manoonpong'+2
Vidyasirimedhi Institute of Science and Technology, Rayong, Thailand.

2The University of Southern Denmark, Odense, Denmark.

(a)

4 ®

Constrained RL

higher:
ard'

untrained

Fig. 1: (a) Parameter trajectories from (white) RL, (black) constrained RL, and (brown) ROGER on a simulated reward
landscape with their (transparent) explorations. Brighter regions indicate higher rewards, while darker regions indicate lower
rewards. The red areas highlight violations with a red dashed line indicating the constraint threshold. RL and constrained RL
consistently violate constraints, possibly during exploration, while ROGER effectively avoids violations. Physical quadruped
locomotion learning from scratch (b) with dynamic load, (c) on slippery terrain, (d) on a loose gravel field, and (e) on a random
step field. A video of this experiment is available at https://youtu.be/Cqu7vLT_Piw?si=jtzZJCpRubbFHx06w.

Abstract—Existing robot locomotion learning techniques rely
heavily on the offline selection of proper reward weighting gains
and cannot guarantee constraint satisfaction (i.e., constraint
violation) during training. Thus, this work aims to address
both issues by proposing Reward-Oriented Gains via Embodied
Regulation (ROGER), which adapts reward-weighting gains
online based on penalties received throughout the embodied
interaction process. The ratio between the positive reward
(primary reward) and negative reward (penalty) gains is
automatically reduced as the learning approaches the constraint
thresholds to avoid violation. Conversely, the ratio is increased
when learning is in safe states to prioritize performance. With a
60-kg quadruped robot, ROGER achieved near-zero constraint
violation throughout multiple learning trials. It also achieved up
to 50% more primary reward than the equivalent state-of-the-
art techniques. In MuJoCo continuous locomotion benchmarks,
including a single-leg hopper, ROGER exhibited comparable or
up to 100% higher performance and 60% less torque usage
and orientation deviation compared to those trained with the
default reward function. Finally, real-world locomotion learning
of a physical quadruped robot was achieved from scratch within
one hour without any falls. Therefore, this work contributes
to constraint-satisfying real-world continual robot locomotion
learning and simplifies reward weighting gain tuning, potentially
facilitating the development of physical robots and those that
learn in the real world.

I. INTRODUCTION

Robot locomotion is a challenging task involving the
embodied interaction between the robot and the environment
[1, 2]. To properly exploit this embodied interaction,
reinforcement learning (RL) has been employed as a
promising framework, enabling robots to discover effective
control policies on their own [3]. As a result, this
technique has demonstrated remarkable success [4, 5, 6].
Nevertheless, traditional RL approaches are influenced by
random exploration and are prone to constraint violation.
Desired characteristics, such as being stable without falling
and staying within physical limits, cannot be guaranteed either
during [7] or after [6, 8] the learning process (white path
in Figure 1), leading to instability, danger, and degraded
performance [9].

To deal with this challenge, constrained RL emerges as
a technique to enforce the constraints through mathematical
formulations describing the desired characteristics of robot
behaviors [9]. This technique can be divided into model-
based and model-free approaches. The model-based approach
relies on accurate models for learning, making model-free



more practical. Without an environment model, model-free
constrained RL represents undesired behaviors using penalty
terms (FR;:), resulting in the following reward function (R;):

Ry = Mot Ror — Y AieRis, (1)

where R:, R, and R;; denote the total reward, primary
reward (i.e., the weighted summation of all positive reward
terms), and i*" semi-positive definite constraint penalty terms
at time ¢, while Agp; and A; denote the corresponding
weighting gains. This approach can be categorized further into
two groups: fixed-weighting, where the gains are pre-tuned and
fixed; and adaptive weighting, where the gains are adapted or
learned.

A. Fixed-Weighting Constrained RL

In fixed-weighting constrained RL, Mgz and \;; are
carefully tuned offline, either empirically or by hyperparameter
searching, and kept fixed throughout the learning. Most works
employ fixed weighting gains with error-based penalties, e.g.,
a squared error relative to the desired states or a highly
negative penalty given at undesired states to enforce constraint
satisfaction and the desired results. Others model the penalty
terms as control barrier functions (CBFs) [6, 10], providing
high penalties near safety boundaries only to obtain improved
performance. These techniques could include as many as 16
terms with 11 distinct properly selected values [4], where
adjusting a single hyperparameter may require four additional
training repetitions [11]. Choosing improper values may result
in unnatural motion, undesired gaits, or poor performance [6],
making the selection process crucial and time-consuming.

B. Adaptive Weighting Constrained RL

To tackle the issue of fixed-weighting constrained RL,
in adaptive weighting constrained RL, )\g; and \;; are
continuously adjusted throughout the learning. Adaptive
weighting constrained RL can be further divided into two
categories: (1) primal-dual approaches [12, 13, 14, 15], which
optimize the network parameters in the primal update while
numerically adjusting the penalty regularization gains in the
dual update, and (2) primal-only approaches [16, 17], which
explicitly compute the penalty regularization gains rather than
using iterative optimization.

One early technique, primal-dual optimization (PDO) [12],
maximizes the total reward in the primal update while
simultaneously adjusting the penalty gains in the dual update,
as summarized in Appendix A. This method provides a
foundation for later works like constrained policy optimization
(CPO) [13], which resets the penalty gains and incorporates
trust regions for each dual update to achieve higher
performance with greater computational complexity. Although
a recent quadruped robot trained with CPO managed to
progressively reduce its orientation deviation during learning,
its exploration ftrials still experienced constraint violations
[14]. Building upon CPO, inertia-point policy optimization
(IPO) [15] replaces penalty terms with logarithmic CBF;
however, a quadruped robot trained with IPO experienced

around 1,300 constraint violations
according to [8].

One possible reason for constraint violation during learning
is the delay in adjusting the regularization gains in primal-
dual approaches [16]. In other words, multiple updates
are required to increase a penalty gain from nearly zero
to a high proper value to ensure constraint satisfaction.
To investigate this, constraint-rectified policy optimization
(CRPO) [16], a primal-only approach, introduces a reward-
switching mechanism, which performs policy updates solely
with the constraint penalties after a certain tolerance is
exceeded, as summarized in Appendix A. Although [8]
reported that CRPO outperformed previous techniques, like
CPO and IPO, a quadruped robot trained with CRPO
still experienced around 960 violations per 1,000 episodes;
besides, its effectiveness relied on the switching threshold,
ie., tolerance parameter. Following that, according to [17],
a variant of CRPO incorporates a distortion-based risk
measure to modify reward distribution, highlighting high-
penalty actions; however, a quadruped robot trained with this
technique still experienced around 300 constraint violations
per 1,000 episodes. Despite simplifying much of the tuning
process, constraint violations persist to some extent (black path
in Figure 1).

Recent techniques proposed in early 2025 are based on these
approaches. For instance, QRSAC-Lagrangian [18] performs
dual updates as in PDO with Adam optimizer to handle
shift in value functions and improve stability, Constraint-
Rectified Multi-Objective Policy Optimization (CR-MOPO)
[19] modifies CRPO for multiple constraint objectives along
with incorporating a conflict-averse technique optimized with
natural policy to deal with conflicting objectives, while [20]
uses neural network-based CBFs trained to adjust CBFs for
specific conditions.

Recent techniques proposed in early 2025 build on these
approaches. For instance, QRSAC-Lagrangian [18] performs
a dual update similar to PDO, using the Adam optimizer
to handle shifts in value functions and improve stability.
Constraint-Rectified Multi-Objective Policy Optimization
(CR-MOPO) [19] extends CRPO to multiple constraint
objectives and incorporates a conflict-averse technique
optimized with a natural policy gradient to handle conflicting
objectives. Meanwhile, [20] employs neural network-based
CBPFs that are trained to adapt to specific conditions.

per 1,000 episodes,

C. Current Stage of Real-World Locomotion Learning

Although several constrained RL techniques have been
proposed, the guarantee of near-zero constraint violations,
especially during learning, has yet to be achieved. Only
two robots have demonstrated locomotion learning in the
real world by using simple reward functions with some
workarounds [7, 21]. In one work, a physical hexapod robot
achieved locomotion learning within 20 minutes using a
single-term speed reward function without falling, thanks to
the stability provided by leg redundancy [21]. In another
work, a physical quadruped robot achieved this under a



similar time scale using a reward function combining speed
and orientation plus a fall recovery policy for resetting the
robot [7]. Therefore, when foot contact redundancy cannot be
obtained or the consequence of falling is destructive, safety
constraints defined using certain robot state variables, such
as orientation, must be predefined, included in the reward
function, and satisfied at all times.
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Fig. 2: Tllustration of how embodied interaction between the
robot and the environment can be used to train a control policy.
The traditional RL loop is shown in gray, and the additional
ROGER loop is shown in blue.

To this end, this work hypothesizes that robot-environment
interaction can be leveraged for both policy updates (RL loop)
and dynamic reward gain adjustments (online weighting gain
adaptation loop), as illustrated in Figure 2, without introducing
additional hyperparameters that require tuning. Building
on this idea, this work proposes Reward-Oriented Gains
via Embodied Regulation (ROGER), dynamically balancing
reward weightings based on proximity to the constraint
thresholds. These weightings are continuously refined through
embodied interaction, where insufficient penalty gains drive
the robot toward unsafe states, prompting stronger penalties
and reducing the primary gain to prevent violations. In
summary, ROGER has the following key advantages:

1) Ensuring constraint satisfaction throughout learning
(brown path in Figure 1).
2) Elimination of extensive gain tuning by utilizing
intuitive hyperparameters, e.g., constraint thresholds.
This paper is organized as follows: Section II describes
ROGER in more detail; Section III presents the experimental
results, including real-world RL of a quadruped robot;
Section IV discusses the results and future potential; and
finally, Section V discusses the limitations.

II. REWARD-ORIENTED GAINS VIA EMBODIED
REGULATION (ROGER)

The core idea of Reward-Oriented Gains via Embodied
Regulation (ROGER) is to ensure safe operation while
maximizing performance by dynamically adjusting the reward
structure through real-time interaction with the environment,
thereby eliminating the need for additional non-intuitive
hyperparameters. When the robot is far from the constraint
thresholds, ROGER uses the high primary reward weighting

gain with low penalty weighting gains to encourage task-
specific optimization. As the robot approaches the constraint
thresholds, ROGER automatically increases the penalty
weighting gains and reduces the primary reward weighting
gain, discouraging unsafe actions and reducing the penalties.
This process continues iteratively: when penalties reach a
critical point, they steer the robot back into safe regions,
after which the penalty weighting gains decrease, allowing for
improved performance.

To achieve this, ROGER adopts a multiple-reward-
channel setup [22], where rewards and penalties are stored
independently before being combined into total advantage
scores for policy updates. This setup enables ROGER to
dynamically adjust the reward and penalty weighting gains
(Equation 1) across different learning episodes and timesteps.
At each timestep, the weighting gains are computed according
to:

Aot =1 — Ay, 2
Ait = T)\itAt) 3)

where A; denotes the clipped summation of constraint
penalties, preventing Ag; < 0 and ensuring that Ag; +3)\;; = 1,
and r),; denotes the constraint contribution ratio of the ith
constraint penalty term. A; and ry,; are computed from
the ratio of the estimated constraint penalties (]:Bit) to the

constraint thresholds (7;) as:

Ar =min{ Y (R /)% 1.0 ¢, (4)
J
g = M 5)
COX By /)

where 7; and 7; are selected intuitively based on the physical
properties of the system, e.g., maximum hardware limits,
together forming a safe region into which the robot should
be bounded, as shown by the dashed lines in Figure 3, while
Ry is a statistical estimate of the i penalty at time t:
Ry = average[R;¢| — k,std[o;:]. A preliminary result when

varying k, is presented in Figure S8b in the Appendix.

This adaptation strategy is also proven to be partially stable
in key conditions (i.e., near the constraint thresholds and
convergence), while the expected primary reward is guaranteed
to increase, as detailed in Appendix B [23]. As a result, if an
optimal solution exists far from the constraint thresholds, such
as body orientation in robot locomotion, ROGER will converge
to that solution; otherwise, it chooses a safe alternative.

Intuitively, the robot initially maximizes the primary reward
since all penalty terms and their gains are zero, i.e., A; =0
and Aoz = 1, as illustrated in Figure 3a. As the robot
approaches a constraint threshold, the R;; terms increase,
causing A; to grow, reducing Ag¢ and increasing )y, thereby
distributing more and more attention to the penalty terms.
This setup prevents the robot from approaching the constraint
thresholds. However, when near a constraint threshold, i.e.,
some R; =~ 7;, A; saturates at 1.0, making Mgy =~ 0
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Fig. 3: This adaptation strategy is also proven to be partially
stable in key conditions (i.e., near the constraint thresholds and
convergence), while the expected primary reward is guaranteed
to increase, as detailed in Appendix B. As a result, if an
optimal solution exists far from the constraint thresholds, such
as body orientation in robot locomotion, ROGER will converge
to that solution; otherwise, it chooses a safe alternative.

and R; ~ —R;;. This setup neglects the primary reward,
immediately enforcing the reduction of the penalty terms and
ensuring constraint satisfaction.

Simultaneously, the penalty weighting gains are distributed
according to the ratio of R, as illustrated in Figure 3b.
As the first penalty term (R;¢) increases, it receives more
weight and higher optimization priority. However, as other
terms, e.g., Ros, rise, the weighting gains are redistributed,
lowering the priority of the first penalty term to increase
those of the others. Thus, this setup automatically balances the
contributions between different penalty terms online during
locomotion learning. In total, ROGER' takes an additional
computation time of 0.46+0.09 ms on an Intel i7 CPU with
an Nvidia GTX1050 GPU, or approximately 0.03% of data
collection/exploration time.

III. EXPERIMENTS AND RESULTS

Two experiments were conducted to investigate and evaluate
ROGER. The first compared ROGER with state-of-the-art
techniques on a 60-kg quadruped robot in simulation, followed
by the demonstration of real-world locomotion learning. The
second further tested ROGER with a MuJoCo hopper, which
violates the assumptions presented in Appendix B: zero-
penalty optimality and gentle system and transition dynamics.
Under this condition, the reward weightings adapted using
ROGER were compared with the default reward weightings
provided by OpenAl Gymnasium and CRPO. The results of
other locomotion learning tasks are provided in Appendix D.

A. Quadruped Locomotion Learning

Unlike previous studies that used small, less sensitive
quadruped robots, the first experiment performs a comparison
on a 60-kg Unitree Bl (Figure 4), a platform more
prone to instability and falling if improper policies are
learned. To ensure safe and efficient locomotion learning,

'Code is available at https:/github.com/Arthicha/ROGER_ROGER_public.
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Fig. 4: Locomotion learning framework for the Unitree Bl
quadruped with ROGER. An adaptive neural control produces
joint position targets that are used by low-level controllers.
After execution, the robot receives rewards and penalties,
which are then combined using ROGER and subsequently used
to train the neural control.

a state-of-the-art adaptive neural control framework, called
Sequential Motion Executor-Adaptive Gradient-weighting
Online Learning (SME-AGOL) [21], was adopted, as shown in
Figure 4. This control framework has previously demonstrated
real-world locomotion learning on a physical hexapod robot.
Moreover, it supports stable and smooth locomotion by
performing exploration in parameter space, e.g., avoiding
noisy exploration as in PPO, and providing interpretability,
e.g., mapping weights directly to a series of corresponding
robot trajectories/configurations.

The SME network is a central pattern generator-based
network. It consists of three layers: (1) a central pattern
generator layer producing rhythmic activity, (2) a triangular
basis layer forming locomotion bases, and (3) an output
layer mapping the bases to eight joint position commands
for the quadruped robot. It should be noted that the hip
abduction/adduction joints were fixed, reserving them for
future turning control. The mapping weights were initialized
to zero before being optimized using the AGOL learning rule
as follows:
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where Af and Aoy denote the updates to the parameters (6)
and the exploration standard deviations (o), respectively. 1
and 7, denote the learning rates. n denotes the length of the
stored trajectories, i.e., 8 episodes x 70 timesteps (= 3 gait
cycles per episode). Vga,; denotes the gradient of the explored
actions. 6 denotes the explored parameter re-randomized at the
beginning of every episode. G; and og, denote the average
and standard deviation of the return G, respectively, serving as
the baseline and normalization gains for advantage estimation.
Taking advantage of the rhythmic nature of locomotion, the
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Fig. 5: (a) Final primary reward values obtained from the last training episode and (b-c) roll and pitch angles recorded
throughout the locomotion learning of the simulated Unitree B1 quadruped robot. The robot was trained using six techniques:
two fixed-weighting techniques in red (fixed-gain penalty and fixed-gain CBF), three adaptive weighting techniques in gray
(PDO, CRPO, and OL-AUX), and ROGER in blue. All conditions are presented along with their kernel density estimation.
In (b-c), red dashed lines indicate constraint thresholds at + 0.2 rads, or approximately £ 10°; therefore, the data points
exceeding these lines indicate violations. A video of this experiment is available at https://youtu.be/cZ5qOw0i_T4.

return GG; is computed from the average of the total reward
performed over a horizon of 20 timesteps, or approximately a
gait cycle. Here, ROGER was applied as an add-on mechanism
to the AGOL learning mechanism by adapting its reward
weighting gains.

The total reward function in Equation 1 includes a forward
velocity reward (Rg: = vswd, encouraging forward movement)
and orientation penalties for roll (Ri; = |ay|, penalizing
sideways oscillation) and pitch (Ro; = |B5:|, penalizing
longitudinal oscillation). The constraint thresholds, e.g., 7; in
Equations 4 and 5, are selected as 0.2 rad, or approximately
10°. To include 99.9% of the exploration uncertainty in the
process, ROGER recomputes the reward weighting gains using
ks, = 3. In other state-of-the-art methods, ]:Bit is used as
summarized in Appendix A.

1) Simulated Robot Experiment: The comparison between
ROGER and state-of-the-art constrained RL techniques was
conducted using a Mujoco-based simulation of a 60-kg Unitree
B1 quadruped robot. The state-of-the-art techniques include
two fixed-weighting techniques: fixed-gain penalty (Penalty)
and fixed-gain CBF (qCBF: quadratic CBF and InCBF:
logarithmic CBF); three adaptive-weighting techniques: PDO,
CRPQO, and OL-AUX; and ROGER. Note that OL-AUX [24] is
included here as an additional baseline because it dynamically
adapts the auxiliary weighting gains (e.g., penalty), with the
aim of exploiting the auxiliary terms to maximize the primary
reward. The summarized details of all techniques are provided
in Appendix A.

The key metrics for the evaluation are the final primary
reward (i.e., robot forward speed), the constraint violation
rate throughout the learning process obtained from kernel
density estimation, and the maximum roll and pitch deviations.
For each technique, hyperparameters were selected through a
grid search [11], with those yielding high rewards and low
constraint violations being selected for comparison. Some of
the preliminary selection results are presented in Appendix C.
The robot was subjected to 500 training episodes under each

condition, with over 10 repetitions per condition.

Figures 5b and 5c present that, in this case, the fixed
gain penalty is the only fixed-weighting approach capable of
satisfying the constraints throughout learning. When properly
selected, the fixed gain penalty resulted in below 10° of
orientation deviation with an estimated violation probability of
2 x 107'2, or three violations in 25,000 timesteps. In contrast,
training the quadruped robot solely with the primary reward
did not satisfy any constraints: the robot experienced over 30°
orientation deviations with an estimated violation probability
of 0.85, both of which were significantly higher than those
of the fixed-gain penalty (p-value < 0.01, rwo-proportion
test). Similarly, CBF-based approaches, whether logarithmic
or quadratic, reduced the estimated violation probability to
0.60-0.16, with most of the deviation being below 20°; yet,
the numbers were still significantly higher than those of the
fixed gain penalty (p-value < 0.01, two-proportion test).
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Fig. 6: Evolution of the main reward term across 500 learning
episodes from the locomotion learning of the simulated
Unitree Bl quadruped robot trained with (dark red) only the
primary reward term, (light red) fixed gain penalty, (blue)
ROGER, and (gray) CRPO.

Figures 5b and S5c also reveal that CRPO and ROGER,







































