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Abstract: This study presents a hybrid evolution strategy–soft actor-critic (ES–SAC) controller for a 
reduced-degrees of freedom spatial (3D) humanoid gait model with predominantly sagittal-plane 
motion that focuses on arm-leg coordination. Policies are trained on flat terrain only and then evaluated 
on both flat and uneven ground under identical simulation settings. Arm-leg coordination is examined 
systematically in three modes (counter-phase with the legs [normal], in-phase [anti-normal], and fixed 
[passive]), and the results are compared with findings from human experiments. Whereas most prior 
studies evaluate policies primarily via reward curves, this work conducts a deep analysis using 
interpretable metrics aligned with human-like walking: speed-normalized power and torque, lateral 
and vertical deviations, and moment-balance terms. Simulation outcomes are reported quantitatively 
through these metrics rather than reward alone. Across five random seeds, a clear terrain-dependent 
trade-off appears between the swinging strategies: anti-normal attains higher forward speed and lower 
torque-per-speed, whereas normal provides better lateral tracking and lower power-per-speed on rough 
ground. Directional trends agree with human experiments (e.g., immobilized or in-phase arms raise 
metabolic cost), while numerical gaps reflect that the simulator measures mechanical power rather 
than metabolic energy. Within this framework, the impact of coordinated arm swing on balance and 
efficiency is quantified with a breadth and clarity uncommon in the literature. 

Keywords: humanoid robot gait; arm swing strategies; evolutionary computation; actor-critic 
algorithm; uneven terrain; reinforcement learning 
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1. Introduction  

Humans typically swing their arms when walking. Arm swing requires muscle activity and can 
be energetically costly. It is unclear whether potential benefits elsewhere in the body compensate for 
this cost. Humanoid robot designs likewise draw inspiration from human gait [1]. However, most 
approaches to humanoid walking control [2–5] have focused on leg motion, placing the contribution 
of the upper body and arm joints in the background. This gap is particularly important because arm 
coordination can simultaneously influence whole-body balance regulation, kinematic tracking, and 
energy-related effort, which are core determinants of practical humanoid locomotion. 

In this study, the aim was to examine in detail how arm swing influences the walking performance 
of humanoid robots using a deep reinforcement learning (DRL)–based controller. To this end, three 
arm-model scenarios were compared. In the first, the arms were completely fixed with no swing 
allowed. In the second, the arms swung in-phase with the ipsilateral legs (for example, the right arm 
moves forward as the right leg moves forward). In the third, the arms swung in counter-phase, 
synchronised with the contralateral legs as in natural human gait (for example, the left arm swings 
forward when the right leg steps forward). Across these three conditions, several measures determining 
gait stability, energy expenditure, and balance were analysed. In this way, the effects of arm motion on 
bipedal gait dynamics were quantified with numerical evidence. In addition, the comparison is 
designed to reveal the relative advantages and disadvantages of each arm strategy in terms of stability–
speed behaviour and effort or economy, rather than treating arm motion as a purely aesthetic degree of 
freedom. Because the counter-phase pattern resembles typical human coordination while the in-phase 
pattern does not, the analysis also highlights where humanoid control behaviour aligns with, or departs 
from, human-like gait coordination. 

According to Collins et al. [1], arm swing during walking serves important functions. They 
showed that fixing the arms increases the metabolic energy cost of walking by about 12%. When the 
arms swing in-phase with the legs on the same side, energy use can rise by up to 26%. Another notable 
finding is that arm swing markedly reduces the vertical-axis ground-reaction moment at foot-ground 
contact. When the arms are completely fixed, this moment increases by about 63% compared with 
normal swing. The shoulder torque required for normal arm swing is also very small, indicating that 
with only a minor muscular cost the arms contribute both to balance and to the energetic efficiency of 
walking. At the same time, transferring these findings to humanoid robots is not straightforward, 
because robot morphology, actuation, and controller objectives can shift the trade-offs between human-
like coordination and task-optimal coordination. 

DRL methods have produced satisfactory results for humanoid walking [6–8]. Recent studies 
show that using the arms can markedly improve walking speed and balance. In particular, at higher 
walking speeds the swing of the legs can generate unbalanced angular momentum, making the robot 
prone to stumbling [9,10]. As a remedy, Zhang et al. [9] integrated an angular-momentum minimisation 
term into the reward of a DRL-based controller, enabling the robot to use its arms actively to counteract 
yaw-plane sway and stabilise the gait. 

Prior studies [1,11,12] suggest that arm swing can reduce centre-of-mass motion in the vertical 
plane, balance whole-body angular momentum, and lower the ground reaction moment about the 
vertical axis. When the arms move out of phase with the legs, they counter the angular momentum 
generated by the legs, thereby reducing uncontrolled trunk rotations and excessive lateral sway. 
These insights motivate a controlled comparison of arm coordination strategies in a humanoid robot, 
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using metrics that reflect both kinematic performance and effort or energy usage, rather than relying 
only on reward curves. Accordingly, the central questions are whether arm coordination improves or 
degrades steady-state gait quality, energy-related cost proxies, and robustness-related balance 
indicators under a fixed controller and training setup, and which strategy best mediates the trade-offs 
among these objectives. 

A single agent architecture is used that combines evolution strategies (ES) with soft actor-critic 
(SAC) into a hybrid ES–SAC algorithm. The ES and SAC components are developed with inspiration 
from [13,14] and [6–8], respectively. With this agent, both leg and arm motions are controlled, and the 
reward function is designed accordingly as a multi-component objective that targets forward 
progression and fall avoidance while explicitly encouraging stability- and efficiency-related behaviour. 
Beyond learning curves, a detailed steady-state gait analysis is performed to interpret how arm 
coordination changes walking dynamics in a measurable way. In parallel, the effect of arm-swing 
modelling on the learning process itself is investigated by examining how each arm strategy shapes 
training behaviour under ES–SAC, including convergence tendencies, variability across seeds, and 
value-related learning signals such as Q0. In addition, a multi-seed design with five independent runs 
per condition is adopted to reduce run-specific fluctuations and to assess stability and generalisability 
more reliably. Overall, by bringing biomechanical findings together with ES–SAC control and by 
comparing fixed, in-phase, and counter-phase arm strategies under the same training setting, a 
structured assessment is provided of how arm motion shapes the trade-offs among gait stability, 
balance, and energy-related performance in humanoid locomotion. 

2. Humanoid model 

The humanoid model used in this study is simulated as a spatial (3D) multibody system; however, 
its joint structure is deliberately simplified and designed with a low number of degrees of freedom 
(DoF). This simplification enabled faster learning for the ES–SAC model. Each leg consists of three 
single-axis revolute joints (hip–knee–ankle). The anatomical correspondence of the joint axes is 
defined through fixed transform/alignment blocks within the joint subsystems. Accordingly, the lower 
extremities provide a total of 6 DoF (3 DoF per leg), and all of these joints are directly actuated via 
torque inputs. For the upper extremities, each arm is represented as a 3-joint kinematic chain; however, 
the wrist and elbow joints are fixed (passive/locked), and only the shoulder joints are torque-controlled. 
Thus, although the arms include rigid links connected in 3D space, active control is applied only at the 
shoulder; the arm-swing effect is examined through this single active shoulder DoF. Under this setup, 
the model has 8 active (controlled) DoF in total: 6 DoF from the legs and 2 DoF from the shoulders. 

Joint ranges of motion were constrained using angular limits (joint limits) to remain consistent 
with human anatomy. The hip joint was limited to a range of -90° to +30°, allowing the leg to swing 
within a prescribed envelope relative to the torso while preventing excessive angular deviations. The 
knee joint was constrained to 5°–90°; selecting a lower bound greater than zero avoids full “locking” 
(full extension), which is intended to yield numerically more stable contact dynamics and more 
realistic step-to-step transitions. The ankle joint was limited to -20° to +20°, providing a safety margin 
against instabilities, such as excessive plantarflexion/dorsiflexion during foot-ground contact and 
abrupt growth of contact forces [15,16]. For the upper extremity, the shoulder sagittal motion was 
constrained to -30° to +90°. This keeps arm swing within a biomechanically plausible range and 
prevents extreme arm postures that could be dynamically unstable or inconsistent with the intended 
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arm-swing behaviour. Since the remaining joints in the arm chain (e.g., elbow and wrist) were 
modelled as passive/locked, these shoulder limits effectively define the active motion envelope of the 
upper extremity and thus serve as the primary kinematic constraint for the arms. Taken together, these 
constraints aim to keep the model within realistic joint motion ranges while maintaining a numerically 
stable simulation regime for contact and torso dynamics, thereby also facilitating faster learning of the 
ES–SAC controller. 

3. ES–SAC model 

3.1. Architecture of the ES algorithm 

The ES algorithm used in this study employs a population-based search to optimise the 
parameters of the policy network. At each generation, a population is created from the current policy 
parameters, and each individual is evaluated by running the agent in the environment and recording 
the return achieved [17]. 

ES defines a Gaussian distribution around the actor network’s parameters. In every generation, a 
noise vector is sampled from this distribution and added to the actor parameters. These perturbations 
enable exploration of a wide range of policies in the search space. In effect, the actor of each population 
member is a small, randomised variation of the SAC agent’s actor network [17,18]. 

At the end of each generation, the cumulative returns obtained by the population members are 
compared. These returns act as fitness values for that generation. By averaging over multiple 
independent trials, noise and stochastic environment effects are smoothed, giving a more reliable 
estimate of each policy’s true performance. A subset of the highest-scoring policies is then selected as 
elites. This ensures the survival of the best in the evolutionary search [13,14]. 

The parameters of the elite individuals are used to form the next generation’s policy. The base 
parameters of the SAC actor (i.e., the mean of the Gaussian) are shifted towards the elites, steering the 
search. Large perturbations are used at the beginning of training to encourage exploration, and the 
distribution is gradually narrowed near the end to drive convergence to a solution [13,14]. 

3.2. Hybrid integration of ES and SAC 

SAC comprises an actor (policy) network and two critic (Q-value) networks. Its aim is to train 
the policy to maximise both the cumulative return and the policy entropy. High entropy promotes 
exploration, while the return reflects the reward obtained from the environment. Each interaction 
experience is stored in a replay buffer and sampled in mini-batches for gradient-based updates, and 
target networks are used to improve stability. Combined with ES, which searches in parameter space, 
SAC learns in data space; in the hybrid ES–SAC algorithm the agent is trained with two learning 
mechanisms at once [19–21]. 

First, using the current SAC actor parameters, a population of fixed size is generated. The 
Gaussian sampling and elite selection described in the previous section are then applied, so the ES-
based update acts on the actor. The critic networks are not updated during the ES step. The actor 
parameters are perturbed as in Eq (3.1): 

   𝜃௜ ൌ 𝜃௖ ൅∈௜, 𝑤ℎ𝑒𝑟𝑒 ∈௜∽ 𝒩ሺ0, Σሻ (3.1)
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Here, θ௜ denotes the actor-network parameters of the i-th individual, θ௖ denotes those of the current 
SAC agent, and ∈௜ is zero-mean Gaussian noise with covariance matrix Σ. 

One of the key advantages of this hybrid architecture is the use of a Replay Buffer. All experiences 
generated from the population’s interaction with the environment (𝑠௧, 𝑎௧, 𝑟௧, 𝑠௧ାଵ ) are stored in the 
Replay Buffer. Here, 𝑠௧  denotes the state, 𝑎௧  the action, 𝑟௧  the reward, and 𝑠௧ାଵ  the next state. 
Both the perturbed data and the data collected by the SAC agent are retained in the buffer. Thus, 
evolutionary search not only discovers the best individual but also leverages the experience of the 
entire population, improving efficiency [20]. 

Once each generation is completed and the actor parameters have been updated within the 
population by ES, the hybrid algorithm proceeds to the SAC phase, which uses gradient-based learning. 
Using experiences sampled from the replay buffer ሺ𝑠௜, 𝑎௜, 𝑟௜, 𝑠௜ାଵሻ, each critic network 𝑄மೖ

 is updated 
by minimising the squared loss 𝐿௞ against the target value, as in Eq (3.2): 

   
𝐿௞ ൌ

1
2𝑀

෍ ቆ𝑟௜ ൅ 𝛾 ൤min
௝ୀଵ,ଶ

𝑄థഥ ೕ
ሺ𝑠’௜, 𝑎’𝑖ሻ െ 𝛼 log 𝜋 𝜃ሺ 𝑎’௜ ∣∣ 𝑠’𝑖 ሻ൨ െ 𝑄𝜙௞ሺ𝑠௜, 𝑎௜ሻቇ

ଶெ

௜ୀଵ

 (3.2)

Here, M is the mini-batch size, 𝑄மೖ
 is the current critic network and predicts the expected return for 

a state–action pair, 𝑄மഥ಼
 is the target critic, and ϕ௞ denotes the learnable parameters of the critic. 

When computing the target Q-value, the minimum of these networks’ estimates is selected, and the 
result is multiplied by the discount factor (γ) to obtain the present value of future rewards. The term 
𝛼 log 𝜋 𝜃ሺ 𝑎’௜ ∣∣ 𝑠’௜ ሻ represents the policy entropy. By weighting the stochastic action distribution with 
the entropy coefficient (α), the agent’s exploration is enhanced. The target critic parameters are then 
updated using the correction factor (τ), as in Eq (3.3): 

   𝜙௞തതതത ൌ 𝜏 𝜙௞ ൅ ሺ1 െ 𝜏ሻ 𝜙௞തതതത (3.3)

After the critics are updated, the actor network is improved in the gradient direction. The actor 
update proceeds under the guidance of the critics’ values, as in Eq (3.4): 

   
𝐽గሺ𝜃ሻ ൌ

1
𝑀

෍ ቀ𝛼 log 𝜋ఏ ሺ 𝑎’𝑖 ∣∣ 𝑠௜ ሻ െ min௝ୀଵ,ଶ 𝑄థೕ
ሺ𝑠௜, 𝑎’௜ሻቁ

ெ

௜ୀଵ

 (3.4)

Here, the actor training improves the policy while maintaining the entropy–reward balance. This 
update also provides an opportunity to refine the actor parameters after the ES step. If the ES step 
places the policy in a favourable region, the SAC-based actor update performs fine-grained 
adjustments. If ES noise deteriorates the policy, the critics’ estimates guide the SAC policy update to 
steer the actor back toward a suitable region [22,23]. 

A distinctive element of SAC is the dynamic adjustment of the entropy coefficient, which is 
obtained as in Eq (3.5): 

   
𝐿ఈ ൌ

1
𝑀

෍൫െ𝛼ሺlog 𝜋ఏ ሺ 𝑎௜ ∣∣ 𝑠௜ ሻ ൅ ℋഥ ሻ൯

ெ

௜ୀଵ

 (3.5)

Here, ℋഥ   is the target entropy. The entropy coefficient α  is adjusted to minimise this objective, 
thereby preserving the desired level of stochasticity. 
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To summarise, the mathematical steps defined in SAC (the critic losses, the actor objective, 
entropy tuning, and target-network updates) constitute the algorithm’s gradient-based learning stage. 
The ES–SAC algorithm applies these key steps in alternation by combining them with evolutionary, 
population-based search steps [17,19,22,24]. 

3.3. SAC policy architecture 

In this study, the agent’s observation vector is condition dependent. For the normal and anti-
normal configurations, the observation vector is defined as 𝑜௧ ∈ 𝑅𝟛𝟟  and decomposed into two 
components. The first component, 𝑠௧ ∈ 𝑅𝟚𝟡, represents the robot’s instantaneous state (i.e., the core 
physical variables required for gait control), while the second component, 𝑢௧ିଵ ∈ 𝑅𝟠, contains the 
torque commands applied at the previous control step. The motivation for this decomposition is to 
make the agent’s input closer to the Markov assumption in contact-driven locomotion, which is highly 
dynamic and sensitive to actuation/feedback delays. For the fixed-arms configuration, the observation 
vector has 31 elements. It includes 25 instantaneous state variables and an additional six-dimensional 
one-step memory term from the 𝑧ିଵ block (i.e., 𝑜௧ ൌ ሾ𝑠௧; 𝑢௧ିଵሿ ∈ 𝑅𝟛𝟙 with 𝑠௧ ∈ 𝑅𝟚ହ and 𝑢௧ିଵ ∈
𝑅଺). The term 𝑢௧ିଵ is feedback through a one-sample memory (unit delay, 𝑧ିଵ) in the model, helping 
the agent capture the temporal continuity of torques across consecutive time steps. Within the sensor-
based state (𝑠௧), the right and left foot contact indicators enable the agent to distinguish gait phases 
(e.g., single vs. double support). The torso orientation components (𝑞௫, 𝑞௬, 𝑞௭) and angular velocities 
(𝑤௫, 𝑤௬, 𝑤௭) provide critical feedback for balance maintenance and for early detection of rotational 
instabilities that may precede falls. The torso lateral position (x), vertical displacement (dz), and linear 
velocity components (𝑣௫, 𝑣௬, 𝑣௭) directly encode forward progression, lateral deviation, and vertical 
oscillations induced by ground contact. Finally, joint angles and angular velocities describe the motion 
states of the leg joints (hip, knee, and ankle) and the shoulders, enabling the agent to evaluate both step 
geometry and the effect of arm swing on torso dynamics within a unified observation space. 

The actor network used in this study is designed, as shown in Figure 1(a), to capture both the 
humanoid’s instantaneous state and the temporal dynamics of gait. The network input is a 37-
dimensional state vector comprising joint angles, velocities, and the system’s kinematic properties. 
These signals are first processed by two fully connected (FC) layers with 256 neurons each, followed 
by rectified linear unit (ReLU) activations, to yield more abstract and informative representations. In 
this way, salient features that explain the walking behaviour are extracted from raw observations. The 
resulting representation is passed to a long short-term memory (LSTM) layer with 256 hidden units, 
enabling the network to account for not only the current state but also recent steps. The LSTM output 
then splits into two heads that produce the action mean and the uncertainty of the action distribution, 
respectively. Expressed as a Gaussian policy, this provides actions that are both stable and exploratory. 

The critic network is shown in Figure 1(b). It estimates the value of state-action pairs by jointly 
evaluating the robot’s current state and the action produced by the actor. The first input is a 37-
dimensional state vector, processed by a FC layer with 256 neurons. The second input is the actor’s 8-
dimensional action vector, which is likewise passed through a 256-neuron FC layer. The resulting 
representations are merged at a concatenation layer to form a shared feature space that captures both 
state and action information. These fused features are then fed through an additional FC layer with 
ReLU activations and an LSTM with 256 hidden units, yielding higher-level representations that 
account for temporal context. Finally, a single-neuron output layer computes the expected value 
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function 𝑄ሺ𝑠, 𝑎ሻ for the state–action pair, supplying the core learning signal that guides the actor’s 
policy updates. 

 

Figure 1. Architectures of the actor (a) and critic (b) networks. 

3.4. SAC reward function 

In this study, the reward function designed to control the humanoid’s gait is multi-component and 
centres on leg-driven walking performance. Accordingly, it is formulated to prioritise forward 
progression and continuity of gait. Forward speed and the duration of balanced upright stance are 
defined as high-priority reward terms. Lateral deviation of the trunk and vertical descent towards the 
ground plane receive strong penalties. An additional penalty promotes energy efficiency. In this way, 
the policy is encouraged to maximise stable forward locomotion [8]. In addition, to make arm swing 
more biomechanically natural, two arm-motion reward components are integrated. These arm terms 
are assigned small weights so that they act as fine-tuning, improving balance without disrupting 
walking performance. In sum, the reward function preserves a leg-centred, stable humanoid gait while 
also encouraging human-like arm–leg coordination. 

The total reward is defined as a weighted sum of distinct sub-components. Eq (3.6) shows the 
components of the reward function: 

   𝑟 ൌ 𝑤ௗ𝑟ௗ ൅ 𝑤௙𝑟௙ ൅ 𝑤௟𝑟௟ ൅ 𝑤௩𝑟௩ ൅ 𝑤௣𝑟௣ ൅ 𝑤௔ଵ𝑟௔ଵ ൅ 𝑤௔ଶ𝑟௔ଶ (3.6)

Here, 𝑟ௗ is the duration reward. At each time step, a fixed positive reward is given as long as the robot 
remains upright. 𝑟௙  is the forward-motion reward. 𝑟௟  is the lateral deviation penalty, a numerical 
penalty applied to minimise left–right (x-axis) deviations. 𝑟௩ is the vertical-motion penalty, designed 
to suppress oscillations along the vertical (z) axis. 𝑟௣  is the power-consumption penalty. 𝑟௔ଵ 
encourages the natural counter-phase swing between the opposite arm and leg. 𝑟௔ଶ  is the arm-
symmetry penalty, encouraging the two arms to move symmetrically in counter-phase. The weighting 
coefficients in the reward are denoted by 𝑤. For the Fixed-arms condition, the arm-related terms are 
removed from the reward function, and the shoulder joints are locked with zero shoulder torques, so 
no arm motion is present during training and evaluation. Table 1 values were derived after training, 
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based on simulation observations aggregated across all seeds; where ranges are reported, they denote 
the minimum–maximum values observed across seeds after convergence. When setting the weights, 
both the importance of each reward and the numerical range of each reward component were 
considered, and the coefficients were chosen normalised to these scales. This normalisation is intended 
to balance the influence of all components on the total reward. Accordingly, by assigning an 
appropriate weight to each term with reference to the maximum within its natural range, no single 
component overwhelms the others, and the reward function fulfils its multi-objective aims in a 
balanced manner. The value ranges of the reward function terms, before multiplication by their gains, 
are listed in Table 1. 

Table 1. Value ranges of reward/penalty terms. 

Reward/penalty term Value range 
Duration reward 0.025 
Forward velocity reward -0.5 to 2.5 
Lateral penalty 0 to 0.025 
Vertical penalty 0 to 0.05 
Power penalty -1000 to 4000 
Arm-leg antiphase swing reward/penalty -0.5 to 1.5 
Arm swing symmetry penalty 0 to 0.8 

Table 2 lists the reward weights used at the same values for all agents. The duration reward adds 
a small positive contribution at every step in which the robot sustains walking, encouraging episodes 
to last as long as possible. The forward-progress reward promotes the primary task (moving forward) 
by rewarding forward speed; as the table shows, this term can become negative, so backward slip is 
mildly penalised. The lateral and vertical penalties aim to maintain balance and near-straight travel. 
The lateral-deviation penalty limits unnecessary side-to-side motion, helping the agent reach the target 
more quickly, while the vertical-oscillation penalty suppresses jumping or excessive up-and-down 
body motion. The power penalty enforces energy efficiency by penalising instantaneous torque use 
across all active joints. The last two terms (arm–leg asynchrony reward/penalty and arm-symmetry 
penalty) encourage arm motions that resemble natural human gait [8,25,26]. 

Table 2. Weight values for reward and penalty terms. 

Reward weights Value 
Duration reward (wୢ) 1 
Forward reward (w୤ሻ 2 
Lateral penalty, (w୪ሻ -5 
Vertical penalty (w୴) -10 
Power penalty (w௉) -0.0005 
Arm-leg asynchrony (wୟଵ) 1 
Arm symmetry penalty (wୟଶ) -1 

Opposite-phase asynchrony term rewards opposite-side arm and leg motions in opposite 
directions. It is calculated mathematically as in Eq (3.7): 
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   𝑟௔ଵ ൌ 𝜃ோ௦𝜃௅௛ ൅ 𝜃௅௦𝜃ோ௛ (3.7)

Here, the right arm angle θோ௦ and the left hip angle θ௅௛, and the left arm angle θ௅௦ and the right hip 
angle θோ௛  are denoted. The term in Eq (3.7) is constructed to promote the normal (contralateral, 
opposite-phase) arm–leg coordination: when the arms swing in opposite phase with the contralateral 
hips, the summed quantity in Eq (3.7) tends to take positive values, thereby increasing the reward. For 
the anti-normal (ipsilateral, in-phase) condition, the phase definition is implemented directly inside the 
reward-signal block by applying a sign convention to one side of the coupled signals in Eq (3.7) 
before evaluation. Specifically, the phase reference is implemented by negating the hip-angle signals 
in Eq (3.7) prior to evaluation (i.e., the terms -𝜃௅௛ and -𝜃ோ௛ are used in the arm–hip cross-coupling). 
This operation corresponds to a sign-reference (phase) convention and does not introduce an additional 
penalty or alter the underlying objective function. In the implementation, hip-angle signals are first 
sign-corrected (multiplied by -1) to align the forward-swing direction convention across limbs; this 
preprocessing is applied consistently and does not change the objective, only the sign reference of the 
angle signals. With this convention, Eq (3.7) remains a consistent coordination indicator whose 
positive contribution corresponds to the intended Anti-normal mode, rather than being interpreted as 
an intrinsic penalty against in-phase behaviour. 

The second arm reward term, the arm-swing symmetry penalty, evaluates the symmetry of the 
two arm motions as in Eq (3.8): 

   𝑟௔ଶ ൌ ሺ𝜃ோ௦ ൅ 𝜃௅௦ሻଶ (3.8)

When the arms move in the same direction, the value of the sum becomes large and a high penalty 
is produced. By contrast, when the arms swing symmetrically in opposite directions, the sum of the 
two arm angles approaches zero and this term attains its minimum. That is, when the phase difference 
is 180°, the penalty is minimal. Thus, the robot’s arms exhibit a natural counter-swing during walking, 
with one arm moving forwards while the other moves backwards [1,25].  

Table 3. Reward function definitions for the three arm-swing conditions. 

Condition Reward function 
Normal 𝑟 ൌ 2𝑦ሶ െ 5𝑥ଶ െ 10𝑧ሶଶ ൅ 0.025 െ 0.0005 𝑃 ൅ θோ௦𝜃௅௛ ൅ θ௅௦𝜃ோ௛ ൅ ሺ𝜃ோ௦ ൅ 𝜃௅௦ሻଶ 

Anti-normal 𝑟 ൌ 2𝑦ሶ െ 5𝑥ଶ െ 10𝑧ሶଶ ൅ 0.025 െ 0.0005 𝑃 ൅ 𝜃ோ௦ሺെ𝜃௅௛ሻ ൅ 𝜃௅௦ሺെ𝜃ோ௛ሻ ൅ ሺ𝜃ோ௦ ൅ 𝜃௅௦ሻଶ

Fixed 𝑟 ൌ 2𝑦ሶ െ 5𝑥ଶ െ 10𝑧ሶଶ ൅ 0.025 െ 0.0005 𝑃 

*Note: The minus sign in the anti-normal arm–hip cross-term arises solely from the sign flip applied 
to the hip-angle signals (𝜃௅௛ , 𝜃ோ௛ ) to enforce an in-phase coordination convention; it is not an 
additional penalty term nor a different objective formulation. 

Table 3 summarizes the reward formulations for each arm-motion condition, showing how shared 
locomotion objectives and arm–leg terms enforce normal swing, implement anti-normal (in-phase) by 
negating the hip-angle signals 𝜃௅௛ and 𝜃ோ௛ before evaluating Eq (3.7), so the same indicator remains 
positive for the intended mode, and make arm-term contributions negligible under fixed arms. Fairness 
of comparison across arm-swing conditions. Accordingly, reward/Q0 comparisons are reported only 
for normal versus anti-normal, while fixed arms are excluded from reward/Q0 cross-condition 
comparisons due to the omission of arm-related shaping terms.  

Table 3 lists the exact reward definition used in each condition. The base locomotion objective is 
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identical across all settings, targeting forward progression, upright stability, and effort regularisation. 
The only condition-dependent part concerns the arm-related shaping, which is included for normal and 
anti-normal to specify the intended coordination mode, and omitted for fixed arms because the 
shoulders are locked and unactuated. For this reason, reward-based quantities, such as total return 
and Q0, are interpreted within-condition, and cross-condition conclusions are drawn from reward-
agnostic post-hoc steady-state gait and energy metrics computed identically for all policies. 
Specifically, we report 𝑉௬ , |𝑉௫ |, dz, |X|, |P|, |τ |, 𝑊step , 𝑊dist , and CoT, which depend only on the 
simulated motion and actuation. 

3.5. SAC hyperparameters 

Controlling a humanoid robot is challenging owing to its high-dimensional action space and 
complex dynamics. To obtain more stable and efficient learning, some of the agent’s hyperparameter 
values should be tuned to the operating context. The hyperparameter values reported in Table 4 are 
those used in non-default settings.  

Table 4. Agent hyperparameter values. 

Hyperparameters Value 
Sample time (control frequency) 0.025 
Batch size 256 
Replay buffer length 1e+6 
Target smooth factor (polyak for target network) 5e-3 
Warm start steps (initial random steps before learning) 1024 
Number of epochs per update 2 
Actor learning rate 1e-4 
Critic learning rate 5e-4 
Gradient clipping (gradient threshold) 1 
L2 regularization (weight decay) 1e-5 

A short sampling period of 0.025 s provides fast feedback and markedly increases the control 
frequency [27]. Using a medium-sized batch stabilises gradient estimates and lowers the per-update 
computational cost, enabling more efficient learning [19,28]. A large replay buffer lets the agent draw 
on a more diverse state history, helping to avoid over-fitting to recent experiences [29]. The chosen 
target smoothing factor updates the target networks slightly faster; setting it too high can cause 
instability [19]. Warm start denotes the number of random interaction steps collected before any 
network updates. Choosing warm start steps larger than the mini-batch size ensures that learning starts 
only after the replay buffer contains at least one full batch of experience, which improves early training 
stability [30]. Setting per-episode epochs to 2 means that at each update phase the agent iterates over 
the sampled data twice rather than once. Lower learning rates were set for both actor and critic to 
temper updates and avoid policy oscillations from overly aggressive steps. With the chosen gradient 
threshold, if the gradient norm exceeds 1 it is rescaled to 1, preventing exploding gradients. L2 
regularisation penalises large weights to mitigate over-fitting; combined with a large replay buffer and 
batch size, this keeps the risk of memorising a small subset of data low [31–33]. Each algorithm was 
trained with five independent random seeds to control for stochasticity [34]. The seed sets the initial 
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network weights, the mini-batch sampling order in experience replay, the exploration noise, and any 
stochastic environment restarts [35]. The training budget and hyperparameters were held constant 
across all runs. 

Using Bayesian optimisation, we tuned three hyperparameters that most strongly affect agent 
learning performance (mini-batch size, actor learning rate, and critic learning rate). The algorithm 
explores different hyperparameter combinations and searches for the configuration that maximises the 
average episodic reward. The best values found within the search space are reported in Table 4. After 
a few random evaluations, a Gaussian process (GP) model is updated with the available observations 
to obtain the posterior distribution of the objective. From this posterior we define an acquisition 
function 𝒜ሺ𝜆ሻ that quantifies the expected improvement of each candidate; it is maximized to select 
the next evaluation point 𝜆ା . Let 𝐹ሺ𝜆ሻ  denote the average episodic reward achieved with 
hyperparameters 𝜆, and let the current best value be 𝑚⋆. Then, the expected improvement is obtained 
as in Eq (3.9) [36–38]: 

   𝒜ሺ𝜆ሻ ൌ 𝐸𝐼ሺ𝜆ሻ ൌ 𝐸Gሾmaxሺ0, 𝐹ሺ𝜆ሻ െ 𝑚⋆ሻሿ where 𝑚⋆ ൌ max
௝ஸ௧

𝐹 ൫𝜆௝൯ (3.9)

Here, 𝐸Gሾ⋅ሿ denotes the expectation under the current GP model. Assume that the GP’s posterior 
prediction at λ is 𝐹ሺλሻ ∼ 𝒩൫μොሺλሻ,  𝜎ොଶሺλሻ൯; in that case, 𝐸𝐼ሺλሻ yields an expected gain based on both 
the probability that the predicted mean exceeds 𝑚∗  and the magnitude by which it does so. This 
quantity can be computed analytically from the GP prediction and obtained for every candidate λ. At 
each iteration, the algorithm selects the point that maximises 𝐸𝐼ሺλሻ, runs the actual evaluation, adds 
the observation to the GP model to update the posterior distribution, and proceeds to the next iteration. 
The process continues until the iteration or time limit is reached, and the hyperparameter set that 
achieves the highest observed reward among the evaluations is deemed optimal. 

In this study, learning curves and gait time-series are summarised across seeds using the seed 
median with interquartile range (IQR), where the central line denotes the median and the shaded band 
denotes the IQR (n = 5 seeds per condition). Between-condition differences are tested on seed-level 
summary values using the Kruskal–Wallis (KW) test. For KW, the effect size is reported as ηு

ଶ  . 
Steady-state metrics reported in the tables are computed per seed and then aggregated at the group 
level (reported as group mean and dispersion). For energy/effort interpretation, normalised measures 
such as |𝑃|/𝑉௬ and |𝜏|/𝑉௬ are used where appropriate [39,40]. 

4. Simulation 

An integrated training and simulation environment was developed in MATLAB/Simulink using 
the reinforcement learning, deep learning, and Simscape multibody toolboxes. In addition, a URDF 
model of MATLAB’s humanoid robot, as shown in Figure 2, was used. The robot’s legs and arms are 
driven and stabilised by torque-controlled revolute joints (shoulder, hip, knee, and ankle), designed to 
mimic how humans use muscles in these two limbs while stepping. The shoulder joint has a mechanical 
axis that permits motion only in the sagittal plane, that is, rotation about the shoulder pitch axis 
(forward–backward swing) [41]. 
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(a) (b) (c) 

Figure 2. Gait configurations: (a) fixed–both arms are fully locked; hence no arm swing is allowed; 

(b) anti-normal–arms swing in-phase with the ipsilateral leg; (c) normal–human-like counter-phase 

arm–leg coordination. In (b) and (c), only the shoulder joint is actuated, while the remaining arm 

joints are locked; furthermore, the shoulder motion is constrained to the sagittal plane. All panels 

are shown at the same scale, viewed from the robot’s left side, and at the same walking speed. 

As illustrated in Figure 2, the robot’s locomotion is modelled in 3D, yet the leg and arm motions 
are restricted to sagittal-plane kinematics for the gait comparisons. Three arm configurations are 
considered. In the fixed configuration (Figure 2(a)), the entire arm kinematic chain is immobilised by 
locking all arm joint axes, thereby eliminating arm swing. In the anti-normal configuration (Figure 2(b)) 
and the normal configuration (Figure 2(c)), the arm kinematic chain is simplified such that only the 
shoulder remains active, while distal arm joints are kept fixed. In these two conditions, arm motion is 
further constrained to a pure forward–backward shoulder rotation, and the difference between (b) and 
(c) is defined solely by the phase relationship between arm swing and leg motion: ipsilateral in-phase 
for anti-normal and contralateral anti-phase (counter-phase) for normal [11]. Table 5 summarizes the 
arm-related modelling and control settings used in the fixed, anti-normal, and normal configurations, 
including the active shoulder DoF(s), torque actuation, distal joint locking, motion-plane constraints, 
phase rules, and the corresponding action-space dimension (6 for fixed; 8 for anti-normal and normal). 

During training, the model was enabled to interpret its interactions with the environment by 
continuously monitoring contact forces, the body’s position and orientation in space (kinematic 
parameters), joint angles, forward-motion components, and the interaction of the arms, legs and torso. 

Table 5. Definitions of the three gait configurations (normal, anti-normal, fixed): active 
shoulder DoF(s), shoulder torque actuation, locking of distal arm joints, arm-motion plane 
constraint, imposed arm–leg phase rule, and the resulting action-space dimension. 

Condition Shoulder DoFs 

(per arm) 

Shoulder 

torque applied 

Distal arm 

joints 

Arm motion 

plane 

Phase rule Action 

space 

Normal 
1 (shoulder sagittal 

rotation only) 
Yes Locked Sagittal only 

Contralateral 

anti-phase 

8 (6 leg + 2 

shoulder) 

Anti-

normal 

1 (shoulder sagittal 

rotation only) 
Yes Locked Sagittal only 

Ipsilateral in-

phase 

8 (6 leg + 2 

shoulder) 

Fixed 
0 (all arm DoFs 

locked) 
No Locked None N/A 6 (only leg)

Training was conducted on a flat surface. First, data were obtained in simulation on the same flat 



1536 

Electronic Research Archive  Volume 34, Issue 3, 1524–1545. 

ground; thereafter, the performance of these trained agents was re-evaluated on an uneven surface to 
measure their responses to environmental changes. During training and simulation, the forward (y-
axis), lateral (x-axis), and vertical (z-axis) directions were defined with respect to the robot’s body 
coordinate frame. 

ES–SAC training was carried out on a high-performance workstation (16-core AMD Ryzen 9 
9950X3D CPU, NVIDIA GeForce RTX 5090 GPU, 64 GB RAM). Each condition was trained for 750 
generations, with the episode length capped by the maximum step count. To reduce wall-clock time, 
we enabled parallel evaluation of individuals during training. 

Table 6. Effects on average reward and gait quality score (Q0); values are median [IQR], n = 5. 

Condition Average reward (median [IQR] n = 5) Q0 (median [IQR] n = 5) 
Normal 8760 [8049–8960] 92.3 [82.5–100] 

Anti-normal 8020 [7207–8220] 82.5 [78.4–86.3] 

Fixed arms 1540 [1400–1680] 54.4 [51.6–61.0] 

The ES parameter settings were as follows. The elite fraction was set to 50%. Accordingly, the 
best 12 individuals were designated as elites and carried forward to the next generation. The “returned 
policy” was defined as the highest-performing policy at the end of training and was stored as the final 
solution. A “weighted mixing” population update was employed; thus, in each subsequent generation, 
new policies were formed as weighted combinations of the elite parameters. The train epochs 
parameter denotes the number of SAC policy updates each individual performs per generation; in this 
study it was set to 50, ensuring that every individual had adequate opportunity to learn within a 
generation. The initial standard deviation was set to 0.25 to preserve sufficient diversity in parameter 
perturbations while preventing excessive oscillations during learning. The evaluations per individual 
parameter was set to 1, meaning each individual was assessed from a single simulation rollout. This 
choice shortened per-individual evaluation time and, in turn, substantially reduced the overall training 
time. The episode length was fixed across conditions and computed from the simulation horizon and 
sampling time. Looking at the training performance on flat terrain in Table 6, the anti-normal case 
stays in the same performance band as normal based on seed medians, yet it is ~8–9% lower in average 
reward. Therefore, reward-based quantities are compared only between normal and anti-normal; fixed 
arms are excluded from reward/Q0 cross-condition comparisons because the arm-related shaping terms 
are omitted. 

In the gait statistics of Table 7, although anti-normal increases the forward speed (𝑉௬) compared 
with normal (1.6189 vs 1.5423 m/s, about +5.0%), it slightly worsens path keeping, with higher |𝑉௫ | 
(0.1747 vs 0.1678 m/s) and higher |X| (0.2280 vs 0.2242 m). The mean vertical displacement dz is also 
slightly more negative in anti-normal (-0.0599 vs -0.0545 m). Accordingly, power per unit speed 
(|P|/𝑉௬ denotes the absolute total joint power normalised by the mean forward speed over the same 
steady-state window, with units of J/m.) is lower under normal than anti-normal (545.91 vs 557.14), 
indicating better energy economy under normal. By contrast, anti-normal requires less torque per speed, 
with (|𝜏|/𝑉௬) lower by about 9.8% (189.61 vs 210.15). However, normal delivers a higher return and 
a lower |P|/𝑉௬  at comparable speeds (1.54 vs 1.62 m/s). With fixed arms, 𝑉௬  drops markedly to 
1.0094 m/s, and total power and torque are substantially lower than the other groups (|P| = 539.07 W; 
|𝜏| = 197.76 N·m). After normalisation, |P|/𝑉௬ and |𝜏|/𝑉௬ are of the same order as normal (534.03 
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vs 545.91, and 195.91 vs 210.15), Therefore, the primary trade-off in the fixed-arms condition is 
reduced speed and degraded gait quality, and the small differences in normalised cost should not be 
interpreted as an efficiency gain. 

Table 7. Gait metrics in the steady-state window (on flat terrain). 

Condition 𝑽𝒚 |𝑽𝒙| dz |X| |P| |𝑷|/𝑽𝒚 |τ| |𝝉|/𝑽𝒚

Normal 1.5423 0.1678 -0.0545 0.2242 841.93 545.91 324.11 210.15
Anti-normal 1.6189 0.1747 -0.0599 0.2280 901.97 557.14 306.97 189.61
Fixed arms 1.0094 0.1410 -0.0586 0.1810 539.07 534.03 197.76 195.91

*Note: Coordinates: forward y, lateral x, vertical z. 𝑉௬: forward speed (m/s); |𝑉௫ |: mean absolute lateral speed 

(m/s); dz: mean vertical displacement (m); |X|: mean absolute lateral position (m); |P|: mean absolute total joint 
power (W); |𝑃|/𝑉௬: power per speed (J/m); |τ|: mean absolute total joint torque (N·m); |𝜏|/𝑉௬: torque per speed 

(N·m·s/m). 

 

Figure 3. Learning, steady-state gait, and energy economy across arm-movement configurations 

on flat terrain; (a) Average reward across generations (seed median with IQR); (b-c) seed-median 
Average reward and Q0 (KW p and 𝜂ு

ଶ  as shown); (d-i) 𝑉௬, |𝑉௫ |, 𝑑௭, |X|, |P|, and |𝜏| over the gait 

cycle (seed median with IQR shading); (j) integrated mechanical work per step, ׬|𝑃|   𝑑𝑡 

(boxplots across seeds); (k) integrated mechanical work per distance, ׬ |𝑃| 𝑑𝑡 / Δ𝑦  (boxplots 

across seeds); (l) mechanical cost of transport, 𝐶𝑜𝑇 ൌ ׬ |𝑃| 𝑑𝑡 /ሺ𝑚 𝑔 Δ𝑦ሻ (boxplots across seeds; 

m and 𝑇௦ indicated). 

Figure 3(a) indicates a clear convergence trend in training: after an initial growth phase, the seed-
median average reward enters a plateau where further improvements become marginal. In this steady 
region, normal saturates earlier and remains consistently near the upper reward band, while anti-normal 
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reaches a comparable level but shows a slightly weaker upper envelope and a less persistent plateau 
than normal. This stabilization of average reward is taken as evidence that the policy has largely 
converged under the given training budget and hyperparameters. Moreover, the IQR band around 
the seed median remains relatively stable in the plateau region, indicating reduced across-seed 
variability and reinforcing the convergence interpretation. Figure 3(b) reports seed medians of 8760 
(IQR 8049–8960) for normal and 8020 (7207–8220) for anti-normal. The KW test yields p = 0.0096 
and ηு

ଶ  = 0.637, indicating a significant difference. Thus, normal is superior in training reward to anti-
normal. In Figure 3(c) the difference is again significant (p = 0.013, ηு

ଶ  = 0.592). Looking at Q0, 
normal also leads in initial/early quality: 92.3 (82.5–100) for normal versus 82.5 (78.4–86.3) for anti-
normal. These reward-based comparisons are restricted to normal versus anti-normal; accordingly, 
fixed arms are not compared on reward/Q0. In Figure 3(d) the mean forward speed is 1.6189 m/s for 
anti-normal and 1.5423 m/s for normal, so anti-normal is ≈ 5.0% faster. Figure 3(e) gives lateral speed; 
the means are close (normal 0.1678, anti-normal 0.1747), with anti-normal slightly higher, which 
makes normal preferable. Figure 3(f) shows vertical oscillation; values are very similar: -0.0545 for 
normal and -0.0599 for anti-normal. For lateral deviation (Figure 3(g)), normal is slightly better: 0.2242 
versus 0.2280 for anti-normal, that is., ≈ +1.7% relative to normal, indicating marginally straighter 
path keeping. Figure 3(h) presents the total joint power, while Figure 3(i) reports the total joint torque. 
Mean total joint power is higher for anti-normal (901.97) than normal (841.93), that is, ≈ +7%. After 
normalisation by speed (|P|/𝑉௬), anti-normal is 557.14 versus 545.91 for normal, about ≈ +2% more 
costly, so energy economy favours normal. Anti-normal’s total |τ| is lower (306.97 vs 324.11 for 
normal); after speed normalisation the gap widens: |τ|/𝑉௬ is 189.61 vs 210.15 (≈ -9.8%), indicating 
better torque efficiency for anti-normal. From a torque-per-speed perspective, anti-normal shows a 
more favourable trade-off. The energy metrics shown in panels Figure 3(j)–(l) quantitatively reveal 
the trade-off between kinematic performance and energetic economy. Within the steady-state window, 
the time integral of the absolute joint power was used to compute the mechanical work per step, 𝑊𝑠𝑡𝑒𝑝 ൌ

׬ |𝑃| 𝑑𝑡 ሺ𝐽/𝑠𝑡𝑒𝑝ሻ , the mechanical work per unit distance, 𝑊ௗ௜௦௧ ൌ ׬ |𝑃| 𝑑𝑡/Δ𝑦 ሺ𝐽/𝑚ሻ , and the 
mechanical cost of transport, 𝐶𝑜𝑇 ൌ ׬ |𝑃| 𝑑𝑡/ሺ𝑚 𝑔 Δ𝑦ሻ is evaluated over the steady-state window and 
represents the mechanical cost of transport, normalised by body weight and forward distance, and is 
reported as a dimensionless quantity. 

The resulting median values were 𝑊step ൎ 1.83 ൈ 10ଷ𝐽/𝑠𝑡𝑒𝑝, 𝑊dist ൎ 5.4 ൈ 10ଶ𝐽/𝑚, and CoT ൎ 1.1 

for normal; 𝑊step ൎ 2.12 ൈ 10ଷ𝐽/𝑠𝑡𝑒𝑝 , 𝑊dist ൎ 5.86 ൈ 10ଶ𝐽/𝑚 , and CoT ൎ 1.2  for anti-Normal; and 

𝑊step ൎ 6.56 ൈ 10ଶ𝐽/𝑠𝑡𝑒𝑝 , 𝑊dist ൎ 5.15 ൈ 10ଶ𝐽/𝑚 , and CoT ൎ 1.1  for fixed arms (Figure 3(j)–(l)). 
Because fixed operates at a substantially lower 𝑉௬ , its work and CoT proxies are reported for 
completeness and should not be interpreted as a speed-independent economy advantage. The box plots 
quantify the energetic trade-off between the two swinging strategies. Normal and anti-normal operate 
in a comparable locomotion regime, and anti-normal tends to show higher mechanical-work proxies 
(𝑊step, 𝑊ௗ௜௦௧, and CoT), consistent with its higher |P|/𝑉௬, despite being faster and requiring less torque 
per speed. Hence, energy-based comparisons are most informative between normal and anti-normal, 
where the locomotion regimes are closer and the trade-offs can be interpreted more fairly. Fixed arms 
are shown for completeness, but its lower work/CoT proxies should not be interpreted as a like-for-
like efficiency improvement because it corresponds to a distinct, lower-speed locomotion regime. 
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Figure 4. Event-aligned limit-cycle phase portraits (density contours) of joint angle versus 
joint angular velocity for the three arm-swing configurations. Shoulders: normal and anti-
normal; lower limbs (hip, knee, ankle): fixed, normal, and anti-normal. 

Figure 4 summarizes the steady-state gait dynamics using phase portraits of joint angle versus 
joint angular velocity. The portraits are constructed by extracting samples around detected foot-contact 
events and aligning them across steps and seeds, so that repeatedly visited closed loops represent a 
periodic limit cycle while the contour spread reflects step-to-step variability. For the shoulders, normal 
and anti-normal exhibit distinct limit-cycle organizations. Normal yields a more compact and 
repeatable shoulder cycle, whereas anti-normal shows a broader occupancy and locally increased 
dispersion, indicating less consistent upper-body coordination across steps. This is consistent with the 
imposed coordination patterns: normal promotes contralateral, opposite-phase arm motion, while anti-
normal enforces an in-phase pattern that can couple more strongly with trunk and stance dynamics. 
For the lower-limb joints, all configurations maintain periodic locomotion, but the loop geometry and 
dispersion differ across conditions. Fixed arms generally produce wider and more scattered hip, knee, 
and ankle portraits, suggesting increased variability in leg coordination when the upper body is 
constrained. In contrast, normal tends to concentrate probability mass into a more coherent loop, 
indicating improved regularity of the limit cycle. Anti-normal remains periodic but often presents a 
more complex loop structure and a larger spread in parts of the cycle, consistent with additional 
coupling demands induced by the in-phase upper-body motion. 

The uneven terrain (Figure 5) has the same dimensions as the flat surface (50 m in length and 3 
m in width) but, unlike the flat case, it is generated as a stochastic rough track rather than a single 
hand-crafted profile. Specifically, the ground height is constructed from a random, spatially correlated 
surface with centimetre-scale rounded depressions and humps; the correlation length is set to 
approximately 1 m so that slope changes persist over several steps instead of appearing as isolated 
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spikes. Importantly, this randomness is distributed along the full 50 m track: the perturbations are not 
confined to a local patch but are spread throughout the entire walking corridor, creating a continuous 
sequence of uneven contacts. The terrain generator is parameterised (e.g., by RMS height, correlation 
length, and depression/hump density) and controlled via a random seed, allowing multiple terrain 
realisations with the same statistical properties to be produced for robustness testing. This ground 
challenges the robot in four ways: risk of foot scuffing/mistimed contact during swing; loss of moment 
balance in stance due to partial foot contact and variable normal forces; lateral drift under asymmetric 
slopes with frequent speed corrections and increased power/torque demand; and, finally, a shift in the 
parameters learned on flat ground. Accordingly, the contribution of arm-swing patterns (normal vs 
anti-normal) to path keeping and balance becomes clearly observable on this terrain. 

 

Figure 5. Humanoid walking on uneven terrain. 

Table 8. Gait metrics in the steady-state window (on uneven terrain).  

Condition 𝑽𝒚 |𝑽𝒙| dz |X| |P| |P|/𝑽𝒚 |τ| |τ|/𝑽𝒚 

Normal 
1.5929 
[0.68] 

0.1662 
[0.03] 

0.0089 
[0.01] 

0.4517 
[0.36] 

768.33 
[187] 

482.35 
[185] 

324.28 
[13] 

203.58 
[82] 

Anti-normal 
1.662 
[0.6] 

0.1615 
[0.01] 

0.0002 
[0.02] 

0.2843 
[0.17] 

920.95 
[442] 

554.13 
[164] 

314.39 
[28] 

189.17 
[61] 

Fixed arms 
1.0644 
[0.23] 

0.1165 
[0.03] 

-0.0477 
[0.02] 

0.3294 
[0.06] 

522.48 
[50] 

490.88 
[146] 

198.88 
[15] 

186.85 
[79] 

*Note: Coordinates: forward y, lateral x, vertical z. 𝑉௬: forward speed (m/s); |𝑉௫ |: mean absolute lateral speed 

(m/s); dz: mean vertical displacement (m); |X|: mean absolute lateral position (m); |P|: mean absolute total joint 
power (W); |P|/𝑉௬: power per speed (J/m); |τ|: mean absolute total joint torque (N·m); |τ|/𝑉௬: torque per speed 

(N·m·s/m). Values are reported as median [∓IQR]; each policy seed is evaluated on five terrain seeds. 

On uneven terrain, the evaluation protocol uses five independent terrain realizations (terrain 
seeds), and for each terrain seed, five independently trained policy seeds are tested for each condition 
(normal, anti-normal, and fixed). The same set of terrain seeds is used across all conditions to ensure 
a fair comparison. For each terrain seed, we first aggregate the five policy-seed trials using the median 
and then report the distribution across the five terrain seeds using the median and IQR. When the same 
policies are compared on flat terrain (Table 7) versus uneven terrain (Table 8), two clear tendencies 
emerge. First, the anti-normal policy keeps its advantage on the speed-torque axis; second, on uneven 
ground the anti-normal policy strengthens path keeping, whereas normal remains relatively stronger 
in power-per-speed. Anti-normal is faster on both terrains: it is about +5.0% over normal on the flat 
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(1.6189 vs 1.5423 m/s), and the gap remains at about +4.3% on the uneven ground (1.662 vs 1.5929 
m/s). In terms of lateral accumulation (|X|), normal is slightly better on the flat (0.2242 m vs 0.2280 m 
for anti-normal, ≈ +1.7% higher |X| in anti-normal), but on uneven ground anti-normal is better (0.2843 
m vs 0.4517 m, ≈ 37% lower |X| than normal). For instantaneous lateral speed (|𝑉௫ |), anti-normal shows 
higher lateral oscillation on the flat (0.1747 vs 0.1678 m/s), whereas on uneven ground it is slightly 
lower (0.1615 vs 0.1662 m/s). The power-per-speed cost (|P|/𝑉௬) is lower for normal on both terrains, 
about +2.1% on the flat (557.14 vs 545.91) and about +14.9% on the uneven (554.13 vs 482.35). The 
torque-per-speed (|τ|/𝑉௬) advantage remains with anti-normal: about -9.8% on the flat (189.61 vs 210.15) 
and about -7.1% on the uneven (189.17 vs 203.58). Vertical displacement (dz) remains small in 
magnitude: on the flat anti-normal is slightly more negative (-0.0599 vs -0.0545 m), whereas on uneven 
terrain both are close to zero, with normal slightly higher (0.0089 vs 0.0002 m). 

Collins’ human walking experiments ([1]) indicate that natural (normal) arm swing makes gait 
more economical, whereas restricting the arms (fixed) and anti-normal (ipsilateral, in-phase) arm 
swing generally tend to increase the energetic cost. In the present study, although metabolic energy is 
not measured directly, the simulation results reveal a consistent separation when assessed through 
mechanical power/torque-based proxies (normal remains closer to a lower-cost regime, anti-normal 
shows a higher-cost tendency, and fixed exhibits a distinctly different regime). In addition, the learning 
curves suggest that the arm-swing configuration directly affects learning efficiency: the normal 
condition reaches a high-reward band at earlier generations and exhibits faster, more stable 
convergence, whereas anti-normal attains a comparable level but with a lower median/upper bound 
and a later plateau, indicating a weaker learning profile. 

5. Conclusions 

A reduced-DoF spatial (3D) humanoid walker with predominantly sagittal-plane motion was 
trained with ES–SAC under identical hyperparameters and conditions, and three arm strategies (normal, 
anti-normal, and fixed arms) were compared on both flat and uneven terrain (five independent random 
seeds per condition). Between the two swinging strategies, swing was faster on both terrains, yet its 
torque-per-speed was lower (better joint-effort efficiency). By contrast, on uneven terrain the anti-
normal swing kept path tracking more stable (lower |X|), whereas the normal swing maintained a lower 
power-per-speed (|P|/𝑉௒ ), so the trade-off separates into better tracking for anti-normal and better 
energy economy for normal when the ground is irregular. Collins et al. [1] showed that fixing the arms 
raises metabolic cost by ≈ 12%, in-phase arm swing can raise it by up to 26%, and fixing the arms 
increases the vertical reaction moment by ≈ 63%, whereas normal swing requires little shoulder torque. 
Based on the proxy metrics, fixed exhibits a distinct regime primarily driven by the reduced speed. 
The numerical gaps differ because our “energy” is mechanical (sum of absolute joint power, |τ·ω|), not 
metabolic; human studies report net metabolic power. Our simulator does not model basal metabolism 
or actuator/electronics losses, so absolute percentages are not interchangeable (only indicative of 
trends). In short, ES–SAC recovers the human insight that arm swing is beneficial: if speed and torque 
efficiency are the priority, then anti-normal is superior; when the ground is uneven, anti-normal swing 
yields better lateral tracking, while normal swing yields lower power-per-speed (|P|/𝑉௬ሻ. Overall, these 
conclusions accord with studies on biped gait stability [42] and data-driven/robust control in complex 
dynamical systems [43], and they sit alongside recent work in robotics and human-robot studies [44,45]. 
This work is evaluated in simulation. Transfer to hardware can be affected by contact and friction 
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mismatch, actuator saturation, and sensor noise and delays. As future work, we plan hardware 
deployment using the Simulink-to-embedded workflow and will report real-world results separately. 
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