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Motion Generation for Modular Robots Using Hierarchical Policies

Kenjiro Minamikawa*!, Satoshi Yamamori!, Satoshi Yagil, Sho Takedal, Kazuya Yoshida? and Jun Morimoto!3

Fig. 1: Modular robot MoonBot, consisting of a 7-DoF arm module and three morphologies (Minimal, Dragon, and Tricycle)

assembled from arm and wheel modules.

Abstract— Modular robots can be reconfigured into multiple
morphologies, offering high adaptability for diverse tasks.
However, reinforcement learning (RL)-based motion generation
typically requires separate policy training for each morphology,
and end-to-end training often fails to exploit module-specific
roles. This paper proposes a hierarchical policy framework
that explicitly separates control at the module level, learning
reusable motion skills for each module and coordinating them
with an upper-level policy for whole-body control. A single
lower-level reaching policy, shared across all arm modules, is
trained once and reused across morphologies, ensuring that
module-specific functions are preserved even as complexity
increases. The method is evaluated on the modular robot
MoonBot in simulation, demonstrating scalable control of
diverse morphologies and improved learning efficiency and
interpretability over non-hierarchical baselines.

I. INTRODUCTION

A modular robot is composed of multiple detachable
modules that can be assembled in various morphologies. By
altering the number and arrangement of these modules, the
robot’s structure can be flexibly adapted to diverse environ-
ments, enabling it to perform a wide range of tasks. Apply-
ing deep reinforcement learning (DRL) to modular robots
has the potential to fully exploit this adaptability, allowing
robots to autonomously acquire complex control policies.
However, a key challenge is that separate policies are often
trained for each robot morphology and task, leading to high
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computational cost and poor sample efficiency. Hierarchical
reinforcement learning (HRL) has been shown to improve
learning efficiency in scenarios with varying morphologies
and tasks [1]-[3], but most prior approaches are limited to
fixed structures or task-specific solutions.

Prior work on robotic arms has primarily focused on
fixed morphologies equipped with different grippers, where
the arm and gripper form a single rigid structure [4]. If
the number and arrangement of arm and wheel modules
could be dynamically reconfigured according to operating
environments and tasks, the inherent adaptability of modular
robots could be leveraged more effectively [5]. To achieve
this, it is essential to develop policy construction methods
that systematically reuse motion knowledge at the module
level and generalize to new robot morphologies [6].

In this work, a hierarchical policy framework is proposed
in which each module of a modular robot acquires reusable
motion skills through lower-level training, and an upper-
level policy coordinates these module-level skills to achieve
scalable whole-body control. The proposed method is applied
to the modular robot MoonBot [7], as shown in Fig. 1,
and motion generation is demonstrated on multiple robot
morphologies. A single, shared lower-level policy trained
for the arm module’s end-effector reaching is reused across
all arm modules, enabling scalable control of multiple robot
morphologies with varying numbers of arm and wheel mod-
ules.

The key contributions of this work are as follows:

1) A hierarchical reinforcement learning framework is
proposed that decomposes control at the module level,
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enabling reusable, skill-oriented lower-level policies.

2) The scalability of this approach is demonstrated by
applying the same trained lower-level policies to mul-
tiple robot morphologies with different numbers and
arrangements of modules, without retraining the low-
level skills.

3) The method is validated through extensive simula-
tion experiments, including comparisons with non-
hierarchical baselines, showing improved learning ef-
ficiency and interpretability of robot behavior.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work. Section III introduces the pro-
posed HRL framework. Section IV outlines the experimental
setup, and Section V reports the results. Section VI provides
a discussion of the findings, and Section VII concludes the

paper.
II. RELATED WORK
A. Hierarchical Reinforcement Learning (HRL)

Recent advances in hierarchical reinforcement learning
(HRL) have leveraged deep learning to scale policies to
high-dimensional observation and action spaces, enabling
more complex and expressive decision-making [8]-[10].
For example, HIRO [8] introduced an efficient off-policy
algorithm for training hierarchical policies with raw state
goal representations, whereas the Option-Critic architecture
[10] jointly learns both high-level and lower-level policies
using an on-policy approach. Surveys such as [3], [11]
have highlighted HRL ability to improve exploration, reuse
learned skills, and address long-horizon credit assignment
challenges. HRL has also been applied in robotics, including
locomotion [12], [13], manipulation [14], [15], multi-task
learning [16], [17].

Previous studies have primarily focused on policy ac-
quisition for robots with a single morphology, whereas
our HRL method introduces a modular policy that can be
applied across multiple morphologies. In the problem setting
considered in this work, the low-level policy is responsible
for goal-conditioned reaching. Although inverse kinematics
(IK) can provide an analytical solution for such control, we
instead adopt a reinforcement learning—based formulation
to promote generalization across different modules and to
facilitate extension to more complex control objectives.

B. Skill Composition and Transfer

A key challenge in scaling reinforcement learning (RL) to
complex robotic systems is the ability to reuse and compose
skills learned in simpler settings. Early approaches such
as the Options framework [18], [19] introduced temporal
abstractions that enable policies to be expressed as reusable
sub-policies, laying the foundation for skill-based RL. Sub-
sequent works have explored learning skill embeddings to
facilitate transfer and composition, where low-level skills are
represented in a latent space that allows a higher-level policy
to adaptively combine them for downstream tasks [20]-[22].

While conventional approaches often rely on latent repre-
sentations or sub-policies to acquire motion skills, our results
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Fig. 2: Hierarchical policy learning architecture with reusable
module skills: the lower policy mi™(a'™¥ | s, g'°%) is
trained via GCRL on modular components, and the upper
policy my (a® | s'P,g") issues subgoals (a"’=g'%) to
coordinate whole-body motion; lower-level policy parameter
0 is kept fixed during upper-level training.

suggest that the modular structure of the robot’s body itself
can be leveraged as a basis for skill acquisition.

C. Modular Robots

Modular robots are composed of multiple detachable mod-
ules that can be reconfigured into a variety of morpholo-
gies to perform diverse tasks. Early research focused on
self-reconfigurable hardware platforms, such as lattice-type
and chain-type modular robots, demonstrating autonomous
shape-shifting for navigation and manipulation [23], [24].
Later studies introduced distributed planning and control
methods for adaptive reconfiguration [25], [26]. With ad-
vances in deep learning and simulation, reinforcement learn-
ing (RL) has been increasingly applied to modular robots,
enabling end-to-end training of locomotion and manipulation
behaviors without handcrafted controllers [6], [27], [28].

This study extends previous modular approaches to enable
coordinated control across reconfigurable high-DoF mor-
phologies. Our method introduces a hierarchical RL frame-
work that treats multi-DoF arms as modular building blocks.
This design allows combining these modules into diverse
morphologies while ensuring coordinated motion control.

III. METHODS
A. Goal-conditioned Reinforcement Learning

Goal-conditioned reinforcement learning (GCRL) [29] is
formalized in this section to enable hierarchical policy con-
struction. A goal-augmented Markov Decision Process (GA-
MDP), which extends the standard MDP framework [30],
is defined as: M = (S, A,G,r,P,pg,7). Here, S denotes
the state space, A the action space, and G the goal space.
The reward function is defined as r : S x A x G — R,
‘P represents the state transition probability, p, is the goal
distribution, and v € [0,1) is the discount factor. At each
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timestep ¢, the agent observes a state s, € S and selects
an action a; € A conditioned on a goal g € G, according
to a parameterized policy mg(a¢|st,g). A scalar reward
is then received, and the environment transitions to a new
state s;4+1 ~ P(+|s¢, ar). The objective is to find an optimal
policy mg that maximizes the expected discounted return:

J(0) = Ering.p, [Z vtn] , (1)
t=0

where T = (g, So, ao, . . . ) denotes a trajectory.

The proposed framework incorporates the concept of Uni-
versal Value Function Approximators (UVFA [31]) and ex-
tends the Proximal Policy Optimization (PPO [32]) algorithm
to be conditioned on the goal space. The advantage function
A, under policy 7 is defined in Eq. 2 using the value function
V. and the action-value function Q):

Ar(s,a,9) = Qx(s,a,9) — Vz(s,9). (2)

In PPO, the policy mg with parameters 6 is optimized to
maximize the following clipped surrogate objective:

L(0) =E; [L{H(0) — e LY T (0) + c2S[me](s:)] , (3)

where ¢; and ¢y are coefficients, S denotes the entropy
bonus, LV ¥ is the squared error loss of the value function,
and LELIP is the clipped surrogate objective in PPO, which
is computed using the advantage function defined in Eq. (2).

B. Hierarchical Policy Construction

An overview of the proposed hierarchical policy architec-
ture, consisting of two levels, is illustrated in Fig. 2. This
architecture is designed to construct a lower-level policy
around modular components and an upper-level policy that
reuses these modular policies across different morphologies.
The lower-level policy training 5™ (a'*|s'%, g'o") uses
GCRL at the module level (e.g., arm module), acquiring
required motion skills in the upper level. The upper-level
policy s (a'®|s", g"?) outputs goal states g'°% for the
lower-level policy as its actions a'P, enabling coordinated
whole-body motion by integrating the behaviors of individual
modules. During upper-level training, the parameters 6 of the
lower-level policies are kept fixed to ensure training stability
and facilitate skill reusability. Goal information plays a
crucial role in transmitting low-level skills to the upper level.
While the goal state remains nearly time-invariant at the
lower level, it is dynamically generated at each time step
by the upper-level policy. This module-centric decomposition
allows each module to acquire natural and consistent local
behaviors, which can be leveraged for full-body control
without re-training the low-level dynamic controllers. Fur-
thermore, safety constraints and physical limitations can be
encoded at the module level, reducing the need for explicit
reasoning about them in high-level planning. By using goals
with explicit parameters such as positions and orientations,
the upper-level policy can explore the motion skill space,
avoid infeasible regions, and improve training efficiency.

TABLE I: State and action space of the lower-level policy.

Type Component Set
Joint angles R”
Joint angular velocities R7

State - 3
End-effector goal position R
End-effector goal orientation H

Action Joint angle increments R3 x H

TABLE II: Network and training hyperparameters.

Parameter Value
Hidden layers 256, 128
Learning rate 0.001
Discount factor ~ 0.99
GAE parameter A 0.95

Clipping range ¢ 0.2

Entropy coefficient 0.01
Episode length 360 steps
Control frequency 30 Hz
Total training steps 480,000

IV. EXPERIMENTS

This study evaluates the proposed hierarchical policy
construction through simulation experiments on MoonBot,
which can be reconfigured into three morphologies, Mini-
mal, Dragon, and Tricycle, by attaching or detaching arm
and wheel modules (Fig. 1). These diverse morphologies
enable the robot to adapt to a surrounding environment
and various tasks. The experiments focused on a reaching
task, in which the robot moves its arm toward a target
position and orientation. To successfully complete the task,
the robot must coordinate the behavior of each module while
implicitly satisfying task constraints, such as maintaining leg
contact with the ground and avoiding falls. To address this
challenge, a hierarchical reinforcement learning approach is
proposed, in which the lower-level policy is trained to control
the arm module, allowing the upper-level policy to reuse
module-level motion skills across different reconfigured mor-
phologies. The proposed method is compared with a non-
hierarchical baseline that directly outputs joint-level actions
without modular decomposition. All simulation experiments
are conducted using Nvidia IsaacLab [33].

A. Lower-level Policy Learning

The lower-level policy is trained on an arm reaching task
to move the end-effector to target poses, through which it
acquires reusable motion skills leveraged by the upper-level
policy. The arm module’s state and action spaces are summa-
rized in Table L. The policy is given the goal state g'°¥, which
is defined as the target position (R®) and orientation (HI,
represented as a quaternion) of the end-effector. The target
is resampled every 4 seconds from the specified position
range (x,y,z) from (—0.1,—0.3,0.6) to (0.6,0.3,1.3) [m]
and orientation range (roll, pitch, yaw) from (—m, —7/3,0)
to (m,m/3,0), with the sampled orientation converted to a
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TABLE III: State and action space of the upper-level policy.

Type Component Set
Base linear velocity R3
Projected gravity vector R3

State End-effector-goal relative pose  R*
Wheel angular velocities R27wheel
Previous action Rdim(A4)

Action Desired end-effector pose R%arm
Wheel velocity R7wheel

quaternion. The target pose is defined in a fixed global, right-
handed coordinate frame centered at the arm base.

To emulate inputs from the upper level and improve
robustness to dynamically changing targets, small random
noise is added to the goal state at each timestep. The base
position and orientation are fixed throughout training. The
initial joint position is uniformly sampled from the range of
(—0.5,0.5) [rad] for each joint.

The reward function is defined in Eq. 4. Here, p,.s and
wrer denote the target position and orientation of the end-
effector, while p.. and we, represent its current position and
orientation. g; denotes the vector of joint angular velocities
at timestep ¢. The reward penalizes the Euclidean distance to
the target position, orientation error (via a quaternion loga-
rithmic map), and adds regularization on action smoothness
and joint velocities. The weights wy,, w,, w,, w, and scaling
factors «, o, are chosen empirically to balance accuracy
and smooth control.

ri™ = wp exp (= ap|[Prer — Pecll2)

— wo exp (— a|| log(wwee) 2) )
— wallar — ar—1l3 — wol|ge[[3-

The network architecture and training parameters are sum-
marized in Table II.

B. Upper-level Motion Generation

This experiment evaluates whether the proposed frame-
work can leverage module-level policies to achieve co-
ordinated locomotion and manipulation across the three
morphologies. To this end, the modular robot is assigned
a reaching task using an arm module attached to each
morphology for manipulation. Targets are placed at varying
distances, often requiring body locomotion before the arm
can reach them. Each MoonBot morphology utilizes multiple
modules, leading to a vast number of possible policies for a
single reaching task. To obtain natural behaviors from this
redundancy, implicit task constraints must be incorporated
during learning. This experiment demonstrates that the hi-
erarchical framework enables the acquisition of whole-body
motion skills from limited reward signals at the upper level
by inheriting the motion skills learned at the lower level.

Since MoonBot is composed of arm and wheel modules,
the upper-level policy manages whole-body control by out-
putting goal states for each module: a desired position and
orientation for each arm module, and a desired velocity

TABLE IV: Reward terms for the upper-level training.

Term Expression
Position reward wp1 | 1 — tanh %
Close-range position reward wpy (1 — tanh %
Orientation error penalty —wW,||0n]|2

Joint velocity penalty —w,||q||3

Action smoothness penalty — —w,|la; — a;—1]|3

TABLE V: Morphology-specific arm module configuration

Morphology Num. Modules d,;,, Threshold
Minimal 1 6 0.6 [rad]
Dragon 2 10 1.0 [rad]
Tricycle 4 18 0.785 [rad]

for each wheel module. The module composition of each
morphology is as follows: the Minimal consists of one arm
and one wheel, the Dragon has two arms and two wheels,
and the Tricycle has four arms and three wheels, as illustrated
in Fig. 1.

The observation and action spaces are defined for each
morphology, with their dimensions scaling according to the
number of arm and wheel modules, as shown in Table III.
The End-effector-goal relative pose represents the relative
position and the relative yaw angle between the current and
target poses of the end-effector. d,,,,, denotes the number of
dimensions of the goal state specified by the upper level for
each arm module, and this value varies depending on the
robot morphology, as detailed later in this section. Similarly,
Nwheel Tepresents the number of wheel modules, and the
action space includes wheel angular velocity commands for
each wheel module.

The target position and yaw orientation are sampled at
the start of each episode within predefined ranges: the
position sampled in (z,y,z) from (—3.0,-3.0,zM) to
(3.0,3.0, 2 ) [m] and the yaw angle in [, 7], where 22/
and zM  are morphology-specific height limits. The robot’s
initial base pose is also sampled, with the position (z,y)
from (—0.5,—0.5) to (0.5,0.5) [m] and the yaw angle in
[—7, 7).

The reward function is composed of the terms summarized
in Table IV. Here, d,, denotes the Euclidean distance between
the target position and the end-effector position, and 6,
represents the difference in yaw angle between the target
orientation and the current end-effector orientation.

Both the upper-level policy and value networks are imple-
mented as multilayer perceptrons (MLPs) with two hidden
layers of 512 and 256 nodes, respectively. The same set of
PPO hyperparameters is used as in the lower layer. During
the upper-level training, the parameters of the lower-level
module policies remain fixed. The control frequency is also
set to 30 Hz, and training is conducted for a total of 480,000
control steps, identical to the lower-level training setup.

Several configuration parameters are specified for each
morphology, and their detailed setups are described below
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Fig. 3: Snapshots of the trained lower-level policy executing on the arm module. The goal pose (target) and the end-effector
pose are visualized as coordinate frames. The task is to align the end-effector’s position and orientation with the target pose.
The target is resampled every 4 seconds, and the arm consistently tracks and reaches the updated targets.

and illustrated in Table V. Each morphology uses a com-
bination of manipulation and leg-part arm modules. Arm-
modules are controlled via a 7D goal space (position and
orientation), while leg-part modules use a simplified 4D
space (position and roll only). Episodes terminate when
the robot base tilts beyond a morphology-specific threshold.
In the Minimal morphology, an alive reward is added to
encourage upright posture throughout the episode: r,jive =
Walives Where walive = 0.2 is a constant positive reward
applied at each timestep the robot remains upright.

C. Baseline: Non-hierarchical Policy

To demonstrate the effectiveness of the proposed hierar-
chical approach, a non-hierarchical policy is trained as a
baseline for each morphology under the same experimental
setup. In this baseline, the action vector directly specifies
all joint positions of the arm modules and the velocities
of the wheel modules, without any hierarchical modular
decomposition. The observation space of the non-hierarchical
policy includes both the upper-level states and the low-level
arm module states of all modules. The network has the
same architecture as the upper-level policy (512- and 256-
unit layers), and training hyperparameters match those of the
hierarchical policy.

Additionally, in supplementary experiments with the non-
hierarchical policy using the Tricycle morphology, two re-
ward terms are introduced to promote stable wheel-ground
interaction and to prevent undesirable lower-arm contacts.

An orientation reward term is introduced to encourage the
lower wheel-equipped arms to orient downward, promoting
stable wheel-ground contact:

3
Tori = Wori €XP <_ Z 9?) . )
=1

Here, 67 € [0, 7] denotes the angle between the local x-axis
of the ¢-th leg end-effector and the gravity vector, and wey 18
a weighting coefficient. This term encourages each leg end-
effector to orient its x-axis downward, thereby improving
wheel-ground contact stability.

The contact penalty term is defined as a binary penalty
applied when undesired collisions involving the lower arm
modules are detected. Specifically, the reward is set to —w,
if such contact occurs and to zero otherwise:

—w,, if lower-arm contact occurs,
Tcontact = . (6)
0, otherwise.

This penalty discourages configurations that lead to un-
intended contacts and helps maintain stable support and
locomotion.

V. RESULTS
A. Lower-level Policy Performance

Fig. 3 presents a sequence of images demonstrating the
trained policy. The target is resampled every 4 seconds, and
the arm successfully tracks and reaches each updated target.
Upon reaching the target site, the end-effector exhibits a
position error of 0.04540.035 m and an orientation error of
0.43 £ 0.35 rad. This low-level policy serves as a reusable
skill for training higher-level policies across the three robot
morphologies.

B. Upper-level Policy Performance

The upper-level training results show that the robot can be
effectively controlled in all three morphologies (Fig. 4). This
is achieved by leveraging the lower-level module policies
to control end-effector poses. In the Minimal morphology,
the wheel module is used to rotate and reposition, after
which the arm aligns its end-effector to the target. In the
Dragon morphology, the robot achieves locomotion and
reaching by steering through active reorientation of the rear
wheel module. Because the wheel modules receive identical
velocity commands for both wheels, body rotation relies on
adjusting the orientation of the rear wheel module, indicating
that the lower arm module is effectively utilized for locomo-
tion control. In the Tricycle morphology, the three wheel-
equipped arm modules are skillfully reoriented to change
the robot’s heading while approaching the target. Near the
target, the entire body is used to fine-tune the end-effector
pose. All images illustrate the state at the end of the 12-
second episode, confirming that the robot is able to maintain
stability and accurately reach the target pose.

C. Comparison with Non-hierarchical Policy

The proposed hierarchical policy was compared against
a non-hierarchical baseline trained under identical task set-
tings. Fig. 6 presents box plots of the end-effector position
and orientation errors at the end of each episode, com-
puted over 1000 rollouts. For the Minimal morphology, the
non-hierarchical policy achieves slightly better, though still
comparable, accuracy in both position and orientation. This
outcome is expected, as the simple body structure allows the
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(c) Tricycle: The three wheel-equipped arm modules are used for locomotion and fine positioning.

Fig. 4: Snapshots of execution sequences across the three robot morphologies. Each sequence illustrates how the robot moves
and reaches the target using different configurations. The task is to align the end-effector of the designated manipulation
arm module with the target’s position and yaw orientation, shown as the red arrow in the figures.

(¢) Tricycle

Fig. 5: Unintended postures of Minimal, Dragon, and Tricycle morphologies generated by a non-hierarchical policy.

non-hierarchical policy to issue direct joint commands with-
out relying on a lower-level controller, thereby providing a
minor advantage. For the Dragon morphology, the proposed
hierarchical and non-hierarchical policies exhibited compara-
ble accuracy in position reaching. However, the hierarchical
policy achieved substantially better orientation accuracy. This
improvement can be attributed to the relatively complex
body structure, where the lower-level policy progressively
demonstrates its effectiveness. For the Tricycle morphology,
the reaching performance of the non-hierarchical policy
degraded markedly. These results suggest that the advantage
of the hierarchical policy becomes more pronounced as the
number of modules increases.

Furthermore, under the non-hierarchical setup, the policies
frequently produced unnatural and unintended postures. As

shown in Fig. 5, the robot extends its end-effector rigidly
rather than leveraging the kinematic flexibility of its individ-
ual modules.

We further examined how much additional prior knowl-
edge needs to be embedded into the non-hierarchical policy
through reward engineering to achieve performance com-
parable to the proposed hierarchical control policy. This
analysis highlights the advantage of employing a lower-level
policy that naturally constrains joint movements. Concretely,
we augmented the original reaching-task reward with addi-
tional penalty terms.

In the Tricycle morphology, performance degradation was
primarily caused by frequent failures to maintain proper pos-
ture, which often led to arm-ground contact and rendered the
wheel modules unusable, as illustrated in Fig. 5c. The large
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Fig. 6: Comparison of hierarchical and non-hierarchical policies on the reaching task across different morphologies, computed

over 1000 rollouts.

number of degrees of freedom also resulted in frequent inter-
module contacts. To mitigate these issues, two additional
reward terms were introduced in the non-hierarchical policy
experiments to encourage stable posture and to discourage
undesirable contacts, as defined in Eqgs. (5) and (6).

A parameter search was conducted over eight differ-
ent combinations of reward weights for end-effector pose
accuracy, lower-arm orientation reward wg, and contact
penalties w,.. Table VI reports the best-performing con-
figuration together with additional evaluation metrics for
the Tricycle morphology. The Leg EE orientation shows
the orientation deviations of the lower wheel-equipped arm
modules, computed at the end of each episode using the
same formulation as Eq. 5. The Contact count shows the
total number of undesired contacts detected throughout each
episode, and the Termination count indicates the number of
episodes (out of 1000 rollouts) that ended prematurely due
to a termination condition. Together, these metrics provide
insight into posture stability, collision avoidance, and overall
robustness of the learned policies. The results demonstrate
that carefully designed penalties can improve overall perfor-
mance, bringing it closer to that of the hierarchical policy.
However, the hierarchical approach achieves this level of per-
formance without explicitly tuning such penalties, indicating
that it effectively leverages the intended roles of individual
modules. It is worth noting that several parameter settings
for the non-hierarchical policy led to training collapse, with
the robot failing to perform the reaching task altogether,
highlighting the difficulty of manual reward tuning.

VI. DISUCUSSION

As shown in the Fig. 5, the non-hierarchical policy tends
to minimize whole-body movements across morphologies.
While the main task is accomplished, the individual modules
are not utilized and exhibit inefficient behaviors. Reward en-
gineering, which involves designing additional sub-rewards,
has traditionally been used to mitigate such behaviors. How-
ever, as the morphology becomes more complex, the cost
of tuning trade-offs between rewards increases. In contrast,
the hierarchical framework demonstrates scalability for mor-
phologies with many modules by reusing the motion skills
acquired in lower-level policies at the higher level.

This decomposition not only simplifies reward design but
also naturally enforces module-specific roles (e.g., manipula-

TABLE VI: Comparison of hierarchical and penalty policies
in the Tricycle morphology.

Metric Hierarchical Penalty
Position [m] 0.17£0.18 0.08 £ 0.18
Orientation [rad] 0.31 +0.03 0.38 £0.0.29
Leg EE orientaion [m] 0.44 + 0.24 0.62 £0.37
Contact count 117.14 +88.95 194.18 +121.13
Termination count 2.80 +1.54 6.00 £ 2.79

tion modules specialize in precise manipulation tasks, while
leg modules focus on locomotion and orientation control). By
embedding constraints and desired behaviors into the lower-
level policies, the upper level can achieve effective whole-
body coordination without extensive lower-level fine-tuning.
As a result, the hierarchical approach yields simpler, more
interpretable policies and demonstrates improved scalability
for robots with many modules.

VII. CONCLUSION

This study presented a motion construction framework for
modular robots based on hierarchical reinforcement learning.
Reusable motion skills were acquired at the module level,
and an upper-level policy coordinated these module-specific
behaviors to achieve whole-body motion control. The pro-
posed modular hierarchy preserves the functional roles of
individual modules, resulting in scalable and interpretable
control even as the number of modules increases. Simulation
experiments on multiple MoonBot morphologies demon-
strated that a single lower-level reaching policy can be reused
across all arm modules, eliminating the need for retraining
low-level skills. Comparisons with non-hierarchical baselines
showed improved learning efficiency and reduced reliance on
extensive reward engineering. Although this study is evalu-
ated only in simulation, existing sim-to-real frameworks can
be applied to the proposed hierarchical structure. Extending
hierarchical policy learning across diverse morphologies is a
promising direction for future work.
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