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Abstract— Modular robots offer a promising solution for
building versatile and adaptable robotic systems. For instance,
space exploration robots can be designed to reconfigure to meet
diverse task demands across varying environments. However,
training such systems by Reinforcement Learning (RL) remains
challenging due to the diversity of morphologies and the lack
of simulation environments that support simultaneous multi-
morphology learning. We present Modular Mixture of Experts
(M20E), a novel reinforcement learning backbone network that
imitates the modular structure of robots to enable efficient and
module-wise parallelizable policy learning for modular robots.
In M20oE, the shared pool of experts, combined with an attention-
based gating mechanism that dynamically selects experts based
on inter-module correlations, enables both specialization and
generalization. This structure supports training across multiple
morphologies within a single framework, avoiding gradient
conflicts and enhancing experience sharing across modules
and morphologies. To support training, we also extend the
Isaac Lab simulator with multi-morphology extensions that
enable concurrent training across diverse robot configurations.
Experiments on a space-exploration-inspired modular robot,
Moonbot, demonstrate that M2oE significantly improves learning
efficiency and achieves superior performance compared to both
MLP and Transformer baselines. More information and the
project video are available on the project website: https:
//ryuuchoul7.github.io/m2oe/

I. INTRODUCTION

Modular robots are robotic systems composed of multiple
interconnected modules, each capable of performing specific
functions and reconfiguring to adapt to varying tasks and
environments [1]. Compared with traditional robots, their
modular structure provides greater reconfigurability and
scalability, enabling rearrangement of modules to suit different
operational scenarios [2]. For instance, in space exploration,
modular robots can dynamically adjust their configurations
to traverse heterogeneous terrains and execute complex tasks
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Fig. 1. Three morphologies of the modular robot Moonbot: Minimal (left),

Dragon (middle), and Tricycle (right). These diverse configurations pose
challenges for reinforcement learning policies to generalize effectively across
morphologies.
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Fig. 2. Locomotion performance of multiple Moonbot morphologies

trained with M2oE and the multi-morphology extension in Isaac Lab. All
morphologies are controlled by the same M20E policy and reliably track
target velocity commands while maintaining stability and balance.

The complexity and diversity of morphologies in modular
robots lead to significant challenges for control and policy
learning. Nowadays, Deep Reinforcement Learning (DRL)
has emerged as a powerful method for training diverse robots,
ranging from quadrupeds [S]-[7] to humanoids [8]. Recent
researches [9] have even achieved impressive human-motion-
conditioned teleoperation and action generation using DRL.
Researches have also explored DRL for modular robots [10],
[11], demonstrating its potential in enabling robots to adapt
to different configurations and tasks.

Especially for space robots, the lack of similar envi-
ronments on Earth makes real-world training and testing
impractical. Therefore, simulators play an important role in
training space robots, providing a safe and cost-effective
platform for policy learning and evaluation. GPU-accelerated
simulators such as Isaac Lab [12] enable scalable parallel
training, allowing efficient exploration of diverse tasks and
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scenarios. These simulators are particularly valuable for space
robots, where real-world deployment and testing on planets
or moons are prohibitively costly and risky.

Recent advances in DRL and high-performance simulators
enable scalable parallel training in simulation, providing
a foundation for learning control policies across multiple
morphologies. However, applying DRL to modular space
robots remains challenging due to several factors:

« Morphological Diversity: Modular robots may differ in
their module composition and structural configuration,
which makes it challenging for a single policy to
generalize across these morphologies because of the
conflicting gradients [5].

o Simulation Constraints: Simulators play a crucial
role in training space modular robots. Most existing
simulators are designed for fixed robot configurations and
do not explicitly support concurrent multi-morphology
training, which limits experience sharing across config-
urations.

An example of space modular robots is Moonbot [4], as
illustrated in Figure 1, consisting of multiple basic modules.
The various morphologies of Moonbot can adapt to different
terrains. Training a single locomotion policy that effectively
controls all morphologies of Moonbot remains challenging
due to the aforementioned issues.

To tackle these challenges, we introduce the Modular
Mixture of Experts (M20E), a novel reinforcement backbone
framework designed for modular robots. M2oE serves as a
DRL backbone network that enables policy learning across
multiple morphologies within a shared modular embodiment.
Its inherently module-wise parallelizable structure aligns with
the nature of modular robots and facilitates efficient training
through experience sharing.

In addition, we extend the Isaac Lab simulator to support
multi-morphology training, allowing for concurrent policy
learning across multiple robot configurations. As illustrated in
Figure 2, we evaluate M20oE on a locomotion task involving
three distinct Moonbot morphologies enabled by this exten-
sion. The results demonstrate that a single M2oE policy can
reliably track target velocity commands while maintaining
stability and balance across all evaluated morphologies.
Extended discussions are provided in the following sections.

The main contributions of this work are summarized as
follows:

o M20oE Structure: M20oE introduces an efficient learning
backbone for modular robot design by employing a
module-wise Mixture of Experts (MoE) structure. It
employs an attention-based gating mechanism that
dynamically selects experts based on inter-module cor-
relations.

o Multi-Morphology Training Extension: We extend the
Isaac Lab simulator with functionality for concurrent
training across multiple morphologies. We design a
group-based training pipeline and introduce tools such
as a multi-layer terrain generator.

o Performance Evaluation: We evaluate M2oE on Moon-
bot, and demonstrate that it achieves higher learning

efficiency and performance compared to baseline ap-
proaches.

The remainder of this paper is organized as follows.
Section II reviews related work. Section III describes the
proposed M2oE framework. Section IV details the exper-
imental setup, and Section V presents the results. Finally,
Section VI concludes the paper.

II. RELATED WORKS
A. Multi-morphology Training

Learning a single policy that operates across heterogeneous
robot morphologies has achieved rapid progress. Previous
works have explored various approaches to address the
challenges of multi-morphology training. These include
morphology-agnostic policies that normalize embodiment
differences using padding/masking or encoder—decoder in-
terfaces, enabling a single network to control multiple mor-
phologies [6]. Attention-based architectures [13], [14] have
also scaled cross-embodied imitation/reinforcement learning
with a Transformer that casts variable-length observations
and actions into tokens, supporting diverse morphologies.
Morphology-aware policies [15], [16] leverage graph neural
networks (GNNs) or Transformers to capture inter-joint
correlations, enabling generalization across different robot
structures.

B. Reinforcement Learning for Modular Robots

Modular robots have also garnered significant attention
in recent years due to their adaptability and versatility.
They have been applied in various domains, including space
exploration [3], search and rescue [17], [18], and industrial
automation [19]. However, traditional control methods often
struggle to handle the complexity and variability of modular
systems. Writing controllers for each possible configuration
is impractical.

DRL has emerged as a promising approach for training
robots, enabling them to learn complex behaviors through
interaction with the environment [20], [21]. In scope of
modular robots, DRL has also demonstrated potential in
enabling robots to adapt to different configurations and tasks
[22], [23]. Whitman et al. [10] proposed a graph neural
network (GNN)-based policy architecture that represents
each robot design as a graph structure. Combined with
a model-based learning pipeline, their framework enables
generalization across unseen robot designs. However, as a
model-based approach, its performance may be sensitive
to dynamics modeling errors and distribution shift. Sun
et al. [11] introduced a hierarchical DRL framework that
jointly optimizes morphology and control policies through co-
evolution. While effective for exploring morphology—control
co-design, training is typically performed on one morphology
instance at a time, which limits concurrent experience sharing
across multiple configurations within a unified policy.

C. Mixture of Experts (MoE)

Mixture of Experts (MoE) has become a workhorse in
large-scale NLP/CV models [24]-[26], enabling efficient
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Fig. 3.

Structure of Modular Mixture of Experts (M20oE). There are two main components: a module-wise shared pool of experts and an

attention-based gating mechanism (M2oE-Gate) that extract inter-module correlations to select experts for each module. The design of M2oE enables
module-wise parallelism and automatic adaptation to morphologies with different numbers of modules. This figure illustrates the action inference process for

the first module in a robot with M modules.

scaling of model capacity while maintaining computational
efficiency. Its modular structure allows different experts to
specialize in different aspects of the input data, promoting
both specialization and generalization. Recent robotics work
begins to exploit MoE to mitigate gradient conflicts and
decouple skills in multi-task learning [5]. Broader MoE
variant for embody Al (e.g., MoRE [27]) further highlights
MoE’s promise for scalable learning in robotics.

In contrast to prior MoE applications that primarily address
task-level diversity or skill decoupling, our work explicitly
aligns the MoE structure with the physical modularity of
robots. M2oE performs module-wise expert routing based
on inter-module correlations and enables concurrent training
across multiple morphologies within a unified policy. This
design allows expert specialization at the structural level
rather than the task level, making it particularly suitable for
multi-morphology reinforcement learning.

III. METHOD

In this section, we introduce the proposed Modular
Mixture of Experts (M20E) framework and its components:
the task setup, the M2oE architecture, the attention-based
gating mechanism, and our extension of the Isaac Lab
simulator to support multi-morphology training.

A. Task Setup

We consider a modular robot consisting of A/ modules,
each with its own set of sensors and actuators. The observation
space of a modular robot is defined as the concatenation of
general observations (whole-body states and task-specific

TABLE I
OBSERVATION AND ACTION SPACE DIMENSIONS OF DIFFERENT
MOONBOT MORPHOLOGIES.

| Observation Space | Action Space

Type | Name Dim. | Name Dim.
Joint Position 9
Joint V610‘01<ly s K Arm Action 7
Modular Module Base Position 3 Wheel Action 2
End-Effector Position 3
Last Action 9
Total 33 9
Base Linear Velocity 3
Base Angular Velocity 3
General Command Velocity 3 e —
Gravity Projection 3
Total 12
Morphology Summary
Morphology S . . .
(# of Modules) Observation Dim. Action Dim.
Minimal (1) 45 9
Dragon (2) 78 18
Tricycle (3) 111 27

states) and module-specific observations (e.g., joint positions,
velocities, and torques):

)

module’

(2)

module? * *

(M)

Omodule] ) (1)

0 = |:0gcncrala o
where oino)dule represents the observations from the m-th
module, and Ogeneral T€presents the general observations.

Similarly, the action space is defined as the concatenation
of module-specific actions:
€]

module’

a=|a a2 duter -+ Aot ®)

module
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TABLE II
REWARD TERMS AND WEIGHTS USED IN THE LOCOMOTION TASK.

Term Function Weight
Vet = vl I3
Linear Velocity Tracking (xy) exp —Emdf"bsz 6.0
o
. . (@ g = W5,)°
Angular Velocity Tracking (yaw) exp | ——&m&——25— 3.0
g
1 2
Difference from Initial Pose exp| — (E mean(\qlsg - q?eg|)> 5.0
1
Wheel Rolling Consistency Zf\]:“ih“l [wir| = IVEY 4l ’ -1.0
Nuyheel i
Project of Gravity llg, ¥ 113 -5.0
Undesired Contact Stz > 7) -0.5
Linear Velocity (z) (v;‘bs)z -2.0
Angular Velocity (x, y) llwi? 113 -0.1
Joint Acceleration l|6eg 13 -2e-5
Joint Velocity lléueg I3 -0.02
Joint Power ZJGJch leg,j Tleg.j ‘ -5e-4
Action Rate Zjejl,,g (aj,e — a]‘,t,l)z -0.01
s W ¢ Target Velocity " :Actual Velocity
a8 ®
& -, u B E
Mismatch
=y
Transformer .
Desired Direction
Wrong Ang. Vel Wrong Lin. Vel
Wrong .
Direction ~
JointMLP = < 2
& -
Wrong Lin. Vel Unable to keep stable

Fig. 4. Failure cases of baseline methods on the locomotion task across
three Moonbot morphologies. Some morphologies fail to move forward or
maintain balance, while others exhibit undesired yaw rotations.

To align with the decentralized nature of modular robots,
during training, module ordering is randomized and modules
are treated independently without fixed positional binding.

A DRL policy 7 is defined as a distribution over actions
given the observations, parameterized by a neural network:

M
m(afo) = [T m(ayiue | Ontoduter Osenerat)- ()
m=1
In our setup, M20oE serves as the backbone network for
the DRL policy and is optimized using Proximal Policy
Optimization (PPO) [28].

B. Modular Mixture of Experts (M20E)

M20E is a modular and scalable DRL backbone that mimics
the modular structure of robots while leveraging the Mixture
of Experts (MoE) paradigm [29], [30]. MoE has demonstrated
effectiveness in various domains, including natural language
processing [24], [25], computer vision [26], and robotics
[5]. It has been proven effective in addressing gradient
conflicts in multi-task learning. This framework promotes
experience sharing across modules and morphologies, while
also enabling specialization for specific configurations.

The whole framework is illustrated in Figure 3. M2oE
consists of two main components:

TABLE III
AVERAGE STEP ERROR DURING TEST EPISODES ACROSS DIFFERENT
MORPHOLOGIES. LOWER IS BETTER.

Model Minimal Dragon
Lin. Ang. Lin. Ang.
JointMLP 0.1938  0.5897  0.4276  0.6457
Transformer 02547  0.6489  0.1087  0.6491
M20E (Ours)  0.1464  0.1977  0.0989  0.2100
Model Tricycle Average
Lin. Ang. Lin. Ang.
JointMLP 0.9454  0.6281  0.5223  0.6212
Transformer ~ 0.1361  0.6516  0.1665  0.6499
M20oE (Ours)  0.1257  0.1445  0.1237  0.1841
o Shared Pool of Experts: Modules across dif-

ferent morphologies share a pool of K experts
[ ((Jiimrt, cee éfp)crt]. This promotes knowledge transfer
across morphologies and mitigates gradient conflicts
through distributed specialization.

o« M2oE-Gate M20E-Gate is an attention-based gating

mechanism that computes inter-module correlations.
The output module features serve as queries, and their
similarities with expert learnable key vectors determine
the gating weights.

By leveraging a shared pool of experts and the gating
mechanism that accommodates variable input sizes, M20oE can
automatically adapt to morphologies with different numbers
of modules.

For the same module across different morphologies, M2oE
provides a shared pool of experts, which allows for experience
sharing and cross-configuration learning. The experts can be
formulated as a set of policies [ﬂéii)ert, Féi%ert, e ,Wéi?ert],
where K is the number of experts in the shared pool. Every
expert is assigned with a learnable key vector key,, which
is used in the gating mechanism. Experts take both general
observation and module-specific observation as input. Each ex-
pert outputs a mean action vector with the same dimension as
the module-specific action space: wéi%ert(ogﬂﬁgule, Ogeneral) €
R @),

M20oE-Gate illustrated in Figure 3 adopts an Encoder-only
Transformer architecture to extract inter-module dependencies.
This use of Transformer has proven effective in processing
graph-structured data [15], [31], [32] in domains like robotics
learning and human motion prediction.

This Transformer produces a feature vector h
each module:

Y o W@ h

module’ “"'module’

(m)

module for
(M)

module | = Transformer (o). (4)

These module embeddings are latent feature representations
and serve directly as the query vectors in the subsequent
attention-based gating mechanism. The gating distribution for
the m-th module is computed using a Query-Key mechanism.
Where the outputs of Encoder-only Transformer serve as
queries, and the learnable expert key vectors key, serve as
keys.

(m)

~ . k
h(m) — module , keyk — kei (5)
Hhinngéulc || €Yk ||2

2
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Intuitively, each module first forms a context-aware represen-

tation of itself, and this representation determines the weights
of experts based on inter-module relationships. The experts
then produce candidate action means, which are aggregated
according to the gating weights to form the final action mean.
The final action mean of a module can be formulated as:

Z Im.k ° 7Texpert(

Q)

gm,k

(m) ).

module’ Ogeneral

)

l”’module

The actual action afnodule is then sampled from a distribution
parameterized by this mean and a learned variance.

This structure provides several advantages:

Query Features (t-SNE)

Minimal 1st module
Dragon 1st module
Dragon 2nd module
Full 1st module
Full 2nd module
Full 3rd module

t-SNE 2

t-SNE 1

Fig. 7. t-SNE visualization of gating query features across morphologies.
Each point represents a transformer output feature (query vector) produced by
the gating network during forward locomotion at a fixed velocity command.
Distinct clusters indicate that the gating network learns morphology- and
module-specific representations in the shared embedding space, enabling
expert selection across heterogeneous body structures.

« Scalability: M20E can handle varying numbers of mod-
ules since the gating mechanism can process variable-
length inputs and experts are shared across modules. This
allows M20E to adapt to varying module counts within
the same embodiment family, also the experience sharing
across morphologies improves training efficiency.

e Module-wise Parallelism: The shared pool experts
and attention-based gate inherently support module-wise
parallelization.

« Specialization and Generalization: The shared pool
of experts allows for automatic specialization of experts
for specific configurations while still promoting general-
ization across morphologies through experience sharing.
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C. Multi-Morphology Training Extension in Isaac Lab

In addition to the M2oE framework, we extend the Isaac
Lab (v2.1.1) to support scalable multi-morphology training.

The original simulator is primarily designed for single-
morphology robots or multiple robots with identical structures
[33], which limits its applicability to multi-morphology
learning. To address this, we introduce several engineering
extensions that enable concurrent training across diverse
morphologies within a single simulation environment.

In each scene, multiple robot morphologies with different
configurations are instantiated and controlled independently
during training. To avoid interference between morphologies,
we design a multi-layer terrain generator that assigns each
morphology to a dedicated terrain layer along the z-axis,
ensuring collision-free operation under a shared environment.

We also implement a group-based training pipeline to
coordinate learning across morphologies.

This extension enables scalable multi-morphology training
in Isaac Lab for both modular and non-modular robots,
supporting more versatile and scalable reinforcement learning
experiments. In the Experiments section, we demonstrate its
effectiveness with M20E on the experiment platform Moonbot.
This extension is released as open source to facilitate future
research in multi-morphology reinforcement learning.

IV. EXPERIMENTS

In this section, we introduce the experimental setup, includ-
ing the robot morphologies, task definition, and baselines.

A. Experimental Setup

Moonbot [4] is a modular robot composed of multiple
interconnected modules that can be reconfigured to adapt
to diverse terrains and tasks. Each module is a 7-DoFs
robotic arm with two wheel joints at the base, enabling
both locomotion and manipulation capabilities. Based on
this module, we introduce three morphologies (Figure 1):
Minimal, consisting of a single module; Dragon, consisting
of two modules; and Tricycle, consisting of three modules.

We evaluate M2oE with K = 6 experts in the shared
pool on a locomotion task where Moonbots are required to
track a random target velocity command while maintaining
stability. This task challenges the policy to generalize across
morphologies while leveraging shared experiences among
modules. Both M20E and baseline models are trained using
the Proximal Policy Optimization (PPO) algorithm for 10k
iterations using 2048 parallel environments, each containing
three Moonbot morphologies. The reward encourages the
robot to follow the target velocity while penalizing excessive
energy consumption and instability. The PPO optimization
objective is defined as:

LPPO = £surr0gate + )\vﬁvalue - )\eﬁentropya (8)

where Lgurrogate 1 the clipped surrogate objective, Lyalue 1S
the value function loss, and Leniropy is the entropy bonus to
encourage exploration. A\, and \. are hyper-parameters that
balance the contributions of each term.

: Target Velocity

: Actual Velocity

Fig. 8. Zero-shot transfer to unseen wave terrain. M2oE demonstrates
a certain capability to generalize to unseen terrains.

To encourage balance expert usage, M20oE introduces a
load balancing loss:

Ln2ok = Lpro + AL, 9
L, 1s defined as:

Kki(BMZZg(b) >2

b=1m=1
K M 2
Cb(nEgay.
k=1 b=1m=1

where B is the batch size, M is the number of modules,

and gffz)k is the gating value for the K-th expert in the
shared i)ool for the m-th module in the b-th sample. A\;
is a hyperparameter that controls the strength of the load
balancing loss. The K2 term normalizes £y, within the range
[1,K]. This loss prevents experts collapsing to one single
expert.

Table I summarizes the observation terms and action terms
along with corresponding dimensions. We also provide the
overall observation and action space dimensions for each
morphology in the table. We also provide detailed functions
of reward terms and the corresponding weights in Table II.

B. Baseline Methods

The multi-morphology challenges DRL policies in several
aspects, including varying observation and action spaces,
diverse dynamics, and potential gradient conflicts during
training. Inspired by previous research [6], [15], we design
two baselines based on two main approaches to address
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the varying observation and action spaces: padding-based
methods and attention-based methods:

Padding-based MLP: A standard MLP backbone that
takes the jointed and padded observations as input. This
approach is straightforward but may struggle to capture inter-
module correlations effectively. To be fair, we implement the
Layer Normalization [34] and the same activation function
(ELU [35]) as in M20oE. We call this baseline JointMLP.

Transformer (Attention-based): Attention-based back-
bones are naturally suited for handling varying input and
output dimensions. Previous works [31], [32] have shown that
attention mechanisms can effectively capture inter-position
correlations in graph-structured data, even in robot learning
tasks [15]. So we implement an Encoder-only Transformer
structure similar to Body-Transformer [15] as a baseline. This
baseline is referred to as Transformer.

To ensure a fair comparison, the total parameter count
of each baseline is matched (around 100k) by adjusting the
number of layers and hidden dimensions.

V. RESULTS

In this section, we provide experimental results of M20oE,
including both visualized and quantitative locomotion perfor-
mance, training performance, insight studies of M2oE and a
Zero-shot Generalization experiment.

A. Locomotion Performance Across Morphologies

We first present the locomotion performance to demonstrate
the effectiveness of M20E in training Moonbot across different
morphologies. Robots are commanded to track a target
velocity of (0.8, 0.0) m/s in local frame, the heading command
along X-axis automatically generates a yaw rotation command.
Figure 2 shows snapshots of different morphologies of Moon-
bot performing the locomotion task after training with M20oE.
As illustrated, all evaluated morphologies controlled by M2oE
reliably track the target velocity commands while maintaining
stability and balance. In contrast, baseline methods struggle
to learn effective policies and exhibit various failure modes,
as shown in Figure 4.

B. Performance Comparison with Baselines

We quantitatively evaluate the performance of M2oE and
baseline methods on the locomotion task. The average step
error of tracking errors (the mean absolute error of target
linear and angular velocities) during test episodes is used as
the evaluation metric. It serves as a proxy for locomotion
failure, where higher MAE typically corresponds to unstable
behaviors such as drift or inability to track commands. The
mean errors on 3000 test steps over 64 parallel environments
is reported for each morphology in Table III.

As shown in the table, M20oE achieves the lowest error
across all morphologies on both linear and angular veloc-
ity tracking, demonstrating its superior generalization and
adaptability to different configurations. Other baselines can
achieve comparable performance on some morphologies, but
they struggle on others, indicating limited generalization
capabilities and failure to resolve gradient conflicts effectively.

C. Training performance

Figure 5 compares the learning dynamics of M2oE and
baselines on the locomotion task across three Moonbot
morphologies. We report the mean and standard deviation
of iteration rewards and mean linear velocity tracking error
(MAE) over three seeds. JointMLP struggles to converge,
with unstable returns and growing task errors. We attribute
this degradation to gradient interference across morphologies
with different coordination structures. Transformer achieves
reasonable performance but but still underperforms M2oE.

M20oE demonstrates faster convergence and higher final
performance compared to all baselines. It successfully
converges within 2000 iterations and maintains a low task
error throughout the training process. The smooth learning
curves and stable task errors of all evaluated morphologies
indicate that M20oE effectively mitigates gradient conflicts.

D. Insight Studies of M2oE

To analyze the expert mechanism in M2oE, we visualize
the average gating utilization and the expert key vectors after
training a M2oE model with k = 6 experts in the shared
pool. Figure 6 shows the heatmap of average gating values
for each expert across different modules and morphologies
in M20oE. X-axis represents modules and Y-axis represents
experts. This figure reveals several interesting patterns: The
modules in Minimal and Dragon have similar functionalities,
so they tend to utilize similar experts. While the modules in
Tricycle have distinct roles in this morphology, leading to
more diverse expert usage.

To further analyze the representation learned by the gating
network, we visualize the query features (i.e., the Transformer
output features used for expert routing) using t-SNE. As
shown in Figure. 7, features of same module tend to form local
clusters in the embedding space. Since these features serve
as the query vectors for computing similarities with expert
keys, the observed clustering indicates that the gating network
organizes module features into structured representations that
can support expert routing.

E. Zero-shot Generalization to Unseen Terrain

To further assess the generalization capabilities and robust-
ness of M2oE, we conducted zero-shot transfer experiments
on unseen wave terrain which is similar to lunar surface. As
shown in Figure 8, M20oE demonstrates a certain capability to
generalize to unseen terrains on all morphologies. The policy
trained on flat terrain is able to generalize to wave terrains,
with a little increase in failure rate.

VI. CONCLUSION

In this paper, we presented Modular Mixture of Experts
(M20E), a reinforcement learning backbone designed for
modular robots with diverse morphologies. By aligning the
MOE structure with the modular embodiment of robots, M2oE
enables module-wise parallelism and efficient experience
sharing across modules and morphologies.

We also extended the Isaac Lab simulator to support con-
current multi-morphology training, enabling scalable policy
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learning across different robot configurations. Experiments on
the Moonbot platform demonstrate that M2oE achieves higher
learning efficiency and superior locomotion performance
compared with baseline methods.

Future work includes extending M2oE to manipulation
tasks, multi-agent coordination, and dynamic morphology
reconfiguration, as well as investigating sim-to-real transfer
to real-world modular robotic systems.
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