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Abstract—Robot learning primarily relies on centralized train-
ing. While it provides the infrastructure, centralization limits par-
allel and collaborative learning among robots and place significant
computational load on the central server, indicating the need for
federated learning (FL) in context of multi-robot training. How-
ever, robots trained in a federated setup are subjected to non-in-
dependent and identically distributed data (non-1ID), resulting in
degraded model performance. This extended abstract presents the
current state of research aimed at improving robot learning under
non-1ID conditions in FL. In this regard, this work provides an
initial comparative analysis of robot learning methods in central-
ized and federated training setups, with an emphasis on the impact
of non-IID data on learning behaviour in a simulation environ-
ment. The results highlight the differences in learning stability
across algorithms and present the influence of non-IID goal distri-
butions on performance.
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I. INTRODUCTION

Over the years, robot learning has evolved from rule-based ap-
proaches to more adaptive artificial intelligence (Al)-based
methods for complex environments. However, Al-based algo-
rithms are often trained in a centralized manner, where a single
computing server is responsible for orchestrating the training
process and storing data. While this setup is effective, robot
learning algorithms require large datasets and are compute-in-
tensive, adding significant load to the server. Moreover, from a
multi-robot learning perspective, this setup lacks parallel and
collaborative learning among robots. These limitations indicate
the need for distributed training.

In this context, FL enables distributed training, wherein mul-
tiple robots learn locally over their own dataset while sharing
knowledge (i.e., model parameters rather than raw data) through
a central server, thereby supporting parallel and collaborative
training of multiple robots. However, FL has challenges such as
non-independent and identically distributed data (non-IID),
communication constraints, and model convergence.

In this regard, our research goal is to study robot learning
under non-1ID, guided through the following research questions:

=  RQ1: Centralized vs. federated learning: How does
the trade-off between performance and training effi-
ciency vary across federated and centralized training of
robot behaviour models for manipulation tasks?

= RQ2: Robot learning under non-IID: How can data-
based strategies improve robot learning under non-1ID

conditions, and what impact do they have on model
generalization?

The current scope is to present research at the intersection of
robotics and FL, define non-11D in federated robot learning, and
present initial results of robot learning trends in sparse reward
environments under centralized and federated settings, with an
emphasis on observing the impact of non-IID on robot learning.
These initial experiments address the first research question
through preliminary insights, and the remaining questions are
considered as part of our future work.

II. STATE-OF-THE-ART

The current state of research at the intersection of FL and ro-
botics have been approached from multiple perspectives, in-
cluding performance and communication challenges, data het-
erogeneity, and emerging benchmarks. Approaches such as
MTF-Grasp [1] and FedAgent [2] address robot learning
through multi-tier and device selection strategies, respectively,
while methods like FORLA [3] focus on handling non-1ID
through improved representation learning in vision-based tasks.
FLAME [4] presents the first benchmark in FL for robotic ma-
nipulation through imitation learning. In the area of generative
Al, FedVLA [5] integrates FL with Vision-Language-Action
models. Ma et al. [6] presents survey focused on non-IID solu-
tions and classify these methods into data-based, model-based,
algorithm-based, and framework-based strategies. Prior works
have also explored efficient resource utilization through cloud-
based robotics [7] and decentralization, including SDRL [8].

III. NON-IID IN FEDERATED ROBOT LEARNING

Robot learning degrades under non-IID across multiple clients.
In federated robot learning, non-IID stems from robots being
subject to variations in the environment and training conditions.
When trained under heterogeneity, the aggregated knowledge at
the server affects two main aspects of robot learning, i.e., the
observations and the actions they take for a given task.

Non-IID is formally represented by statistical heterogeneity.
In this work, it is formulated through differences in joint distri-
bution across observations, actions, and rewards. A random se-
lection of client devices i and j, is expressed as P;(x,y), where
x and y present actions and observations, respectively. The ta-
ble represents the resulting skewness under variations in x and
y, following are their conditional probability representations:

= Observation skew (x | y): p;(x|y) # p;(x|y)
*  Action skew (y | x): p;(¥|x) # p;(¥[x)



= Experience heterogeneity (x, y): p;(x,y) # p;(x,y)

= Independent and identically distributed (IID) (x,
:pi(x,y) = pi(x,y)

=  Rewards skew (x, y, r): p;(x,y,7) #p j (x,y,1)

IV. INITIAL RESULTS AND DISCUSSION

This section presents initial findings from training and evalua-
tion of DRL methods in a robot simulation environment, ana-
lyzed through their reward convergence and success rates in cen-
tralized and federated training setups under IID and non-1ID sce-
narios, and their influence on robot learning.

A. Task definition

At this stage of research, a simple manipulation task is consid-
ered where the gripper is required to reach a target goal posi-
tion. For this purpose, the FetchReach-v3 [9] environment is
used. The observations consist of the robot states, desired goal,
and achieved goal, and the model output is a continuous action
representing Cartesian movement of the gripper in 3D space.

B. Model selection for experimentation

Off-policy actor-critic methods, i.e., Soft Actor Critic (SAC)
[10] and Deep Deterministic Policy Gradient (DDPG) [11], are
considered. In sparse reward robotic environments, Hindsight
Experience Replay (HER) [12] enables failures to contribute to
policy learning. This work integrates HER with both SAC and
DDPG and this approach is extended to a federated setting.

C. Implementation setup

Federated training is set up by simulating a server with three
client devices. SAC+HER and DDPG+HER are evaluated in
centralized and federated settings through reward convergence
and success rate over 50 episodes. Both policies are distributed
across clients while HER is set local to each client. Non-IID is
introduced via heterogeneous goal distribution across clients.
Models are trained for 1M timesteps in the centralized setting
and 50K per client over 10 communication rounds in federated
setup, and global aggregation is performed using FedAvg [13].

D. Initial Results

1) Centralized training: SAC + HER achieved stable and
consistent training with a steady improvement in reward and
success rate. In comparison, DDPG + HER also indicated an
improvement in learning; however, it was highly sensitive to
exploration, with higher variability and lower success rates
across multiple runs.

2) Federated training with 1ID: Both SAC + HER and
DDPG + HER showed consistent improvement in reward and
success rate over timesteps. While a direct comparison to the
centralized setup is limited due to different training timesteps
in this initial study, similar learning trends were observed in the
IID setting. SAC + HER demonstrated relatively stable and
consistently higher performance across episodes, whereas
DDPG + HER indicated comparatively higher variability.

3) Federated training with non-IID: Introducing goal dis-
tribution heterogeneity resulted in a degraded performance for
both methods compared to the IID setting, as reflected by a drop

in their rewards and success rates. Additionally, DDPG+HER
demonstrated increased instability across evaluation episodes
with a consistent drop in performance in the later episodes.

E. Observations and discussions

Goal distribution heterogeneity introduced observation skew-
ness across clients, impacting learning and resulting in reduced
performance. In the IID federated setting, varying exploration
noise across clients in DDPG + HER improved performance by
enabling diverse exploration across robots. SAC consistently
demonstrated more stable training and better performance than
DDPQG, indicating its suitability for continuous control tasks.

V. CONCLUSION

These early observations highlight gaps in training perfor-
mance, indicating the need for improvements in the training
strategies and motivate research towards exploration of meth-
ods to improve robot learning under non-IID. Building on this,
our future work will be towards extending the present study to
more complex manipulation tasks (e.g., grasping), exploring
model and data-based approaches to address non-IID in feder-
ated robot learning, and analyzing the trade-off between device
scalability and model performance in federated settings.
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