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Abstract

The rapid proliferation of autonomous robotic systems, ranging from
nano-drones to industrial collaborative robots (cobots), is generating
massive, distributed datasets. While deep learning (DL) serves as the
cornerstone of modern robotic intelligence, the conventional approach
of centralizing this data for training poses insurmountable challenges
related to privacy, security, bandwidth, and latency. Federated Learning
(FL) has emerged as a disruptive paradigm that enables collaborative
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model training across distributed devices without the need for raw data
exchange. However, the integration of FL into real-world robotic
swarms—characterized by extreme heterogeneity, dynamic
connectivity, and stringent resource constraints—introduces a unique
set of complexities that extend far beyond those of conventional edge
devices. This survey provides a comprehensive and critical examination
of the burgeoning field of FL within robotic and autonomous systems.
We move beyond a mere overview to present a novel taxonomy that
classifies FL architectures for robotics based on communication
topology, learning paradigm, and application criticality. A significant
portion of our analysis is dedicated to the potent synergy between FL
and Distributed Ledger Technologies (DLTs), particularly blockchain,
for achieving decentralized trust, auditability, and robust aggregation in
the presence of potentially malicious agents. We extensively review
applications across perception, control, and collaborative tasks,
highlighting pioneering works in multi-robot SLAM, federated
reinforcement learning, and human-robot interaction. Furthermore, we
identify and discuss pressing open challenges, including
communication efficiency in mobile swarms, energy-aware client
selection, personalized learning for non-1ID data, and defense
mechanisms against sophisticated adversarial attacks. This paper serves
as a foundational reference for researchers and practitioners aiming to
develop the next generation of private, secure, and collectively
intelligent robotic systems.

Keywords: Autonomous Robotic Systems, Federated Learning,
Distributed Ledger Technologies, Deep Learning, Collaborative
Robots, Human-robot interaction
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1. Introduction

The convergence of robotics, artificial intelligence, and pervasive
connectivity is ushering in an era of ubiquitous autonomous systems.
From smart factories and precision agriculture to autonomous vehicles
and search-and-rescue missions, networks of robots are expected to
perform increasingly complex tasks in unstructured and often
cooperative environments [1]. This shift is underpinned by advances in
Deep Learning (DL), which has become the de facto standard for
enabling high-level cognitive functions such as visual perception,
natural language understanding, and adaptive control [2, 3].
Traditionally, the development of these DL models relies on the
collection of vast amounts of data into centralized data centers for
training a paradigm that is rapidly becoming untenable. The challenges
are multifaceted:



Federated Learning for Robotic and Autonomous Systems: A Survey on Architectures, Synergies ,,

(1) Data Privacy and Security: Robotic systems often operate in
sensitive environments (e.g., homes, hospitals, industrial facilities),
generating data that is proprietary, personal, or mission-critical.
Transmitting and centralizing this data creates significant attack
surfaces and risks of leakage [4].

(2) Network Bandwidth: The volume of sensor data generated by a
single robot (e.g., high-resolution point clouds, video streams) can be
enormous, making constant transmission to a cloud infrastructure
prohibitively expensive and inefficient [5].

(3) Latency: For time-sensitive applications like autonomous
navigation or real-time manipulation, the round-trip delay to a remote
cloud server can be catastrophic [6].

(4) Resource Constraints: Many robots, especially smaller drones or
mobile robots, have limited onboard computational, storage, and energy
resources, making local processing of large models difficult [7].

Federated Learning (FL) presents a compelling alternative to this
centralized approach. As first conceptualized by Google [8], FL is a
machine learning setting where multiple clients (e.g., mobile phones,
robots) collaboratively train a model under the orchestration of a central
server, while keeping the training data decentralized. Each client
performs local computation on its private data and shares only model
updates (e.g., gradients, weights) with the server, which aggregates
them to form a global model. This process inherently enhances privacy,
reduces bandwidth consumption, and can leverage distributed compute
resources [9].

While significant research has explored FL in the context of mobile and
loT devices [10, 11], its application within robotic and autonomous
systems introduces distinct dimensions of complexity. Robots are not
merely data sources; they are active agents whose actions influence the
data they collect (leading to non-11D data distribution), they operate in
dynamically changing environments, and they often have critical real-
time performance requirements. Furthermore, the collaborative nature
of multi-robot systems (MRS) demands learning frameworks that are
not only privacy-preserving but also robust, scalable, and capable of
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handling systemic heterogeneity. A conceptual illustration showing
potential application areas is shown in Figure 1.

This survey aims to provide a thorough and nuanced analysis of the
integration of FL into robotic and autonomous systems. We move
beyond existing surveys focused solely on general FL security [12] or
communication efficiency [13] by focusing specifically on the robotic
domain's unique challenges and opportunities. Our contributions are
fourfold:

1. We present a detailed background covering the essential pillars of
modern robotic learning: Cloud/Fog Robotics, Distributed DL, and
the critical security/privacy landscape.

2. We propose a novel taxonomy for FL in robotics, categorizing
systems by their architecture, learning task, and operational
constraints.

3. We provide an in-depth exploration of the integration of DLTs
with FL, arguing that this combination is particularly well-suited
for building trust and decentralization in adversarial multi-robot
environments.

4. We conduct a comprehensive review of state-of-the-art
applications, from perception and SLAM to control and human-
robot collaboration, and delineate a detailed roadmap of future
research directions.

The remainder of this paper is organized as follows. Section 2
establishes the necessary technical background. Section 3 delves into
the deployment of FL at the edge, analyzing key sub-problems. Section
4 explores the synergies with DLTs. Section 5 surveys concrete
applications. Finally, Section 6 concludes and outlines future work.
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Figure 1 A conceptual illustration showing potential application areas

2. Background:

The successful adoption of FL in robotics is built upon the convergence
of several technological trends. This section provides a foundational
understanding of these areas, highlighting their relevance to the
development of federated robotic systems.

2.1. Cloud, Fog, and Edge Robotics:

The paradigm of cloud robotics, first prominently discussed by Kuffner
[14], leverages remote data centers to provide robots with vast
computational resources and shared knowledge. This enables
capabilities like offloading intensive DL inference, accessing massive
datasets for learning, and enabling collective robot learning [15].
However, the latency and bandwidth limitations of cloud-only
approaches led to the emergence of fog robotics [16] and edge robotics
[17]. These paradigms distribute computation across the cloud-to-thing
continuum, pushing processing closer to the data source. A fog node
(e.g., a local server, a powerful robot) can aggregate data from multiple
nearby robots, perform intermediate processing, and reduce the load on
the cloud. FL aligns perfectly with this vision, acting as a structured
framework for distributed learning across this hierarchical architecture,
from the deep cloud to the extreme edge on the robot itself.
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2.2. Distributed Deep Learning:

Training large DL models is computationally expensive. Distributed
Deep Learning (DDL) seeks to accelerate this process by parallelizing
computation across multiple devices [18]. Traditional DDL often
involves data parallelism, where the global dataset is partitioned across
workers who synchronize their gradients frequently. While FL shares
the goal of distributed training, its fundamental constraint is that the
data partitions are inherently private and non-1ID, residing on separate
edge devices. This makes direct application of many DDL
synchronization protocols inefficient or infeasible. Research in FL has
thus focused on developing specialized aggregation algorithms (like
Federated Averaging - FedAvg [8]) and communication compression
techniques [19] that are robust to these conditions, forming a distinct
subfield of DDL tailored for privacy and decentralization.

2.3. Security and Privacy in Machine Learning:

The widespread use of DL has exposed critical vulnerabilities.
Adversarial attacks can be broadly categorized into:

(1) Evasion attacks: (at inference time), where carefully crafted
perturbations cause misclassification [20].

(2) Poisoning attacks (at training time), where malicious actors inject
corrupted data or model updates to compromise the global model [21].
FL is vulnerable to both, though poisoning poses a more direct threat.
Furthermore, even without malicious intent, privacy risks exist. Model
inversion attacks can reconstruct parts of the training data from the
shared model updates [22], and membership inference attacks can
determine if a specific data sample was part of the training set [23].
Mitigation techniques are multi-layered, including differential privacy
(DP) [24], which adds calibrated noise to updates to obscure any single
data point's contribution; homomorphic encryption (HE) [25], which
allows computation on encrypted data; and secure multi-party
computation (SMPC) [26], which enables multiple parties to jointly
compute a function without revealing their private inputs. A robust FL
system for robotics must integrate these techniques to provide end-to-
end security and privacy guarantees.
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2.4. Federated and Distributed Reinforcement Learning:

Reinforcement Learning (RL), where an agent learns optimal behavior
through trial-and-error interactions with an environment, is highly
relevant to robotics. Multi-Agent RL (MARL) extends this to settings
with multiple cooperating or competing agents [27]. Federated
Reinforcement Learning (FRL) is a natural fusion of FL and
RL/MARL, where multiple agents learn policies from their local
experiences and periodically aggregate their knowledge (e.g., value
functions, policy parameters) to form a global policy without sharing
their raw experience trajectories [28]. This is particularly valuable for
robots operating in similar but distinct environments, as it allows for
collective learning while preserving the privacy of their specific
operational data. FRL has been applied to problems ranging from
resource allocation in networks [29] to learning robust control policies
for autonomous systems [30].

3. Federated Learning at the Edge: Robotic Considerations:

Deploying FL in robotic networks amplifies challenges observed in
general edge networks and introduces new ones. This section dissects
these challenges and reviews proposed solutions.

3.1. System Heterogeneity and Task Allocation:

Robotic fleets are highly heterogeneous. Members may differ in
computational capability (CPU/GPU), battery life, sensor suite, and
mobility. This heterogeneity makes efficient task allocation—deciding
which robots participate in which training rounds—a critical problem.
Simple random selection can lead to stragglers that slow down the entire
federated round. Matching-theoretic approaches [31] and reinforcement
learning-based schedulers [32] have been proposed to dynamically
match learning tasks with robots that have sufficient resources, thereby
improving overall training efficiency and system throughput.

3.2. Communication Efficiency in Mobile Swarms:

Communication is the primary bottleneck in FL. For mobile robotic
swarms, this is exacerbated by dynamic network topologies, packet
loss, and limited bandwidth. Research focuses on:
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Communication  Reduction:  Techniques like gradient
sparsification [33], quantization [34], and knowledge distillation
[35] reduce the size of model updates transmitted.

Asynchronous FL: Relaxing the synchronous aggregation
requirement of FedAvg allows robots to contribute updates as they
become available, mitigating the straggler problem and better suited
for real-world deployments with intermittent connectivity [36].

Over-the-Air Computation (AirComp): This innovative
technique leverages the superposition property of wireless channels
to allow multiple devices to transmit their model updates
simultaneously, naturally achieving a form of analog aggregation
and significantly reducing communication latency [37].

3.3. Energy-Aware Learning:

Battery life is a paramount concern for mobile robots. The energy cost
of FL comes from both local computation (training) and communication
(transmitting updates). Strategies to improve energy efficiency include:

Adaptive Local Training: Dynamically adjusting the number of
local training epochs based on battery level and channel conditions
[38].

Joint Communication-Computation Optimization: Formulating
the training process as an optimization problem that minimizes total
energy consumption under accuracy and latency constraints [39].

Hardware-Aware Design: Utilizing specialized low-power Al
accelerators on robots to improve the energy efficiency of the local
training process itself [40].

3.4. Client Selection and Resource Management:

Beyond task allocation, the problem of client selection is crucial for
robustness. Selecting clients based solely on resource availability might
lead to a biased global model if the selected subset is not representative
of the entire population. FedCS [41] is a framework that manages client
selection in heterogeneous environments. More advanced approaches
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use reinforcement learning to learn an optimal selection policy that
balances resource constraints with statistical utility [42].

3.5. Enhanced Privacy and Security Mechanisms:

The standard FL protocol is vulnerable. Enhanced mechanisms for
robotics include:

e Byzantine-Robust Aggregation: Aggregation rules like Krum
[43] and Multi-Krum are designed to be robust against a limited
number of malicious clients sending poisoned model updates.

e Hybrid Privacy Techniques: Combining DP with cryptography,
such as using DP to add noise before applying HE, provides a
layered defense [44].

e Anomaly Detection: Employing auxiliary models or statistical
tests to detect and filter out anomalous model updates before
aggregation [45].

4. Synergies with Distributed Ledger Technologies:

The centralized aggregation server in traditional FL represents a single
point of failure and a trust bottleneck. Distributed Ledger Technologies
(DLTs), with blockchain as the most prominent example, offer a
paradigm shift towards fully decentralized and trustless systems,
making them a perfect match for ad-hoc robotic swarms.

4.1. Blockchain as a Decentralized Aggregator:

A blockchain can replace the central server entirely. In this model, local
model updates are broadcast to the peer-to-peer network. Smart
contracts—self-executing code deployed on the blockchain—can be
programmed to perform aggregation algorithms (like FedAvg) once a
sufficient number of updates have been submitted and verified [46].
This eliminates the need for a trusted central authority, as the execution
of the smart contract is immutable and transparent to all participants.
The global model can then be stored on the blockchain or in a
distributed hash table (DHT), accessible to all robots.
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4.2. Incentivization and Audibility:

Blockchains naturally enable token-based incentivization mechanisms.
Robots can be rewarded with cryptographic tokens for contributing
high-quality model updates, encouraging participation and
discouraging lazy or malicious behavior [47]. Furthermore, every
transaction (model wupdate submission, aggregation event) is
timestamped and recorded on an immutable ledger, providing complete
auditability and traceability. This is crucial for debugging, compliance,
and forensic analysis in case of a failure or attack.

4.3. Enhanced Security and Identity Management:

The cryptographic foundations of DLTs provide robust identity
management. Each robot can have a unique cryptographic identity,
preventing sybil attacks. Moreover, the consensus mechanism (e.g.,
Proof of Work, Proof of Authority, Proof of Stake) secures the network
against malicious actors trying to tamper with the aggregation process
or the stored global model.

4.4. Applications in Robotic Swarms:
The combination of FL and blockchain is particularly suited for:

e Vehicular Networks (V2X): Building trusted collaborative
perception models between autonomous vehicles without a central
coordinator [48].

e Drone Swarms: Secure and auditable sharing of learned
navigation maps or object detection models in a fleet of drones for
disaster response [49].

e Industrial 10T: Collaborative predictive maintenance between
robots from different manufacturers on a factory floor, with data
privacy guaranteed by FL and business logic enforced by smart
contracts [50].

While promising, this integration faces challenges, primarily the
significant computational overhead and latency introduced by
consensus mechanisms, which may be unsuitable for real-time control
loops in robotics.
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5. Applications in Robotic and Autonomous Systems:

FL

is being actively researched across a spectrum of robotic

applications. We categorize and highlight key works below.

5.1.

5.2.

5.3.

Perception and Scene Understanding:

Visual Place Recognition: Robots can collaboratively learn a
shared visual place recognition model without sharing images
from their specific operating environments, improving
generalization [51].

Multi-Robot SLAM: Fe-SLAM [52] is a framework where robots
collaboratively build and update a global map by sharing learned
feature descriptors or sub-maps via FL, rather than raw sensor data,
preserving the privacy of their precise locations and environments.

Object Detection and Recognition: Teams of robots can improve
object detection accuracy for rare objects by learning from each
other's federated experiences [53].

Control and Navigation

Federated Reinforcement Learning (FRL): As discussed in 2.4,
FRL allows robots to learn robust control policies. For example, a
fleet of warehouse robots can learn optimal navigation policies
adapted to different floor layouts and dynamic obstacles [54].

Imitation Learning: FL enables learning from demonstration
across multiple human teachers and robots, aggregating different
driving styles or manipulation strategies into a robust global policy
while keeping user-specific data private [55].

Human-Robot Interaction (HRI):

Activity Recognition: Robots in smart homes can collaboratively
learn models of human activity from on-board sensors without
centrally pooling private video or audio data [56].

Natural Language Processing: Personal assistant robots can
improve their language understanding models by learning from
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5.4.

interactions with multiple users in a privacy-preserving manner via
FL [57].

Collaborative Task Execution:
Distributed Formation Control: Swarms of drones can use FL to

adapt their formation control algorithms based on shared wind
conditions or obstacle avoidance experiences.

Collaborative Manipulation: Multiple robotic arms can learn to
coordinate on a complex assembly task by sharing policy updates
through an FL framework.

6. Conclusion and Future Directions:

Federated Learning represents a fundamental shift in how intelligent
systems, particularly robotic swarms, can learn from distributed data. It
directly addresses the critical constraints of privacy, bandwidth, and
latency that hinder centralized cloud-based approaches. This survey has
outlined the core concepts, reviewed the current state-of-the-art, and
highlighted the powerful synergy with DLTSs for building decentralized,
trustable systems.

However, the field is still in its relative infancy. Several compelling
research directions demand attention:

1.

Personalized FL for Robotics: Developing algorithms that can
produce a single global model that performs well on average is
insufficient. Future work must focus on personalization—creating
mechanisms for each robot to fine-tune the global model to its
specific environment, dynamics, and tasks without compromising
the collaborative benefit.

Lifelong and Meta-Learning: Robotic environments are non-
stationary. Integrating FL with lifelong learning and meta-learning
frameworks will be essential for systems that can continuously
adapt to new tasks and environments without catastrophic
forgetting.

Standardized Benchmarks and Datasets: The community lacks
standardized benchmarks and realistic non-1ID datasets for
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evaluating FL algorithms in robotic contexts. Creating such
resources will be vital for fair comparison and rapid progress.

4. Cross-Modal and Multi-Task FL: Robots possess multi-modal
sensors. Research into FL frameworks that can effectively fuse and
learn from heterogeneous data types (vision, lidar, proprioception)
across different robots, and even for different but related tasks, is
a promising avenue.

5. Tackling System Dynamics: The impact of robot mobility,
network dynamics, and resource fluctuation on FL convergence
and performance needs more rigorous theoretical and experimental
analysis. Developing FL protocols that are inherently adaptive to
these dynamics is crucial.

In conclusion, while significant challenges remain, the potential of FL
to enable secure, scalable, and collective intelligence in heterogeneous
robotic swarms is immense. Its continued development, especially in
concert with technologies like DLT and advanced wireless
communication (5G/6G), will be a key enabler for the truly autonomous
and collaborative systems of the future.
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