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Abstract

Reinforcement learning for robotic manipulation is often limited by poor sample efficiency and unstable
training dynamics, challenges that are further amplified in federated settings due to data privacy
constraints and task heterogeneity. To address these issues, we propose F-DRL, a federated dynamics-
aware representation learning framework that enables multiple robotic tasks to collaboratively learn
structured latent representations without sharing raw trajectories or policy parameters. The framework
combines robotics priors with an action-conditioned latent dynamics model to learn low-dimensional
state and state—action embeddings that explicitly capture task-relevant geometric and transition
structure. Representation learning is performed locally at each client, while a central server aggregates
encoder parameters using a similarity-weighted scheme based on second-order latent geometry.
The learned representations are then used as frozen auxiliary inputs for downstream model-free
reinforcement learning.We evaluate F-DRL on seven heterogeneous robotic manipulation tasks from
the MetaWorld benchmark. While achieving performance comparable to centralized training and
standard federated baseline, F-DRL substantially improves training stability relative to FedAvg on
heterogeneous manipulation tasks with partially shared dynamics (e.g., Drawer-Open and Window-
Open),reducing the mean across-seed standard deviation and the AUC of this deviation by over
60%. The method remains neutral on simple tasks and performs less consistently on contact-rich
manipulation tasks with task-specific dynamics, indicating both the benefits and the practical limits of
representation-level knowledge sharing in federated robotic learning.

Keywords: robotics priors; action-conditioned system dynamics; state-action encode; deep reinforce-
ment learning; robotic manipulation; dynamics aware embeddings

1. Introduction

The combination of deep learning and reinforcement learning (RL), following the seminal work
of [1], has accelerated the adoption of Deep Reinforcement Learning (DRL) across domains such as
robotics, gaming, autonomous driving, and recommendation systems [2]. Although DRL enables end-
to-end learning directly from high-dimensional raw observations without explicit feature engineering,
these methods remain notoriously sample inefficient, often requiring tens of millions of interactions
to solve even simple tasks. This inefficiency arises from several inherent challenges in RL, including
the need for extensive exploration, long-horizon credit assignment, and instability in value-based and
policy-gradient optimization. These issues are amplified in real-world robotic settings, where data
collection is slow, expensive, and physically risky, and where even high-fidelity simulators suffer from
sim-to-real gaps [3]. As a result, training instability and poor reproducibility remain fundamental
barriers to deploying DRL systems in practice.

A promising direction for mitigating these challenges is representation learning [4], where com-
pact, low-dimensional embeddings are learned explicitly rather than implicitly within the policy
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network. Such representations constrain the hypothesis space of downstream policy learning, im-
proving sample efficiency and stability. Recent work on unsupervised representation learning [5]
has demonstrated that structured latent spaces can capture meaningful factors of variation useful for
robotic control. While much of the existing literature focuses on high-dimensional visual observations
[6], representation learning is equally critical for proprioceptive inputs, since the resulting observa-
tion stream corresponds to a partially observable Markov decision process (POMDP). In this setting,
representations must filter sensor noise while preserving task-relevant physical structure.

However, learning representations solely from interaction data is inherently challenging: uncon-
strained encoders can capture spurious correlations or task-specific artefacts that fail to generalize.
Robotics Priors [7] address this issue by introducing physics-inspired inductive biases—such as tem-
poral coherence, causality, repeatability, and proportionality—that encourage physically meaningful
latent spaces. By constraining representation learning with these priors, learned embeddings better
reflect the underlying structure of robotic dynamics and improve robustness in downstream control.

Building on this foundation, an action-conditioned representation is introduced to explicitly
capture system dynamics within a robotics-prior-constrained latent space. Unlike state-only em-
beddings, the proposed encoder models how actions transform states, enabling the latent space to
encode transition structure rather than static observations alone. The resulting representation, z(s, ), is
therefore well suited for transfer across tasks with partially shared dynamics. However, exploiting this
property in collaborative multi-task settings requires a mechanism for selective and stable knowledge
sharing. In realistic deployments, robots often learn multiple tasks under privacy, communication, or
operational constraints that preclude centralized training. In such settings, naive parameter sharing
can be harmful: tasks with incompatible dynamics can interfere, leading to unstable learning and
negative transfer. This motivates a formulation in which knowledge is shared only to the extent that
tasks are dynamically related, and where the unit of sharing is the representation rather than the policy
or value function.

Federated learning (FL) provides a natural framework for such collaboration, as it enables decen-
tralized knowledge sharing without exposing raw data or requiring centralized optimization. However,
existing federated reinforcement learning (FRL) approaches are poorly suited to heterogeneous robotic
settings: most aggregate policy or value-function parameters directly, tightly coupling federation with
unstable RL updates and making these methods highly sensitive to task diversity.

To address this limitation, a representation-centric federated learning framework is introduced in
which federation is applied exclusively to representation learning and fully decoupled from down-
stream policy optimization. Multiple tasks performed by the same robot are treated as federated clients,
reflecting realistic scenarios in manufacturing, service robotics, and household automation. Clients are
aligned based on learned dynamics similarity rather than task identity or uniform averaging, enabling
selective, stability-oriented knowledge transfer while avoiding direct synchronization of unstable
policy updates. This design shifts the role of federation from policy coordination to representation
alignment, which is more appropriate for heterogeneous robotic systems.

The core hypothesis is that tasks sharing the same state and action spaces, and exhibiting partially
overlapping transition dynamics, should share similar latent representations. Federated aggregation
guided by dynamics-based similarity encourages alignment across such tasks, improving generaliza-
tion while mitigating negative transfer and remaining neutral when heterogeneity is limited. To the
best of the authors’ knowledge, this work is the first to integrate dynamics-aware action-conditioned
representations with representation-level federated aggregation within a unified FRL framework for
robotic manipulation.

Contributions.

The main contributions of this work are:
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1. A federated dynamics-aware representation learning framework that learns shared state and
action-conditioned embeddings across multiple robotic manipulation tasks without sharing raw
data or policy parameters, explicitly targeting stability under task heterogeneity.

2. An extension of robotics-prior-constrained representation learning through the incorporation of
action-conditioned system dynamics, enabling embeddings that capture task-relevant transition
structure rather than static state features.

3. A similarity-weighted federated aggregation strategy based on second-order latent geometry,
which selectively aligns clients according to dynamics similarity and mitigates negative transfer
induced by uniform averaging.

4. An extensive empirical evaluation on heterogeneous MetaWorld manipulation tasks demon-
strating that the learned representations act as a stabilizing auxiliary signal for downstream
model-free reinforcement learning, substantially reducing variance across random seeds while
achieving performance comparable to centralized training.

The remainder of this paper is organized as follows. Section 2 reviews related work on deep
reinforcement learning, representation learning for control, and federated reinforcement learning. Sec-
tion 3 presents the proposed federated dynamics-aware representation learning framework. Section 4
details the experimental setup and empirical evaluation. Section 5 concludes and outlines directions
for future work.

2. Related Work

This section reviews prior work across three complementary research directions that motivate the
proposed framework. We first discuss advances in deep reinforcement learning, highlighting persis-
tent challenges such as sample inefficiency, training instability, and limited generalisation, which are
particularly pronounced in robotic manipulation and motivate the need for structured and transferable
representations. We then review representation learning methods for reinforcement learning, with a
focus on robotics-prior-based and dynamics-aware approaches, which demonstrate that incorporating
physical inductive biases and transition structure into latent representations can improve learning
efficiency and robustness. Finally, we survey FRL methods that address privacy and data-sharing
constraints, noting that most existing approaches rely on policy- or value-level aggregation and remain
highly sensitive to task heterogeneity, while representation-level knowledge sharing is compara-
tively under-explored. Together, these works expose a gap at the intersection of dynamics-aware
representation learning and federated aggregation, which our framework addresses by decoupling
representation learning from control and enabling selective, stability-oriented knowledge sharing
across heterogeneous robotic tasks.

2.1. Deep Reinforcement Learning and Sample Inefficiency

DRL achieved widespread attention following the seminal work of [1], which demonstrated that
deep neural networks can learn control policies directly from raw observations. While this removed
the need for hand-engineered features, DRL methods remain fundamentally limited by unstable
optimization dynamics, high variance, and severe sample inefficiency. A key innovation introduced in
the DON framework is the experience replay buffer, which decorrelates training data and stabilizes off-
policy learning. However, uniform sampling treats all transitions as equally informative, constraining
learning efficiency. Several extensions addressed these limitations by improving representational and
learning capacity. The duelling network architecture [8] decomposes the Q-function into state-value
and advantage components for faster generalization, while Double DQN [9] reduces overestimation
bias through decoupled action selection and evaluation. Prioritized Experience Replay (PER) [10]
further enhances sample efficiency by sampling transitions according to temporal-difference error,
with bias correction via importance sampling. Policy-gradient approaches take a complementary
perspective by directly parametrizing the policy 71g(a | s) and optimizing it via gradient ascent. These
methods provide expressive control policies but are prone to high variance and unstable updates. Trust
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Region Policy Optimization (TRPO) [11] addressed this by enforcing a trust-region constraint on policy
updates, ensuring monotonic improvement. Proximal Policy Optimization (PPO) [12] introduced a
clipped surrogate objective that prevents destructive policy shifts while remaining computationally
efficient. Generalized Advantage Estimation (GAE) [13] reduced variance in advantage estimation
by combining multi-step returns through an exponentially weighted scheme, offering a controllable
bias-variance trade-off. Modern off-policy actor-critic methods unify value-based and policy-based
principles. DDPG [14] extended deterministic policy gradients to continuous control using replay
buffers, target networks, and exploration noise. TD3 [15] further improved stability and sample
efficiency by introducing twin critics to mitigate overestimation, target policy smoothing, and delayed
policy updates.

Although these advances substantially improve optimization stability and reduce estimation
variance, they operate primarily at the level of value approximation and policy updates. They do not
directly address the challenge of learning compact, structured, and transferable representations—a
limitation that becomes critical in robotic manipulation, where data collection is expensive and task
variations induce significant state—action distribution shifts. This motivates the study of explicit
representation learning techniques, which we discuss next.

2.2. Representation Learning for Reinforcement Learning
2.2.1. Robotics Priors and Physical Constraints

A long-standing view in representation learning is that useful latent spaces should reflect general
priors about how the physical world behaves [4]. In robotics, this idea was first introduced by [16],
who proposed Robotics Priors: a set of physics-inspired constraints—temporal coherence, proportion-
ality, causality, and repeatability—that impose local structure on the latent state space. These priors
encourage representations that evolve smoothly over time, respond predictably to actions, and remain
consistent with underlying physical dynamics. Several extensions have been proposed to enhance
this framework. Position—Velocity Encoders (PVEs) [17] incorporate additional priors to induce an
explicit position—velocity decomposition reflecting canonical quantities in robot motion. Other works
broadened the applicability of Robotics Priors to multi-task reinforcement learning via task-gating
mechanisms and task-coherence priors that cluster representations within an episode [18]. To improve
cross-episode consistency, [19] introduced a reference point prior that stabilizes latent representations
across trajectories. Extensions to partially observable settings were explored by [20], who incorpo-
rated recurrent architectures to maintain temporally coherent latent states. Further, reward-shaped
variants of Robotics Priors were proposed in [21], and adaptations to continuous-action spaces were
introduced in [22]. Most prior work in this line of research focuses on imposing structural constraints
on state-only representations and is studied in centralized or single-task settings. In contrast, our work
considers action-conditioned, dynamics-aware representations and investigates how such structured
embeddings can be selectively shared across tasks in a federated setting under privacy constraints.

2.2.2. Dynamics Modelling via Self-Prediction

Dynamics-modelling-based representation learning methods learn low-dimensional embeddings
by approximating transition and reward distributions p(s’ | s,a) and p(r | s,a). By jointly training
the representation and predictive models, the resulting latent space is encouraged to encode task-
relevant system dynamics. These approaches are typically categorised according to the downstream
reinforcement learning paradigm in which the learned representations are used. Model-free methods
employing deterministic encoders include [23-27]. In contrast, approaches using stochastic encoders
learn parametrized distributions over latent states rather than point embeddings, as in [28-30]. Al-
though often described as model-free, many of these methods still learn approximate transition or
reward models during representation learning. In this context, “model-free” refers to the absence of
model-based planning in the control pipeline rather than the absence of predictive modelling altogether.
Model-based methods with deterministic encoders include [31-35]. Approaches with stochastic latent
dynamics models, such as [36-38], employ probabilistic representations to capture uncertainty and
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support planning-based control. While these approaches demonstrate the benefits of dynamics-aware
latent spaces for reinforcement learning, they are predominantly studied in centralized settings and do
not address how dynamics representations can be aligned, aggregated, or selectively shared across
heterogeneous agents, which is the focus of our framework.

2.3. Federated Reinforcement Learning

Federated reinforcement learning (FRL) has been widely studied as a means of addressing
sequential decision-making problems in privacy-preserving and decentralized settings [39]. In most
existing FRL approaches, federation is performed at the policy or value-function level, where the
parameters of the actor, critic, or Q-network are periodically synchronized across clients using federated
averaging or proximal variants [40-44]. While effective in settings with homogeneous tasks or aligned
objectives, such approaches tightly couple federated synchronization with the inherently unstable
optimization dynamics of reinforcement learning. As a result, aggregation noise, non-stationarity;,
and policy interference are amplified under task diversity, often leading to degraded performance or
unstable training.

FRL methods have also been applied to robotic systems, motivated by scenarios in which robots
must collaboratively learn while preserving data locality and privacy [45-51]. These works demonstrate
the feasibility of federated training across robotic platforms or tasks and explore extensions such as
lifelong learning, preference-based aggregation, and selective communication. A subset of studies
explicitly considers task heterogeneity in robotic manipulation and control [52-54]. However, despite
addressing heterogeneity at the algorithmic or optimization level, these methods remain fundamentally
rooted in policy-level or value-function aggregation. Consequently, federated updates are directly
entangled with unstable reinforcement learning gradients, rendering such approaches sensitive to
inter-task mismatch and prone to negative transfer when task dynamics differ.

A key limitation shared by existing FRL methods lies in the choice of aggregation unit. Policies
and value functions are task-specific, highly non-linear, and tightly coupled to reward structure and
exploration dynamics. Aggregating these parameters across heterogeneous tasks implicitly assumes
alignment at the control level, an assumption that rarely holds in realistic multi-task robotic settings.
Even when tasks share identical state and action spaces, differences in transition dynamics or reward
geometry can cause federated averaging to introduce destructive interference, undermining both
convergence and training stability.

In contrast, representation-centric federated learning frameworks shift the unit of federation
from control parameters to learned representations. When federation operates on dynamics-aware
embeddings rather than policies, aggregation is decoupled from unstable policy optimization and can
be guided by structural similarity in latent space. Aligning clients based on latent geometric similarity
enables selective knowledge sharing under task heterogeneity, while avoiding direct synchronization
of unstable gradients. This architectural distinction underpins the stability improvements observed in
recent representation-level FRL approaches and motivates the framework introduced in this work.

3. Framework and Methodology
3.1. Design Rationale and Framework Overview

The proposed framework follows a representation-centric federated learning paradigm, in which
representation learning is decoupled from downstream control and federated synchronization is
applied exclusively in latent space. This design is motivated by the instability of policy- and value-
level aggregation under task heterogeneity, which can amplify variance and induce negative transfer in
reinforcement learning. By federating only representation parameters and keeping control optimization
local, the framework enables selective knowledge sharing while preserving training stability. An
overview of the modular framework is shown in Figure 1, highlighting the separation between
federated representation learning and local policy optimization.
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Figure 1. Overview of the proposed F-DRL framework.

3.2. Federated Learning Setting and Assumptions

We consider a federated reinforcement learning setting in which each client is modelled as a
Markov Decision Process (MDP) [55], defined by a state space S;, action space A;, transition dynamics
P;, reward function R;, and discount factor . In our experiments, each client corresponds to a distinct
robotic manipulation task from the MetaWorld benchmark [56]. All federated clients share identical
observation and action spaces and operate on robots with comparable morphology. This assumption
reflects realistic deployment scenarios such as multi-task industrial manipulators, service robots, or
household robots, where a single physical platform performs multiple heterogeneous tasks under a
fixed embodiment. Offline trajectories are required for representation learning, and no interaction
data is shared across clients, preserving data privacy. Under these conditions, the framework is most
effective when tasks share common dynamical structure but differ in task-specific objectives. This
setting enable beneficial representation-level knowledge sharing without direct policy synchronisation.

We adopt a client-server federated learning architecture [57,58], where clients perform local
representation learning and periodically communicate model updates to a central server. The server
aggregates these updates to produce a global representation model, which is then broadcast back to
clients for subsequent local training rounds. Only representation parameters are shared between clients and
the server. Policy and value networks, replay buffers, and environment interactions remain strictly local
to each client throughout training. This design preserves data privacy while decoupling federated
synchronization from unstable policy optimization.

Table 1 summarizes the key architectural differences between the proposed framework and
existing federated reinforcement learning approaches.
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Table 1. Comparison between existing federated reinforcement learning frameworks and the proposed F-DRL

framework.
Aspect Existing FRL F-DRL (Ours)
Federated object Policy / value networks Representation encoder
Shared signal Control parameters Latent dynamics embeddings
Aggregation strategy Uniform / proximal averaging tSilorEllarlty—welghted assresa
Sensitivity to task heterogeneity High Reduced
Training stability focus Implicit Explicit
Local control optimisation Federated Fully local
Privacy exposure Policy gradients Latent summaries only
Extensibility Limited Modular

This comparison highlights how shifting federation from policy parameters to latent representa-
tions fundamentally changes the stability and applicability of federated reinforcement learning under
task heterogeneity.

3.3. Overview of the Proposed Framework

Our framework is composed of two tightly coordinated yet decoupled stages: (i) federated dynamics-
aware representation learning (see Figure 1) and (ii) local downstream policy learning (see Figure 3)

In the federated training stage, each client privately learns a structured state encoder z(s) and an
action-conditioned latent dynamics module z(s, a) from offline trajectories using robotics priors and
auxiliary dynamics objectives. Instead of sharing raw data or policy parameters, each client periodically
transmits only a compact latent dynamics summary e; together with its local encoder parameters to a
central federated server. The server computes inter-client similarity through a dedicated similarity
estimator, which normalizes client summaries, constructs a reference mean embedding, and derives
similarity scores via cosine alignment. These scores are transformed into aggregation weights and used
by a similarity-weighted Fed Avg aggregator to produce a global encoder that selectively integrates
knowledge from dynamically related tasks. The aggregated encoder is then broadcast back to all
clients for the next local training round.

In the downstream control stage, the learned encoders are frozen and used as auxiliary inputs
for model-free reinforcement learning. Each client independently trains its own actor—critic policy
using local environment interactions, replay buffers, and rewards, without any further federated
synchronization. This strict decoupling ensures that unstable policy optimization remains fully
local, while federation is applied exclusively to representation learning, where it improves stability,
transferability, and robustness under task heterogeneity.

3.4. Federated Representation Learning
3.4.1. Local Client Architecture
Figure 2 illustrates the local client architecture. Each client trains its representation model using

offline trajectories consisting of a mixture of random and expert demonstrations, ensuring sufficient
coverage of the state-action space while preserving task-relevant structure.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.2257.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 January 2026 d0i:10.20944/preprints202601.2257.v1

8 of 20

/ State representation \
/ Data Flow . . .
/ Learning Objectives |
Loss/Gradient - - - - - - -.
Signal / \

/

/ \

/ . . \

e | Robotics Priors |
/

state PERRERRERE \—J
State Encoder R
Variance

\ J . .
Regularization

Offline Trajectories sg(z(s))
Dynamics Learning
Objectives

e

Latent Dynamics | . 1 Latent Dynamics
1 Consistency Loss
actions Module [

N /

Action
Contrastive Loss |

\_ 4

Figure 2. Local Client Architecture

We learn deterministic state and state—action embeddings using parametric neural encoders. To
impose physics-inspired structure on the latent space, we incorporate Robotics Priors [22], which
encode inductive biases such as temporal coherence, proportionality, repeatability, and causality. These
priors constitute the primary geometric training objectives for the state encoder during representation
learning.

The state encoder outputs a latent state representation z(s) and is trained using the following
objectives.

Temporal Coherence Prior:

2
Liemp = E[ (1821}, exp(—allar;))?]- M
Proportionality Prior:
2 2
Lprop = B[ (1821, 1, = 11821, 1) exp( —Bllar, — as,[13) ] @
Repeatability Prior:
Leep = B[ |21, — Az, 3 exp( 21, — 20, 3) exp( —Bllar, — an,[2)]- ©
Causality Prior:
2 2
Leaus = E[exp(—Hth —Zh ||2) exp(_ﬁ””h - ’ltsz)}' (4)

To prevent representational collapse and encourage sufficient dispersion across latent dimensions,
we additionally incorporate a variance regularization term inspired by VICReg [59]. The overall
training objective for the state encoder is defined as:

Lstate = wtempﬁtemp + Weaus Leaus + wpropﬁprop + Wrep ﬁrep + WyarLvar- 5)

The state-action encoder takes the state embedding z(s) together with the executed action a and
produces a joint embedding z(s,a). A stop-gradient operation is applied to z(s) to prevent dynamics
learning objectives from distorting the geometric structure induced by the robotics priors.
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The dynamics module is trained using a latent dynamics consistency loss that aligns the encoded
next state representation z(s’) with the predicted next latent state 2(s,a) produced by the action-
conditioned dynamics module for the current state and action:

‘Cdyn = E(s,a,s/) [HZ(S,) - 2(5'11) Hz] : (6)

To enforce explicit action conditioning in the dynamics head, a mismatched (“wrong”) action is
constructed by randomly permuting actions within a minibatch. Let 4 denote the permuted action
corresponding to a within the minibatch, and let cos(-, -) denote cosine similarity. The wrong-action
loss is defined as:

Lus = Epons) [_ log<a<cos(2(s,a), 2(s')) — cos(£(s, @), z(s’))) . e)

. , @)

where ¢(+) is the sigmoid function, T > 0 is a temperature parameter, and € is a small constant for
numerical stability.
The full objective for the state—action encoder is:

Lsa = wdyn‘cdyn + wwalwa. (8)

3.4.2. Similarity-Weighted Federated Aggregation

The federated server module in Figure 1 illustrates the federated aggregation procedure. At each
federated round, each client computes a compact summary vector from a held-out validation set,
instantiated as a second-order Gram fingerprint of its state—action embeddings. These summaries
capture latent geometric structure while remaining robust to sign ambiguities and representation noise.

Let e; € R™ denote the summary vector reported by client i, and let N denote the number of
participating clients. Each summary is normalized:

5 €
el ®

A reference vector is constructed as the normalized mean of the client summaries:

1yvN 5
= e Z;V—l : (10)
H N Liz16i
2
Each client receives a similarity score:
siml- = <€~i, 17>. (11)

Aggregation weights are obtained via a temperature-scaled softmax and interpolated with a
uniform prior:
im; /T 1
Nexp(51mf/ ) 4 (1—a)L.
Li—y exp(simy /T) N

The uniform interpolation mitigates overly sharp weighting and improves robustness during

0 — (12)

early training stages when latent representations are still evolving.
The global encoder parameters 6 are computed via similarity-weighted federated averaging:

N
0= Z w; 91'. (13)
i=1

Algorithm 1 describes the federated training procedure for learning dynamics-aware representa-
tions. At each federated round, every client samples offline trajectories and updates its state encoder
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z(s) using robotics priors and variance regularization (Section 5). The action-conditioned dynamics
module z(s, a) is then updated using the latent dynamics consistency and action-contrastive losses
(Section 8). Each client computes a latent dynamics summary by evaluating the z(s, 2) embeddings on
a held-out validation set and transmits this summary together with its local encoder parameters to
the server. The server estimates inter-client similarity from these summaries and uses the resulting
weights to perform similarity-weighted aggregation of the encoder parameters. The aggregated global
encoder is then broadcast back to all clients and used to initialize the next round of local training.

Algorithm 1 Federated Dynamics-Aware Representation Learning

Require: Clients {C;}Y ,, initial encoder parameters 6°
1: for federatedroundr =1,...,R do
2: for all clients 7 in parallel do
Sample offline trajectories D;
Update state encoder z(s; 6;) using Robotics Priors and variance regularization
Update action-conditioned module z(s, a) using latent dynamics consistency and action-
contrastive losses

6: Compute latent dynamics summary e;

7: Send (6, ¢;) to the server

8: end for

9: Compute similarity weights {w;} from {¢;}
10: Aggregate global encoder " + YN | w;6;
11: Broadcast 6" to all clients
12: end for

Upon receiving the aggregated global encoder, each client initializes the next local training round
by updating its encoder parameters with the broadcast model, using a convex interpolation to retain
task-specific structure defined as follows

0" a4 (1—a)0”, (14)
(")

where 8() denotes the aggregated global encoder parameters at federated round r, 0, denotes
(r+1)
i

encoder used to initialize the next round of local training. The scalar a € [0, 1] controls the interpolation

the local encoder parameters of client i prior to synchronization, and 6 denotes the updated local
between global and local parameters, with « = 1 corresponding to a full overwrite by the global model
and & = 0 corresponding to retaining the previous local parameters.

3.5. Local Policy Learning

Figure 3 illustrates the downstream reinforcement learning stage. This component is decoupled
from representation learning, with encoder parameters kept fixed. Each client trains an actor—critic
agent using locally collected trajectories.

In our experiments, we employ TD3 as the downstream reinforcement learning algorithm. The
policy and value networks receive raw states together with frozen state and state-action embeddings
as auxiliary inputs. All remaining components of policy optimization, including target networks,
replay buffers, and exploration strategies, follow standard TD3 practice.

The pseudocode for local policy learning with frozen representations is defined in Algorithm 2.
Each client independently optimizes an actor—critic policy using locally collected environment interac-
tions, while keeping the representation encoders fixed. This stage is fully decoupled from federated
training: no parameters are exchanged between clients, and all replay buffers and updates remain local.
By isolating policy optimization from federation, the framework avoids synchronizing unstable policy
gradients across heterogeneous tasks while still exploiting the shared, dynamics-aware representations
learned in the federated stage.
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Figure 3. Local Policy Learning

Algorithm 2 TD3 Policy Learning with Frozen Dynamics-Aware Representations
Require: Frozen encoders (z(-),z(-,-)) with parameters 6, actor 7ty, critics Qy,, Qy,

1: for all clients i do

2: Initialize actor and twin critics; initialize target networks Ty, Q‘Pi’ Q%

3 Initialize replay buffer B;

4 for each training step do

5 Observe state s;

6: Compute state embedding z; = z(s¢)

7 Select action with exploration noise:

8 ay = my(st,zt) +€,€ ~N(0,0)

9: Execute a;, observe reward r; and next state s;.1
10: Store transition (s¢, a¢, 1t, S¢11) in B;
11: if update step then
12: Sample minibatch (s,a,r,s’) from B;
13: Compute embeddings z = z(s) and z* = z(s,a)
14: Compute target action with smoothing:
15: a=ry(s' z(s")) +clip(¢’, —¢,c)
16: Compute target value:
17: y =r+ymin(Qy (s',a,z(s',a),z(s")), Qyy, (s',d,z(s',d),z(s")))
18: Update both critics Qyp, and Qy, by minimizing the TD error between lej (s,a,z%z) and

target y, for j € {1,2}

19: if delayed policy update then
20: Actor update using agy = 7¢(s, z) and zg = z(s, a¢)
21: Update target networks with Polyak averaging
22: end if
23: end if
24: end for
25: end for
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3.6. Scope and Extensions

The proposed framework is designed for federated reinforcement learning settings in which
all clients share identical observation and action spaces and operate on robots with comparable
morphology, while exhibiting partially overlapping transition dynamics. This setting reflects many
practical multi-task robotic scenarios, such as a single manipulator performing diverse manipulation
behaviours in a shared workspace, where task heterogeneity arises primarily from differences in
contact dynamics, constraints, and reward functions rather than embodiment.

Within this scope, the framework assumes access to offline trajectories for representation learning
at each client. These trajectories remain private and are never shared across clients, preserving
data privacy while enabling federated alignment of latent dynamics representations. The approach
is therefore most effective when sufficient offline data is available to learn stable dynamics-aware
embeddings before downstream policy optimization.

Several natural extensions of the proposed framework are possible. First, extending F-DRL to
heterogeneous embodiments (e.g., different robot arms, grippers, or kinematic structures) would
require task-specific front-end encoders followed by a shared latent projection space, enabling align-
ment at the representation level while preserving embodiment-specific features. Second, the current
formulation assumes proprioceptive state inputs; incorporating visual observations would require com-
bining the proposed dynamics-aware objectives with perceptual encoders and cross-modal alignment
mechanisms.

Third, the similarity-based aggregation mechanism could be made adaptive over training time.
In early federated rounds, when representations are still evolving and similarity estimates are noisy,
aggregation naturally approaches uniform averaging. As representations stabilize, increasing the
influence of similarity-weighted aggregation may further improve selectivity and reduce negative
transfer. Finally, extending the framework to continual and lifelong federated learning settings, where
new tasks arrive over time, would allow investigation of how latent dynamics geometry can support
incremental knowledge accumulation without catastrophic interference.

These extensions are conceptually orthogonal to the core framework and can be incorporated with-
out modifying the decoupled representation—control architecture, making F-DRL a flexible foundation
for scalable and robust federated robotic learning.

4. Experimental Evaluation and Discussion
4.1. Experimental Setup

We evaluate the proposed framework on a suite of robotic manipulation tasks from the MetaWorld
benchmark [56]. The tasks considered include button-press-topdown, door-open, drawer-open, drawer-
close, reach, window-open, and window-close. These tasks span a range of contact-rich and articulated
manipulation behaviours, introducing heterogeneity in transition dynamics while sharing identical
state and action spaces.

We consider a federated learning setting with N = 7 clients, where each client corresponds to
a distinct task instance. Each episode is capped at 500 environment steps. Clients perform 20 local
representation learning epochs per federated round, and representation models are aggregated over
100 federated rounds. Offline datasets for representation learning consist of a mixture of random and
expert trajectories and remain local to each client throughout training.

For downstream control, each task is trained for 200,000 environment interaction steps using three
independent random seeds. Performance is evaluated using task success rate, which directly reflects
successful task completion.

Representation networks.

The state encoder Eg is implemented as a multilayer perceptron with two hidden layers of 64
units and ReLU activations, mapping the raw state to a latent embedding of dimensionality D = 16.
The action-conditioned module F; is also a multilayer perceptron with two hidden layers of 64 units.
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It takes as input the concatenation of the state embedding and the executed action, i.e., [z(s), 4], and
outputs a predicted next-latent embedding £(s,a) € R'. Both modules are trained using the Adam
optimizer with a learning rate of 10~%. During local representation learning, a batch size of 128 is used.
Client summary representations for federated aggregation are computed by averaging Gram-based
fingerprints over 50 validation batches of size 64.

Downstream reinforcement learning networks.

For policy learning, we employ a TD3 style actor—critic architecture augmented with frozen
representation inputs. The actor network is implemented as a multilayer perceptron with two hidden
layers of 256 units. It takes as input the raw state together with the frozen state embedding z(s) and
outputs a continuous action via a tanh activation. The critic consists of twin Q-networks following
the TD3 formulation. Each critic receives the raw state—action pair together with frozen state and
state—action embeddings, i.e., (s,a,z(s),z(s,a)), and outputs a scalar Q-value.

We use standard TD3 hyperparameters: discount factor v = 0.99, target smoothing coefficient
T = 0.005, policy delay of 2, batch size 256, and Gaussian exploration noise with standard deviation
0.2. Encoder parameters remain fixed during downstream reinforcement learning.

4.2. Baselines and Evaluation Protocol

We compare the proposed method against the following baselines. All baselines use the same
offline datasets, downstream reinforcement learning algorithm, network architectures, optimization
hyperparameters, and random seeds; only the representation learning and aggregation mechanisms
differ.

1.  Centralized: Offline trajectories from all tasks are pooled to train a single state encoder and
state—action encoder without privacy constraints. Training proceeds for 20 epochs per round over
100 rounds and serves as an upper bound on representation sharing.

2. FedAvg: Client state encoder parameters are aggregated using equal weights for each client at
each federated round following the standard Fed Avg procedure. All other training components
are identical to the proposed method.

3.  Local End-to-End Training: Representation learning and policy optimization are trained jointly
for each task in an end-to-end manner, without federated aggregation.

4. Raw States Only: Policies are trained directly on raw state observations without any learned
representation or auxiliary embedding signals.

4.3. Downstream Reinforcement Learning Performance

Figure 4 reports downstream reinforcement learning performance across the seven MetaWorld
manipulation tasks. Although representation learning methods are often evaluated using latent-space
proxy metrics, such measures do not necessarily correlate with control performance. We therefore
assess learned representations solely through their impact on downstream reinforcement learning.

Across all tasks, the proposed method achieves performance that is competitive with centralized
training and standard Fed Avg, while consistently outperforming local end-to-end training and raw-
state baselines. In tasks with relatively simple dynamics and limited heterogeneity, such as reach,
performance differences between federated methods are minimal, indicating that uniform aggregation
is sufficient when client representations are naturally aligned. In contrast, tasks involving articulated
objects and constrained motion, including drawer-open, drawer-close, and window-close, exhibit clearer
benefits from representation-aligned aggregation.
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Figure 4. Downstream reinforcement learning performance across seven MetaWorld manipulation tasks. Panels
show task success rate as a function of environment steps for (a) Button-Press-Topdown, (b) Door-Open, (c)
Drawer-Open, (d) Drawer-Close, (e) Reach, (f) Window-Open, and (g) Window-Close. Curves are averaged over
three random seeds and shaded regions denote 95% confidence intervals.

4.4. Stability and Effect of Task Heterogeneity

A consistent trend across tasks is that the proposed method exhibits more stable learning dynamics
than FedAvg and, in most cases, than local end-to-end training.

While final success rates are often similar, the proposed approach produces smoother learning
curves with reduced variance across random seeds. This effect is particularly pronounced in longer-
horizon manipulation tasks, where heterogeneous dynamics can induce conflicting gradient updates
under naive aggregation. Table 2 quantitatively summarizes stability metrics for representative
heterogeneous tasks.Stability metrics are computed over the first 70% of evaluation checkpoints,
corresponding to the primary learning phase prior to performance saturation.

Stability metrics are reported only for tasks exhibiting non-trivial inter-task heterogeneity; for
tasks that saturate early across all methods, variance-based measures are not informative and are
therefore omitted.
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Table 2. Stability metrics for heterogeneous MetaWorld tasks.

Task Method Final Success (%) Mean Seed Std] AUCStd |
Centralized 100.00 7.57 211.83
Fed A 7' 20.11 2.94
Drawer-Open edAvg 99.79 0 562.9
Local 79.43 18.93 530.10
Ours 98.65 7.72 216.12
Centralized 100.00 10.11 283.04
Fed A 100. 19. .67
Window-Open edAvg 00.00 9.06 533.6
Local 100.00 3.97 111.10
Ours 100.00 6.49 181.79

Mean Seed Standard Deviation.

To quantify training stability across random initializations, we report the mean seed standard devia-
tion, defined as the average standard deviation of task success rates across random seeds, computed at
each evaluation checkpoint and averaged over a fixed training window. Lower values indicate more
consistent and reproducible learning dynamics.

AUC Standard Deviation.

We additionally report the standard deviation of the area under the learning curve (AUC) across
random seeds. This metric captures variability in learning speed and trajectory shape over time, rather
than only pointwise disagreement. Lower values indicate more temporally stable and consistent
learning behaviour.

Importantly, the proposed method does not uniformly outperform FedAvg across all tasks. In
settings with low inter-task heterogeneity, uniform aggregation performs competitively, suggesting that
selective weighting is not always necessary. However, as task dynamics diverge, similarity-weighted
aggregation becomes increasingly beneficial, mitigating negative transfer between incompatible tasks.
This adaptive behaviour is desirable in federated robotic settings, where task similarity cannot be
assumed a priori.

The observed performance trends are consistent with the behaviour of the representation-aligned
aggregation mechanism. Clients whose latent spaces exhibit similar geometric structure naturally
receive comparable aggregation weights, while clients with divergent dynamics are softly down-
weighted. By relying on second-order latent geometry rather than first-order statistics, the aggregation
process remains robust to representation noise and sign ambiguities.

4.5. Analysis of Similarity-Weighted Federated Aggregation

To interpret the behaviour of the proposed similarity-weighted aggregation strategy, we analyse
the evolution of the server-side client weights across federated rounds. During training, the server
logs the aggregation weights {wlm }N | at each round r (see Section 3 for the weight computation). For
analysis, we load the per-round weight vectors saved by the server (one file per round) and stack them
into a matrix W € RR*N  where W, = wlm denotes the contribution of client i at federated round r.

For interpretability, we normalise weights within each round such that "N ; W, ; = 1 and sort
clients by their mean weight across rounds, i.e., in descending order of % YR, W, ;. Figure 5 visualises
the resulting matrix as a heat map, where rows correspond to tasks (clients) and columns correspond
to federated rounds.

The heat map shows that aggregation is not uniform and exhibits structured, smooth evolution
over training. In particular, a subset of tasks consistently receives higher weights, indicating that
the similarity estimator assigns greater influence to clients whose latent dynamics summaries are
more aligned with the global reference. This provides direct evidence that F-DRL performs selective
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representation sharing rather than uniform averaging, supporting the claim that similarity-weighted
aggregation mitigates negative transfer under task heterogeneity.

Evolution of task-wise aggregation weights

0.160
drawer-open
reach 0.155
button-press-topdown 0.150
door-open 0.145
window-open 0.140
window-close 0.135
drawer-close
0.130
0 20 40 60 80

Federated round

Task (sorted by mean weight)
Weight

Figure 5. Evolution of task-wise aggregation weights across federated rounds.

4.6. Discussion

Overall, the experimental results indicate that representation-aligned aggregation enables stable
and effective knowledge sharing in federated reinforcement learning, particularly under task hetero-
geneity. Importantly, the primary benefit of the proposed approach does not lie in uniformly improving
peak task performance, but rather in shaping the learning dynamics themselves. Across heterogeneous
manipulation tasks, similarity-weighted aggregation consistently reduces variance across random
seeds and produces smoother, more predictable learning curves, indicating improved optimization
stability and reproducibility.

This behaviour highlights a key distinction between representation-level and policy-level feder-
ation. While uniform aggregation (FedAvg) can be effective when client tasks are naturally aligned,
it becomes fragile when transition dynamics diverge, as conflicting gradients are averaged indis-
criminately. By contrast, the proposed method selectively aligns clients based on latent dynamics
similarity, allowing shared structure to be exploited while softly down-weighting incompatible tasks.
The resulting effect is not aggressive transfer, but controlled sharing, which mitigates negative transfer
without suppressing task-specific specialization.

The task-wise analysis further reveals that the method is neutral when heterogeneity is low
and beneficial when heterogeneity is high. In simple tasks such as reach, where representations are
naturally similar, all aggregation strategies perform comparably. However, in articulated and contact-
rich tasks such as drawer-open, drawer-close, and window-close, where dynamics differ more substantially,
representation-aligned aggregation leads to markedly more stable learning. This adaptive behaviour
is desirable in realistic robotic deployments, where task similarity is rarely known a priori and may
evolve over time.

The aggregation weight analysis provides direct evidence that the server does not converge to
uniform averaging, but instead learns a structured weighting scheme that remains stable across rounds.
The persistence of higher weights for a subset of tasks suggests that the learned latent geometry
captures meaningful dynamical overlap, supporting the central hypothesis that dynamics-aware
representations form a suitable substrate for federated knowledge sharing. Crucially, this selectivity
emerges without explicit task labels, reward information, or policy synchronization, reinforcing the
value of representation-centric federation.
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From a broader perspective, these results suggest that stability, rather than peak performance,
should be treated as a first-class objective in federated reinforcement learning. In safety-critical and
long-horizon robotic settings, predictable and reproducible learning dynamics are often more valuable
than marginal gains in final success rate. The proposed framework offers a practical mechanism
to achieve this by decoupling representation alignment from control optimization and grounding
aggregation decisions in latent dynamics geometry rather than parameter similarity.

5. Conclusion and Future Work

In this work, we introduced a dynamics-aware federated representation learning framework for
robotic control that combines robotics priors, action-conditioned embeddings, and similarity-based
aggregation. By aligning representations based on latent geometric structure rather than uniform pa-
rameter averaging, our approach enables stable and selective knowledge sharing across heterogeneous
tasks while preserving a model-free downstream reinforcement learning setup. Empirical results on a
suite of MetaWorld manipulation tasks demonstrate that the proposed method achieves competitive
performance with improved training stability under task heterogeneity.

Despite these improvements, our approach has limitations. The computation of client summary
representations introduces additional communication overhead, and similarity estimates can be noisy
during early training when representations are still evolving. In such cases, aggregation weights tend
to be close to uniform, effectively recovering Fed Avg behaviour.

Future work may explore adaptive aggregation schedules that gradually increase the influence
of similarity-based weighting as representations stabilize, as well as uncertainty-aware weighting
strategies that explicitly account for confidence in client summaries. Extending the framework to more
diverse robotic platforms and real-world deployments, and investigating tighter connections between
representation geometry and theoretical generalization guarantees, are also promising directions.
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