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ABSTRACT
Federated reinforcement learning in device-cloud architectures suf-
fers from high interaction costs, low sample e�ciency, and slow
convergence due to device constraints. We propose a data-centric
device-cloud collaborative training method that pre-trains a global
model on the cloud to provide a high-quality initial policy and se-
lects high-value samples to guide safe and e�cient local policy �ne-
tuning on devices. Experiments on public benchmarks show our
method achieves signi�cantly faster convergence, higher training
e�ciency, and improved policy stability, outperforming baselines.
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1 INTRODUCTION
The proliferation of intelligent devices underscores the importance
of device-cloud collaboration, which integrates cloud computing
with edge sensing to support edge intelligence. Federated reinforce-
ment learning (FRL) is particularly promising in this paradigm due
to its distributed and privacy-preserving nature. However, FRL of-
ten su�ers from low sample e�ciency and slow convergence caused
by cold starts in practice.

The o�ine-to-online reinforcement learning (O2ORL) paradigm
o�ers a potential solution by pre-training a policy on o�ine datasets
before �ne-tuning it online. In device-cloud collaboration, this cor-
responds to cloud-based pre-training of a global model. However, a
naïve combination often leads to policy collapse due to distribution
shift between o�ine data and the online environment, negating
the bene�ts of pre-training.
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To address this, we propose an O2ORL framework for device-
cloud collaboration. The cloud �rst trains an initial model using
o�ine RL. Then, a designed data selection strategy transmits high-
value o�ine experiences along with the model to clients, e�ectively
guiding and accelerating their online training while mitigating the
risk of policy collapse. Our contributions are:

(1) An O2ORL framework for e�cient, privacy-preserving agent
evolution in device-cloud systems.

(2) A novel o�ine experience selection strategy to guide client-
side online learning and prevent policy collapse.

(3) Experimental validation on public datasets, showing im-
proved convergence speed and performance over baselines.

2 RELATED WORK
FRL. Recent research focuses on improving e�ciency, privacy,
and handling heterogeneity. Methods include reward-based client
selection [1, 2, 11], convergence-guaranteed algorithms for hetero-
geneous policies [14], and techniques to enhance sample e�ciency
[5, 6, 8]. Privacy concerns are addressed via di�erential privacy [16]
or secure frameworks [7, 12]. However, leveraging cloud-stored
historical data for o�ine pre-training to accelerate federated online
training remains underexplored.

O2ORL. This paradigm aims to bridge the o�ine-online distribu-
tion shift. Key approaches include adaptive update strategies [17],
conservative value learning [3, 9], stabilized �ne-tuning [15], and
improved exploration [4]. Theoretical analysis [10] and techniques
for smooth transition [13] have also been investigated. Yet, these
methods are not designed for federated constraints concerning
heterogeneity and communication e�ciency.

3 METHODOLOGY
This section presents the E�cient Device-Cloud Collaborative O�ine-
to-Online RL (DCC-O2ORL) framework. Its core idea is to leverage
cloud-based o�ine pre-training to obtain a high-quality initial pol-
icy, combined with a novel o�ine data selection and transmission
mechanism that mitigates policy collapse during subsequent online
�ne-tuning. The overall process is illustrated in Fig. 1.

The DCC-O2ORL procedure consists of two main phases:
(1) Cloud-based O�line Pre-training & Data Selection: The

server trains an initial global policy using an o�ine RL algo-
rithm on its historical dataset. It then computes the advan-
tage values for o�ine samples and selects a subset Do� with
high advantage values to guide client-side online training.
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