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Abstract

Wireless networks are naturally modeled as multi-agent reinforcement learning
(MARL) problems: distributed entities act on partial observations under interfer-
ence and non-stationary traffic while pursuing common network objectives. Online
exploration is risky and sample-inefficient in live systems, yet large operational
logs are available, motivating an offline MARL approach. We introduce FedMORL,
a federated model-based offline framework that shares an environment model rather
than policy parameters. Each client learns dynamics and reward predictors from
its logs and periodically aggregates them into a shared world model, which is then
used locally to improve policies without environment interaction through (i) a
planner-based policy learning scheme that improves training stability, and (ii) a
rollout-based data augmentation mechanism that enhances local data coverage. The
design preserves decentralized execution and limits privacy exposure by avoiding
raw-data and policy sharing. Applied to the canonical Distributed Channel Access
(DCA) task, FedMORL significantly reduces collisions and mean delay compared
with rule-based baselines. We also empirically demonstrate that model federation is
most beneficial, particularly under conditions of high data heterogeneity and limited
local coverage. This supports model federation as a practical, privacy-preserving,
offline-first path for multi-agent wireless control.

1 Introduction

Core tasks in next-generation wireless networks, such as Distributed Channel Access (DCA), user
association, resource allocation, and spectrum/power/slicing allocation, can be naturally formulated as
Multi-Agent Reinforcement Learning (MARL) problems. [35, 11, 38], where multiple agents act on
distributed, partial observations to optimize a common objective. For instance, user equipments (UEs),
access points (APs), and cells act based on limited information while seeking to enhance network-
level performance metrics (e.g., throughput, latency, fairness). Such environments are inherently
non-stationary due to time-varying traffic and interference, which further motivates the suitability of
MARL formulations [37]. Despite this promise, most existing MARL studies focus on online learning,
where policies are trained through direct interaction with the environment. While exploration is
essential in online learning to discover effective policies, it inevitably degrades network performance
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during training. It may even lead to critical risks, such as non-compliance with Ultra-Reliable
Low-Latency Communication(URLLC) requirements, which limits its feasibility for deployment in
real-world wireless systems [24].

To address these limitations, offline RL [13, 36, 16, 7, 17] has emerged as a promising alternative, in
which policies are learned entirely from pre-collected large-scale datasets. This approach minimizes
risks to real systems and alleviates sample inefficiency. Although the performance of offline RL
critically depends on the quantity and quality of available data, wireless networks provide a distinct
advantage: vast amounts of high-quality operational logs can be readily collected from deployed
systems across diverse UEs and APs [38, 1]. Notably, since incumbent wireless systems are typically
governed by well-engineered rule-based policies that already deliver attractive performance, the
collected datasets inherently exhibit high quality, thereby offering a reliable foundation for offline
training. Consequently, policies trained and validated offline can be deployed with minimal online
exploration, attaining performance comparable to incumbent services while reducing deployment risk.
In addition, recent offline-to-online (O2O) fine-tuning techniques [41, 42] enable safe, incremental
adaptation during rollout and hold the potential to even surpass incumbent performance.

However, applying offline RL to multi-agent systems presents several challenges, as each agent
typically has access to only a limited amount of offline data that records its own partial observations
[29, 31, 39]. First, offline RL constrains policies to remain within the dataset’s support through
pessimistic predictions in unexplored regions. When the dataset coverage is narrow, this often results
in overly conservative policies, severely reducing agents’ ability to explore and potentially leading to
training failure. Second, because each agent’s dataset is generated under its own policy and contains
only local observations, the resulting occupancy (or behavior) distributions can differ markedly. This
discrepancy distorts the learning of transition dynamics and induces large errors in value estimation
across agents [4, 14].

These issues suggest the adoption of a Centralized Training with Decentralized Execution (CTDE)
approach, wherein data is aggregated at a central server for policy learning before distribution to
individual agents [6, 8, 14, 39]. However, CTDE entails serious constraints, including communication
overhead from transferring data and difficulty securing sufficient server storage capacity. In distributed
wireless environments, data collected on each device may include sensitive personal information, and
transferring it to a central server increases the risk of leakage and privacy violations [12].

These challenges with CTDE naturally suggest Federated Learning (FL). FL is a distributed learning
paradigm where clients collaboratively train a global model by sharing model updates rather than raw
data. In wireless networks, FL is often applied to address practical challenges like non-IID data or
communication efficiency [27, 43, 34, 18]. However, the standard policy FL approach [15, 19, 33],
which federates the policy networks, faces fundamental issues. First, it poses severe privacy risks, as
policy gradients can be used to reconstruct agent behaviors [21]. Second, it struggles with partial
observability. Averaging policy networks that are conditioned on different, local observations is
technically ill-defined and often fails.

This motivates our central thesis: federating the environment models (e.g., dynamics, reward models)
instead. A shared environment model is (1) inherently more private as it does not encode decision
logic (i.e., policy network), and (2) it logically resolves the observability mismatch, as all agents are
modeling the same shared world transition dynamics.

1.1 Contributions

We propose a general training pipeline, Federated Model-Based Offline MARL (FedMORL) that
realizes this model-federation thesis. The FedMORL framework is flexible and can be applied across
diverse wireless network tasks by simply replacing the environment model structure and algorithmic
specifics, without modifying the overall pipeline. As such, it provides a concrete mechanism for
agents to resolve the partial observability mismatch and enhance privacy by avoiding the sharing of
policy networks, which mitigates the severe risks of behavior reconstruction.

As the core of this pipeline, we introduce two distinct methods for agents to leverage the aggregated
global model for local policy learning. The first is planner-based policy learning (Algorithm 2),
which uses the federated reward model to provide a stable and dense target for stabilizing local
Q-learning. The second is Rollout-based Data Augmentation (Algorithm 3), which uses the federated
dynamics model as a simulator to generate new data and enrich sparse local datasets. Finally, we
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demonstrate the effectiveness of FedMORL on the challenging Distributed Channel Access (DCA)
task. Our empirical results show that this approach yields significant reductions in key network
metrics, including collisions and mean delay, compared to standard rule-based baselines.

2 Preliminaries

We consider a MARL setting formulated as a decentralized partially observable Markov decision
process (Dec-POMDP) [25]. A Dec-POMDP is defined by the tuple

G = ⟨N,S, {Ai}Ni=1, P, {Oi}Ni=1, R, γ⟩,
where N is the set of agents, S the global state space, Ai the action space of agent i, Oi the local
observation space of agent i, P (s′|s, a) the transition dynamics, R(s, a) the reward function, and
γ ∈ (0, 1) the discount factor.

At each time step t, the environment is in state st ∈ S. Each agent i ∈ N selects an action ati ∈ Ai
based on its local observation oti ∈ Oi. The joint action at = (at1, . . . , a

t
N ) induces the next-state

distribution according to P (st+1|st,at), and all agents receive a reward R(st,at). The MARL
objective is to maximize the expected discounted return J(π) = Eπ,P [

∑∞
t=0 γ

tR(st,at)], where
π = {πi(ai|oi)}Ni=1 denotes the set of decentralized policies.

In wireless networks, the Dec-POMDP abstraction naturally captures the decentralized nature of
UEs and BSs under partial observability and stochastic interference [26, 38, 8]. Traditional MARL
often adopts CTDE, where agents exploit global state information during training but act on local
observations at execution.

However, to better reflect practical wireless constraints, we instead adopt decentralized training and
execution (DTE) [2], where each agent optimizes its local policy πi(a

i|oi) using only local observa-
tions and rewards, i.e., Ji(πi) = Eπi,P [

∑∞
t=0 γ

tri(o
i
t, a

i
t)]. DTDE is also naturally compatible with

federated learning, since only model updates—not raw data—need to be exchanged. Recent studies
have shown that Dec-POMDP [38, 8] and DTDE [26] formulations achieve strong performance in
tasks such as user association and channel access, motivating our federated, model-based offline
MARL framework.

3 Federated Model-based Offline MARL

3.1 Algorithm

We proposed a federated model-based offline MARL pipeline (Algorithm 1). Each client k trains a
local environment model M (r)

k from its offline log dataset Dk and uploads only model parameters
(and optional lightweight statistics) to a server. The server applies an aggregation function (e.g.,
weighted averaging) to obtain an updated global model M (r)

global. This repeated until convergence.
After the federation ends, every client independently learns its policy πk offline, using M⋆

global as a
common model. Raw data and policy network parameters are never shared.

Algorithm 1 FEDERATED MODEL-BASED OFFLINE MARL (FEDMORL)
Require: Offline Dataset {Dk}Kk=1

1: Initialize Environment Model {Mk}Kk=1
2: for r = 1, 2, . . . until convergence do ▷ Model Training Step
3: for each client k ∈ [K] in parallel do
4: M

(r)
k ← MODELTRAINING(Dk)

5: send parameters of M (r)
k and (optional) statistics σ(r)

k to server.
6: end for
7: M

(r)
global ← AGGREGATE({M (r)

k }Kk=1, {σ
(r)
k }Kk=1)

8: end for
9: for each client k ∈ [K] in parallel do ▷ Policy Learning Step

10: πk ← POLICYLEARNING(Dk,M⋆
global)

11: end for
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3.2 Model Training Step

A standard environment model comprises a transition dynamics model pψ(s′ | s, a) and/or a reward
model rϕ(s, a). These components can be implemented as neural networks and trained from offline
datasets {Dk} to predict the environment’s transition and reward structure. In model-based reinforce-
ment learning, they are typically used (i) to generate additional data via short-horizon rollouts from
the offline buffer, or (ii) as core components of planning algorithms that provide value estimates the
learned policy alone cannot reliably capture [23].

However, in multi-agent systems, when each agent learns its environment model independently,
limited local observations make it difficult to accurately capture complex system-wide interactions
and global state evolution [6, 2]. Our core hypothesis is that an individual agent’s dataset Dk only
covers a specific fraction of the system-wide dynamics (e.g., in DCA, one agent’s logs might primarily
capture low-contention scenarios, while another’s captures high-contention scenarios). A model
Mk trained only on Dk will thus be biased. By federating models trained on this heterogeneous
data [22, 20], the resulting global model M⋆

global can form a more accurate and comprehensive
representation of the entire state-action space than any single local model. Aggregation of these local
models through federated learning provides a comprehensive understanding of the global environment
dynamics, addressing the challenges of partial observability and complex interactions inherent in
decentralized multi-agent systems [5]. Consequently, in MARL, a global transition dynmaics model
can capture complex, non-stationary interference patterns. Similarly, a global reward model can
learn to predict system-wide outcomes like collisions, a joint-reward signal, even if an agent’s local
observations ok are partial or its dataset Dk rarely contained collision events.

3.3 Policy Learning Step

Planner-based Policy Learning. We train each local policy πθk using a Q-weighted imitation
objective, guided by the federated global model M⋆

global(pϕ⋆ , rψ⋆), which serves as a planner or
critic. This approach combines model-based value estimation, as in PlaNet [10] and Dreamer [9],
with this imitation learning principle, which is similar to Critic Regularized Regression (CRR) [32].
Conceptually, it is similar in spirit to MuZero [28], where a learned world model enables consistent
policy improvement through planning.

For each transition (o, a, r, o′) ∼ Dk, the planner evaluates the quality of the real logged action a via:

Q̂plan(o, a) = rψ⋆(o, a) + γ Eo′∼pϕ⋆ (·|o,a)[max
a′

Q̂plan(o
′, a′)]. (1)

In practice, this value is approximated by executing a short-horizon planning algorithm (e.g., Monte
Carlo Tree Search) using the learned world model M⋆

global. The local policy is updated by minimizing
the Q-weighted loss:

Lplan = E(o,a)∼Dk

[
− log πθk(a|o) exp(Q̂plan(o, a)/β)

]
, (2)

where β controls the weighting sharpness. This encourages imitation of high-value actions identified
by the federated planner while suppressing inferior behaviors.

Algorithm 2 FEDMORL(PLAN): Planner-based Policy Learning.
Require: Global model M⋆

global(pϕ⋆ , rψ⋆), local dataset Dk, temperature β
1: Initialize local policy πθk
2: for each training iteration do
3: Sample mini-batch {(oi, ai, ri, o′i)} ∼ Dk
4: for each (o, a, r, o′) in batch do
5: Compute Q̂plan(o, a) via Eq. (1)
6: Compute Lplan via Eq. (2)
7: Update θk ← θk − η∇θkLplan

8: end for
9: end for

10: return Local policy πθk
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Rollout-based Data Augmentation. While the planner-based policy learning exploits the global
model for value estimation, the same model can also be used to expand the local experience distribu-
tion. Specifically, the federated global model M⋆

global = (pϕ⋆ , rψ⋆) acts as a simulator that performs
short-horizon rollouts to generate additional transitions. This rollout strategy has been widely used in
model-based reinforcement learning, from early work such as Dyna-Q [30] to more recent methods
like MOPO [40]. From a MARL perspective, M⋆

global can produce plausible transitions (e.g., collision
or cooperation scenarios) that are underrepresented in Dk, improving data coverage and diversity.

For each real transition (o, a, r, o′)∼Dk, we initiate a model rollout from its terminal state o′. Over H
simulated steps, actions are drawn from a local policy π

(i)
θk

, and next states and rewards are generated
by the global model:

ot+1∼pϕ⋆(·|ot, at), rt=rψ⋆(ot, at).

Finally, the merged dataset Dtot,(i)
k = Dk ∪Daug,(i)

k is used to train a model-free algorithm to update
the policy π

(i+1)
θk

, and this rollout–training process is repeated until convergence.

Algorithm 3 FEDMORL(ROLLOUT): Rollout-based Data Augmentation.
Require: Global model M⋆

global(pϕ⋆ , rψ⋆), local dataset Dk, rollout horizon H

1: Initialize Daug,(0)
k ←Dk

2: for iteration i = 1, 2, . . . until convergence do
3: for each transition (o, a, r, o′)∈Dk do
4: o0←o′ ▷ Start rollout from the real next state
5: for t = 0 to H − 1 do
6: at∼π

(i)
θk
(ot)

7: ot+1∼pϕ⋆(·|ot, at); rt←rψ⋆(ot, at)

8: Add (ot, at, rt, ot+1) to Daug,(i)
k

9: end for
10: end for
11: Dtot,(i)

k ←Daug,(i−1)
k ∪ Daug,(i)

k

12: Train policy π
(i)
θk

on Dtot
k

13: end for
14: return Final policy π⋆θk

4 Offline MARL for Distributed Channel Access

4.1 System Model

We evaluate our approach on the Distributed Channel Access (DCA) task, where N user equipments
(UEs) contend for uplink access to a shared wireless channel. The simulator follows an IEEE 802.11-
like slotted structure with a slot duration of 9 µs. Each UE maintains a finite FIFO buffer of size 10,
and packet arrivals follow a Poisson process. A fixed-size packet transmission occupies 120 slots,
including the payload and acknowledgement sequence.

Channel access is governed by the standard Distributed Coordination Function (DCF). Each UE
maintains a contention window (CW) and a backoff counter that freezes when the medium is busy and
decrements when idle. After a successful transmission, the CW resets to CWmin, while collisions
trigger the binary exponential backoff rule, doubling the CW up to CWmax. These dynamics produce
realistic idle/success/collision patterns consistent with IEEE 802.11.

4.2 Decentralized Observation, Action, and Reward

Each UE receives a local observation that reflects only its own state and the current channel condition.
Following our implementation, the observation for agent i at slot t is

oi(t) =
[
c(t), ai(t− 1), d̃i(t), b̃i(t)

]
,
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where c(t) is the discrete channel state, ai(t− 1) is the previous action, and d̃i(t) is the normalized
delay-to-last-transmission (D2LT). Finally, b̃i(t) = bi(t)/B is the normalized buffer ratio, where
bi(t) is the current queue length and B is the maximum buffer capacity, indicating local queue
urgency. Each agent selects a binary action ai(t) ∈ {0, 1}, corresponding to attempting or deferring
transmission. The simulator masks physically infeasible actions (e.g., transmitting during BUSY
periods), but agents conceptually output an action at every slot.

We adopt a shaped per-UE reward that decomposes into a global throughput component and a local
delay penalty:

ri(t) = rglob(t) + α rlocali (t), (3)

where α > 0 controls the strength of delay regularization. The global term rglob(t) provides a shared
reward based on the slot’s outcome: +1 for a successful transmission, −1 for a collision, and 0
otherwise (idle or ACK slots). This component encourages the network to allocate the channel to
successful transmissions while penalizing collisions. The delay component for agent i is given by
rlocali (t) = −d̃i(t)b̃i(t). This local penalty discourages policies that keep packets waiting in the buffer
for a long time, thereby improving delay and fairness across UEs. This approach of balancing network
efficiency with per-agent fairness via a local reward component is also utilized in MARL-based
wireless access [8]. The formal Dec-POMDP specification is provided in Appendix A.2.

5 Experiments

5.1 Experimental Setup

We evaluate the performance of FedMORL on the DCA task described in Section 4.1. Our objective
is to assess whether the policy learned from offline, sub-optimal data can discover a superior strategy
compared to standard stochastic baselines.

Offline Dataset Generation. Offline datasets are generated using the CSMA/CA implementation.
Each UE performs carrier sensing, freezes/decrements its backoff counter based on channel state, and
attempts transmission when the counter reaches zero. The CW is reset upon success and doubled
after collisions, following IEEE 802.11 DCF with CWmin = 7 and CWmax = 1023. This rule-based
behavior, which is highly aggressive, produces diverse offline trajectories covering idle, collision,
and heavy-load regimes.

Baselines. We compare FedMORL against four key baselines: (i) EDCA(AC_VO, AC_VI,
AC_BE): Three standardized stochastic random-access categories from IEEE 802.11. (ii)
CSMA/ECA: A deterministic collision-avoidance protocol designed to converge to collision-free
access. Details of these algorithms are in Appendix A.1.

For our method, we evaluate two variants: FedMORL(plan), which utilizes the planner-based
policy learning (Algorithm 2), and FedMORL(roll), which uses rollout-based data augmentation
(Algorithm 3). Both are trained using the global model M∗

global.

Scenario and Metrics. We conduct the evaluation under a saturated Poisson traffic condition,
where all UEs always have packets to send. This setup creates a high-contention scenario to stress-test
the coordination capabilities of each algorithm. We vary the number of UEs (N ) from 2 to 14 and
measure three key network metrics: (i) Throughput Ratio, (ii) Mean Packet Delay, and (iii) Collision
Rate.

5.2 Performance Evaluation

Figure 1 presents the performance comparison. The results demonstrate that FedMORL, despite being
trained on aggressive and sub-optimal data, successfully learns a more conservative and effective
policy, matching the best-performing stochastic baseline (AC_BE) and significantly outperforming
its data-source policy.

FedMORL vs. Stochastic Baselines (EDCA). As shown in Figure 1(a) and (c), the stochastic
baselines reveal a clear trade-off in high-contention. Aggressive policies (AC_VO, AC_VI) with
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Figure 1: Performance comparison under saturated traffic. (a) Throughput Ratio, (b) Mean Delay
(log scale), and (c) Collision Rate vs. Number of UEs. FedMORL(plan, roll) learns to match the
best-performing stochastic baseline (AC_BE) and outperforms the more aggressive AC_VI and
AC_VO.

small CWmin (7, 15) suffer from severe performance degradation as N increases, due to a sharp rise
in collisions. Conversely, the most conservative policy, AC_BE (CWmin=31), avoids collisions more
effectively and thus achieves the highest throughput and lowest delay among the EDCA baselines.

This highlights our key finding: our FedMORL methods, which were trained only on data from the
aggressive CSMA/CA policy (CWmin = 7), converge to the performance of the superior AC_BE
baseline. This demonstrates that FedMORL did not simply imitate its sub-optimal, aggressive data
source. Instead, it learned from the federated model that an aggressive policy leads to high collisions
(negative rewards) and successfully discovered a more conservative, superior policy that matches the
best-performing conventional heuristic.

Data Composition Analysis. The results in Figure 1 validate FedMORL’s ability to extract a
superior policy from sub-optimal, stochastic data. Building on this observation, we are further
examining two key aspects of dataset composition: data heterogeneity and data quality.

First, we are evaluating the framework’s robustness under heterogeneous client datasets, where each
device may log trajectories generated under different traffic intensities or contention levels. This
setting represents a realistic and challenging federated environment in which local data distributions
are inherently non-IID. Second, to study the influence of data quality, we are analyzing mixed
offline datasets that combine the original CSMA/CA trajectories with high-quality, near-optimal
samples produced by the deterministic CSMA/ECA protocol. These studies aim to characterize
how FedMORL’s learning performance scales when policies are informed by varying proportions of
low-quality and high-quality experience.

6 Conclusion

In this paper, we introduced FedMORL, a federated model-based offline MARL framework tailored
for decentralized wireless network control. By federating environment models rather than policy
networks, our approach enables agents to share global context while avoiding the privacy and
stability issues commonly associated with policy federation. Empirical results on the DCA task
show that FedMORL can learn coordinated channel-access strategies from sub-optimal offline data,
outperforming the original rule-based baselines.

Looking ahead, we aim to incorporate advanced offline RL techniques to better mitigate distributional
shift and further enhance robustness under highly heterogeneous (non-IID) client datasets. In addition,
because FedMORL relies on the fidelity of the shared world model, addressing model uncertainty
during planning and policy learning remains an important direction. These extensions will help shape
a fully adaptive, offline-first control framework for next-generation wireless networks.
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A DCA Environment and Implementation Details

A.1 DCA System details

For benchmarking against standardized Wi-Fi QoS mechanisms, we use the Enhanced Distributed
Channel Access (EDCA) parameters defined in IEEE 802.11. We evaluate three access categories
(ACs), namely AC_VO, AC_VI, and AC_BE, each with distinct contention window settings as
summarized in Table 1, providing practical QoS-oriented baselines for comparison.

Table 1: EDCA Access Category Parameters

Parameter AC_VO AC_VI AC_BE
SIFS (µs) 18
DIFS (µs) 36

CWmin 7 15 31
CWmax 15 31 1023

We additionally implement the Enhanced Collision Avoidance (CSMA/ECA) mechanism [3] to
compare against a deterministic collision-avoidance scheme. Stations initially behave according to
standard random backoff, but after the first successful transmission, they switch to deterministic
operation by fixing the backoff counter to

V =
CWmin

2
.

enabling convergence toward collision-free periodic access. Upon a collision, a temporary random
backoff is applied, after which the station returns to the deterministic value V following the next
successful transmission.

A.2 Dec-POMDP Specification

For completeness, we summarize the underlying Dec-POMDP formulation. Let N = {1, . . . , N}
denote the set of UEs.

State and dynamics. The global state at slot t is st ∈ S, which comprises:

• the channel state ct ∈ {IDLE, SUCCESS, COLLISION, ACK},
• per-UE queue lengths qit and backoff counters bit,
• per-UE delay statistics dit (D2LT),
• CW values and other bookkeeping variables required by the DCF mechanism.

The transition kernel P (st+1 | st, at) is implicitly defined by the discrete-event simulator: given
(st, at), the simulator advances the MAC state, updates backoff counters and buffers, resolves
collisions, and generates the next state st+1.

Actions. Each agent (UE) i chooses a binary action
ait ∈ Ai = {0, 1},

where ait = 1 denotes a transmit attempt and ait = 0 denotes deferring. Let at = (a1t , . . . , a
N
t ) denote

the joint action. In the implementation, physically infeasible attempts (e.g., during BUSY periods) are
masked by the underlying MAC logic, but from the Dec-POMDP perspective agents conceptually
select ait at every slot.

Observations. The local observation oit, as defined in the main text, includes normalized D2LT
statistics derived from the global state. Let dit denote the (unnormalized) D2LT and define the
normalized components as

d̃it =
dit∑

j∈N djt + ε
,

for a small ε > 0. This observation design is consistent with the decentralized setting: agents do not
observe each other’s buffers or CW values, but only local MAC-level feedback.
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Rewards. The per-agent reward ri(t), formally ri(st, at), follows the structure from Eq. (3):

ri(st, at) = rglob(st, at) + α rdelayi (st).

The global throughput component is formally defined as:

rglob(st, at) =


+1, if slot t ends with a successful transmission,

−1, if slot t ends with a collision,

0, otherwise (idle or ACK slots).

The local component rdelayi (st) is a function g(dit) based on the agent’s internal state (D2LT and buffer
size), as conceptually described in the main text. This structure separates a global throughput-oriented
term and a local delay penalty, and is used consistently across all experiments.
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