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Graph-Localized Offline Federated Multi-Agent
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Abstract
Wireless networks motivate offline multi-agent
reinforcement learning (MARL) as online explo-
ration degrades service, and operator logs are
rarely poolable across deployments. Existing of-
fline MARL relies on global coverage that scales
exponentially in the number of agents. We ex-
ploit the interaction graph induced by interference
and contention to replace global coverage with κ-
hop neighborhood coverage: a client contributes
to agent i’s local estimator only if it observes
N κ

i . We prove a localized offline policy guaran-
tee whose error decomposes into a locality bias
decaying exponentially in κ, a near-neighbor shift
bias, and a federated estimation term shrinking
with the pooled observability-valid sample size.
Our algorithm, F-GLOFF, matches a centralized
raw-pooled oracle on multi-AP user association
without sharing transitions and outperforms the
engineered baselines by 12%.

1. Introduction
Wireless networks naturally fit multi-agent reinforcement
learning (MARL), where distributed agents act on par-
tial observations, interact through interference and shared
resources, and optimize system-level objectives such as
throughput and reliability (Guo et al., 2022; Sana et al.,
2020; Yang et al., 2024a). However, online exploration can
degrade service or violate latency and reliability require-
ments, motivating offline RL where policies are learned
from logged trajectories without further interaction (Levine
et al., 2020). Operational logs are also distributed across
deployments and often cannot be pooled because of privacy
or bandwidth (Hu et al., 2021; Zhu et al., 2021; Kwon et al.,
2025). These constraints motivate offline federated MARL,
where policies are learned from local data and clients share
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sufficient statistics rather than raw trajectories (Khodada-
dian et al., 2022; Zhou et al., 2024; Woo et al., 2024).

However, offline RL is reliable only where logged data sup-
port the learned policy. Pessimistic offline RL addresses this
by penalizing uncertain state–action pairs and is often ana-
lyzed through single-policy concentrability (Rashidinejad
et al., 2021; Xie et al., 2021; Jin et al., 2021; Shi et al., 2022;
Li et al., 2024). In MARL, however, the joint state–action
space grows exponentially with the number of agents, mak-
ing global coverage assumptions restrictive. Existing offline
MARL methods use conservative value learning, counter-
factual regularization, implicit constraints, or generative
modeling to reduce distribution shift (Yang et al., 2021; Pan
et al., 2022; Shao et al., 2023; Wang et al., 2023b; Zhu et al.,
2024; Eldeeb et al., 2024), but they generally do not use the
interaction graph to define the relevant coverage object.

Wireless networks offer a structural way around this barrier.
Interference and contention induce an interaction graph, and
each agent is mainly affected by nearby agents. Networked
MARL exploits this locality through κ-hop policies and
exponential decay of influence (Qu et al., 2020; Lin et al.,
2021; Zhang et al., 2023). This line of work reduces the
effective control dimension but is mainly online. Federated
RL and wireless federated RL study distributed client data
and model aggregation (Jin et al., 2022; Lan et al., 2024;
Woo et al., 2025; Kwon et al., 2025), but usually define client
relevance by participation rather than graph observability.

We study offline federated MARL around graph-local neigh-
borhoods so that the relevant coverage object becomes the
κ-hop neighborhood projection rather than the full joint
state–action space, and a client contributes to agent i at ra-
dius κ only when its observable region contains N κ

i . The
radius κ controls a bias–coverage tradeoff. Our contribu-
tions are:

1. We formulate offline federated MARL on interaction
graphs and introduce neighborhood concentrability and
observability-valid client sets as the localized analogs
of global coverage and client relevance.

2. We prove a localized offline policy guarantee whose
error decomposes additively into a locality bias decay-
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ing as ρκ+1, a κ-independent near-neighbor shift bias,
and a federated estimation term that shrinks with the
pooled observability-valid sample size.

3. We propose F-GLOFF, a tabular algorithm that ag-
gregates projected statistics from observability-valid
clients and applies count-based pessimism without
sharing raw trajectories. In multi-AP user association,
F-GLOFF matches a centralized raw-pooled oracle,
improves over the engineered baseline by 12% and the
non-localized federated variant by 22%, and exhibits
the predicted bias–coverage tradeoff.

2. Graph-Structured Offline MARL
Let G = (N , E) be an undirected graph over agents N =
{1, . . . , n}. Agent i has local state space Si and action
space Ai, giving global spaces S =

∏
i Si and A =

∏
iAi.

The environment is a cooperative discounted MDP with
transition kernel P (· | s, a) and additive reward r(s, a) =∑

i ri(s, a). For policy π and initial distribution µ,

V π(µ) = Eπ

[ ∞∑
t=0

γtr(st, at)

∣∣∣∣∣ s0 ∼ µ

]
, γ ∈ (0, 1).

Let π⋆ be an optimal unrestricted policy and define the
κ-hop neighborhood N κ

i = {j ∈ N : dG(i, j) ≤ κ}.
Assumption 2.1 (Local interaction-radius factorization).
For every agent i, the local reward and marginal next state
distribution are determined by the one-hop neighborhood:

ri(s, a) = ri(sN 1
i
, aN 1

i
), P (s′i | s, a) = Pi(s

′
i | sN 1

i
, aN 1

i
).

This is the standard interaction-radius factorization of net-
worked MARL (Lin et al., 2021; Zhang et al., 2023); it
generalizes the purely local form ri(si, ai) of (Qu et al.,
2020) to allow contemporaneous neighbor effects, which is
essential for collision style interactions in wireless networks.
One-step locality does not imply that long horizon values
are local; Sec. 3 controls long range propagation through
exponential decay.

Assumption 2.2 (Markov sufficient local context). For ev-
ery agent i and every radius κ ≥ 0, there exists a finite set
X κ

i and a measurable map ϕκ
i : SNκ

i
→ X κ

i such that the
projected context xκ

i = ϕκ
i (sNκ

i
) is Markov sufficient for its

own one-step evolution given the interaction-radius action
profile: for all (s, a) and all x′ ∈ X κ

i ,

Pr
[
ϕκ
i (s

′
Nκ

i
) = x′ ∣∣ s, a] = Pκ

i

(
x′ ∣∣ xκ

i , aN 1
i

)
.

Assumption 2.2 makes the projected per-agent transition
Pκ
i an environment property rather than a property of the

behavior policy, so count-based projected estimators have
well-defined population targets; Sec. 6 provides a concrete

realization. The boundary N κ+1
i \ N κ

i contributes residual
approximation of order ρκ+1, on the same order as the
locality bias of Sec. 3 (Appendix B.3).

For decentralized control, define the κ-local policy class

Πκ =
{
π : π(a | s) =

n∏
i=1

πi(ai | xκ
i )
}
.

Let π⋆
κ ∈ argmaxπ∈Πκ

V π(µ) and let π̂κ be the offline
learned policy. The suboptimality decomposes as

V π⋆

(µ)−V π̂κ(µ) ≤ V π⋆

(µ)−V π⋆
κ(µ)︸ ︷︷ ︸

localization bias

+V π⋆
κ(µ)−V π̂κ(µ)︸ ︷︷ ︸

offline estimation error

.

Sec. 3 further refines the second term into a decentraliza-
tion gap and an estimation gap, since F-GLOFF performs
per-agent independent optimization rather than joint opti-
mization in Πκ.

Offline data and federated structure. The learner re-
ceives a fixed dataset D = {(s(m)

t , a
(m)
t , r

(m)
t , s

(m)
t+1)}Mm=1

from behavior policies and no further interaction. In-
stead of requiring coverage over S × A, the learner tar-
gets the per-agent projected space Zκ

i = X κ
i × Ai via tu-

ples (xκ
i , ai, ri, x

κ′
i ); the interaction-radius transition Pκ

i (· |
xκ
i , aN 1

i
) and the per-agent action resolution are connected

by behavior marginalization, formalized in Sec. 3 as the
per-agent population MDPMi,κ,µ̄.

In the federated setting,D =
⋃K

k=1Dk, where client k owns
agents k and observes a region Øk ⊇k (states and actions of
all agents in Øk). A client contributes to agent i at radius κ
only when it observes the full radius-κ neighborhood needed
to construct xκ

i and xκ′
i , yielding the observability-valid

client set Rκ
i =

{
k ∈ [K] : N κ

i ⊆ Øk, Dκ
k,i ̸= ∅

}
. The

federated learner aggregates projected sufficient statistics
over k ∈ Rκ

i , the single-client baseline uses only the owner
of i when observability-valid.

3. Localized Offline Learning Theory
We now formalize the bias-coverage tradeoff. Decom-
pose the global action-value function as Qπ(s, a) =∑

i Q
π
i (s, a), where

Qπ
i (s, a) = Eπ

[ ∞∑
t=0

γtri(st, at)

∣∣∣∣∣ s0 = s, a0 = a

]
,

and assume |ri(s, a)| ≤ Rmax for all i, s, a.
Assumption 3.1 (Exponential decay of local value influ-
ence). Let Πstat := {π : S → ∆(A) : π stationary}.
There exist cloc > 0 and ρ ∈ (0, 1) such that for ev-
ery π ∈ Πstat, every agent i, every ℓ ≥ 0, and every
(s, a), (s̄, ā) ∈ S ×A with (sN ℓ

i
, aN ℓ

i
) = (s̄N ℓ

i
, āN ℓ

i
),∣∣Qπ

i (s, a)−Qπ
i (s̄, ā)

∣∣ ≤ clocρ
ℓ+1.
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This is the exponential decay condition of (Qu et al., 2020;
Lin et al., 2021). Distant coordinates have an exponen-
tially small effect on local long run value, uniformly over
stationary policies. It is a property of the MDP, indepen-
dent of the data, and applies to π⋆, every π ∈

⋃
κ≥0 Πκ,

the joint behavior policy µ̄, and pathwise to any realiza-
tion of π̂κ. Since |Qπ

i | ≤ Rmax/(1− γ), the constant cloc
scales as O(Rmax/(1 − γ)) and is independent of n; the
factor n in the bounds below comes from summing per-
agent terms. Sufficient conditions are known under uniform
local mixing (Qu et al., 2020) and under graph contraction
assumptions (Lin et al., 2021; Zhang et al., 2023).

Proposition 3.2 (Localization gap). Under Assumption 3.1,

V π⋆

(µ)− V π⋆
κ(µ) ≤ 2nclocρ

κ+1

1− γ
.

The proof truncates each Qπ⋆

i to a κ-hop function and ap-
plies a one-step approximate greedification argument (Ap-
pendix C).

Per-agent population MDP and comparator. F-
GLOFF’s empirical model conditions on the agent’s own
action ai rather than on the full one-hop neighbor profile
aN 1

i
used in Assumption 2.1. Under behavior policy µ̄, the

projected transition Pκ
i (· | x, aN 1

i
) from Assumption 2.2

therefore induces a per-agent transition by marginalization,

Pκ
i,µ̄(x

′ | x, ai) :=
∑
a
(1)
−i

ν̄i
(
a
(1)
−i

∣∣ x, ai)Pκ
i

(
x′ ∣∣ x, (ai, a(1)−i )

)
,

where ν̄i(· | x, ai) is the conditional behavior distribu-
tion of aN 1

i \{i} given (xκ
i , ai). Defining rκi,µ̄ analogously,

the pair (Pκ
i,µ̄, r

κ
i,µ̄) defines the per-agent population MDP

Mi,κ,µ̄ with state space X κ
i and action space Ai. Let

π̄⋆
i,κ ∈ argmaxπi V

πi
i,κ,µ̄ and π̄⋆

κ :=
⊗n

i=1 π̄
⋆
i,κ ∈ Πκ. F-

GLOFF’s per-agent independent optimization targets π̄⋆
κ,

not the joint Πκ-optimum π⋆
κ; the gap between these com-

parators is the third source of suboptimality. To control this
gap we need a structural assumption on how far the compara-
tor class differs from behavior on the one-hop interaction
neighborhood.

Assumption 3.3 (Bounded near-neighbor shift). There ex-
ists τ ≥ 0 such that for every agent i and every π ∈
{π⋆

κ, π̄
⋆
κ, π̂κ},

sup
(x,ai)∈Xκ

i ×Ai

∥∥π−i(· | sN 1
i \{i})− ν̄i(· | x, ai)

∥∥
TV
≤ τ,

where π−i(· | sN 1
i \{i}) denotes the joint distribution of

aN 1
i \{i} induced by π.

The constant τ is a property of the MDP–comparator–
behavior triple, independent of the offline data, and does

not vanish in the infinite data limit. It is small whenever
the behavior policy is factorized over N 1

i and the compara-
tor’s per-agent factors are pointwise close to behavior. In
the wireless instantiation of Sec. 6 all four logging policies
are radius-0 factorized, so ν̄i is a product distribution and
Assumption 3.3 holds with small τ . A formal discussion is
in Appendix C.4.

Proposition 3.4 (Decentralization gap). Under Assump-
tions 3.1 and 3.3,

V π⋆
κ(µ)− V π̄⋆

κ(µ) ≤ 2nclocρ
κ+1

1− γ
+

4nRmax τ

(1− γ)2
.

The proof mirrors Proposition 3.2, applied agent-wise on
Mi,κ,µ̄: truncation of Qπ⋆

κ
i to a κ-hop function followed by

one-step approximate greedification. The two contributions
are the locality bias from boundary truncation and the near-
neighbor shift bias from comparator–behavior mismatch on
N 1

i , identified by Corollary C.3 (Appendix C.4).

Bellman-consistent localized concentrability. Pes-
simism in F-GLOFF must control distribution shift between
the deployed per-agent policy and the projected behavior
on X κ

i ×Ai. We use the localized version of the Bellman-
consistent coefficient of (Xie et al., 2021), evaluated on
Mi,κ,µ̄. Let Fκ

i :=
{
f : X κ

i ×Ai → [0, Rmax/(1− γ)]
}

,

T π
i,κ,µ̄ the per-agent Bellman operator, d

π̄⋆
i,κ

i,κ,µ̄ the discounted
occupancy of π̄⋆

i,κ, and d̄i,κ,µ̄ the projected behavior
occupancy.

Definition 3.5 (Localized Bellman-consistent concentrabil-
ity).

C⋆
κ,BE := max

i∈N
sup
f∈Fκ

i

E
(x,ai)∼d

π̄⋆
i,κ

i,κ,µ̄

[
(f − T π̄⋆

i,κ

i,κ,µ̄f)
2(x, ai)

]
E(x,ai)∼d̄i,κ,µ̄

[
(f − T π̄⋆

i,κ

i,κ,µ̄f)
2(x, ai)

] ,
with the convention that the ratio is +∞ if the denominator
vanishes and the numerator does not.

This is a Bellman-residual ratio rather than a state–action
density ratio, capturing distribution shift transmitted through
the projected dynamics on Mi,κ,µ̄, including the depen-
dence of next state transitions on the behavior policy’s
neighbor-action distribution. By (Xie et al., 2021), finite-
ness of standard density-ratio single policy concentrability
implies finiteness of C⋆

κ,BE up to a 1/(1 − γ)2 factor, but
the converse can fail.

Let Sκ := maxi |X κ
i |, Amax := maxi |Ai|, and Nκ :=

mini Ni,κ. Applying the Bellman-consistent pessimistic
bound to each Mi,κ,µ̄ with comparator π̄⋆

i,κ and union-

3
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bounding over agents gives, with probability at least 1− δ,∑
i

(
V

π̄⋆
i,κ

i,κ,µ̄(µi)− V
π̂i,κ

i,κ,µ̄(µi)
)

≤ C1 n

√
C⋆

κ,BE Sκ Amax log(n/δ)

(1− γ)3 Nκ
.

where C1 is the absolute constant .Relating the per-
agent population sum on the LHS to the global value
gap V π̄⋆

κ(µ) − V π̂κ(µ) requires a local-to-global passage
(Corollary C.3), which contributes 2nclocρκ+1/(1 − γ) +
4nRmaxτ/(1−γ)2 to the bias. Details are in Appendix C.5.

Theorem 3.6 (Localized offline policy guarantee). Suppose
Assumptions 2.1, 2.2, 3.1, and 3.3 hold and C⋆

κ,BE < ∞.
Then the localized pessimistic policy π̂κ satisfies, with prob-
ability at least 1− δ,

V π⋆

(µ)− V π̂κ(µ) ≤ 6nclocρ
κ+1

1− γ
+

8nRmax τ

(1− γ)2

+ C1 n

√
C⋆

κ,BE Sκ Amax log(n/δ)

(1− γ)3 Nκ
.

The bound has three structurally distinct sources, contribut-
ing additively. The locality bias 6nclocρκ+1/(1− γ) aggre-
gates equal contributions from the localization gap (Proposi-
tion 3.2), the decentralization gap (Proposition 3.4), and the
local-to-global passage in the estimation argument (Corol-
lary C.3); it decays exponentially in κ. The near-neighbor
shift bias 8nRmaxτ/(1− γ)2 collects the two τ -terms from
the decentralization gap and the local-to-global passage; it is
independent of κ and small whenever Assumption 3.3 holds
with small τ . The estimation term grows with κ because Sκ

enlarges and per-cell coverage worsens. Federation modifies
only the estimation term. Sec. 4 replaces d̄i,κ,µ̄ and Ni,κ by
their observability valid federated counterparts, leaving the
bias terms unchanged.

4. Federated Graph-Localized Estimation
Once the control problem is localized, federation should
also be localized: for each agent i and radius κ, only clients
that observe N κ

i may contribute to its local estimator. Fed-
eration therefore affects the bound of Theorem 3.6 through
the observability-valid client set Rκ

i (Sec. 2), the induced
coverage coefficient, and the effective local sample count.

4.1. Federated estimator

Define client k’s projected dataset for agent i at radius κ as

Dκ
k,i =

{
(xt, ai,t, ri,t, x

′
t+1) : xt = ϕκ

i (st,Nκ
i
)
}
,

admissible only when k ∈ Rκ
i . Each k ∈ Rκ

i

computes the per-agent action-resolution sufficient statis-

tics Nκ
k,i(x, ai), Nκ

k,i(x, ai, x
′), Rκ

k,i(x, ai); context-
action counts, transition counts, and reward sums and shares
them with the server; raw transitions and policy parameters
are not shared. The neighbor action profile aN 1

i \{i},t is in-
tegrated out implicitly by counting at the (x, ai) resolution.

The server aggregates N fed
i,κ (x, ai) =

∑
k∈Rκ

i
Nκ

k,i(x, ai),

and analogously for transition counts and reward sums,
yielding;

r̂κi (x, ai) =
Rκ

i,fed(x, ai)

max{1, N fed
i,κ (x, ai)}

,

P̂κ
i (x

′ | x, ai) =
Nκ

i,fed(x, ai, x
′)

max{1, N fed
i,κ (x, ai)}

.

Because aggregation is at the (x, ai) resolution, this is an
unbiased count-based estimator of the per-agent population
MDPMi,κ,µ̄ from Sec. 3, not of the full interaction-radius
dynamics Pκ

i (· | x, aN 1
i
). The single client baseline uses

only agent i’s owner when observability-valid, recovering
asynchronous offline pessimism (Yan et al., 2023); the two
estimators differ in which observability-valid statistics are
aggregated.

F-GLOFF subtracts the count-based pessimism bonus

bκi (x, ai) = min

{
cb

√
log(2|X κ

i ||Ai|/δ)
max{1, N fed

i,κ (x, ai)}
, bmax

}

from the empirical reward.

4.2. Federated coverage and guarantee

The pooled projected behavior occupancy on X κ
i ×Ai is

d̄fedi,κ(x, ai) =
∑
k∈Rκ

i

Nκ
k,i

N fed
i,κ

d̄κk,i(x, ai),

and the federated localized Bellman-consistent coefficient
is the analog of Definition 3.5 with d̄i,κ,µ̄ replaced by d̄fedi,κ :

C⋆
κ,BE,fed :=max

i∈N
sup
f∈Fκ

i

E
(x,ai)∼d

π̄⋆
i,κ

i,κ,µ̄

[
(f−T π̄⋆

i,κ

i,κ,µ̄f)
2(x, ai)

]
E(x,ai)∼d̄fed

i,κ

[
(f−T π̄⋆

i,κ

i,κ,µ̄f)
2(x, ai)

] .

Effect of federation on the coefficient. Federation af-
fects C⋆

κ,BE,fed relative to its single client counterpart in
two ways. First, the pooled support equals the union of per-
client supports, supp(d̄fedi,κ) =

⋃
k∈Rκ

i
supp(d̄κk,i). Cells

supported by some non-owner client but not by the owner
have a nonzero federated denominator, removing otherwise-
infinite ratios. Second, on the common support, averaging
across clients can dilute density at the comparator’s distri-
bution and increase the supremum at a point. Whether the

4
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coefficient tightens or loosens depends on whether the sup-
port gain dominates within support dilution; empirically, it
does.

Define N fed
κ := mini∈N N fed

i,κ . Substituting C⋆
κ,BE,fed and

N fed
κ into Theorem 3.6 yields, with probability at least 1−δ,

V π⋆

(µ)−V π̂fed
κ (µ) ≤ 6nclocρ

κ+1

1− γ︸ ︷︷ ︸
locality bias

+
8nRmax τ

(1− γ)2︸ ︷︷ ︸
near-neighbor shift bias

+εfed(κ),

(1)

where εfed(κ) := C1 n

√
C⋆

κ,BE,fed Sκ Amax log(n/δ)

(1−γ)3 N fed
κ

. Federa-

tion acts only on the estimation term, by increasing sam-
ple counts (N fed

κ ≥ N single
κ ) and potentially shrinking

C⋆
κ,BE,fed through expanded support; the bias terms de-

pend only on the MDP, the policy class Πκ, and Assump-
tion 3.3, not on the data. The exponent log(n/δ) rather than
log(nK/δ) reflects that N fed

i,κ is a single sum of independent
samples andRκ

i is determined by graph observability, so no
union bound over K is needed.

4.3. Out-of-support diagnostic

Pessimism discourages unsupported context-action pairs
at training time. We also report a deployment-time out-
of-support diagnostic. For threshold nmin, let Ssupi,κ :=

{(x, ai) : N fed
i,κ (x, ai) ≥ nmin}. For deployed policy π,

OOS(π) :=
1

n

n∑
i=1

Pr
xκ
i ∼dπ

i , ai∼πi(·|xκ
i )

[
(xκ

i , ai) /∈ Ssupi,κ

]
.

OOS captures how often the learned policy visits cells that
were poorly supported in the offline data. It is a deployment
diagnostic, not a training objective.

5. F-GLOFF Algorithm
F-GLOFF builds a κ-local empirical model for each agent
from observability valid clients, evaluates candidate policies
pessimistically, and selects the best per agent. Each agent
solves an offline RL problem on its own per-agent popula-
tion MDPMi,κ,µ̄ (Sec. 3); the joint output π̂κ =

⊗
i πi,θ̂i

is the empirical per-agent best response policy, whose
population-level analog π̄⋆

κ is the comparator in (1).

Empirical model and policy class. For agent i, F-GLOFF
aggregates projected transitions (x, ai, ri, x′) over k ∈ Rκ

i

to obtain r̂κi , P̂κ
i , and counts Nκ

i (x, ai) as in Sec. 4.1.
Candidate policies πi,θ are softmax over four local fea-
tures: sθ(y;x) = θηηy− θloadℓy + θqueueqown, sθ(⊥;x) =
θdefer− θqueueqown, where qown is the UE queue state, ℓy is
the local load around AP y, and ηy is the service probability
of AP y. Then πi,θ(a | x) ∝ exp(sθ(a;x)/τ), with empty

Algorithm 1 Graph-Localized Offline Federated MARL

Require: Graph G, radius κ, client data {Dk}, observable
regions {Øk}, grid Θ

1: for each agent i ∈ N do
2: Construct N κ

i andRκ
i

3: Aggregate projected statistics over k ∈ Rκ
i

4: Form P̂κ
i and r̂κi

5: for each θ ∈ Θ do
6: Compute pessimistic rewards and fallback values
7: Run H Bellman backup iterations
8: Compute dπθ by power iteration
9: Compute V lb

i (θ)
10: end for
11: θ̂i ← argmaxθ∈Θ V lb

i (θ)
12: end forπ̂κ =

⊗
i πi,θ̂i

queues forced to defer. The candidate set Θ is a finite grid
over (θη, θload, θqueue, θdefer).

Pessimistic evaluation and selection. For each θ, sup-
ported cells receive the pessimistic reward

r̂κi,pess(x, a)= r̂κi (x, a)−min

{
cb

√
log(2|X κ

i ||Ai|/δ)
Nκ

i (x, a)
, bmax

}
,

and unsupported actions use a self-loop fallback with reward
−bmax. F-GLOFF applies H Bellman iterations to obtain
V θ,H
i , then scores each candidate under its empirical station-

ary distribution dπθ , V lb
i (θ) =

∑
x dπθ (x)V θ,H

i (x)

(1−γH)/(1−γ)
, θ̂i =

argmaxθ∈Θ V lb
i (θ). Implementation details such as on-

policy aggregation, computational cost, are in Appendix D.

6. Wireless Instantiation and Evaluation Setup
We instantiate F-GLOFF on multi-AP user association: each
UE chooses whether to defer or transmit to an in-range AP.
UEs interact only when they share APs, so the access-set
conflict graph is the natural locality structure. The simulator
is slot-level and abstracts PHY/MAC details: each AP has a
service success probability, and simultaneous transmissions
to the same AP collide. UEs and APs are placed uniformly
in [0, L]2. UE i can access Yi = {y ∈ [M ] : ∥zi − wy∥ ≤
R}, and the conflict graph satisfies {i, j} ∈ E ⇐⇒ Yi ∩
Yj ̸= ∅. A nonempty UE chooses ai(t) ∈ {⊥} ∪ Yi; an
empty UE defers. A unique transmission to AP y succeeds
with probability ηy; collisions yield zero reward. Successful
UEs receive reward one and remove their earliest deadline
packet; unserved packets expire at their deadline. The local
context is xκ

i = (qi, (ℓy)y∈Yi
), where qi is UE i’s queue

id and ℓy = min
(
ℓmax, |{j ∈ N κ

i : y ∈ Yj , qj ̸= 0}|
)

is the capped local load around AP y. The context size is
|X κ

i | = 2d(ℓmax + 1)|Yi|.

5
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Table 1. Reference comparison. Tx: per-UE per-slot transmit
attempts; Eff: deliveries / arrivals.

Method Reward Tx Eff OOS

Engineered baselines
round robin 2.34± 0.10 0.31 0.68 0.00
best q 1.81± 0.36 0.32 0.52 0.00
behavior mix 2.14± 0.12 0.25 0.62 0.00

Non-localized
fed (observability) 2.15± 0.32 0.24 0.63 0.78
raw-pooled (oracle) 2.63± 0.08 0.29 0.76 0.01

F-GLOFF (ours)
κ = 0 federated 2.38± 0.10 0.31 0.69 0.00
κ = 0 single 2.38± 0.11 0.31 0.69 0.08
κ = 1 federated 2.62± 0.11 0.29 0.75 0.03
κ = 1 single 2.58± 0.11 0.29 0.75 0.12
κ = 2 federated 2.54± 0.15 0.29 0.73 0.15
κ = 2 single 2.43± 0.14 0.28 0.70 0.35

Evaluation setup. Logs are generated by four rule-based
behavior policies (uniform, best q, round robin,
defer heavy) and partitioned across clients by balanced
spatial k-means with halo h. Reference configuration is
n = 16 UEs, M = 12 APs, K = 4 clients, h = 60, budget
5000 slots/client, γ = 0.95, four random seeds. We com-
pare F-GLOFF to the engineered rules, the logging behavior
mixture, single client and behavior-distribution ablations,
and non-localized variants. Full configuration, dynamics,
and logging policies are in Appendix E.

7. Results
Table 1 compares engineered baselines, non-localized vari-
ants, and F-GLOFF at the reference budget. F-GLOFF with
κ = 1 achieves reward 2.62 ± 0.11, matching the central-
ized raw pooled oracle (2.63 ± 0.08) without sharing raw
transitions, and improves over the strongest engineered base-
line (round robin) by 12% and over the non-localized
federated variant by 22%. The gain over round robin
comes without a higher transmit rate, so the learned policy
improves AP selection rather than transmitting more aggres-
sively. The κ-sweep exhibits the predicted bias–coverage
tradeoff: κ = 0 is roughly at round robin (graph-local
context is needed), κ = 1 gives the best reward, and κ = 2
has higher out-of-support (OOS) risk.

7.1. Bias–coverage tradeoff

Fig. 1 shows the effect of the locality radius. Feder-
ated rewards are non-monotone in κ (2.38, 2.62, 2.54 for
κ = 0, 1, 2) while OOS rises monotonically (0.000, 0.029,
0.148), consistent with Thm. 3.6: increasing κ reduces local-
ity bias but makes offline coverage harder. The single-client
variant has higher OOS at every κ, so federation provides a
safer supported policy that becomes increasingly important
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Figure 1. Effect of κ. Reward is non-monotone with optimum at
κ = 1; OOS rises with κ. Federation reduces OOS for κ > 0.
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Figure 2. Reward and OOS vs. steps/client. F-GLOFF (κ = 1)
approaches the raw-pooled oracle with more data, while the non-
localized variant stays high OOS.

as the local context space grows.

7.2. Sample complexity and non-localized comparison

Fig. 2 sweeps the offline data budget. F-GLOFF with
κ = 1 improves from 2.50 to 2.62 as the budget grows,
with OOS dropping from 0.291 to 0.029. The non-localized
observability-respecting federated variant stagnates near
2.12–2.15 with high OOS at all budgets, while the raw-
pooled non-localized oracle improves with data, showing
that the non-localized failure is tied to the observability con-
straint, not to the global summary alone. Locality is there-
fore needed for federated offline estimation under partial
observability. Clients cannot reliably estimate global context
models when no client observes the full global state. Feder-
ation diagnostics, a client-count sweep over K ∈ {2, 4, 8}
and an IID/non-IID logging comparison, confirm that the
federation benefit grows with K at κ = 1 and that F-GLOFF
is stable across logging regimes; details are in Appendix F.1.

8. Conclusion
F-GLOFF matches a centralized raw-pooling oracle on
multi-AP user association without sharing transitions, show-
ing that graph locality and observability-valid federation
suffice to recover centralized performance under partial ob-
servability. The supporting theory replaces global coverage
with neighborhood projected coverage and decomposes the
offline error into structurally distinct sources. Future work
should scale the approach with graph-structured function
approximation (Ren et al., 2025), adaptive κ from OOS
diagnostics, and add formal privacy to the shared statistics.
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9. Impact Statement
This work studies offline federated learning for wireless
network control. Since the method learns from logged data
and avoids online exploration, it may reduce service disrup-
tion during policy development. Potential risks include de-
ployment under insufficient support and unfair performance
across clients with different observability. We mitigate these
risks through pessimistic evaluation, observability-valid ag-
gregation, and out-of-support diagnostics.
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Farahmand, A.-m., Szepesvári, C., and Munos, R. Error
propagation for approximate policy and value iteration.
Advances in neural information processing systems, 23,
2010.

Guo, Z., Chen, Z., Liu, P., Luo, J., Yang, X., and Sun,
X. Multi-agent reinforcement learning-based distributed
channel access for next generation wireless networks.
IEEE Journal on Selected Areas in Communications, 40
(5):1587–1599, 2022. doi: 10.1109/JSAC.2022.3143251.

Hou, I.-H. and Kumar, P. Utility-optimal scheduling in
time-varying wireless networks with delay constraints. In
Proceedings of the eleventh ACM international sympo-
sium on Mobile ad hoc networking and computing, pp.
31–40, 2010.

Hu, S., Chen, X., Ni, W., Hossain, E., and Wang, X. Dis-
tributed machine learning for wireless communication
networks: Techniques, architectures, and applications.
IEEE Communications Surveys & Tutorials, 23(3):1458–
1493, 2021.

Jaramillo, J. J., Srikant, R., and Ying, L. Scheduling for
optimal rate allocation in ad hoc networks with heteroge-
neous delay constraints. IEEE Journal on Selected Areas
in Communications, 29(5):979–987, 2011.

Jin, H., Peng, Y., Yang, W., Wang, S., and Zhang, Z. Feder-
ated reinforcement learning with environment heterogene-
ity. In International Conference on Artificial Intelligence
and Statistics, pp. 18–37. PMLR, 2022.

Jin, Y., Yang, Z., and Wang, Z. Is pessimism provably
efficient for offline rl? In International conference on
machine learning, pp. 5084–5096. PMLR, 2021.

Kakade, S. and Langford, J. Approximately optimal ap-
proximate reinforcement learning. In Proceedings of the
nineteenth international conference on machine learning,
pp. 267–274, 2002.

Khodadadian, S., Sharma, P., Joshi, G., and Maguluri, S. T.
Federated reinforcement learning: Linear speedup un-
der markovian sampling. In International conference on
machine learning, pp. 10997–11057. PMLR, 2022.

Kwon, D., YeonseoJeong, Hong, S., and Hong, S. Federated
model-based offline multi-agent reinforcement learning
for wireless networks. In NeurIPS 2025 Workshop: AI
and ML for Next-Generation Wireless Communications
and Networking, 2025. URL https://openreview.
net/forum?id=nFztuJRkJw.

Lan, G., Han, D.-J., Hashemi, A., Aggarwal, V., and Brin-
ton, C. G. Asynchronous federated reinforcement learn-
ing with policy gradient updates: Algorithm design and
convergence analysis. arXiv preprint arXiv:2404.08003,
2024.

Levine, S., Kumar, A., Tucker, G., and Fu, J. Offline rein-
forcement learning: Tutorial, review, and perspectives on
open problems. arXiv preprint arXiv:2005.01643, 2020.

Li, G., Shi, L., Chen, Y., Chi, Y., and Wei, Y. Settling the
sample complexity of model-based offline reinforcement
learning. The Annals of Statistics, 52(1):233–260, 2024.

Lin, Y., Qu, G., Huang, L., and Wierman, A. Multi-agent
reinforcement learning in stochastic networked systems.
Advances in neural information processing systems, 34:
7825–7837, 2021.
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A. Related Work
This appendix provides additional references that contextualize the framework.

Foundations of offline value-function approximation. The single-policy concentrability used in pessimistic offline
RL descends from the all-policy concentrability and error propagation analyses developed for fitted value iteration and
approximate policy iteration (Munos & Szepesvári, 2008; Farahmand et al., 2010), which characterize how Bellman residuals
accumulate under distribution shift along the discounted occupancy. Information theoretic perspectives on the structural
limits of batch RL are developed in (Chen & Jiang, 2019), complementing the Bellman-consistent viewpoint we adopted.

Federated RL beyond offline settings. A complementary line of work studies federated reinforcement learning under
environmental or behavioral heterogeneity, including federated temporal-difference learning with linear function approxima-
tion (Wang et al., 2023a), federated natural policy gradient methods for multi-task RL on graph topologies (Yang et al.,
2024b), federated Q-learning with regret guarantees and low communication (Zheng et al., 2023), and finite-time analysis of
on-policy heterogeneous federated RL (Zhang et al., 2024).

Networked MARL extensions. The exponential decay framework (Qu et al., 2020; Lin et al., 2021; Zhang et al., 2023)
employed in this paper has a journal counterpart that consolidates the scalable actor–critic results (Qu et al., 2022). Recent
work has extended the κ-hop locality principle beyond tabular settings using scalable spectral local representations for
network MDPs (Ren et al., 2025), suggesting a path to function approximation extensions of graph-localized offline learning.

Cooperative MARL and decentralized formulations. Cooperative MARL, including value decomposition, centralized
training with decentralized execution paradigms, and game-theoretic perspectives, is broadly surveyed in (Zhang et al.,
2021). The decentralized partially observable formulation that underlies federated agents with bounded observable regions
is treated comprehensively in (Oliehoek et al., 2016); the per-client observability set Ok in our setting can be viewed as a
graph-induced specialization of the local observation models studied in that framework.

B. Additional Details for the Graph-Structured Offline MARL Formulation
This appendix expands on the graph-structured offline MARL formulation in Sec. 2.

B.1. Discounted value and throughput

The theory uses the discounted value

V π(µ) = Eπ

[ ∞∑
t=0

γtr(st, at)

∣∣∣∣∣ s0 ∼ µ

]
, γ ∈ (0, 1),

whereas the wireless experiments report average per-slot system throughput. These criteria induce the same policy ordering
in stationary regimes. If a policy induces a stationary distribution with expected per-slot reward r̄π, then its discounted
value is approximately r̄π/(1− γ), up to transient effects from the initial distribution. Thus, when transients are negligible,
maximizing discounted value is equivalent to maximizing long-run average throughput.

B.2. Wireless interpretation of the interaction-radius factorization

The symmetric one-hop dependence on aN 1
i

in Assumption 2.1 is what makes the factorization usable for wireless networks:
a UE’s per-slot transmission outcome at AP y depends on whether any neighboring UE on the access-set conflict graph also
transmits to y in the same slot, which is a function of aN 1

i
rather than ai alone. Under this factorization, collision indicators

and contention outcomes appear directly in the instantaneous reward ri(sN 1
i
, aN 1

i
) without needing to be folded into the

next state, while the state-side dependence on sN 1
i

accommodates queue and contention indicators of neighboring agents.

B.3. Latent states and abstracted local contexts

Assumption 2.2 posits a finite local context xκ
i = ϕκ

i (sNκ
i
) and a projected transition Pκ

i (x
′ | xκ

i , aN 1
i
) such that the

conditional law of ϕκ
i (s

′
Nκ

i
) given (s, a) depends on (s, a) only through (xκ

i , aN 1
i
). We clarify the scope of this idealization.
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Under Assumption 2.1, each component s′j for j ∈ N κ
i depends on (sN 1

j
, aN 1

j
), and since N 1

j ⊆ N
κ+1
i , the joint next-step

state s′Nκ
i

is a function of (sNκ+1
i

, aNκ+1
i

) alone. Strict Markov-sufficiency of (xκ
i , aN 1

i
) therefore requires the abstraction

ϕκ
i to absorb the influence of the boundary state sNκ+1

i \Nκ
i

and of out-of-radius actions aNκ+1
i \N 1

i
. Assumption 2.2 is the

idealized setting in which this absorption is exact; the residual boundary dependence is of order ρκ+1 under the exponential
decay condition of Sec. 3, matching the locality bias already absorbed elsewhere in the analysis.

In the multi-AP user-association experiment, ϕκ
i retains the agent’s queue state and capped local contention measures around

its accessible APs; under the simulator’s slot-level dynamics, these statistics carry the relevant information for one-step
queue and access evolution up to the load cap ℓmax. The framework treats this context as the operational local state, while
the theory describes the idealized Markov setting.

B.4. Theoretical and operational projected spaces

Graph locality changes the relevant notion of support. Under Assumptions 2.1 and 2.2, evaluating a κ-local policy only
requires coverage of neighborhood-level context-action pairs at the per-agent action resolution. We distinguish two related
projected spaces:

• The theoretical projected space at the interaction-radius resolution,

Zκ,theory
i = X κ

i ×AN 1
i
, AN 1

i
=

∏
j∈N 1

i

Aj ,

on which Assumption 2.2 states that the projected transition Pκ
i (· | xκ

i , aN 1
i
) is a property of the environment.

• The operational projected space at the per-agent action resolution,

Zκ
i = X κ

i ×Ai,

which is the resolution at which F-GLOFF actually estimates the local model and runs Bellman backups.

The empirical model is estimated from data tuples (xκ
i , ai, ri, x

κ′
i ) at the per-agent resolution; conditional on (xκ

i , ai), the
joint neighbor profile aN 1

i \{i} is integrated out under behavior, yielding the per-agent population MDPMi,κ,µ̄ of Sec. 3.
The two projections are connected by behavior-marginalization.

B.5. Federated observability and admissible clients

The federated setup with client-owned agent sets k ⊆ Øk, observable regions Øk, and observability valid client set
Rκ

i = {k ∈ [K] : N κ
i ⊆ Øk,Dκ

k,i ̸= ∅}. We add two clarifications.

Action observability. The data tuples (xκ
i , ai, ri, x

κ′
i ) require the client to observe the radius-κ neighborhood states (to

construct xκ
i and xκ′

i ) and the focal agent’s own action; observability of one-hop neighbor actions aN 1
i \{i} is not required,

because the algorithm marginalizes over them implicitly via the per-agent counting at the (xκ
i , ai) resolution. This prevents

observability leakage in simulation: a deployed client should not contribute statistics involving variables it would not
observe, even if the simulator stores the full global trajectory.

Monotonicity in κ. Two opposing monotonicities drive the bias–coverage tradeoff:

• |Rκ
i | is monotone non-increasing in κ: as κ grows, N κ

i grows, so the inclusion N κ
i ⊆ Øk is more restrictive and fewer

clients qualify.

• |X κ
i | is monotone non-decreasing in κ: a larger neighborhood admits more distinct contexts, since ϕκ

i is determined by
states over N κ

i .

Increasing κ therefore both enlarges the local context space (worsening per-cell coverage) and reduces the number of
admissible clients (reducing total per-cell samples). Federation is useful precisely because it pools valid local statistics
across all clients inRκ

i , which mitigates the second of these effects whenever multiple clients are observability-valid.

10
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C. Additional Details for the Localized Offline Learning Theory
This appendix gives the supporting derivations for Sec. 3: the truncation lemma, the localized policy-difference lemma and
local-to-global decomposition, the proofs of the localization and decentralization gaps, and the application of Bellman-
consistent pessimistic offline RL bounds to per-agent population MDPs.

C.1. Neighborhood truncation

Lemma C.1 (Neighborhood truncation of Qπ
i ). Under Assumption 3.1, for every policy π ∈ Πstat, every agent i, and every

ℓ ≥ 0, there exists a function
Q̃π

i,ℓ : SN ℓ
i
×AN ℓ

i
→ R

such that
sup

(s,a)∈S×A

∣∣Qπ
i (s, a)− Q̃π

i,ℓ(sN ℓ
i
, aN ℓ

i
)
∣∣ ≤ clocρ

ℓ+1.

Proof. Fix an arbitrary reference assignment (sref , aref) on (N ℓ
i )

c. For each local pair (x, u), define

Q̃π
i,ℓ(x, u) = Qπ

i

(
(x, sref(N ℓ

i )
c), (u, a

ref
(N ℓ

i )
c)
)
.

For any global pair (s, a), the pair (s, a) and its reference completion agree on N ℓ
i . Assumption 3.1 then gives the desired

bound.

C.2. Localized policy-difference lemma and local-to-global decomposition

The following lemma is the discounted analog of the bounded difference results of (Qu et al., 2020) and (Lin et al., 2021)
adapted to our setting.

Lemma C.2 (Localized policy-difference). Under Assumption 3.1, for any pair of policies π, π′ ∈ Πstat that agree on every
agent in N κ

i (i.e., πj(· | ·) = π′
j(· | ·) for all j ∈ N κ

i ),

∣∣V π
i (s)− V π′

i (s)
∣∣ ≤ clocρ

κ+1

1− γ
, ∀s ∈ S.

Proof. The argument uses a coupling between the trajectories of π and π′ starting from s0 = s. Inside N κ
i , the two policies

agree by hypothesis, so the per-step actions on N κ
i can be coupled to be identical as long as the trajectory’s state on N κ

i is
the same. Coordinates outside N κ

i may evolve differently under π and π′, but their effect on agent i’s per-step reward is
governed by Assumption 3.1: since ri depends on aN 1

i
only, variation of agent i’s value across coordinates outside N ℓ

i for
ℓ ≥ κ+ 1 is bounded by clocρ

κ+1 at each step. Summing the discounted contributions yields the 1/(1− γ) factor.

Behavior-comparator near-neighbor closeness. Lemma C.2 controls the value gap between policies that agree on
N κ

i , but the corollary below requires comparing per-agent values when policies on the one-hop interaction neighborhood
N 1

i \{i} change from comparator-induced to behavior-induced. This change is not controlled by Assumption 3.1 alone, since
exponential decay only bounds variation across coordinates outside N ℓ

i for ℓ ≥ κ+ 1. We therefore invoke Assumption 3.3
from the main text, which bounds in TV by τ the joint distribution of one-hop neighbor actions induced by π ∈ {π⋆

κ, π̄
⋆
κ, π̂κ}

relative to the behavior conditional ν̄i(· | x, ai). The discussion of τ in Sec. 3 extends to a small forward note: condition (i)
there (factorized behavior overN 1

i ) is achievable whenever µ̄ ∈ Π0 ⊆ Πκ, in which case ν̄i inherits the factorization. When
τ is small the localization-bias picture dominates; when τ is large, best response iteration (Appendix D.1) is the principled
remedy.

Corollary C.3 (Local-to-global decomposition). Under Assumptions 3.1 and 3.3, for any π ∈ {π̄⋆
κ, π̂κ},

∣∣∣V π(µ)−
n∑

i=1

V πi
i,κ,µ̄(µi)

∣∣∣ ≤ nclocρ
κ+1

1− γ
+

2nRmax τ

(1− γ)2
.

11
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Proof. Fix agent i. Decompose

V π
i (µ)− V πi

i,κ,µ̄(µi) =
[
V π
i (µ)− V π(b)

i (µ)
]︸ ︷︷ ︸

(I): near-neighbor shift

+
[
V π(b)

i (µ)− V πi
i,κ,µ̄(µi)

]︸ ︷︷ ︸
(II): outside-Nκ

i truncation

,

where π(b) is the auxiliary stationary policy that uses πi on the focal agent, draws the joint aN 1
i \{i} from ν̄i(· | xκ

i , ai) on
the one-hop interaction neighborhood at each step, and uses πj for j /∈ N 1

i .

Term (II): outside-N κ
i truncation. π(b) and the auxiliary policy that defines V πi

i,κ,µ̄ agree onN κ
i : both use πi on {i}, both use

ν̄i on N 1
i \ {i}, and both lie in Πstat (extending appropriately on N κ

i \ N 1
i ). They differ only on N \ N κ

i . By Lemma C.2,
|V π(b)

i (µ)− V πi
i,κ,µ̄(µi)| ≤ clocρ

κ+1/(1− γ).

Term (I): near-neighbor shift. π and π(b) agree on {i} ∪ (N \N 1
i ) and differ only onN 1

i \ {i}. Per step, agent i’s expected
reward differs by at most 2Rmax τ , since ri is bounded by Rmax and the joint distribution of aN 1

i \{i} differs by at most τ in
TV by Assumption 3.3. The per-step transition kernel of si similarly differs by at most τ in TV (since Pi depends on aN 1

i
);

a standard performance-difference argument under TV-shift (Kakade & Langford, 2002; Rashidinejad et al., 2021) gives
|V π

i (µ)− V π(b)

i (µ)| ≤ 2Rmax τ/(1− γ)2.

C.3. Proof of the localization gap

Proof of Proposition 3.2. Set ϵ := nclocρ
κ+1. Apply Lemma C.1 to π⋆ at radius κ: for each agent i, there exists a truncated

function Q̃π⋆

i,κ : SNκ
i
×ANκ

i
→ R with

sup
(s,a)

∣∣∣Qπ⋆

i (s, a)− Q̃π⋆

i,κ(sNκ
i
, aNκ

i
)
∣∣∣ ≤ clocρ

κ+1.

Define Q̃π⋆

(s, a) :=
∑n

i=1 Q̃
π⋆

i,κ(sNκ
i
, aNκ

i
), so that ∥Qπ⋆ − Q̃π⋆∥∞ ≤ ϵ.

Each summand of Q̃π⋆

depends on aNκ
i

, so the joint argmax of Q̃π⋆

over A does not factor agent-wise in general. By the
factorized-policy construction of (Qu et al., 2020) applied to the truncated Q̃π⋆

(see also (Lin et al., 2021; Zhang et al.,
2023)), there exists a factorized policy π̄κ ∈ Πκ such that

Q̃π⋆

(s, π⋆(s)) ≤ Q̃π⋆

(s, π̄κ(s)) for every s ∈ S, (2)

i.e., π̄κ is at least as good as π⋆ when evaluated on the truncated function pointwise. We apply the one-step approximate
greedification argument (Singh & Yee, 1994). For every s ∈ S,

V π⋆

(s)− V π̄κ(s) = Qπ⋆

(s, π⋆(s))−Qπ̄κ(s, π̄κ(s))

=
[
Qπ⋆

(s, π⋆(s))− Q̃π⋆

(s, π⋆(s))
]︸ ︷︷ ︸

≤ϵ (truncation)

+
[
Q̃π⋆

(s, π⋆(s))− Q̃π⋆

(s, π̄κ(s))
]︸ ︷︷ ︸

≤0 by (2)

+
[
Q̃π⋆

(s, π̄κ(s))−Qπ⋆

(s, π̄κ(s))
]︸ ︷︷ ︸

≤ϵ (truncation)

+
[
Qπ⋆

(s, π̄κ(s))−Qπ̄κ(s, π̄κ(s))
]︸ ︷︷ ︸

(⋆)

.

The last term satisfies
(⋆) = γ Es′∼P (·|s,π̄κ(s))

[
V π⋆

(s′)− V π̄κ(s′)
]
≤ γ

∥∥V π⋆

− V π̄κ
∥∥
∞,

where the equality is the standard Q-difference identity and the inequality uses V π⋆

(s′) ≥ V π̄κ(s′) pointwise (since π⋆ is
optimal). Combining,

V π⋆

(s)− V π̄κ(s) ≤ 2ϵ+ γ
∥∥V π⋆

− V π̄κ
∥∥
∞.
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Taking sup over s gives ∥V π⋆ − V π̄κ∥∞ ≤ 2ϵ/(1− γ), and therefore

V π⋆

(µ)− V π̄κ(µ) ≤
∥∥V π⋆

− V π̄κ
∥∥
∞ ≤

2ϵ

1− γ
=

2nclocρ
κ+1

1− γ
.

Since π⋆
κ = argmaxπ∈Πκ

V π(µ) and π̄κ ∈ Πκ, we have V π⋆
κ(µ) ≥ V π̄κ(µ), completing the proof.

C.4. Proof of the decentralization gap

Proof of Proposition 3.4. The argument has the same structure as Proposition 3.2: truncation followed by one-step
approximate-greedification. The new ingredient is that the comparator π̄⋆

κ is per-agent optimal on the population MDPs
{Mi,κ,µ̄}i rather than the joint Πκ-optimum. We use Corollary C.3 to relate the global value of policies in Πκ to per-agent
population values, this is where Assumption 3.3 enters.

Truncation: Set ϵ := nclocρ
κ+1. Apply Lemma C.1 to π⋆

κ ∈ Πκ ⊆ Πstat at radius κ: there exist truncated functions Q̃π⋆
κ

i,κ

such that ∥Qπ⋆
κ − Q̃π⋆

κ∥∞ ≤ ϵ, where Q̃π⋆
κ(s, a) :=

∑
i Q̃

π⋆
κ

i,κ(sNκ
i
, aNκ

i
).

Global value of π̄⋆
κ and π⋆

κ via per-agent population MDPs: By Corollary C.3 applied to π̄⋆
κ ∈ Πκ (and using Assumption 3.3,

since π̄⋆
κ is one of the policies covered by Assumption 3.3), the global value of π̄⋆

κ is approximated by the sum of its
per-agent population-MDP values:

∣∣∣V π̄⋆
κ(µ)−

n∑
i=1

V
π̄⋆
i,κ

i,κ,µ̄(µi)
∣∣∣ ≤ nclocρ

κ+1

1− γ
+

2nRmax τ

(1− γ)2
.

The same bound applies to π⋆
κ (also covered by Assumption 3.3): writing each π⋆

κ,i for the i-th component of the joint
optimum, ∣∣∣V π⋆

κ(µ)−
n∑

i=1

V
π⋆
κ,i

i,κ,µ̄(µi)
∣∣∣ ≤ nclocρ

κ+1

1− γ
+

2nRmax τ

(1− γ)2
.

Per-agent optimality of π̄⋆
i,κ: By definition, π̄⋆

i,κ is the optimal policy inMi,κ,µ̄, so

V
π⋆
κ,i

i,κ,µ̄(µi) ≤ V
π̄⋆
i,κ

i,κ,µ̄(µi), ∀i.

Summing over agents,
n∑

i=1

V
π⋆
κ,i

i,κ,µ̄(µi) ≤
n∑

i=1

V
π̄⋆
i,κ

i,κ,µ̄(µi).

Combining the bounds from Steps 2 and 3,

V π⋆
κ(µ)− V π̄⋆

κ(µ) ≤
∑
i

V
π⋆
κ,i

i,κ,µ̄(µi) +
nclocρ

κ+1

1− γ
+

2nRmax τ

(1− γ)2

−
(∑

i

V
π̄⋆
i,κ

i,κ,µ̄(µi)−
nclocρ

κ+1

1− γ
− 2nRmax τ

(1− γ)2

)
≤

(∑
i

V
π⋆
κ,i

i,κ,µ̄(µi)−
∑
i

V
π̄⋆
i,κ

i,κ,µ̄(µi)
)

︸ ︷︷ ︸
≤0 by Step 3

+
2nclocρ

κ+1

1− γ
+

4nRmax τ

(1− γ)2

≤ 2nclocρ
κ+1

1− γ
+

4nRmax τ

(1− γ)2
.
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C.5. Bellman-consistent pessimistic estimation on the per-agent population MDP

For each agent i and radius κ, the projected federated data define an empirical version of the per-agent population MDP
Mi,κ,µ̄. Specifically, the empirical model (r̂κi , P̂

κ
i ) from Sec. 3 is an unbiased count-based estimator of (rκi,µ̄, P

κ
i,µ̄), since

the data are sampled from the joint behavior policy and conditional on (xt, ai,t) the neighbor profile a
(1)
−i,t is distributed

according to ν̄i by definition of conditional expectation.

Applying the Bellman-consistent pessimistic offline RL guarantee of (Xie et al., 2021) to each per-agent problem on
Mi,κ,µ̄ with the tabular function class Fκ

i , the localized Bellman-consistent coefficient C⋆
κ,BE from Definition 3.5, and the

single-policy comparator π̄⋆
i,κ, gives, with probability at least 1− δ/n,

V
π̄⋆
i,κ

i,κ,µ̄(µi)− V
π̂i,κ

i,κ,µ̄(µi) ≤ C1

√
C⋆

κ,BE |X κ
i | |Ai| log(n/δ)

(1− γ)3 Ni,κ
,

where C1 is an absolute constant. The single-agent counterpart of this bound, under asynchronous data collection with single
policy concentrability, is treated in Yan et al. (2023). Union-bounding over agents and using |X κ

i | ≤ Sκ, |Ai| ≤ Amax,
Ni,κ ≥ Nκ gives

n∑
i=1

(
V

π̄⋆
i,κ

i,κ,µ̄(µi)− V
π̂i,κ

i,κ,µ̄(µi)
)
≤ C1 n

√
C⋆

κ,BE Sκ Amax log(n/δ)

(1− γ)3 Nκ
. (3)

Local-to-global passage. It remains to relate the LHS of (3), which is in terms of per-agent population values, to the
global value gap V π̄⋆

κ(µ)− V π̂κ(µ). Both π̄⋆
κ and π̂κ are covered by Assumption 3.3, so by Corollary C.3,∣∣∣V π̄⋆

κ(µ)−
∑
i

V
π̄⋆
i,κ

i,κ,µ̄(µi)
∣∣∣ ≤ nclocρ

κ+1

1− γ
+

2nRmax τ

(1− γ)2
,

∣∣∣V π̂κ(µ)−
∑
i

V
π̂i,κ

i,κ,µ̄(µi)
∣∣∣ ≤ nclocρ

κ+1

1− γ
+

2nRmax τ

(1− γ)2
.

Combining with (3),

V π̄⋆
κ(µ)− V π̂κ(µ) ≤ 2nclocρ

κ+1

1− γ
+

4nRmax τ

(1− γ)2
+ C1 n

√
C⋆

κ,BE Sκ Amax log(n/δ)

(1− γ)3 Nκ
.

Adding the localization gap (Proposition 3.2, ≤ 2nclocρ
κ+1/(1 − γ)), the decentralization gap (Proposition 3.4, ≤

2nclocρ
κ+1/(1− γ) + 4nRmaxτ/(1− γ)2), and the per-agent estimation bound combined with the local-to-global passage

above yields

V π⋆

(µ)− V π̂κ(µ) ≤ 6nclocρ
κ+1

1− γ
+

8nRmax τ

(1− γ)2
+ C1 n

√
C⋆

κ,BE Sκ Amax log(n/δ)

(1− γ)3 Nκ
,

matching the bound stated in Theorem 3.6.

C.6. Federated effective count and on-policy aggregation

Federation modifies only the estimation term of Theorem 3.6. The effect on the federated coefficient C⋆
κ,BE,fed relative to its

single-client counterpart is described in Sec. 4.2; we record the explicit single-client effective count for comparison,

N single
i,κ = N

(owner(i))
i,κ 1[owner(i) ∈ Rκ

i ],

versus the federated N fed
i,κ =

∑
k∈Rκ

i
Nκ

k,i. The variance reduction N fed
i,κ ≥ N single

i,κ is the unconditional benefit of federation.
On top of this, in non-IID regimes heterogeneous clients can also expand the support of d̄fedi,κ and thereby shrink C⋆

κ,BE,fed.

On-policy aggregation. Theorem 3.6 gives a worst-case error bound, while the algorithm aggregates per-state values
using the candidate policy’s on-policy stationary distribution. The uniform bound dominates any expectation over local
states, including the expectation under the candidate policy’s induced distribution, so the guarantee remains compatible with
on-policy aggregation.
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D. Additional Details for F-GLOFF
This appendix gives implementation details for F-GLOFF.

Algorithm variants. The reference method aggregates projected statistics over all clients in Rκ
i and ranks candidates

using on-policy aggregation under dπθ . We compare against the following variants:

• Single-client. Uses only {owner(i)} ∩ Rκ
i and falls back to a conservative default when the owner is not observability-

valid.

• Non-localized observability respecting. Uses a global summary and admits a client only if it observes the required
global information.

• Raw-pooled. Ignores observability and serves as a centralized oracle rather than a valid federated method.

Restricted policy class. F-GLOFF uses the four-parameter softmax policy class of Sec. 5 rather than a fully tabular policy
with |X κ

i |(|Ai| − 1) parameters per agent. The restriction acts as an implicit regularizer that improves stability under offline
optimization with sparse coverage. The resulting finite grid Θ is task-specific; we make no claim of universal optimality.

Pessimistic Bellman backup. For a fixed candidate θ, write πθ = πi,θ. The pessimistic Bellman operator on the per-agent
population MDPMi,κ,µ̄ uses the empirical model (P̂κ

i , r̂
κ
i,pess) on supported cells and routes the unsupported-action mass

to a self-loop with reward −bmax:

(TθV )(x) =
∑

a:Nκ
i (x,a)≥1

πθ(a | x)

[
r̂κi,pess(x, a) + γ

∑
x′

P̂κ
i (x

′ | x, a)V (x′)

]

+

1−
∑

a:Nκ
i (x,a)≥1

πθ(a | x)

 (−bmax + γV (x)) .

F-GLOFF iterates Tθ for H steps from V0 ≡ 0 to obtain V θ,H
i .

On-policy aggregation and OOS. The empirical policy-induced kernel under πθ is

P̂πθ
i (x′ | x) =

∑
a

πθ(a | x)P̂κ
i (x

′ | x, a),

with unsupported action mass routed to the fallback self-loop as above. For numerical stability, the kernel is mixed with a
small uniform component,

P̂ε = (1− ε)P̂πθ
i + ε/|X κ

i |,

and dπθ is approximated by power iteration on P̂ε. The candidate score V lb
i (θ) from Sec. 5 uses this approximation.

The deployment time OOS diagnostic of Sec. 4.3 admits the per-agent estimator

ÔOSi(θ) =
∑
x

dπθ (x)
∑

a:Nκ
i (x,a)<nmin

πθ(a | x).

D.1. Inter-agent coordination and the decentralization gap

F-GLOFF selects θ̂i = argmaxθ∈Θ V lb
i (θ) independently for each agent and deploys π̂κ =

⊗
i πi,θ̂i

, with population level
comparator π̄⋆

κ =
⊗

i π̄
⋆
i,κ ∈ Πκ. The decentralization gap between π⋆

κ and π̄⋆
κ is bounded by Proposition 3.4.

The restricted class Θ adds a further in-class approximation when π̄⋆
i,κ is not exactly representable; we fold this into the

per-agent offline-RL bound inMi,κ,µ̄ alongside the pessimism penalty, following the policy-class restriction handling
of (Xie et al., 2021).
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Table 2. Default configuration parameters.

Parameter Value Parameter Value

UEs n 16 APs M 12
Area L× L 100× 100 Range R 32
Arrival rates λi Unif[0.10, 0.30] AP service rates ηy Unif[0.60, 0.95]
Deadline d 2 Clients K 4
Default halo radius 60 Data budgets {500, 1000, 2000, 5000}
Reference budget 5000 slots/client Discount γ 0.95
OPE horizon H 50 Power steps Td 50
Mixing ε 0.01 Load cap ℓmax 2
Policy candidates |Θ| 108 Evaluation rollout 2000 slots
Seeds {0, 1, 2, 3}

In our setup all four logging policies are radius-0 factorized, so ν̄i is a product distribution and Assumption 3.3 holds with
small τ . Empirically, additional best-response rounds did not change selected policies, consistent with the small-τ regime in
which the locality term of Proposition 3.4 dominates. In denser networks or under more aggressive comparator policies,
the decentralization gap can become significant through both the locality term (less geometric decay at finite κ) and the
near-neighbor shift term (τ no longer small), and best response iteration is the principled remedy.

Computational complexity and choice of radius. For a fixed agent and candidate, the Bellman backup costs
O(H|X κ

i ||Ai|) in supported cells with sparse transitions. Power iteration costs O(Td|X κ
i |2) in the dense case and less with

sparse kernels. Across agents and candidates, the total cost is approximately

O
(
n|Θ|

[
H|X κ

i ||Ai|+ Td|X κ
i |2

])
.

The radius κ is the main complexity driver. Larger radii reduce localization bias but enlarge X κ
i , reduce per-cell support,

and increase OOS risk.

E. Additional Details for the Wireless Instantiation
This appendix supplements Sec. 6 with the experimental specification: task choice rationale, queue and arrival mechanics,
the configuration table, logging policies, client partitioning, baselines, and reported metrics.

Task choice. We instantiate F-GLOFF on the multi-AP user association rather than single-channel distributed channel
access. The multi-AP association has a sparse interaction structure because UEs with disjoint access sets do not interact,
while UEs with overlapping access sets contend through shared APs. The Single-channel DCA places all transmitters in one
collision domain and does not provide a meaningful sparse graph. Topologies that produce a UE with an empty access set
are regenerated; AP service probabilities ηy and UE arrival rates λi are sampled from the uniform ranges in Table 2.

Arrival and queue mechanics. We specify the arrival and queue model used in the simulator. In each slot, UE i receives
a new packet with probability λi (Bernoulli arrivals); the packet is inserted at the maximum deadline and is dropped if the
corresponding queue slot is full. At the end of each slot, all packet deadlines decrement by one and any packet at deadline
zero is discarded. The queue state qi ∈ {0, 1, . . . , 2d − 1} encodes the d-slot deadline buffer as a binary tuple of length d.
The system reward in a slot is the total number of successful transmissions. This formulation follows the standard model of
deadline-constrained wireless scheduling (Hou & Kumar, 2010; Jaramillo et al., 2011).

Default configuration. Table 2 summarizes the reference configuration. The total arrival rate is approximately
∑

i λi ≈ 3.3
packets per slot, below the aggregate service capacity but high enough for AP contention to become a bottleneck.

Logging, clients, and baselines. Offline data are generated by four rule-based policies. The uniform policy samples
uniformly from {⊥}∪Yi. The best q policy chooses the accessible AP with the largest service probability. The round robin
policy cycles through accessible APs and defers when the queue is empty. The defer heavy policy defers with probability
1/2 and otherwise samples uniformly from Yi.
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Figure 3. Federation diagnostics. Left panel shows the client count sweep. Right panel compares IID and non-IID logging.

In IID logging, each client uses a rotated mixture of the four behaviors across its UEs. In non-IID logging, client k uses a
single behavior for all owned UEs. The default K = 4 clients are formed by balanced spatial k-means clustering. Client k
observes its owned UEs and all UEs within halo distance h of any owned UE.

The baselines comprise the four engineered policies, the behavior mixture that generated the logs, a non-localized
observability-respecting variant, and a non-localized raw-pooled oracle (which ignores the no-raw-sharing and observability
constraints).

Metrics. The headline metric is average system reward r̄ = E[
∑

i ri(t)]. Delivery efficiency is expected deliveries divided
by expected arrivals.

F. Additional Results and Ablations
Data budget sweep. Two interpretations follow directly from the data budget sweep of Sec. 7. First, the κ = 0 curve is
essentially flat (2.38 across all four budgets), indicating a bias-limited regime in which additional samples cannot recover
the locality bias. Second, κ = 2 remains more data-hungry than κ = 1 throughout the sweep (κ = 1 leads by 0.08–0.12
in reward at every budget), because its larger local context space spreads samples across more cells and slows per-cell
convergence.

F.1. Client count and non-IID logging

Figure 3 reports additional federation diagnostics. The left panel shows the client-count sweep, and the right panel compares
IID and non-IID logging. In the client count sweep with K ∈ {2, 4, 8} and halo h(K) = 1.2L/

√
K, the benefit of federation

grows with K at κ = 1: as clients own smaller regions, single client local coverage weakens and aggregation over Rκ
i

becomes more important. At K = 8, κ = 2 becomes geometrically limited because the scaled halo is often too small to
cover two-hop neighborhoods. Under non-IID logging, federated F-GLOFF remains stable across regimes while single
client OOS rises because each owner observes a narrower behavior distribution, which supports the coverage-mixture role of
federation.
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