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Abstract—Federated learning (FL) in multi-service provider
(SP) ecosystems is fundamentally hampered by non-cooperative
dynamics, where privacy constraints and competing interests pre-
clude the centralized optimization of multi-SP communication and
computation resources. In this paper, we introduce PAC-MCoFL,
a game-theoretic multi-agent reinforcement learning (MARL)
framework where SPs act as agents to jointly optimize client as-
signment, adaptive quantization, and resource allocation. Within
the framework, we integrate Pareto Actor-Critic (PAC) principles
with expectile regression, enabling agents to conjecture optimal
joint policies to achieve Pareto-optimal equilibria while modeling
heterogeneous risk profiles. To manage the high-dimensional ac-
tion space, we devise a ternary Cartesian decomposition (TCAD)
mechanism that facilitates fine-grained control. Further, we de-
velop PAC-MCoFL-p, a scalable variant featuring a parameter-
ized conjecture generator that substantially reduces computational
complexity with a provably bounded error. Alongside theoretical
convergence guarantees, our framework’s superiority is validated
through extensive simulations – PAC-MCoFL achieves approxi-
mately 5.8% and 4.2% improvements in total reward and hy-
pervolume indicator (HVI), respectively, over the latest MARL
solutions. The results also demonstrate that our method can more
effectively balance individual SP and system performance in scaled
deployments and under diverse data heterogeneity.

Index Terms—Federated learning, multi-agent reinforcement
learning, Pareto actor-critic, communication and computation co-
optimization.
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I. INTRODUCTION

W ITH the rapid proliferation of smart devices, federated
learning (FL) has emerged due to its privacy-friendly

nature to facilitate distributed learning. Beyond the well-studied
scenario of a single service provider (SP) orchestrating FL [1],
the burgeoning complexity of client-side applications necessi-
tates a multi-provider ecosystem. Real-world scenarios include
Apple’s private cloud compute (PCC) [2], where multiple third-
party services (via PCC encrypted proxies) interact with a shared
pool of end-user devices. Compared with a single SP, this multi-
SP setting, where SPs share finite communication and compu-
tational resources [3], introduces significant new challenges.
Particularly, due to stringent privacy and competitiveness im-
peratives, there naturally emerges an inherent reluctance among
SPs to share model details and co-optimization strategies. This
reluctance becomes more pronounced for sharing the quality
of service (QoS) metrics and operational trade-offs, precluding
fully cooperative optimization. Under such partially observable
environment, where only limited metadata on resource coordina-
tion is shared via third-party, regulatory-compliant channels [4],
there emerges a strong incentive to develop non-cooperative
solutions.

Typically, the communication and computation co-
optimization in FL shall simultaneously take into account
client selection, resource allocation, and the dynamically
changing network environment [5]. The high dimensionality
of the decision space, coupled with complex inter-variable
dependencies, renders this multi-objective problem intractable
for conventional optimization solvers [6]. In this regard, deep
reinforcement learning (DRL), which learns optimal policies
without prior statistical knowledge, offers a promising avenue
to devise adaptive strategies. Recent advances in DRL-based
optimization have demonstrated its potential in various facets
of FL, including client selection [7], hyperparameter adaptive
tuning [8], bandwidth partitioning [9], power management [10],
and energy consumption scheduling [11]. Nevertheless, these
studies predominantly assume a single SP and cannot be
straightforwardly extended to a multi-SP scenario, due to the
non-cooperative nature [12].

Multi-agent reinforcement learning (MARL) offers a promis-
ing framework to address the intricate co-optimization problem
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therein [13], [14], [15]. However, classical MARL algorithms
overlook the impact of joint actions and often promote individual
actions lacking synergy in early training stages [16]. Further-
more, value function estimation under the mean squared error
criterion implicitly assumes symmetric risk preferences [17],
and fails to capture the asymmetric risk attitudes commonly
exhibited by SPs (e.g. conservative versus aggressive policy).
Consequently, games in MARL may converge to a risk-averse
equilibrium rather than a Pareto-optimal one [18], yielding
suboptimal resource allocation, degraded service quality, and
inefficient global resource utilization. The Pareto actor-critic
(PAC) framework [19] lays the groundwork for addressing equi-
librium selection in MARL systems, yet its practical application
to multi-SP FL is severely limited by its reliance on computa-
tionally prohibitive brute-force policy conjectures and restrictive
single-dimensional action control.

In this paper, we propose a PAC-based communication and
computation co-optimization scheme PAC-MCoFL for non-
cooperative multi-SP FL services. PAC-MCoFL treats each
FL SP as a PAC agent, which autonomously determines its
operational policy and resource allocation (encompassing quan-
tization levels, aggregation strategies, computational resource
assignments, and bandwidth allocation) based on environmental
observations and inferred actions of other agents. Unlike classi-
cal PAC implementations [19], we first develop a critic network
grounded in expectile regression to capture heterogeneous risk
preferences among SPs, enabling a more granular and realistic
characterization of SPs. Meanwhile, a ternary Cartesian action
decomposition (TCAD) mechanism is introduced to facilitate
fine-grained, multi-dimensional control over SP operations. Fur-
thermore, we introduce PAC-MCoFL-p, a variant of PAC-
MCoFL, by replacing the computationally intensive brute-force
conjecture of joint actions with a neural generator. This generator
can be seamlessly integrated into PAC-MCoFL through end-to-
end training, achieving comparable performance with provably
bounded approximate error. In brief, the main contributions of
this research can be summarized as follows.
� We proposePAC-MCoFL, a framework that enables decen-

tralized communication and computation co-optimization
in partially observable, non-cooperative multi-SP FL sys-
tems. PAC-MCoFL adaptively optimizes operational poli-
cies and resource allocation, leveraging game-theoretic
principles to conjecture actions from other agents, thereby
mitigating convergence to suboptimal equilibria. It incor-
porates two key mechanisms: (i) an expectile regression-
based critic for capturing asymmetric risk profiles among
SPs, and (ii) a TCAD mechanism for fine-grained multi-
dimensional action space navigation.

� We develop PAC-MCoFL-p to overcome the scalability
bottleneck of exhaustive action conjecture inPAC-MCoFL.
This practical variant features a parameterized conjecture
generator that substantially reduces computational com-
plexity, making the solution feasible for large-scale multi-
SP scenarios. We formally establish that this approximation
has a provably bounded error, ensuring its reliability.

� We provide a theoretical analysis of PAC-MCoFL, focus-
ing on the convergence property of Q-function. Extensive

simulations have validated the superiority and robustness
of our proposed algorithm.

The remainder of this paper is organized as follows. Section II
summarizes relevant literature. Section III introduces the system
model and formulates the problem. Section IV presents the
PAC-MCoFL algorithm, while Section V provides simulation
results and analyses to highlight the significance of our method.
Finally, Section VI concludes the paper.

II. RELATED WORKS

Efficient FL with Single SP: Improving communication and
computation efficiency in FL has received significant attention.
Approaches like AdaQuantFL [24] and FedDQ [25] dynamically
adjust quantization levels to balance communication cost and
convergence. FedDrop [26] applies heterogeneous dropout to
prune global models into personalized subnets, reducing both
communication and computation loads. Moreover, FedEco [20]
employs adaptive hyperparameter tuning to better exploit client-
side computing resources, significantly lowering energy con-
sumption across participating devices. However, these static or
heuristic-based methods often fail to adapt to the dynamic and
heterogeneous nature of real-world FL environments. To over-
come this, recent works have applied DRL to resource optimiza-
tion in wireless systems like mobile edge computing (MEC) and
internet of vehicles (IoV) [27], [28]. For example, [29] uses a soft
actor-critic (SAC) framework for context-aware power control in
IoV-MEC scenarios, while [30] adopts a double deepQ-network
(DDQN)-based approach to jointly optimize energy, latency, and
communication overheads. Within the FL domain, [9] employs
REINFORCE to automate client selection and bandwidth al-
location strategies based on historical feedback, reducing la-
tency and energy while enhancing long-term FL performance.
Similarly, a proximal policy optimization (PPO)-based scheme
in [8] dynamically adjusts the quantization interval during global
model distribution, accelerating convergence and improving
accuracy.

Efficient FL with multi-SP: FL involving multiple SPs
presents additional complexity due to the heterogeneous con-
figurations, competing interests, and the inherent asymmetry
risks of SPs [12], [22], [23]. These challenges necessitate adap-
tive and decentralized coordination schemes for efficient FL
across SPs. To address client heterogeneity, [23] proposes a
multi-core FL architecture where multiple global models —
ranging from shallow to deep — are concurrently trained, with
task inter-dependencies explicitly modeled. Resource allocation
strategies among SPs have also been explored. Centralized [22]
and distributed [12] optimization methods are proposed to al-
locate bandwidth and CPU power. However, most of these
approaches overlook practical power constraints. Under limited
power budgets, [21] frames the joint optimization of client
selection and bandwidth allocation as a novel variant of the
knapsack problem [31] to accelerate multiple FL models’ train-
ing in wireless networks. Game-theoretic models have also been
applied to capture the strategic behavior of SPs. Ref. [32] designs
a multi-leader-follower game for multi-task FL, establishing
equilibrium between SPs and clients. A two-stage Stackelberg
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TABLE I
THE SUMMARY OF DIFFERENCES WITH RELATED LITERATURE

game in [33] co-optimizes client selection and resource allo-
cation, improving cluster efficiency while reducing FL costs.
Despite these advancements, the majority of existing studies
have largely downplayed the significance of non-cooperative
game dynamics among multiple SPs.

Equilibrium Games: Nash equilibrium (NE) represents a
milestone in multi-agent stochastic games [34]. Over decades,
MARL has emerged as a powerful approach for dynamically
identifying NE equilibria in complex, multi-agent settings, ef-
fectively bridging classical game theory with modern com-
putational techniques [35], [36], [37]. In friend-and-foe Q-
learning [35], an agent r assumes that its “friend agent”, −r,
voluntarily selects actions that maximize r’s joint Q-value.
Conversely, foe Q-learning is used in adversarial settings [35],
where each agent seeks to minimize the opponent’s expected
return. Ref. [36] subtracts a counterfactual baseline from Q
function to highlight the individual’s effect, facilitating ratio-
nal independent reward allocation in multi-agent games. The
Shapley value method is applied in [37], within the context of
global reward games, to address the inaccurate allocation of
contributions. On the basis of NE, many studies seek to find the
Pareto optimal equilibrium for every agent involved [16], [19].
Ref. [16] connects the multiple gradient descent algorithm to the
MARL, leading to strong Pareto optimal solutions. Recently, the
PAC algorithm [19], which operates within a non-conflict game
framework, assumes multi-agent interactions in an “optimistic”
manner and ensures that all agents converge toward Pareto
optimal equilibria.

We summarize the key differences between our algorithm and
highly related literature in Table I.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In Section III-A, we describe the FL process and sequentially
present the models of quantization, delay, and energy consump-
tion. Subsequently, in Section III-B, we introduce the optimiza-
tion problem, which aims to minimize network overhead while
ensuring the convergence of FL training.

TABLE II
NOTATIONS MAINLY USED IN THIS PAPER

Beforehand, major notations in the paper are summarized in
Table II.

A. System Model

1) FL Process: We primarily consider an FL scenario on
shared network resources, as illustrated in Fig. 1, which
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Fig. 1. A system overview of non-cooperative FL services with multiple SPs.

comprises a group of SPs R = {1, . . . , r, . . . , R} with an as-
sociated set of clients N = {1, . . . , i, . . . , N}. Specifically, the
server at each SP r is responsible for training a specific service
model, while clients leverage their private data to provide local
training, benefiting the learning of these models corresponding
to different SPs. Without loss of generality, the local dataset at
client i associated with service r is denoted asDi,r. Each sample
ξ ∈ Di,r consists of the feature set and its corresponding label.
Thus, the local loss function for each client i can be defined as

Li,r (ω) =
1

|Di,r|
∑

ξ∈Di,r

l (ω; ξ), (1)

where the function l(ω; ξ) measures the difference between
predicted and true values based on the parameters ω =
[ω1, . . . , ωd, . . . , ω|ω|] and the sampled data ξ. Correspondingly,
the global minimization problem for service r can be defined
as minimizing the aggregation of multiple local loss functions,
namely,

ω∗ = argmin
ω
Lr (ω) = argmin

ω

N∑
i=1

κi,rLi,r (ω), (2)

Typically, the aggregation weight κi,r = |Di,r|
/∑N

i=1 |Di,r|.
Considering the t-th global training round for service r,

where the global model in (2) is represented as ωr,t, the server
distributes the model ωr,t to selected clients, who then perform
ι steps’ stochastic gradient descent (SGD)-based local updates
to complete one full round of training. Mathematically, the local
update method can be expressed as

ω
(k)
i,r,t = ω

(k−1)
i,r,t − ηk∇̃Li,r

(
ω

(k−1)
i,r,t

)
, (3)

where k ∈ {1, . . . , ι}, ηk denotes a k-relevant learning rate,
∇̃Li,r(·) represents the stochastic gradient of the local loss

function and ω
(0)
i,r,t = ωr,t. After performing ι local updates,

the client acquires a new model and uploads the quantiza-
tion Ψ(ω

(ι)
i,r,t) of corresponding parameters ω(ι)

i,r,t to designated
servers. On the server side, consistent with [38], these parameters
uploaded by selected clients will be aggregated as

ωr,t+1 =

N∑
i=1

κi,rΨ
(
ω

(ι)
i,r,t

)
. (4)

The client uploads the model before compressing it according
to the quantization policy Ψ(·) specified by the server. Notably,

servers at different SPs can also calibrate suitable aggregation
strategies, such as client selection, alongside effective resource
allocation techniques, which will be discussed as follows.

2) Quantization Process: Following [39], we reduce the size
of data flow by statistically quantizing elements of model pa-
rameters ω into some discrete levels, with its d-th element’s
maximum-q-level quantization expressed as

Ψq (ωd) = ‖ω‖p · sgn(ωd) · Ξq (ωd, q) , (5)

where ‖ · ‖p represents the p-norm, sgn(·) denotes the sign
function, and Ξq(ωd, q) is a random mapping defined as

Ξq (ωd, q) =

{
u/q, ε ≤ 1− P

(
|ωd|
‖ω‖p

, q
)

(u+ 1) /q, otherwise
(6)

Here, ε denotes the probabilistic output of a uniformly dis-
tributed random variable. P (e, q) = eq − u, 0 ≤ e ≤ 1, where
u is any integer satisfying u ∈ [0, q) and u

q ≤ |ωd|
‖ω‖p ≤ u+1

q [39].

Attributed to the value quantized by �log2 q�+ 1 bits per el-
ement (including a one-bit sign), as well as a 32-bit gradient
norm, the communication overheads for a |ω|-length quantized
parameter vector that client i needs to upload for service r during
the t-th round is reduced from the original 32|ω|1 to

voli,r,t = |ω| (�log2 qi,r,t�+ 1) + 32, (7)

where qi,r,t is the quantization level chosen by client i of the
service r in the t-th round. Therefore, the total communication
overheads for a single service is volr,t =

∑
i∈N voli,r,t.

3) Communication Latency and Energy Consumption: In
wireless network scenarios, FL training latency and total energy
consumption primarily arise during computation and transmis-
sion of local model updates. The computational energy con-
sumption for client i [20] during the t-th round training for
service r can be expressed as

Ecmp
i,r,t = μici,r|Di,r|f2i,r,t, (8)

where μi is the effective capacitance constant determined by
the chip architecture, fi,r,t denotes the CPU cycle frequency of
client i in the t-th round, and ci,r represents the number of CPU
cycles required to execute one sample for service r on client
i. Concurrently, the incurred local computation latency can be
written as

T cmp
i,r,t = ci,r|Di,r|/fi,r,t. (9)

On the other hand, in the model parameter transmission
phase, we consider frequency-division multiple access (FDMA)
technology for communication between clients and SPs. Based
on the Shannon formula, the transmission rate of client i can be
denoted as

vi,r,t = Bi,r,t log2

(
1 +

gi,tpi,t
Bi,r,tN0

)
, (10)

whereBi,r,t represent the service r-related bandwidth allocated
to client i in the t-th global training round, gi,t and pi,t denote

1Each pre-quantization parameter ωd is represented as 32-bit floating-point
numbers, consistent with standard deep learning frameworks.
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the channel gain and transmission power corresponding to client
i, respectively, and N0 is the single-sided white noise power
spectral density. Therefore, the communication latency and
transmission energy consumption of client i can be calculated
as

T com
i,r,t =

voli,r,t
vi,r,t

, (11)

Ecom
i,r,t = T com

i,r,t pi,t =
voli,r,tpi,t
vi,r,t

. (12)

In summary, the total energy consumption and total latency
of service r in the t-th round are expressed as follows

Etotal
r,t =

∑
i∈N

(
Ecom

i,r,t + Ecmp
i,r,t

)
, (13a)

T total
r,t = max

i∈N

(
T cmp
i,r,t + T com

i,r,t

)
. (13b)

B. Problem Formulation

Based on the communication and computation models above,
each SP r independently aims to maximize its FL performance
by optimizing client selection nr,t, quantization qr,t, and re-
source allocation (Br,t =

∑
i∈N Bi,r,t, fr,t ), balancing model

accuracy, communication efficiency, and energy consumption
over a finite horizon. This objective is formalized for each SP as

min
f ,n,q,B

T−1∑
t=0

γtΥ
(
Lr(ωr,t), volr,t, E

total
r,t , T total

r,t

)
s.t. C1 Etotal

r,t ≤ Emax
r , T total

r,t ≤ Tmax
r , ∀t, r

C2 nr,t ∈ [1, N ], ∀t, r

C3 fmin ≤ fr,t ≤ fmax, ∀t, r

C4 Bmin ≤
∑
r

Br,t ≤ Bmax, ∀t

C5 qr,t ∈ [qmin, qmax], ∀t, r (14)

Here, γ denotes a discount factor while the monotonically
decreasing function Υ(Lr(ωr,t), volr,t, E

total
r,t , T total

r,t ) weights
the components therein, whose exact format will be discussed
subsequently. Constraints C1, C3, and C4 impose limits on
per-service energy consumption Emax

r , total latency Tmax
r ,

computing capabilities [fmin, fmax], and the overall bandwidth
budget [Bmin, Bmax] respectively, while C2 and C5 define the
permissible ranges for client selection and quantization level.
Implicitly, the shared constraint like C4 underscores the inher-
ent non-cooperative competition among SPs, where each seeks
to maximize its individual resource acquisition for superior per-
formance. Consequently, the systemic objective is to judiciously
balance individual service quality with the achievement of a
global equilibrium.

We reformulate (14) as a Markov decision process (MDP) for
iterative optimization. To resolve the non-cooperative dynam-
ics and achieve a robust system-wide equilibrium, we propose
a game-theoretic Pareto actor-critic framework with expectile
regression. This approach enables each SP to independently

Fig. 2. The MDP diagram for a single FL service provider.

learn its optimal policy by conjecturing the joint policies of
others, and accounting for heterogeneous risk preferences via
expectile regression, ultimately guiding the system towards a
global Pareto-optimal equilibrium.

IV. PAC-MCoFL FOR COMMUNICATION AND COMPUTATION

CO-OPTIMIZATION

A. Markov Decision Process

We formulate the communication and computation co-
optimization problem for FL with multi-SP as a sequential
decision-making problem, modeled as an MDP. This MDP is
represented by a quintuple (O,A, rwd,Λ, γ), where O and A
denotes the observation and action space, while rwd is the reward
function, obtained by mapping the current time state and action
to a reward value. Λ indicates the state transition probability
function, which captures the dynamics of the environment, and
γ is a discount factor. The specific definitions of the observation,
action, and reward are as follows.
� Observation Space: As shown in Fig. 2, we use the ter-

minology agent to denote the intelligent decision-maker
deployed at each SP. Consistent with the black solid line
in Fig. 2, the observation of agent r after the t-th FL round
can be represented as

or,t = {Zr,t(ω),Θr,t,Bt} , (15)

where Zr,t(ω) = {t, Lr(ωr,t),Γr,t, qr,t} records the
round time, loss, model accuracy and quantization level of
FL training, Θr,t = {T total

r,t , Etotal
r,t , volr,t} encompasses

the current FL model training status, and Bt = {Br,t}r∈R
represents the bandwidth allocation for all SPs. This setting
has practical significance. On one hand, since different
SPs often resist publicly disclosing the specific operational
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details, the first two elements, Θr,t and Zr,t, contain in-
ternally available information only. On the other hand, to
establish a game-theoretic relationship among agents in
MARL, we deem the bandwidth allocation information as
public information that can be acquired from the network
operator [4].

� Action Space: As shown by the brown dashed line in Fig. 2,
the action space, comprising all decision variables in (14),
can be written as

ar,t = {nr,t, fr,t, Br,t, qr,t} ∈ A, (16)

on which the underlying clients further determine their
behavior. Specifically, the bandwidthBr,t is assumed to be
equally allocated among the selected clients within each
service, and the CPU frequency fi,r,t and quantization
level qi,r,t for each client will fluctuate slightly under a
given action [25], [40], i.e., fi,r,t ∼ G(fr,t,Σf ), qi,r,t ∼
G(qr,t,Σs),G is the Gaussian distribution. In addition, we
denote at = [a1,t, . . . , aR,t], and we assume the actions
from other agents can be acquired from network operator
and participated clients.

� Reward Function: To match the objective function Υ in
(14), in line with the purple dotted line in Fig. 2, we define
the reward function as

rwdr,t = σ1Γr,t + σ2Φr,t(q)− σ3E
total
r,t − σ4T

total
r,t ,

(17)

where Γr,t denotes test accuracy, the weights σj , j ∈
{1, . . . , 4}, are positive constants, and the negative sign
transforms the minimization problem of latency and en-
ergy consumption into a reward maximization problem.
The reward function captures immediate performance met-
rics and actions. Through a single composite utility, the
QoS of an SP, one type of highly sensitive information,
has not been disclosed explicitly, reinforcing the non-
cooperative nature of the problem. Besides, an adversarial
factorΦ, which characterizes the quantization policy game
across SPs to compete for communication resources, is
defined as

Φr,t(q) =
nr,t qr,t

ε× volr,t +
∑

j∈R/{r} nj,t qj,t
, (18)

where ε is a constant. Although FL convergence is in-
herently dependent on sequential state transitions, the
discounted cumulative reward can propagate long-term
dependencies via value function updates, enabling a
tractable approximation for real-time co-optimization. No-
tably, when each agent makes the decision, it does not
know the action concurrently taken by other agents. Af-
ter each agent finally executes a determined action, the
part

∑
j∈R/{r} nj,t qj,t can be known through the network

operator’s control plane, which is consistent with 3GPP-
defined network exposure functions [41]. The communi-
cation overhead for action sharing is negligible compared
to the transmission of FL model updates, as shown in
Appendix D-A, available online.

With this formulated MDP, each SP executes an action based
on its perceived environment, guided by a game-theoretic policy,
and subsequently receives a corresponding reward. We will next
discuss how to resort to the PAC algorithm to obtain a learned
policy πr parameterized by φ, which determines the action
ar,t based on certain observations and strives to maintain ser-
vice quality while minimizing communication and computation
costs.

B. Expectile Regression-Based PAC for Multi-SP Game With
Heterogeneous Risk Modeling

In this subsection, we present the algorithmic framework of
PAC-MCoFL. We first define the joint policy π = (πr, π−r)
where π−r represents the set of policies from all other agents
(denoted as −r). In addition, there is a finite time horizon
structure for RL in PAC-MCoFL. For each SP r, we denotes
the cumulative expected reward under joint policy π as

Jr(π) = Eor,0 [V
π
r (or,0)] = Eor,0

[
T−1∑
t=0

γtEπ [rwdr,t|or,0,π]
]
,

(19)
where V π

r is state value function of agent r under joint policy
π, and γ ∈ [0, 1) denotes the discount factor. Or equivalently,

Jr (π) =
∑
or,t

dπ(or,t) [V
π
r (or,t)], (20)

where dπ(o) is the transfer probability from initial observation
or,0 to observation o in the smooth distribution of the MDP under
π. Besides, the Q-function can be expressed as Qπ

r (or,t,at) =
rwdr,t(or,t,at) + γE[V π

r (or,t+1)].
A Pareto-optimal equilibrium [19] is a state where no agent

can enhance its expected return without reducing the expected
return of another agent. Drawing inspiration from the pris-
oner’s dilemma [42], if agents can coordinate effectively and
trust that neither will deviate from the equilibrium, the result-
ing joint policy not only maximizes the expected return for
an individual agent but also for all agents involved. In other
words, for agent r, if the other agents adhere π†

−r maximizing
Jr(πr, π−r) as

π†
−r = argmaxπ−r

Jr (πr, π−r) , (21)

it is feasible for the PAC-based agent to learn a policy πr
that maximises Jr(πr, π

†
−r). This process culminates in a joint

policyπ† = (πr, π
†
−r)which maximizes the cumulative rewards

of all agents and eventually replaces NE with Pareto optimal
equilibrium [19] as

πr = argmaxπr
Jr

(
πr, π

†
−r

)
. (22)

Therefore, the difficulty turns to be conjecturing a joint policy
π†
−r, which in practice, can be approximated by evaluating

all potential joint actions of the other agents (i.e. all a−r,t ∈
A−r,A−r =

⋃
j �=r Aj) on the joint Q-value and taking the

maximum operator, formally,

π†
−r = argmaxa−r,t

Qπ†

r (or,t, ar,t, a−r,t) . (23)
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In classic RL, the loss function for Q-function updates is de-
fined by the temporal difference (TD) error in (24) shown at the
bottom of this page. Nevertheless, considering heterogeneous
risk preferences among SPs, such as spanning conservative to
aggressive policies, we employ expectile regression [17] for
critic loss computation

M (τ)
r (π) � Ear,t,ar,t+1∼πr,a−r,t∼π−r

[
τ · δ2+ + (1− τ) · δ2−

]
,

(26)

where τ ∈ (0, 1) is adjustable expectile factor controlling sensi-
tivity to overestimation (τ < 0.5, aggressive) or underestimation
(τ > 0.5, conservative); δ+ and δ− denote the positive and
negative components of δ, respectively. By tuning τ , the critic
flexibly characterizes the differential risk preferences of SPs
toward policy decisions. Accordingly the critic is updated by

θr = θr − α∇θrM
(τ)
r (π), (27)

where α denotes the learning rate for updates. On the other
hand, to maximize the expected discounted cumulative reward,
the policy network can be updated by

φr = φr + ζ∇φr
Jr(π), (28)

where the policy gradient can be computed by taking the deriva-
tive of φ as shown in (25) at the bottom of this page with a learn-
ing rate ζ. As a side note, a baseline is commonly subtracted from
Jr(π) without altering the gradient computation but reducing
the bias of the gradient estimate [13], [43]. We can compute this
baseline through

∑
ar,t

πr(ar,t|or,t;φr)Qπ†
r (or,t, ar,t, a−r,t) to

avoid training an additional state value network.
Overall, compared to the existing architecture [13], [43],

PAC-MCoFL benefits from PAC, which conjectures other
agents’ policies, to facilitate the determination of co-
optimization strategies, including quantization levels, resource
allocation, and client assignment. Therefore, PAC-MCoFL has
the advantage of preventing the game from easily falling into
suboptimal solutions. In summary, the pseudocode for PAC-
MCoFL is summarized in the Algorithm 1.

C. TCAD for Dimension Reduction

The inherent complexity of multi-dimensional action spaces
in non-cooperative multi-SP FL poses significant challenges for
conventional MARL frameworks, due to the curse of dimen-
sionality [44]. Additionally, independent action selection often

result in coordination blindness, failing to capture critical inter-
dependencies [9]. Therefore, we propose TCAD, a hierarchical
action decomposition mechanism enabling efficient exploration
in high-dimensional spaces while preserving cross-variable de-
pendencies.

Let the hybrid action vector of SP r be defined as ar,t =
{nr,t, fr,t, Br,t, qr,t}. We establish a ternary projection opera-
tor TTCAD and the action space decomposition is formalized
through

TTCAD : ar,t → {ςm · ψm}4m=1, ψm = {−1, 0, 1} , (29)

wherem represents the dimensionality, ςm denotes the step-size
granularity, which is a pre-defined hyperparameter tailored to
each variable’s physical constraints (see Appendix C-C, avail-
able online for related hyperparameter evaluation). The discrete-
continuous hybrid update rules are unified as

a
′(m)
r,t+1 = ProjCm(a

′(m)
r,t + ψm · ςm), (30)

where ProjCm(·) denotes the projection operator enforcing do-
main constraints

Cm =

⎧⎪⎪⎨
⎪⎪⎩
{1, . . . , N} m = n[
fmin, fmax

]
m = f[

Bmin, Bmax
]

m = B
Z ∩

[
qmin, qmax

]
m = q

(31)

The Cartesian reconstruction A′ =
∏4

m=1 {−1, 0, 1} reduces

the joint action space cardinality from O(N · fmax−fmin

ςf
·

Bmax−Bmin

ςB
· qmax) to constant complexity, facilitating tractable

computation of (23) and enabling fine-grained multi-
dimensional control. The computational efficacy analysis of
TCAD can be found in Appendix C-B, available online.

D. Parameterized Conjecture Generator

The original conjecture mechanism in (23) requires exhaus-
tive search over opponents’ joint action space A−r, incur-
ring computational complexity of O(|A|R−1) for R SPs. To
overcome this combinatorial bottleneck, we introduce PAC-
MCoFL-p, a variant of PAC-MCoFL with an extra, ϕr-
parameterized generator Genϕr

(·) for policy conjecture.

Mr(π) � Ear,t,ar,t+1∼πr,a−r,t∼π−r

⎡
⎢⎢⎣
⎛
⎜⎜⎝rwdr,t + γmax

a−r,t

Qπ†

r (or,t+1, ar,t+1, a−r,t)−Qπ†

r (or,t, ar,t, a−r,t)︸ ︷︷ ︸
TD error term δ

⎞
⎟⎟⎠

2⎤⎥⎥⎦ (24)

∇φr
Jr (π) =

∑
or,t

dπ(or,t)
∑

ar,t,a−r,t

∇φr
π†(at | or,t)Qπ†

r (or,t, ar,t, a−r,t)

=
∑
or,t

dπ(or,t)
∑

ar,t,a−r,t

π†
−r (a−r,t | or,t, ar,t)∇φr

πr (ar,t | or,t)Qπ†

r (or,t, ar,t, a−r,t)

=
∑
or,t

dπ(or,t)
∑

ar,t,a−r,t

πr (ar,t | or,t)π†
−r (a−r,t | or,t, ar,t) · ∇φr

log πr (ar,t | or,t)Qπ†

r (or,t, ar,t, a−r,t) (25)
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Algorithm 1: Training Process of the PAC-MCoFL Algo-
rithm From the Perspective of Agent (i.e., SP) r.

Specifically, PAC-MCoFL-p directly produces optimal joint
actions of other agents through

π̃†
−r � softmax (Genϕr

(ar,t, or,t, h−r,t)) , (32)

where h−r,t is the hidden state derived from o−r,t. The generator
is optimized through a compound loss function in (36), where
χ is constant coefficient, DKL denotes KL-divergency, π†,tar

−r

represents moving average of other agents’ empirical policy
distributions. This formulation ensures the conjectured actions
maintain temporal consistency with historically optimal behav-
ior while maximizing expected return. We enable end-to-end
training of the generator by incorporating the aforementioned
loss into the policy gradient in (28). The theoretical justification
for this approach is provided by Theorem 1.

Theorem 1: Consider the scenario where the true optimal joint
action distribution, denoted as π†

−r (from (23)), is approximated
by a parameterized Genϕr

yielding distribution π̃†
−r. Under

Lipschitz continuity of Q-function given in Assumption 4, the
expected Q-value error for the parameterized policy satisfies

|Eπ̃†
−r

[
Qπ†

r

]
−max

a−r,t

Qπ†

r | ≤ C ·
√
DKL

(
π̃†
−r||π†

−r

)
, (33)

where C denotes the Lipschitz constant of the Q-function.
We leave Assumption 4 and the proof in Appendix A-A,

available online. This theorem shows thatPAC-MCOFL-p is not
merely a heuristic but a principled approximation with a prov-
ably bounded error. This justifies its application to large-agent
scenarios where an exhaustive search is intractable, a finding
further corroborated by our experiments.

E. Proof of Convergence

We first consider the case without expectile regression, where
the critic loss is given by (24). Afterward, we will extend the
result to the variant with expectile regression. In the former case,
the update rule for the weight adjustment in (27) is derived from
an iterative update [15], denoted as (34), on which the action
value function Qr,t is iterated.2 The update of the Q-function
through PAC, specifically the inclusion of additional, conjec-
tured action inputs from other agents based on the max operation,
results in a significantly expanded exploration space and com-
promises existing conclusions. Consequently, the convergence
dynamics that are missing in the classical PAC framework [19]
are worthy of further investigation. To prove that the joint
Q-function Qt = [Q1,t, . . . , QR,t] converges gradually to Nash
Q-value Q∗ = [Q∗

1, . . . , Q
∗
R], we first define a Pareto operator

as (35) on a complete metric space, as shown in Lemma 1.
Lemma 1: Considering any two action value functions

Q1, Q2 ∈ R
|O||A| of a single agent, for Pareto operator in (35),

the following contraction mapping holds

‖H PQ1 − H PQ2‖∞ ≤ γ‖Q1 −Q2‖∞, (38)

where ‖ · ‖∞ represents the supremum norm, γ ∈ [0, 1). Be-
sides, Pareto operator H P , which constitutes a contraction
mapping, has the fixed point at Q∗.

We leave the proof in Appendix A-B, available online.
Hu et al. [34] define an iterative process for obtaining Nash

strategies through the Lemke-Howson algorithm and introduce
a Nash operator H N .

2In the rest of the paper, the superscript π for Q and V will be omitted for
simplicity of representation.
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Definition 1 (Nash Operator): The expression for value func-
tion iteration is given by a Nash operator as

H NQ (o,a) = Eot+1∼Λ(·|o,a)[
rwd (o,a) + γV Nash (ot+1)

]
. (39)

Definition 2 (Nash Equilibrium): In a stochastic game, a
joint policy π∗ � [π∗

1, . . . , π
∗
R] constitutes an NE if no agent

can achieve a higher return by unilaterally changing its policy.
Formally, it satisfies

∀or ∈ Or, Vr (or;π
∗) = Vr

(
or;π

∗
r, π

∗
−r

)
≥ Vr

(
or;πr, π

∗
−r

)
.

(40)
Therefore, by the proof of Lemma 1, the Nash operator

constructs a contraction mapping on a complete metric space,
ensuring that the Q-function ultimately converges to the value
corresponding to the NE of the game, meaning there exists a
fixed point H NQ∗ = Q∗[34].

Then, we find the update rule for the Q-function in (34)
follows a stochastic approximation structure. By Theorem 1
in [45] and Corollary 5 in [46], the stochastic approximation
has the following convergence properties.

Lemma 2: The random process {Δt} defined in R as

Δt+1(x) = (1− αt(x))Δt(x) + αt(x)Ft(x),

converges to zero with probability 1 (w.p.1) when
1) 0 ≤ αt(x) ≤ 1,

∑
t αt(x) = ∞,

∑
t α

2
t (x) <∞;

2) x ∈ X , the set of possible states, and |X | <∞;
3) ‖E[Ft(x) | Ft]‖W ≤ γ‖Δt‖W + ct, where γ ∈ [0, 1)

and ct converges to zero w.p.1;
4) var[Ft(x) | Ft] ≤ U(1 + ‖Δt‖2W ) with constant U > 0.
Here Ft denotes the filtration of an increasing sequence of

σ-fields including the history of processes; αt,Δt, Ft ∈ Ft and
‖ · ‖W is a weighted maximum norm.

To mimic the structure of Lemma 2, we can subtractQ∗
r from

both sides of (34) and define

Δt(x) = Qr,t (or,t,at)−Q∗
r (or,t,at) , (41)

Ft(x) = rwdr,t + γmax
a−r,t

Qr,t (or,t+1, ar,t+1, a−r,t)

−Q∗
r (or,t,at) , (42)

where (o,a) = x represents the visited observation-action pairs,
and αt(x) is interpreted as the learning rate. The Q-function is
updated by each agent using only the pairs (or,t,at) at the time
t when they are accessed. In other words, αt(o

′,a′) = 0 for any
(o′,a′) �= (or,t,at).

Besides, we introduce several key assumptions.
Assumption 1: The observation space O and action space A

of the MDP are finite; any observation-action pair (o,a) can be
accessed an infinite number of times.

Assumption 2: The reward function is independent of the next
state, and the reward function is bounded.

Assumption 3: For the joint action value function Qt at any
stage of the game, the NE policy π∗ can only be 1) a global
optimum or 2) a saddle point. Moreover, both cases share the
same Nash value (Ω is the policy space), namely,

1)
Eπ∗ [Qr,t(or,t,at)] ≥ Eπ [Qr,t(or,t,at)] , ∀π ∈

⋃
r

Ωr;

(43)
2)

Eπ∗ [Qr,t(or,t,at)]≥Eπr
Eπ∗

−r
[Qr,t(or,t,at)] , ∀πr ∈ Ωr

(44)
and

Eπ [Qr,t(or,t,at)] ≤ Eπ∗
r
Eπ−r

[Qr,t(or,t,at)] ,

∀π−r ∈
⋃
j �=r

Ωj . (45)

Assumption 1 (finite actions) is inherently satisfied by our
TCAD mechanism (Section IV-C), which explicitly discretizes
the multi-dimensional action space. Assumption 2 (bounded
rewards) holds because our reward function, i.e. (17), is a com-
position of physically bounded metrics, while Assumption 3 is
a standard requirement in multiagent equilibrium analyses [14],
[15], [34]. Finally, the convergence theorem without involving
expectile regression can be summarized as follows.

Theorem 2: In a multi-agent stochastic game setting, under
Assumptions 1, 2, and 3, as well as the first condition of
Lemma 2, the values updated iteratively through (34) will ul-
timately converge to an NE point, specifically the Nash Q-value
Q∗ = [Q∗

1, Q
∗
2, . . . , Q

∗
R].

We leave the proof in Appendix A-C, available online. Next,
considering a Pareto operator with expectile regression defined
as (37) shown at the bottom of this page, the same convergence
result can be transferred accordingly.

Corollary 1: Let the assumptions of Theorem 2 hold. Suppose
each agent r ∈ R employs an expectile coefficient τr ∈ (0, 1),
the Q-function sequence generated by a modified Pareto opera-
tor maintains the almost sure convergence properties established
in Theorem 2.

We give the proof in Appendix A-D, available online. This
theoretical guarantee of convergence is empirically validated in

Qr,t+1 (or,t,at) = Qr,t (or,t,at) + α

(
rwdr,t + γEor,t+1,ar,t+1

[
max
a−r,t

Qr,t (or,t+1, ar,t+1, a−r,t)

]
−Qr,t (or,t,at)

)
(34)

H pQr,t (or,t,at) = Eor,t+1∼Λ(·|or,t,at)

[
rwdr,t + γmax

a−r,t

Qr,t (or,t+1, ar,t, a−r,t)

]
(35)

Φ(ϕr) = Eã−r,t∼π̃†
−r

[
−Qπ†

r (or,t, ar,t, ã−r,t)
]
+ χE

[
DKL

(
π̃†
−r||π†,tar

−r

)]
(36)

H p,τQr,t (or,t,at) = Eor,t+1∼Λ

[
rwdr,t + γτ max

a−r,t

Q+
r,t (or,t+1, ar,t, a−r,t) + γ(1− τ)max

a−r,t

Q−
r,t (or,t+1, ar,t, a−r,t)

]
(37)
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Fig. 3. Agents’ training process, where rewards are normalized for display
purposes.

our experiments (e.g., Fig. 3), where the gradually stabilized
reward curves confirm the practical reliability.

V. SIMULATION SETTINGS AND RESULTS

A. Default Simulation Settings

We consider an FL environment involving five clients
(i.e., N = 5), coordinated by three SPs (i.e., R = 3). These
SPs schedule the clients to train three distinct tasks with
CIFAR-10 [Task r1, high complexity/50,000 RGB images/10
classes], FashionMNIST [Task r2, medium complexity/70,000
grayscale images/10 classes], and MNIST [Task r3, low com-
plexity/60,000 grayscale images/10 classes] datasets, respec-
tively. This benchmark selection, across varying complexities,
evaluates our algorithm’s efficacy in a multi-SP FL setting,
consistent with common/mainstream edge intelligence applica-
tions [20], [47]. Experiments are performed on an Ubuntu 20.04
workstation equipped with an NVIDIA GeForce RTX 3090 GPU
and AMD Ryzen 9 7950X 16-Core CPU, using Python, CUDA
12.2, and PyTorch 2.5. Accordingly, three image classification
models are leveraged. For Task r1, we apply a convolutional
neural network (CNN) with four convolutional layers, followed
by three fully connected layers. The model for Task r2 is a
shallow CNN, with two convolutional layers followed by two
fully connected layers. The model for Task r3 only contains
two fully connected layers. The number of model parameters
for three tasks are 9 074 474, 21 840 and 101 770, respectively.
The datasets are distributed among the clients in an independent
and identically distributed (IID) manner (i.e., a non-IID degree
of ρ = 1), indicating each client receives data covering 100% of
the label categories. FL training utilizes the Adam optimizer with
learning rate ηk = 0.001, k ∈ {1, . . . , ι}, local iterations ι = 3,
and a mini-batch size of 64. Each simulation episode spans up to
T = 35 FL rounds.3 We use the reward function in (17), along
with its associated metrics, to evaluate the performance of a
particular SP. Within our algorithm, the critic network employs
two fully connected layers of 64 and 128 neurons to estimate
state–action values, while the actor network uses three fully

3In each round t, the agent observes the state or,t, conjectures the optimal

opponent action π†
−r that maximizes its Q-value, and then selects its own action

ar,t via its policy network. Upon execution of the joint action, the environment
returns a reward rwdr,t and the next state or,t+1. This complete transition is
then stored in a replay buffer for RL training.

TABLE III
SIMULATION PARAMETERS

connected layers of 64, 128, and 64 neurons to map observations
to actions. We consider the following comparison baselines:
� FedAvg: Vanilla FL [38] for each SP without quantiza-

tion/resource optimization.
� FedProx-u: Uniform 8-bit quantization variants of [48]

with equal resource allocation.
� FedDQ-h & AdaQuantFL-h: Adaptive quantization policy

during FL training [24], [25], with heuristic computation
and communication resource allocation rules tied to quan-
tization levels.

� MAPPO:4 Resource scheduling and FL operation manage-
ment based on the MAPPO [13], where no conjectured joint
policy is introduced. MAPPO is specifically included as the
most relevant RL competitor given its proven effectiveness
in FL resource allocation [7], [44].

� RSM-MASAC: Resource scheduling and FL operation
management based on the RSM-MASAC [49], an en-
hanced variant of multi-agent soft actor–critic (MASAC).

These baseline algorithms collectively cover essential op-
timization dimensions in multi-SP FL scenarios—including
conventional and adaptive quantization, uniform and heuris-
tic resource allocation, and MARL-based global scheduling—
thereby enabling a comprehensive evaluation of the performance
impact. Finally, main simulation parameters are summarized in
Table III.

To comprehensively compare the performance in the non-
cooperative game setting, besides metrics like individual and

4The implementation details of MARL solutions are given in Appendix B-C,
available online.
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TABLE IV
PERFORMANCE EVALUATION OF MULTIPLE FL SPS FRAMEWORKS

global rewards, we adopt the hypervolume indicator (HVI) [50],
[51]—a standard metric in multi-objective optimization—to
assess the quality of the Pareto front for per-SP rewards. Specif-
ically, let

P(alg) =
{
v(m) =

(
rwd

(m)
1 , rwd

(m)
2 , . . . , rwd

(m)
R

)}total runs

m=1
(46)

denote the set of reward vectors obtained from different inde-
pendent training runs by an algorithm, where rwd(m)

r is the
average reward of SP r in the m-th run. Given a reference point
vref ∈ R

R dominated by all solutions, the HVI is computed as

HVI = �

⎛
⎝ ⋃

v∈Palg

[rwd1, rwd
ref
1 ]× · · · [rwdR, rwdrefR ]

⎞
⎠ ,

(47)
where �(·) denotes the Lebesgue measure [50], a larger HVI
inidcates both closer alignment with ideal per-SP rewards and
a broader spectrum of trade-offs. Additional HVI computation
details are given in Appendix B-A, available online.

B. Simulation Results

1) Comparison With Baselines: Fig. 3 depicts the training
process of the PAC-based agent across three FL tasks. The
reward trajectories converge to stability within several episodes,
empirically validating the convergence guarantee established in
Theorem 2 and ensuring the trained agents are effectively uti-
lized for subsequent testing. Table IV and Fig. 4 underscore the
superior performance of the proposedPAC-MCoFL in balancing
model accuracy, communication efficiency, and energy con-
sumption under multi-SP scenarios. As evidenced in Table IV,
PAC-MCoFL significantly outperforms non-MARL baselines,
with a 10.4% increase in total reward and a 121% improvement
in HVI score over FedDQ-h and AdaQuantFL-h, respectively,
which are limited to solving a part of the optimization task.

Fig. 4. Average test accuracy for the three services after a fixed number of FL
global training rounds.

This superiority thereby underscores the pronounced benefits
of holistic joint optimization over localized or heuristic strate-
gies. Within the more competitive landscape of MARL frame-
works, it achieves the highest total reward (245.27± 24.48) and
demonstrates a 6.7% lead over MAPPO and a 5.5% lead over
RSM-MASAC. While total reward serves as a valuable macro-
indicator, the HVI offers a more nuanced assessment of Pareto
efficiency in this multi-objective, competitive setting. PAC-
MCoFL again leads with the highest HVI of 0.7258, surpassing
MAPPO by 3.0% and RSM-MASAC by 5.7%. This quantitative
superiority in both metrics indicates that PAC-MCoFL not only
maximizes collective output but also discovers a more efficient
and balanced equilibrium. The variant PAC-MCoFL-p affirms
its role as a computationally scalable yet potent alternative, as
it secures the second-highest total reward (237.82± 27.4) and
a robust HVI of 0.6576. Meanwhile, the modest, quantifiable
performance gap between PAC-MCoFL and PAC-MCoFL-p
also practically manifests the “provably bounded error” es-
tablished in Theorem 1. It explicitly demonstrates that our
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Fig. 5. Comparison of test accuracy across algorithms under varying non-IID degrees. We conduct five independent repeated experiments with different random
seeds and train for 35 communication rounds with three SPs.

Fig. 6. Per-task bandwidth resource assignment and total reward under differ-
ent expectile values. Total Reward means the sum of the average reward of all
SPs.

parameterized generator provides a computationally scalable
solution with only a minimal and acceptable deviation from the
exhaustive search policy, thereby justifying its use. Furthermore,
Fig. 4 shows the average task accuracy achieved by various
algorithms. PAC-MCoFL leads with the highest accuracy over
all tasks, whilePAC-MCoFL-p’s advantage is most pronounced
in the more complex CIFAR-10 task where its accuracy is only
marginally inferior to PAC-MCoFL. In summary, incorporating
policy conjecture of other SPs effectively benefits multi-SP FL
communication-computation co-optimization.

Fig. 5 illustrates the comparison of test accuracy across
different algorithms under varying non-IID degrees. As non-
IID severity increases (ρ decreases), both PAC-MCoFL and
PAC-MCoFL-p exhibit a graceful performance degradation,
yet PAC-MCoFL outperforms the other algorithms in most
cases. Even under extreme heterogeneity, i.e. ρ = 0.5, PAC-
MCoFL consistently outperforms MAPPO and RSM-MASAC
baseline, with reward improvements ranging from 1.8–3.1% and
2.1–5.6%, respectively, across different tasks. This robustness
highlights PAC-MCoFL’s adaptive optimization capabilities in
non-IID multi-SP environments.

2) Impact of Expectile Regression: Fig. 6 shows the impact
of the expectile value τ on SPs’ bandwidth allocation and the to-
tal system reward. Through an asymmetric penalty mechanism,

Fig. 7. Impact of the TCAD mechanism.

τ implicitly guides SP policies, resulting in a U-shaped rela-
tionship between τ and bandwidth utilization. When τ < 0.5,
the critic network imposes a heavier penalty on negative TD
errors, promoting aggressive policies to compensate for under-
estimatedQ-values. This leads to bandwidth over-allocation and
a higher proportion of resources for the complex CIFAR-10
task. Conversely, τ > 0.5 yields more conservative and balanced
bandwidth allocation. While the overall system reward fluctuates
within the range of 230–240, both extremes (i.e., τ = 0.1 and
τ = 0.99) can cause up to 10.4% performance degradation.
Therefore, we set τ = 0.5 hereafter for simplicity.

3) Impact of TCAD Mechanism: To validate the efficacy
of the proposed TCAD, we conducted an ablation study by
replacing it with a naive discretization variant.5 As illustrated
in Fig. 7, removing TCAD consistently results in a degradation
in both total reward and the HVI score for the PAC-MCoFL
and PAC-MCoFL-p frameworks alike. Across all scenarios,
TCAD delivers an average increase of approximately 7.6% in
total reward and 14.2% in HVI compared to the w/o TCAD
variant. This performance gap underscores the limitations of
this naive variant, which restricts the agent to coarse, disjointed
action selections. In contrast, TCAD’s capacity for fine-grained,
incremental control is crucial for discovering sophisticated poli-
cies and navigating complex action spaces effectively.

5See Appendix C-B, available online for related configurations and further
discussion.
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TABLE V
GPU MEMORY CONSUMPTION (IN MB) FOR DIFFERENT METHODS AND

VALUES OF R

Fig. 8. Experiment with broader multi-agent complexities. The task datasets
and corresponding models used by different SPs under different R will be given
in detail in the Appendix B-B, available online. Total Reward is the sum of the
average rewards across all SPs.

4) Impact of SP Numbers: The exhaustive policy conjec-
ture in (23) incurs a computational complexity that grows ex-
ponentially with the number of SPs, rendering PAC-MCoFL
intractable in larger scenarios. PAC-MCOFL-p is specifically
designed to overcome this scalability bottleneck. Table V
shows that the standard PAC-MCoFL encounters out-of-
memory (OOM) errors for R ≥ 4 on our hardware, whereas
PAC-MCOFL-p remains computationally feasible. Fig. 8 fur-
ther reveals that this efficiency does not compromise perfor-
mance. PAC-MCOFL-p consistently outperforms the scalable
baseline MAPPO,6 achieving an average reward improvement
of approximately 21.3%. Crucially, this scalability analysis also
accounts for increased task heterogeneity, as each new SP intro-
duces a task with distinct characteristics as detailed in Appendix
B-B, available online.

5) Impact of Different Weight Factors σ: To evaluate the
impact of the different terms introduced in the objective function,
specifically the reward function in (17), on the performance of
PAC-MCoFL, we sequentially set σ1 to σ4 to zero in turn. We
then train the agents accordingly, and test the performance across
various metrics within a fixed FL global training round. The
results are summarized as shown in Table VI, where accuracy
Γmax
r,t refers to the obtained maximum value, while the other

metrics are averaged over the FL rounds. It can be observed
that the absence of the accuracy factor in the reward function
(σ1 = 0) leads to the most significant performance degradation,

6Notably, MAPPO does not involve policy conjecture, thereby avoiding the
costly enumeration of all possible joint actions of neighboring agents.

with PAC-MCoFL reward dropping by 41.6%, 14.8%, and 4.7%
across the three tasks, underscoring the critical importance of
accuracy. Excluding the adversarial factor (σ2 = 0) has mini-
mal impact on the overall reward, though it negatively affects
individual task metrics such as Tr,t, Er,t, and volr,t. Omit-
ting latency (σ3 = 0) reduces CIFAR-10 and Fashion-MNIST
reward by 35.13% and 34.3%, respectively, while excluding
energy consumption (σ4 = 0) results in a 32.6% drop in the
CIFAR-10 reward. These results suggest that without latency
and energy constraints, the adversarial factor becomes overly
dominant, leading to weaker performance in certain tasks. The
weight factors study reveals that accuracy is the most critical
factor forPAC-MCoFL, with latency and energy constraints also
playing key roles in maintaining task balance. While removing
the adversarial factor has a minimal overall impact, it is likely
to degrade individual task performance.

6) Different Number of Clients At Different non-IID Degrees:
We investigate the impact of different degrees of non-IID settings
and varying numbers of clients on the performance of PAC-
MCoFL. The results in Table VII reveal two primary trends. First,
scaling the number of clients from 5 to 15 introduces a clear
tension between resource overhead and model performance.
As expected, total energy Etotal, delay T total, and communi-
cation overheads voltotal exhibit a general upward trend with
an increase of N , reflecting the costs of coordinating a larger
client pool. Concurrently, a consistent degradation in final test
accuracy is observed across all tasks, highlighting the inherent
challenges of scaling. Second, for a fixed client number, increas-
ing data heterogeneity (i.e., decreasing ρ) not only markedly
reduces final model accuracy but also simultaneously inflates the
resource overhead required for training. This demonstrates that
the framework adaptively expends more resources to counteract
the negative effects of statistical heterogeneity.

7) Effect of Different Jitter Variance Factors: In PAC-
MCoFL, decision-making occurs at the SP level, i.e., on the
server side. As mentioned in Section IV-A, the behavior of
clients, such as quantization level qi,r,t and CPU frequency fi,r,t,
are sampled based on the SP’s decisions, with an additional
variance Σq and Σf . To further assess performance, we evaluate
different values of Σ, conducting five independent experiments
for each configuration. Figs. 9 and 10 depict the reward achieved
by the three FL tasks during a fixed number of global training
rounds under varying Σq and Σf settings. As shown in Fig. 9,
increasing Σq results in lower reward and greater variability. In
particular, when Σq = 3, the reward significantly deteriorates
across all three tasks. In the CIFAR-10 task, Σq = 2.5 and Σq =
3 even exhibit a downward trend, indicating that largerΣq values
may adversely affect the system’s convergence performance.
This suggests that when quantization strategies among FL clients
vary too widely, the resulting divergence in the uploaded local
models can hinder convergence. Similarly, Fig. 10 shows that
Σf = 2 andΣf = 2.5 lead to the poorest performance across all
tasks, with Σf = 2.5 even exhibiting a lack of convergence in
reward for the MNIST task. In contrast, the results for Σf = 0.5
and Σf = 1 exhibit only minor fluctuations compared to the
BASELINE, indicating that small Σf values have a negligible
impact on system performance.
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TABLE VI
RESULTS OF DIFFERENT OBJECTIVE WEIGHT FACTORS σ

TABLE VII
PERFORMANCE COMPARISON UNDER DIFFERENT NUMBERS OF CLIENTS (N ) AND DEGREES OF NON-IID LEVEL (ρ)

Fig. 9. Impact of different coefficient Σq on system performance. The “BASELINE” configuration corresponds to the simulation parameters in Table III (i.e.,
Σq = 0.5 and Σf = 0.25).

Fig. 10. Impact of different coefficient Σf on system performance. The “BASELINE” configuration corresponds to the simulation parameters in Table III (i.e.,
Σq = 0.5 and Σf = 0.25).
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VI. CONCLUSION AND FUTURE WORK

In this paper, we have developed the PAC-MCoFL—a novel
game-theoretic MARL framework for jointly optimizing com-
munication and computation in non-cooperative multi-SP FL.
By integrating PAC principles with expectile regression, PAC-
MCoFL steers various SP agents toward Pareto-optimal equi-
libria while capturing their heterogeneous risk preferences. Fur-
thermore,PAC-MCoFL leverages a TCAD mechanism to enable
fine-grained, multi-dimensional action control. To ensure both
practicality and scalability, we have also designed a lightweight
variant, PAC-MCoFL-p, which provably overcomes the expo-
nential complexity of policy conjecture under bounded-error
guarantees. In addition to the theoretical convergence results, ex-
tensive simulations demonstrate superior performance. Promi-
nently, PAC-MCoFL achieves improvements of approximately
5.8% in total reward and 4.2% in HVI over strong MARL-
based baselines. Subsequent research will investigate adaptation
mechanisms, such as dynamic τ -adaptation for time-varying
risk profiles and automatic tuning of the reward weights σ to
balance multi-objective trade-offs, as well as the extension to
mixed cooperative-competitive settings.
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