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Abstract—Federated Learning (FL) enables efficient and
privacy-preserving Edge Intelligence (EI) in Mobile Edge Comput-
ing (MEC). However, implementing FL-enabled EI services faces
critical challenges, including data and device heterogeneity, limited
network resources, uneven distribution of network infrastructure,
etc., which may intensify with increasing system scale. These chal-
lenges are particularly acute in multi-provider environments where
edge servers are suboptimally allocated across federations, leading
to degraded convergence and increased training costs. In this arti-
cle, we present a novel Multiple Hierarchical Federated Learning
(MHFL) architecture for large-scale FL and design an Edge Server
Reallocation scheme (ESR-MHFL) to enhance training efficiency
by optimally redistributing edge servers among federations based
on their contribution to model convergence. We first develop a
closed-form analysis model for MHFL to quantify training time,
computation, and communication costs. To improve training effi-
ciency, we analyze the impacts of edge server allocation on con-
vergence and formulate server reallocation as a multi-item auc-
tion problem with theoretical guarantees. We then propose ESR-
MHFL, which leverages Coalition Structure Generation (CSG) and
greedy matching methods to simplify the reallocation problem and
enhance efficiency. Extensive numerical simulations demonstrate
that ESR-MHFL not only improves model accuracy while reducing
training cost but also exhibits strong compatibility with existing
client selection methods, achieving improved training efficiency.
The total economic expenditure combining all components.

Index Terms—Hierarchical federated learning (FL), edge server
reallocation, mobile edge computing (MEC), training efficiency.
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I. INTRODUCTION

THE integration of Artificial Intelligence (AI) with Mobile
Edge Computing (MEC) has spurred the development of

Edge Intelligence (EI), where paradigms like Integrated Sensing,
Computation, and Communication (ISCC) enable sophisticated
on-device AI [1], [2]. Within this evolving landscape, where nu-
merous devices need to learn collaboratively, Federated Learn-
ing (FL) has emerged as a critical distributed Machine Learning
(ML) approach that fundamentally transforms how AI models
are trained and deployed.

Unlike traditional centralized training methods, FL empowers
geographically distributed User Equipment (UEs) to collabora-
tively train ML models using their local data [3], [4], [5]. This
distributed approach has catalyzed innovations across diverse
domains, including enhancing digital twins in the Internet of
Things (IoT) [6], detecting trajectory anomalies [7], wireless
video caching [8], and advanced object detection in autonomous
driving systems [9].

While these FL applications demonstrate significant potential,
their real-world deployment faces fundamental scalability chal-
lenges as participating devices grow into thousands or millions.
Traditional single-federation approaches encounter bottlenecks
in communication overhead, convergence speed, and resource
utilization efficiency. To address this, hierarchical FL has been
developed with cloud-level aggregators coordinating multiple
edge-level aggregators [10]. However, when being scaled to
massive multi-provider environments with heterogeneous data
and limited resources, these hierarchical federations struggle
with convergence due to communication failures, extended train-
ing periods, and reduced accuracy [11], [12], [13].

Though recent theoretical advances in FL have shown
progress, a critical gap exists in practical multi-provider de-
ployments. Real-world FL implementations in 5 G/6 G net-
works [14], [15], industrial IoT [16], and healthcare systems [17]
reveal substantial challenges including cross-operator coordi-
nation complexity, resource heterogeneity, and economic inef-
ficiency that existing theoretical frameworks cannot address.
These deployment issues raise the urgent need for practical
FL solutions that bridge academic advances with industry re-
quirements, specifically addressing multi-provider resource op-
timization challenges.

In practice, diverse geographical distribution and varying
infrastructure ownership create multiple coexisting federations
within a single area, leading to two fundamental problems:
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(1) edge servers allocated to federations where they contribute
minimally to model convergence, and (2) resulting data hetero-
geneity that degrades overall system performance. This multi-
provider environment exacerbates challenges through uneven
UE distribution across networks, limited client pools within edge
server coverage areas, increased client selection complexity, and
privacy risks from client information collection.

To address these challenges, we design ESR-MHFL, an
Edge Server Reallocation scheme in Multi-Hierarchical FL
that enhances training efficiency for large-scale multi-provider
services while preserve privacy of UEs by the architectual
design. ESR-MHFL operates at the federation level, coor-
dinating cloud and edge servers while remaining agnostic
to specific edge-UE privacy mechanisms. ESR-MHFL en-
ables efficient cross-federation collaboration through intelligent
edge server reallocation while avoiding the leakage of UEs’
privacy.

The main contributions of this paper are as follows.
1) A multi-hierarchical federation architecture is proposed,

and an analytical model is developed to analyze training
time, computation cost, and communication cost which
quantifies the impacts of edge server assignments on FL
convergence for further design of edge server reallocation
scheme.

2) An edge server reallocation scheme ESR-MHFL is pro-
posed, which formulates the reallocation problem as a
multi-item auction with theoretical guarantees. Moreover,
ESR-MHFL employs a value approximation framework
and Coalition Structure Generation (CSG) to reduce com-
plexity and improve decision-making efficiency.

3) A Vickrey-Clarke-Groves (VCG)-based payment rule is
designed to ensure individual rationality and incentive
compatibility. Furthermore, an efficient greedy matching
algorithm is proposed to make ESR-MHFL scalable in
large-scale edge server reallocation.

4) Extensive simulations and comprehensive numerical anal-
ysis demonstrate that ESR-MHFL enhances training ef-
ficiency while reducing reallocation complexity. In addi-
tion, the results show that ESR-MHFL achieves significant
improvements in model accuracy and resource utilization
across different client selection methods.

The remainder of this paper is organized as follows. Section II
reviews the related literature. Section III introduces the system
model and analyzes the limitations of the current single federa-
tion approaches. Section IV formulates the edge server realloca-
tion problem as a multi-item auction, designs the corresponding
VCG-based payment rule, and then presents a CSG-based edge
server reallocation scheme. Section V demonstrates and ana-
lyzes the numerical results. Finally, the conclusion is drawn in
Section VI.

II. RELATED WORK

In FL, extensive research has been dedicated to developing
resource management schemes, addressing practical challenges
and economic incentives. We provide a comprehensive taxon-
omy of existing research by dividing them into two categories:

client selection with programming techniques and incentive
mechanisms with game theory.

Most existing client selection solutions with optimization
techniques allocate resources by collecting information from
UEs and network performance, improving efficiency in FL and
resource utilization. In [18], Yu et al. analyzed the client selec-
tion feature in the FL training process and proposed ELASTIC,
an energy and latency-aware resource management and client se-
lection algorithm, which effectively addresses the joint problem
of client selection and resource management. In [19], Chen et
al. analyzed communication resource utilization in wireless FL
and presented a joint learning and communication framework
aiming to maximize the utilization of limited communication
resources. In [20], Xu et al. addressed client selection and band-
width allocation problem in energy-constrained situation. They
proposed a client selection algorithm that relies solely on in-time
information to ensure long-term efficiency in FL. In [21], Huang
et al. proposed a three-layer hierarchical incentive framework for
FL, which addresses information asymmetry between workers
and local model owners to improve the FL model performance.

In MEC networks, there are extensive solutions of incen-
tive mechanisms for FL, particularly utilizing contract theory,
auctions and other approaches. In [22], Ng et al. introduced a
serverless hierarchical FL framework within a two-layer system
architecture and presented a reputation-aware hedonic coalition
formation game to enhance the sustainable FL efficiency. In [23],
Wang et al. proposed a clustered VFL approach and designed
optimal contract theory-based incentive mechanisms to motivate
clusters for intra-cluster iterations while maximizing server util-
ity. In [24], Tang et al. proposed CPMARL-AFL that groups
model users into clusters with dedicated agents to improve
efficiency and personalization in auction-based FL. In [25], Li
et al. proposed a dual-identity double auction for personalized
FL, which enables participants to act as both model trainers
and users, using reinforcement learning for model selection to
optimize personal model performance.

In addition, there are also existing works focusing on reducing
training cost and improve FL process training efficiency. In [26],
Cui et al. proposed an adaptive compression framework for
FL that dynamically adjusts compression rates to optimize the
tradeoff between communication overhead and model accuracy
under non-convex loss conditions. In [27], Oh et al. proposed
a communication-efficient FL framework, and it uses vector
quantized compressed sensing that combines dimensionality
reduction and vector quantization, which reduces transmission
overhead while maintaining model accuracy. In [28], Zhang
et al. proposed SparsiFL, a graph sparsification-based secure
aggregation protocol for FL, which reduces communication
and computational overhead while maintaining correctness and
privacy through uncertain graph sparsification.

However, these theoretical advances face critical limita-
tions, including a lack of comprehensive economic optimization
frameworks, the absence of multi-provider resource allocation
mechanisms, and insufficient consideration of real-world de-
ployment constraints. Previous research manages UEs within
single federations, overlooking suboptimal edge server alloca-
tion across multiple federations, which degrades convergence
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Fig. 1. The architectures of hierarchical FL and MHFL.

and increases training costs in large-scale multi-provider envi-
ronments.

Unlike previous theoretical-focused works, ESR-MHFL
bridges FL advances with practical deployment needs. ESR-
MHFL uniquely addresses real-world industry challenges in
multi-operator networks, smart city consortiums, and health-
care alliances through model similarity-based prediction and
lightweight pre-training, providing the first comprehensive solu-
tion that combines theoretical rigor with practical applicability
for real-world multi-provider FL deployments.

III. PRELIMINARIES

In this section, we introduce the proposed MHFL, a novel ar-
chitecture that effectively models the complex MHFL scenarios
in MEC. Subsequently, we establish a cost model to analyze the
training cost, and quantify the impact of irrational edge server
assignments on hierarchical FL convergence.

A. System Model

The single hierarchical FL and MHFL architectures are
demonstrated in Fig. 1. MHFL consists of multiple hierarchical
federations, each with cloud-level aggregators, edge-level aggre-
gators, and corresponding UEs as shown in Fig. 1(b), alleviating
data heterogeneity impact from massive participating UEs.

The MEC network is represented as (ES⋃ CS), where ES
and CS are the sets of edge and cloud servers, respectively.
Each edge server provides services to UEs within its coverage
and participates in a designated federation managed by a cloud
server. The edge server esi establishes wireless connections with
UEs and wired connections with the cloud server csi. Let uek
represent UE k with local data duek, where k ∈ [1,K] and K
denotes the total number of UEs. The data volume in uek is
|duek|.

B. Federated Learning in MEC Networks

In MHFL, the network facility owner organizes cloud and
edge servers to collaboratively train a global model w with
UEs. Let w� denote the optimal global parameter. The training
process minimizes the loss function f(·) as

w� = argmin
w

∑
k∈K

pkf (w, duek) , (1)

where pk = |duek |∑
k′∈K |duek′ | is the weight of UE k determined by

its local data volume.
In synchronous FL training, each UE updates its local model

to the edge server after I local iterations. According to vanilla
SGD, the local update of uek is

wk
i (t+ 1) = wk

i (t)− ηt∇f
(
wk

i (t), ξk
)
, (2)

where t is the iteration number, ηt is the learning rate, and ξk
represents a sample of duek. When t mod I = 0, uek updates
to edge server esi.

The edge-level aggregation in esi after I iterations is

wi(t+ I) = wi(t)−
∑

uek∈UEi

t+I∑
t′=t

pkηt′∇f
(
wk

i (t
′), ξk

)
, (3)

where wi(·) denotes the edge-level model of esi. This consti-
tutes an edge communication round. After R edge communi-
cation rounds, the cloud server aggregates edge-level models in
a cloud communication round

w (t+R · I) =
∑
i∈ES

piwi (t+R · I) , (4)

where pi =
∑

k∈UEi p
k
i . After G cloud communication rounds,

the cloud server obtains a sub-optimal global model satisfying

f (w(t))− f (w�) ≤ ε, (5)

where ε is an arbitrary small constant and t = G ·R · I is the
total training iterations.

C. Cost Models

To enable the optimal edge server reallocation, we develop
comprehensive cost models quantifying how different alloca-
tion strategies impact system performance. A conventional FL
process includes communication, model aggregation, and local
training costs.

a) Communication cost model: Communication cost in-
cludes two parts: UE-edge server and edge server-to-cloud
server transmission. Let ctk,i,r denote the cost of transmitting the
model from UE uek to edge server esi in the rth iteration, and
cti represent the cost from edge server esi to cloud server. Due
to unstable network environments, both costs vary dynamically
with training iteration t. The total communication cost during
FL is

ctttl =
∑

esi∈ES

{
G·R∑
r=1

∑
k∈UEi

· ctk,i,r +G · cti
}
, (6)

where G and R denote cloud and edge communication rounds,
respectively. Communication cost is determined by UE and
edge server communication capability, network condition, the
number of UEs and edge servers, and the required number of
communication rounds. Since the number of UEs and commu-
nication capability and the required number of communication
rounds are pre-determined, edge server allocation can impact
the communication cost.
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b) Aggregation cost model: Model aggregation cost oc-
curs in edge servers and cloud servers. Each edge server’s cost
depends on its registered UEs, while cloud server cost depends
on the number of edge servers. The total aggregation cost is

cattl =

G·R∑
r=1

·
∑
i∈ES

cai,r +

G∑
r′=1

·car′ , (7)

where cai,r denotes aggregation cost in edge server esi at edge-
level communication round r and car′ denotes cloud server aggre-
gation cost at cloud-level communication round r′. Aggregation
cost depends on the number of participating edge servers and
UEs. More participants improve model performance through
data diversity but increase training costs, making optimal edge
server allocation crucial for cost-effective training

c) Training time model: Local training cost is proportional
to local dataset size. Let clk,r and cuk,r represent training cost in
uek and unit data cost in iteration r, respectively

clk,r = |duek| · cuk,r. (8)

Since the FL process is usually synchronous, the training time is
determined by the longest training time among all edge servers

rtttl = max
i∈ES

G·R∑
t=1

·Tmax
i (t), (9)

whereTmax
i (t) is the longest time of t edge-level communication

round, obtained directly in cloud-level aggregation.
d) Economic expenditure: Due to different units across

communication, aggregation, and training costs, we introduce
economic expenditure using monetary units to unify all cost
components into a comparable framework. Federation deploy-
ment incurs three cost components dependent on training du-
ration characterized by Tmax

i (t) and rtttl in (9): maintenance
(energy, infrastructure upkeep), computation (model aggrega-
tion processing), and transmission (network traffic for model
updates).

ecmc = rtttl ·
⎛
⎝ ∑

esi∈|ES|
ιi + ιcs

⎞
⎠ , (10)

where ιi and ιcs denote economic expenditure per unit time for
edge server esi and cloud server, respectively.

Transmission cost depends on wireless and wired communi-
cation from (6), and we have

ectc =
∑

esi∈ES

{
G·R∑
r=1

∑
k∈UEi

· ctk,i,r · ϑwl +G · ctiϑwd

}
, (11)

where ϑwl and ϑwd represent economic expenditure per unit of
wireless and wired communication costs, respectively.

Computation cost for data aggregation is

eccs = R ·G ·
∑

esi∈ES
cai · ςi +G · ca · ςc, (12)

where ςi and ςc denote economic expenditure for aggregat-
ing one model at edge server esi and cloud server, respec-
tively. Therefore, the total economic expenditure combining all

components is

ecttl = ecmc + ectc + eccs. (13)

D. Problem Formulation and Analysis

1) Problem Formulation: We first establish the optimiza-
tion framework for a single federation to understand funda-
mental constraints. FL aims to optimize model performance
while achieving a sub-optimal solution satisfying (5). Practical
constraints require balancing model performance and training
efficiency, minimizing training time while maintaining model
quality and optimizing resource utilization. FL client selection
can be formally expressed as

min ecttl + κ · rtttl (14a)

s.t.
∑
i∈ES

xi,r ≤ NCi, xi,r ∈ {0, 1}, ∀esi ∈ ES, (14b)

Tmax
i (t) ≤ Tmax

syn , ∀esi ∈ ES, (14c)

f(w(t))− f(w�) ≤ ε, (14d)

ecttl ≤ ecbd, (14e)

where κ trades off running time, NCi represents the maximum
number of edge servers that one single federation can access,
and training cost and t = R ·G · I . The constraints are shown
as follows: (14b) limits edge servers per federation, (14c) bounds
synchronous time per edge communication round, (14d) defines
accuracy requirements, and (14e) enforces economic budget
ecbd.

Equation (14) captures the trade-off between economic effi-
ciency and training time for a single federation. However, diverse
geographical distribution and varying infrastructure ownership
create multiple coexisting federations within a single area, re-
sulting in challenges for uniform UE sampling and heightened
data heterogeneity. This single-federation perspective fails to
address suboptimal edge server allocation across multiple fed-
erations.

2) Problem Analysis: In MHFL, each federation operates
with a three-tier hierarchical structure where edge servers in-
dependently select participants and cloud servers aggregate
edge-level models into a global model. Edge-level model quality
serves as the primary metric for evaluating edge server con-
tributions. In this process, UE-sensitive information remains
confined to edge servers, ensuring no data leakage to other
entities. Meanwhile, this structure introduces increased data
heterogeneity across federations. To quantify this heterogeneity,
we introduce Model Difference as our evaluation metric.

Definition 1: (Model Difference) For any edge server esi at
iteration twith its model parameterwi(t), the cloud-level model
difference of esi is denoted by Φi(t), and we have

||wi(t)− w̄(t)||22 ≤ Φi(t), (15)

where w̄(t) denotes the global model aggregated with the UE
models at iteration t and can be formulated as

w̄(t) =
∑
i∈ES

∑
k∈UEi

pkiw
k
i (t), (16)
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where wk
i (t) is the model of uek ∈ UE i at the tth iteration and

pki is the corresponding weight. Similar to (15), the edge-level
model difference of uek in esi is denoted by Φk

i (t), and we have

||wk
i (t)−wi(t)||22 ≤ Φk

i (t). (17)

In general, as training iterations increase, all UE models tend
to achieve the optimal model w�, and thus the value of Model
Difference tends to decrease.

According to Definition 1, the convergence of the hierarchical
FL can be derived as follows.

Theorem 1: Assume f(·) is L-smooth and μ-strong convex,
with bounded gradients ||∇f(wk

i (t), ξk)||2 ≤ 	2 [29]. Then,
we have the following results.

1) The convergence of a hierarchical FL satisfies

E [f (w̄(t))−f (w�)]≤ L

2(γ+t)

(
β2B

βμ−1+(γ+1)Δ1

)
,

(18)
where B = 8R2(I − 1)2	2 + 6 LΓ +

∑
i∈ES piδ

2
i , β is

a constant, Δ1 = E||w̄(1)−w∗||, and the step size ηt
satisfies ηt =

β
γ+t , η1 ≤ min{ 1μ , 1

4L}, and 2ηt+I ≤ ηt if
β > μ.

2) Additionally, the total model difference Φ(t), measuring
the FL convergence speed, is computed as

Φ(t) = E

∑
i∈ES

piΦi(t) + E

∑
i∈ES

∑
k∈UEi

pkiΦ
k
i (t). (19)

Proof: The proof of Theorem 1 is provided in Appendix A,
available online. �

According to Theorem 1, data heterogeneity among UEs sig-
nificantly impacts hierarchical FL convergence. This challenge
is particularly severe in MHFL, where federations connecting
with UE subsets experience heightened cloud-level data hetero-
geneity and slower convergence.

Since minimal Model Difference among edge-level models
correlates with faster convergence, MHFL federations can re-
duce this difference by eliminating disparate edge-level models
or incorporating models from other federations through edge
server reallocation. This approach operates independently of
UE operations, maintaining compatibility with various client
selection methods and enabling further optimization.

While Theorem 1 employs convex assumptions for mathe-
matical tractability, it establishes the theoretical foundation for
ESR-MHFL’s design with practical non-convex models such as
CNNs and ResNets. The analysis demonstrates that minimizing
Model Difference serves as an effective heuristic for enhanc-
ing training efficiency across federated learning systems. Our
comprehensive experiments with non-convex architectures pro-
vide crucial empirical validation, confirming that ESR-MHFL’s
theoretically motivated design achieves robust performance in
realistic deployment scenarios. The following section details
ESR-MHFL’s implementation framework.

IV. DESIGN OF EDGE SEVER REALLOCATION SCHEME IN

MULTI-HIERARCHICAL FEDERATED LEARNING

This section presents ESR-MHFL, a novel edge server re-
allocation scheme that enhances training efficiency and opti-
mizes resource utilization in MHFL. Our approach addresses
three critical issues: identifying edge servers for reallocation,
grouping them efficiently, and ensuring fair allocation among
federations. ESR-MHFL operates at the federation level without
accessing UE information, while maintaining compatibility with
various client selection methods. As shown in Fig. 2, ESR-
MHFL follows six systematic steps: (1) identify unqualified
edge servers based on efficiency analysis, (2) group them into
coalitions using Coalition Structure Generation with efficiency-
based preferences, (3) estimate reservation values for potential
accuracy improvements, (4-6) implement multi-item auctions
with bidding, winner determination, and payment processing,
and (7) complete reallocation to optimize performance and
reduce costs.

A. Edge Server Quality Assessment

Theorem 1 establishes that Model Difference directly impacts
convergence speed, providing the theoretical foundation for
ESR-MHFL. We use this insight to design a practical edge server
quality assessment framework. Since federation convergence
depends critically on edge-level model quality, low-quality edge
models degrade global performance and extend training time.
Our framework assesses edge model quality by combining train-
ing cost metrics and training loss reductions. Similar to (13),
the training cost of edge server esi in the total FL process is
computed as

eci,ttl =
G·R∑
r=1

∑
k∈UEi

· ctk,i,r +G · cti +
G·R∑
r=1

cai,r. (20)

Meanwhile, Theorem 1 indicates that a reduction in global train-
ing loss can be utilized to evaluate the quality of an edge-level
model. Let τ denote the reduction in global training loss, which
can be calculated as

τ = E [f (w̄(t))− f (w̄ (t+R · I))]

≤ L ·R · I
2(γ + t)(γ + t+R · I)

(
β2B

βμ− 1
+ (γ + 1)Δ1

)
.

(21)

Combining (20) and (21), the quality evaluation of edge level
models can be performed in two steps. First, based on the
convergence analysis of Theorem 1, if the reduction in training
loss of an edge server between two cloud-level rounds does not
exceed τ , it indicates an inefficient training process. Hence,
the edge server can be categorized as unqualified. Second,
the edge servers with high training cost can be categorized as
unqualified. Let li denote the training loss reduction of esi, i.e.,
li = E[f(w̄i(t))− f(w̄i(t+R · I))]. The edge servers can be
classified by{

li < τ or eci,ttl ≥ ecbd, unqualified,
otherwise, qualified,

(22)
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Fig. 2. ESR-MHFL process overview: (1) Select unqualified edge servers based on efficiency analysis; (2) Coalition Structure Generation groups servers using
hedonic preferences; (3) Reservation value estimation evaluates potential accuracy improvements; (4-6) Multi-item auction mechanism with bidding, winner
determination, and payment processing; (7) Edge server reallocation optimizes federation performance.

where ecbd is a pre-defined training cost threshold.

B. Coalition Structure Generation: Reducing Complexity

The direct optimization of edge server reallocation requires
evaluating 2|ESuq | possibilities per federation, which is computa-
tionally intractable. While unqualified edge servers may impair
their current federation’s training efficiency, they can potentially
benefit other federations through strategic reallocation. To ad-
dress this complex redistribution challenge, we propose a Coali-
tion Structure Generation (CSG)-based formation scheme that
optimizes edge server reallocation by reducing computational
complexity through systematic partitioning.

In MHFL, cloud server cli ∈ CL represents a federation with
edge server set ESi, where

⋃
cli∈CL ESi = ES . Each ESi con-

tains qualified serversESi,q and unqualified serversESi,uq , with
ESuq =

⋃
cli∈CL ESi,uq . Our goal is improving FL performance

and reducing training cost by reallocating unqualified edge
servers in ESuq .

Maximum efficiency matching requires traversing 2|ESuq |

possibilities per federation, becoming complex due to non-
overlapping reallocation constraints. Therefore, we utilize Top-
Responsive CSG to reduce decision-making complexity.

Definition 2 (Top-Responsive Coalition Structure Genera-
tion): [30] Let C be a finite set of agents. A coalition structure
CS = C1, . . ., Ck over C satisfies

⋃k
i=1 Ci = C and Ci ∩ Cj =

∅ for distinct i, j. Given characteristic function v : 2C → R,
the optimal coalition structure CS∗ maximizes

∑
C∈CS v(C).

Coalition formation is top-responsive if for each agent i ∈ C: (1)
choice set Ch(i,X) is singleton for each X ∈ Ci, (2) X �i Y

Algorithm 1: Unqualified Edge Servers Formation
Algorithm.

Input: Unqualified edge server set ESuq , preference �,
qualified accuracy τ

Output: The optimal coalition structure CS∗uq
1: Initialize R1 ← ESuq; k = 1; CS∗uq ← ∅.
2: repeat
3: for all i ∈ Rk do
4: for all j ∈ Rk do
5: if |CC(i, Rk)| ≥ |CC(j, Rk)| then
6: Sk

ra ← CC(i, Rk).
7: CS∗uq ← CS∗uq ∪ Sk

ra.
8: Rk+1 ← Rk \ Sk

ra.
9: k = k + 1.

10: until k = |CS∗uq| or Rk+1 = ∅
11: return CS∗uq .

if ch(i,X) > ch(i, Y ), and (3) X �i Y if ch(i,X) = ch(i, Y )
and X ⊂ Y .

Proof: The detailed definition of Definition 2 is provided in
Appendix E, available online. �

According to Definition 2, we find the optimal partition CS�uq
of ESuq to reduce complexity, enabling each federation to
consider only 2|CS

�
uq | possibilities with stable partitions driven

by agent preferences.
Algorithm 1 outlines the CSG process for the set of un-

qualified edge servers to obtain the optimal coalition structure
CS�uq . Lines 2 to 10 illustrate the process of utilizing connected
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Algorithm 2: Optimal Auction-Based ESR Scheme.

Input: Matrix v, CL, CS�uq, {eci,bd, rtqttl, NCi}cli∈CL
Output: Matrix x∗, pv

1: Initialize x∗, pv;
2: x∗ ← Solve the ILP model(32);
3: for all i ∈ N do
4: Compute pi according to (33);
5: pv ← append (pi).
6: return x∗, pvi .

component resultSk
ra to find the members in the optimal CS. The

optimal coalitions are stored in CS�uq , which can be expressed as

CS�uq = {CS∗1, CS∗2, . . .CS∗k} , (23)

where k = |CS�uq| and
⋃

CS∈CS�uq
CS = ESuq .

Based on CS�uq , the reallocation process can be considered as
each federation finding an optimal edge server set and combining
it with its qualified edge server set ESi,q to improve the FL
training efficiency. The process can be formulated as

ES�i = ESi,q ∪
⎛
⎝ ⋃

CS∈CS�i,uq

CS

⎞
⎠ , (24)

where
⋃ CS�i,uq = CS�uq and i denotes the ith federation.

C. Auction Mechanism: Ensuring Fairness and Efficiency

While CSG reduces computational complexity, we need a
mechanism ensuring fair allocation among competing federa-
tions. We formulate edge server reallocation as a multi-item
auction problem that maximizes total ESR-MHFL profit with
theoretical guarantees. To guarantee auction efficiency, we in-
troduce allocation and payment rule properties.

1) Allocation and Payment Rules Properties: Assuming each
federation cannot learn about other federations’ optimal CS, we
model the allocation problem of CS�uq as a multi-item auction
with MHFL constraints: (1) each federation contains qualified
edge server set ESi,q , (2) edge servers in CS�uq participate only
by forming coalition CSi ∈ CS�uq , and (3) edge servers in CSi

cannot be allocated to different federations simultaneously.
Letv denote the valuation matrix withvi ∈ v representing the

real value vector of CS�uq for cli, where element vij ∈ vi denotes
the real value of CSi for cli. To obtain vi practically, federation
cli selects edge server coalitions inCS�uq that maximize accuracy
improvement while satisfying training cost budget. These edge
server coalitions selected by cli can be represented as CSci ⊆
CS�uq . Let θi represent the estimated accuracy improvement of
cli, the valuation estimation process can be formulated as

vi =

{
0, if ecc > ecbd,
θi, if ecc ≤ ecbd,

(25)

where ecc is the average training cost of edge servers in CSci .
Building on Theorem 1, θi represents the practical approxima-
tion of convergence bound improvement achievable by incor-
porating specific coalitions, where only economically feasible
coalitions (ecc ≤ ecbd) are considered. Then, the value vij ∈ vi

can be estimated as the marginal contribution to the accuracy
improvement. The value vij can be formulated as

vij = θi − θi,−j , (26)

where θi,−j represents the accuracy improvement of {CSci \
CS�

j } participating in cli. This marginal estimation provides
a practical implementation of theoretical Model Difference re-
duction, transforming abstract convergence improvements into
quantifiable auction values through lightweight pre-training esti-
mates. We use allocation variablexv = {xv

i,j}cli∈CL,CS�j∈CS�uq
to

denote if coalition structureCS�
j ∈ CS�uq is reallocated to feder-

ations cli ∈ CL under valuation matrix v. Specifically, xv
i,j = 1

means CS�
i is allocated to clj with the valuation matrix v.

The decision variable pv = {pvi }CS�i ∈CS�uq
denotes the payment

matrix of federations according to the current valuation matrix
v, where pvi ≥ 0 is the total payment of federation cli for using
selected coalition structures. Given the allocation variable xv

and payment variable pv, we can derive the utility (i.e., the
profit of total valuation and payment) of federation cli as

Uv
i =

∑
CS�

j ∈CS�uq

vij · xv
ij − pvij , i ∈ |CL|, v ∈ U , (27)

where U is the union of all valuation matrices.
The allocation and payment variables should satisfy the fol-

lowing properties to implement an efficient multi-item auction:
Individual Rationality (IR): Ensures non-negative utilities for

truthful bidders:

pvi ≤
∑

CS�
j ∈CS�uq

vij · xv
ij , ∀i ∈ |CL|, ∀v ∈ U . (28)

Budget Feasibility (BF): Ensures payments remain within bud-
get constraints:

pvi ≤ Bi, ∀i ∈ |CL|, ∀v ∈ U . (29)

Weak Budget Balance (WBB): Requires non-negative total pay-
ments, ensuring the mechanism operates without subsidizing
federations.

Incentive Compatibility (IC): Ensures truthful bidding is op-
timal:

Uvi,v−i
i ≥ Uui,v−i

i , ∀ (vi,v−i) , (ui,v−i) ∈ U , (30)

where vi = {vij}j∈CS�uq
is the truthful valuation,

ui = {uij}j∈CS�uq
is a random valuation, and v−i =

{vkj}k∈CL\{cli},j∈CS�uq
excludes cli. The IC constraint

expands to:∑
CS�

j ∈CS�uq

vij

(
x
(vi,v−i)
ij − x

(ui,v−i)
ij

)
+ p

(ui,v−i)
ij

− p
(vi,v−i)
ij ≥ 0, (ui,v−i) , (vi,v−i) ∈ U . (31)

Proof: The proofs of IR, IC, WBB are provided in Appendix
F, available online. �

2) Problem Statement: Based on the above constraints, the
optimal auction design can be formulated as an Integer Linear
Programming (ILP) problem, with the objective of maximizing
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the revenue of all federations for all the valuations in set U .

max
xv

∑
cli∈CL

∑
CS�

j ∈CS�uq

xv
ijvij (32a)

s.t. pvi ≤
∑

j∈CS�uq

vij · xv
ij , ∀cli ∈ CL, ∀v ∈ U , (32b)

Uvi,v−i
i ≥ Uui,v−i

i , ∀(vi,v−i), (ui,v−i) ∈ U , (32c)∑
cli∈CL

∑
CS�

j ∈CS�uq

xv
ij ≤ |CS�uq|, ∀v ∈ U , (32d)

⋃
CS�

j ∈CS�i,uq

CSj ∪ ESi,q ≤ NCi, ∀cli ∈ CL, (32e)

eci,ttl ≤ eci,bd, ∀cli ∈ CL, (32f)

xv
ij ∈ {0, 1}, ∀cli ∈ CL, ∀v ∈ U , (32g)

pvi ≥ 0, ∀cli ∈ CL, ∀v ∈ U . (32h)

Constraints (32b), (32c), and (32f) ensure the allocation result
of each federation satisfies IR, IC, and BF properties, respec-
tively. Constraint (32d) represents the amounts of allocated
CS cannot be more than the size of CS�uq . Constraint (32e)
demonstrates the resource constraint of cli. NCi represents the
maximum number of edge servers that cli can access. Finally,
the constraints (32g) and (32h) present allocation indicators
and non-negative payments, respectively. Additionally, v ∈ U
is defined as {v = (v1, v2, . . . , vm)|vj ∈ Uj , ∀j ∈ CS�uq}.

3) Payment Rule Design: Having defined the ILP model
for the multi-item auction problem, we design payment rules
that ensure truthful and fair bidding by each federation cli.
Following the VCG mechanism [31], our payment rules define
the price paid to winner cli as the damage it causes to other
participants—specifically, its marginal utility calculated as the
gap between total profit with and without cli’s participation.
Thus, the payment rule guaranteed IR and IC properties is

pvk =
∑

CS�
j ∈CS�uq

vkjx
∗
kj +max

∑
cli∈CL\{clk}

∑
CS�

j ∈CS�uq

xv
ijvij

−
∑

cli∈CL

∑
CS�

j ∈CS�uq

x∗ijvij , (33)

where x∗ij ∈ x∗ is the allocation result of CS�
j to cli.

4) Optimal Auction-Based ESR-MHFL: The optimal
auction-based ESR-MHFL is designed based on the unqualified
edge servers formation algorithm and theoretical analysis. The
scheme is demonstrated in Algorithm 2. This algorithm takes
the optimal coalition structure of unqualified edge servers
CS�uq , the set of federations CL, the bid matrix v, and the
individual properties corresponding to each federation cli as
input parameters. The outputs include the reallocation matrix
x∗ and the payment vector pv. The steps of Algorithm 2 are
illustrated as follows. After initializing x∗ and pv in Line 1, Line
2 involves solving the ILP problem to determine the allocation
that minimizes the objective function given by (32). In Lines
3–5, each federation computes the price that maximizes their

Algorithm 3: Reservation Value Estimation.

Input: the edge server coalition structure CS�uq , the
qualified edge server set CSi,q

Output: the reservation value vector rvi

1: Initialize SU ← ∅, rvi = ∅
2: for all CS�

j ∈ CS�uq do
3: if v(CSi,q ∪ {CS�

j }) ≥ v(CSi,q) then
4: SU ← SU ∪ {CS�

j }
5: for CS�

j ∈ SU do
6: ctbi ← v(CSi,q ∪ {CS�

j })− v(CSi,q)
7: SU ← SU \ {CS�

j }, rvi ← ctbi
8: return rvi

valuations using (33). Finally, in Line 6, the algorithm outputs
the reallocation matrix x∗ and the payment vector pv.

D. Greedy Matching-Based ESR-MHFL

Algorithm 2 obtains the theoretically optimal solution but
requires solving an NP-hard ILP problem (32). With increasing
dimensions of CS�uq and CL in massive access networks, prob-
lem size grows exponentially, creating significant computational
challenges. To simplify problem scale, we propose a greedy
matching-based edge server reallocation scheme.

1) Reservation Value Estimation: Algorithm 2’s complexity
depends on value matrixvwith dimensiondv = 2|CS

�
uq |, creating

exponential search cost. To reduce complexity, we use reserva-
tion value matrix rv instead ofv. Unlike searching the power set
ofCS�uq , each federation evaluates single coalition contributions,
yielding drv = |CS�uq| and making rv a significantly smaller
drv × drv matrix.

Algorithm 3 contains greedy search and estimation phases.
Lines 2-4 show the greedy search phase where federation cli
finds singleton sets of CS�uq to improve performance, adding
corresponding coalitions to supplement set SU . Lines 5-7 deter-
mine coalition values through marginal contribution ctbi ( (25)
and (26)), obtaining reservation value vector rvi and combining
all federation vectors into matrix rv.

2) Greedy Matching Algorithm: Using the reservation value
matrix rv, Algorithm 4 details our greedy matching-based ESR
scheme, which consists of allocation and payment phases. In
the allocation phase, for each coalition CS�

j ∈ CS�uq , federa-
tions are sorted by their bids. The coalition is assigned to the
highest-bidding federation that satisfies its economic budget
(eci,bd) and connection capacity (NCi). The payment phase
follows second-price auction principles [32], where the price
for each coalition is determined by the highest unsuccessful bid.
A winning federation’s final payment is the sum of these market
clearing prices for all coalitions it acquires, as determined by
the allocation matrix x.

E. Computational Complexity Analysis

This section analyzes the computational complexity of ESR-
MHFL to establish scalability. Let Nuq denote the number of

Authorized licensed use limited to: UNIVERSITY OF VICTORIA. Downloaded on November 03,2025 at 05:00:01 UTC from IEEE Xplore.  Restrictions apply. 



XIANG et al.: ESR-MHFL: EDGE SERVER REALLOCATION FOR MULTI-HIERARCHICAL FEDERATED LEARNING 2873

Algorithm 4: Greedy Matching-Based ESR Scheme.
Input: reservation value matrix rv, cloud server set CL,
optimal CS CS�uq

Output: x∗,p
1: M← Sort(CS�

j ∈ CS�uq, v(·)); N ← CL
2: whileM �= ∅ do
3: j ← Next(M);M←M\ {j}
4: N ← Sort(i ∈ CL, bij)
5: while

∑
i∈Nxij ≤ 1 do

6: i ∈ Next(N )
7: if xi · vi ≤ eci,bd and

∑
j∈M xij ≤ NCi then

8: xij ← 1
9: for j ∈M do

10: pj ← max{xij=0} bi
11: for i ∈ N ∧ xij = 1 do
12: pi ←

∑
j∈M pj · xij

unqualified servers, n = |CS∗uq| ≤ Nuq denote coalitions
formed via CSG, and m = |CL| denote federations.

An optimal auction without CSG requires solving an NP-
hard ILP problem with worst-case complexity O(2Nuq ·m). In
contrast, ESR-MHFL operates as a two-stage polynomial-time
process: CSG partitions Nuq servers into n coalitions with com-
plexity O(N3

uq), followed by greedy matching auction allocat-
ing coalitions in O(n ·m logm) time. The total computational
complexity is O(N3

uq + n ·m logm).
This analysis demonstrates that ESR-MHFL reduces com-

plexity from exponential to polynomial time, enabling viability
in large-scale service computing environments.

F. Discussion on Formal Privacy Guarantees

While ESR-MHFL provides architectural privacy preserva-
tion by operating at the federation level without user data access,
integration with formal privacy frameworks like Differential
Privacy (DP) requires additional considerations. In DP-enabled
systems, server reallocation may cause privacy budget leakage
as reallocated models implicitly encode information about their
original user populations. A privacy-aware extension would
incorporate privacy costs into our auction mechanism, where
server valuation balances utility contribution against consumed
privacy budgets. Quantitative analysis of this privacy-utility
trade-off represents a significant direction for future research.

V. NUMERICAL RESULTS

A. Simulations Settings

In this section, we evaluate the training efficiency and scala-
bility of our proposed ESR-MHFL framework through compre-
hensive simulations. Our experimental setup comprises 1000
clients with Dirichlet-distributed data (α = 0.1) randomly as-
signed across 10 edge servers organized into 3 federations,
serving as the baseline MHFL configuration. Cost parameters
follow established frameworks with wireless transmission cost
of [0.1, 0.3] units/MB, wired cost of [0.05, 0.2] units/MB, cloud
computation cost of [0, 0.1] units, and edge cost of [0, 0.05]

TABLE I
SIMULATION PARAMETERS

Fig. 3. Average accuracy versus training iterations of each federation with
different reallocation schemes under various datasets: (a) MNIST, (b) FEMNIST,
(c) CIFAR10, (d) CIFAR100.

units. We evaluate performance across four datasets (MNIST,
FEMNIST, CIFAR10, CIFAR100) with corresponding model
architectures (Logistic Regression, CNN, LeNet, ResNet-34)
using the FedML framework on a server with Intel Xeon Plat-
inum 8474 C processor, RTX 4090D GPU (24 GB), and 80 GB
memory. Based on (22), 6 edge servers are identified as un-
qualified for reallocation, with performance measured through
model accuracy, training cost, and training efficiency metrics.
The detailed simulation settings are demonstrated in Table I .

B. Benchmarks

To validate our method, we employ several existing resource
allocation schemes in FL and MEC as benchmarks:

Base configuration: 10 edge servers randomly assigned to
3 federations as the MHFL baseline, widely used in existing
works [22], [33].
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Fig. 4. Average training cost and efficiency with different reallocation schemes: (a)-(d) training cost under MNIST, FEMNIST, CIFAR10, CIFAR100; (e)-(h)
training efficiency under the same datasets.

Fig. 5. The simulation results of model difference versus training iterations.

Fig. 6. The trend of the edge server reallocation complexity with the increasing
number of edge servers.

Optimal mechanism: The optimal solution obtained by solv-
ing the ILP problem in (32) without the unqualified edge servers
formation algorithm. Despite the highest algorithmic complex-
ity, it serves as the upper bound of performance [34], [35].

Greedy auction: Utilizes greedy matching to solve the ILP
problem in (32) without the formation algorithm, reallocating
each unqualified edge server to the highest bidding federa-
tion. This approach provides an approximate solution with low
complexity and is widely used for budgeted incentive mecha-
nisms [36], [37].

C. Performance Comparison

ESR-MHFL performance is compared with the above bench-
marks using key indicators: training accuracy, edge server

reallocation complexity, model difference trend, average train-
ing cost, and training efficiency. We categorize ESR-MHFL into
two versions:

CSG-based auction: The process of Algorithm 2, serving as
base ESR-MHFL to enhance edge server reallocation efficiency.

CSG-based greedy auction: Contains processes in Algo-
rithms 3 and 4. This improved ESR-MHFL handles larger-scale
edge server reallocation through a greedy matching strategy,
decreasing complexity and improving efficiency compared to
CSG-based auction.

1) Training Accuracy: Training accuracy serves as a crucial
FL performance indicator. As shown in Fig. 3, all reallocation
schemes outperform the base configuration. Our CSG-based
auction achieves comparable or superior accuracy to the optimal
mechanism with significantly reduced computational overhead.
In Fig. 3(c)–(d), CSG-based auction produces identical solutions
to the optimal mechanism at substantially lower complexity and
consistently outperforms standard greedy auction.

While accuracy improvements appear modest, ESR-MHFL
achieves substantial training efficiency improvements (up to
12%) while maintaining comparable accuracy, as demonstrated
in Figs. 3 and 4. This optimal balance prioritizes economic effi-
ciency over marginal accuracy gains, establishing ESR-MHFL’s
superiority for cost-effective, large-scale FL systems.

2) Training Cost and Efficiency: Our evaluation examines
training cost and efficiency across different reallocation schemes
in Fig. 4. The training cost is shown in Figs. 4(a)–(d), while train-
ing efficiency (ratio of accuracy to cost) is presented in Fig. 4(e)–
(h). While reallocation schemes incur higher costs than the
base configuration, they consistently achieve higher training effi-
ciency, indicating that additional resources yield proportionally
greater accuracy improvements, particularly for complex models
and larger datasets. Our CSG-based auction achieves compara-
ble training efficiency to the Optimal mechanism (Fig. 4(b)–(d)),
demonstrating that ESR-MHFL maintains performance qual-
ity while substantially reducing decision-making complexity.
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Fig. 7. Performance of ESR-MHFL with different client selection methods: (a)-(b) accuracy versus training iterations under FEMNIST and CIFAR10; (c) training
cost comparison with/without ESR-MHFL; (d) training efficiency comparison with/without ESR-MHFL.

Fig. 8. Performance of ESR-MHFL with different training methods: (a) accu-
racy versus training iterations; (b) training efficiency comparison with/without
ESR-MHFL.

CSG-based greedy auction outperforms standard Greedy auc-
tion by reducing cost and increasing training efficiency
(Fig. 4(b), (c), (f), (g)). These results validate the effectiveness
of ESR-MHFL in reducing edge server reallocation complexity
while improving model performance and resource utilization.

3) Trend of Model Difference and Complexity of Edge Server
Reallocation: To demonstrate Model Difference as an effective
convergence indicator in FL training, we analyze its correla-
tion with training iterations. Fig. 5 shows Model Difference
decreases monotonically as training progresses, converging to
a lower bound after sufficient iterations. Compared to the Base
configuration, other schemes show only slight fluctuations due to
edge server reallocation. Rational server allocation reduces data
heterogeneity within federations, leading to consistent update
directions and improved FL performance. Notably, reallocation
schemes achieving higher accuracy also exhibit faster Model
Difference convergence, consistent with performance trends in
Fig. 3.

Fig. 6 illustrates the escalating complexity of edge server
reallocation with increasing edge servers. The optimal solution
grows exponentially, while ESR-MHFL significantly reduces
complexity to a tolerable range. The CSG-based auction method
nearly matches the Optimal mechanism’s training efficiency
with substantial complexity reduction. Although both Greedy
auction and CSG-based greedy auction achieve linear complex-
ity growth, CSG-based greedy auction outperforms standard
Greedy auction. The CSG approach mitigates complexity in-
creases by reducing the decision space through coalition-based
edge server allocation.

D. Scalability of ESR-MHFL

To verify ESR-MHFL’s scalability, we combine it with
three client selection methods (Pow-d [38], Cluster [39], and

DivFL [40]) using random selection as baseline. As shown
in Fig. 7, all methods are compatible with ESR-MHFL while
enhancing performance. For example, ESR-MHFL improves
average accuracy by nearly 4% for Pow-d and 5% for the Cluster
method. Additionally, all methods show no cost increase, with
most achieving cost reductions: DivFL and Cluster reduce cost
by 0.5 units, while random selection reduces by 1 unit.

We further evaluate training efficiency impact across different
client selection methods. As illustrated in Fig. 7(d), ESR-MHFL
consistently yields substantial improvements in training effi-
ciency across all methods, with gains ranging from 20.3% to
36.9%. The Pow-d selection method achieves the most signifi-
cant 36.9% improvement, while even random selection achieves
a 20.3% improvement. Combined with the accuracy, training
cost, and efficiency results, ESR-MHFL demonstrates compat-
ibility and scalability for different client selection methods.

To validate ESR-MHFL’s compatibility, we integrated it
with three foundational training algorithms, (e.g., FedAvg [41],
FedProx [42], and Scaffold [43]). As shown in Fig. 8, ESR-
MHFL provides significant performance enhancements across
all frameworks. For example, ESR-MHFL improved the average
accuracy for both FedProx and Scaffold by approximately 16%
and increased training efficiency by over 60%. These results
demonstrate ESR-MHFL’s strong compatibility and its ability
to serve as a scalable enhancement to state-of-the-art FL algo-
rithms.

The isolation between cloud servers and UEs in ESR-MHFL
enables seamless integration with existing client selection meth-
ods while avoiding privacy leakage issues in practice. As demon-
strated, ESR-MHFL consistently enhances the performance
of various client selection approaches while reducing overall
training cost in MHFL deployments, confirming our theoretical
analysis in Section III-D.

E. Parameter Sensitivity Analysis

Fig. 9 presents parameter sensitivity analysis demonstrating
ESR-MHFL’s robustness across various system configurations,
examining data heterogeneity, UE populations, edge server
counts, and network dynamics.

Dirichlet parameter analysis (α = 0.05, 0.1, 0.5) shows
ESR-MHFL provides maximum benefits in highly hetero-
geneous scenarios, achieving up to 310% training efficiency
improvement for high heterogeneity (α = 0.1) versus 60% for
moderate heterogeneity (α = 0.5), validating effectiveness for
multi-provider environments with diverse data distributions. UE
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Fig. 9. Parameter sensitivity analysis of ESR-MHFL: (a)-(b) data hetero-
geneity impact on accuracy convergence and efficiency; (c)-(d) UE population
scalability; (e)-(f) edge server configuration sensitivity; (g)-(h) network dynamic
sensitivity.

scaling analysis (100–300 UEs) confirms consistent scalability
with 174–241% efficiency improvements across all population
scales. Edge server scaling (5–8 servers) reveals increasing
benefits with infrastructure scale, from 12.7% improvement
(5 servers) to 413% (8 servers), indicating greater reallocation
opportunities in complex infrastructures. Finally, we analyze
the impact of the network dynamic, where a higher level
corresponds to a greater probability of UE disconnection. As
shown in Fig. 9(g) and (h), ESR-MHFL proves robust across
all tested levels, improving model performance by at least 10%
and training efficiency by over 56%.

The analysis establishes deployment guidelines: highly het-
erogeneous data (α ≤ 0.1) and substantial edge infrastructure
(≥ 7 servers) yield maximum improvements, while moderate
scenarios still provide measurable gains, demonstrating broad
practical applicability.

VI. CONCLUSION

In this paper, we have proposed a novel MHFL architecture
and ESR-MHFL scheme that enhance model performance and
reduce training cost for large-scale FL. Our work introduces
a comprehensive cost analysis model that quantifies how edge
server assignments impact FL convergence. We formulated edge
server reallocation as a multi-item auction problem, implement-
ing a VCG-based payment rule to ensure individual rationality
and incentive compatibility. To address scalability challenges,
we developed an efficient greedy algorithm that effectively
solves the profit maximization problem even for large-scale de-
ployments. Extensive simulations demonstrate that ESR-MHFL
significantly improves training efficiency while reducing real-
location complexity. Future research will focus on three key
directions: (1) developing efficient federated architectures for
massive-scale networks, (2) optimizing FL training efficiency
by incorporating diverse network resource factors in MEC en-
vironments, and (3) quantitatively analyzing the privacy-utility
trade-off under formal privacy guarantees. Additionally, we will
explore integrating ESR-MHFL with complementary paradigms
like ISCC to create a two-level hierarchy where our scheme
manages macro-level server allocation while ISCC handles
micro-level task optimization, with ISCC performance metrics
informing auction valuation functions.
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