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CODEA: Online Container Deployment and Edge
Association for Multi-Edge Federated
Synergy Learning

Shucun Fu", Fang Dong
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Abstract—Federated edge learning (FEEL) is a prospective
paradigm enabling edge devices to collaboratively participate in
machine learning model training, unlocking countless opportu-
nities for edge intelligence. As an extension of FEEL, federated
synergy learning (FSyL) alleviates the computation and communi-
cation burdens on resource-constrained end-devices by offloading
partial model layers to edge servers for synergistic training. How-
ever, existing work largely ignores the impact of budgeted multi-
edge service deployment and dynamic device-server association
on training performance, causing significant accuracy degrada-
tion and increased costs. To address these limitations, this paper
investigates critical performance bottlenecks of executing FSyL
and formulates a novel benefit maximization problem that jointly
optimizes online container deployment and edge association. To
efficiently tackle this intractable problem, we propose CODEA,
an online COntainer Deployment and Edge Association frame-
work based on the contextual multi-armed bandit model. CODEA
guides deploying containerized FSyL services across multiple edge
servers under a budget constraint, maximizing device coverage
and training robustness before each global update stage. Follow-
ing container deployment, the online edge association determines
the device-server association during each local training round,
maximizing cost-savings and ensuring the success rate of update
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collection. Extensive experiments demonstrate that CODEA signif-
icantly improves training accuracy and cost-savings compared to
state-of-the-art methods.

Index Terms—Federated edge learning, federated synergy
learning, online learning, container deployment, edge association.
IGNIFICANT advancements in distributed machine learn-
S ing (DML) and mobile edge computing (MEC) have fueled
the emergence of edge intelligence (EI) as a collaborative com-
puting paradigm. EI leverages pervasive edge devices, such as
IoT sensors, smartphones, and autonomous vehicles, to facilitate
model training and task inference [1], [2], [3]. The widespread
implementation of EI applications, including autonomous driv-
ing [4] and healthcare monitoring [5], is a crucial enabler
for ubiquitous intelligent connectivity. Federated edge learning
(FEEL) stands out as one of the most promising solutions for
realizing EI. In FEEL, individual devices are assumed to have
sufficient resources to train a complete ML model [6], [7],
[8], [9]. During each training round, participating devices in-
dependently train local models on their private datasets, and the
updated local models, rather than raw data, are then aggregated
by a central parameter server for the next round. This iterative
process is repeated across multiple rounds until a high-accuracy
global model is achieved.

Existing FEEL schemes have demonstrated empirical suc-
cess, providing theoretical convergence guarantees and sup-
porting multi-level architecture designs. These advances have
significantly enhanced system scalability and efficiency by ex-
panding device coverage, alleviating network congestion, and
achieving load balancing [10], [11], [12], [13]. As intelligent
service demands continue to diversify, a common strategy in-
volves augmenting deep neural network (DNN) models with
increased parameters to boost the quality of service (QoS) for EI
applications [14]. However, training such large-capacity DNN
models directly on resource-constrained edge devices remains
impractical due to the substantial mismatch between limited
hardware capabilities and escalating training demands, which
presents significant challenges in model deployment, resource
management, and training optimization.'

I. INTRODUCTION

!For instance, training ResNet18 with a modest batch size of 8§ can easily
exceed Android’s default per-application memory limit of 0.5 GB [15].
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Fig. 1. Illustration of the proposed FSyL framework.

To alleviate the computation/communication burden on the
resource-constrained end devices, federated synergy learning
(FSyL) has emerged by integrating the strengths of split fed-
erated learning (SFL) and end-edge collaboration (E2C) [16],
[17], [18]. In FSyL, the federation® pre-deploys training services
and necessary supporting components on selected edge servers
(a.k.a. container deployment). These servers function as both
the parameter server for model aggregation/broadcast and the
assistant server for synergistic training. Fig. 1 illustrates an
example of FSyL in multi-edge scenarios, where each server
is associated with nearby devices in its coverage area (a.k.a.
edge association). The entire DNN model is partitioned into a
device-side and a server-side sub-model at the designated cut
layer. The device-side sub-model is trained locally, while the
computationally intensive server-side sub-model is offloaded to
the edge server for collaborative training. Despite the significant
advantages of the FSyL framework for large-scale model train-
ing, two unique features (i.e., budgeted multi-edge service de-
ployment and dynamic device-server association) of multi-edge
multi-device mapping present significant challenges in realizing
the full potential of FSyL.

Specifically, the federation needs to specify a container de-
ployment strategy across multiple edge servers before each
global update, and determine the device-server association de-
cision for participating devices during each local training round.
There are two fundamental challenges to overcome.

1) How to determine budget-aware container deployment
to ensure device coverage and training robustness? Container
deployment in multi-edge FSyL aims to maximize device cov-
erage and increase the flexibility of subsequent device-server
association, thereby enhancing training robustness. For one
thing, FSyL’s training performance heavily depends on the
number of successfully updated devices, i.e., valid participants
(see Section II-B3). While prior works have explored FL ag-
gregator deployment to maximize device coverage [11], [12],

2Federations can be diverse entities (such as companies, research institutions,
etc.) that own global ML models and initiate FL tasks.
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[19], they overlook the impact of FSyL-specific factors (i.e.,
sub-model offloading and inter-round strategy adaptation) on
update success rates, rendering them unsuitable for dynamic
FSyL scenarios. Even state-of-the-art methods [20], [21], [22],
[23], [24] primarily concentrate on model partitioning and re-
source allocation under the assumption that FSyL services are
pre-deployed across all servers. While provisioning sufficient
service resources at every server could deliver the best QoS, itis
impractical due to the prohibitive deployment costs and potential
resource waste. For another, strategically placing FSyL services
on neighboring edge servers with overlapping coverage could
enhance training robustness, as devices within an overlapping
coverage can dynamically switch to alternative servers when
one of them overloads (see Section II-B1). Therefore, devel-
oping a budget-aware container deployment scheme that jointly
considers device coverage maximization and training robustness
enhancement is crucial for efficient FSyL.

2) How to determine the device-server edge association to
achieve cost-effective training? Device-server association di-
rectly affects each device’s training latency and determines
whether its update can be completed and uploaded within
the deadline. Due to the multi-dimensional heterogeneity of
devices, the resulting sub-model workloads vary across edge
servers, leading to divergent demands for edge service re-
sources [18]. Given limited server coverage and constrained re-
sources, device-server association decisions become interdepen-
dent and jointly impact the training time costs of participating
devices (see Section II-B2). However, identifying the optimal
solution is highly challenging since the combinatorial nature of
device-server mappings leads to an exponentially large search
space, making brute-force approaches impractical. Moreover,
dynamic device participation (triggered by container deploy-
ment in each global update phase) and volatile system conditions
further complicate the design of a cost-effective association
strategy. Traditional numerical optimization methods struggle to
handle such online decision-making problems. Therefore, once
FSyL services are deployed on edge servers, it is essential to
accurately estimate device training demands in a cold-start set-
ting (i.e., without prior knowledge) and continually optimize and
adapt device-server association to ensure cost-effective training
and timely model updates.

Inter-server container deployment and device-server edge
association are crucial for efficient training in multi-edge FSyL
systems. To overcome these challenges, this paper first conducts
an in-depth performance profiling analysis, examining how
training accuracy and training cost are impacted under multi-
edge FSyL settings. Building on these insights, we formulate an
online optimization problem for FSyL container Deployment
and edge Association Benefit Maximization (FDAB-M). To
solve this problem, we introduce CODEA, an online frame-
work for COntainer Deployment and Edge Association. CODEA
leverages online learning techniques to make step-wise deci-
sions during each training round, providing joint solutions that
ensure efficient FSyL execution. The main contributions of this
paper are summarized as follows:

® We conduct the first in-depth analysis of motivating cases

to profile the training performance of multi-edge FSyL.
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Fig. 2. Illustration of federated learning and split learning.

Based on these insights, we formulate an online optimiza-

tion problem that jointly optimizes container deployment

and edge association, aiming to achieve efficient and cost-
effective training under multi-edge FSyL settings.

® We propose an online optimization framework, CODEA,
built upon the contextual multi-armed bandit paradigm
to decompose the long-term optimization problem into
a multi-stage decision-making process. Specifically,
CODEA initially deploys FSyL services across multiple
servers under budget constraints, balancing device cov-
erage and training robustness before each slow-timescale
global update phase. Following container deployment,
the edge association module is invoked during each fast-
timescale local round to dynamically determine device-
server association decisions, aiming to maximize cost-
savings and ensure a high success rate for local update
collection. By making sequential decisions throughout the
training process, CODEA optimizes the long-term FSyL
performance, providing theoretical guarantees via a sub-
linear regret bound, without prior knowledge.

e We implement extensive experimental evaluations and
comparative analyses on a real-world dataset within a
scalable FSyL system. The results show that CODEA sig-
nificantly outperforms state-of-the-art methods in terms of
training efficiency and optimization effectiveness.

II. BACKGROUND AND MOTIVATION

A. Federated Synergy Learning Preliminary

Following the pilot effort of CHEESE [25], we adopt a general
system architecture to support multi-edge FSyL. The training
procedure of FSyL can be summarized as follows:

Step 1: At the beginning of each training round ¢, each server
n distributes its edge model to the set of devices S,, within its
coverage area. Each associated device m € S,, downloads the
edge model w!, and initializes its local model as w?, < w.

Step 2: Then, each device m performs local training to update
its model w!, using stochastic gradient descent (SGD) over its
local dataset Dy, as w!, = w!, —nV fr,(wl,, D,,), where n
is the learning rate, and V denotes the stochastic gradient of
fm(wk,). FSyL inherently involves device-side sub-model up-
dates, intermediate results (IRs) communication, and server-side
sub-model updates. As depicted in Fig. 2(b), the device-side
sub-model belongs to the device wy, ;, and the server-side
sub-model wfnys is hosted on the server. Specifically, the device
feeds local data into its sub-model and propagates forward to
the split layer (2-1). Then, the split layer’s intermediate features
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Fig. 3. Illustrations of the user-server distribution and the training demands
difference.

(IFs), also called smashed data, are transmitted to the server
(2-2). Following (2-2), the server receives the IFs and completes
forward and backward propagation on the server-side model
(2-3). Subsequently, the split layer’s intermediate gradients (IGs)
are sent back to the device (2-4). enabling the device to complete
backpropagation and update its device-side model parameters
(2-5). The device and the server collaboratively train the entire
model.

Step 3: After local training, device m € S,, uploads its local
model w}, to the associated server n to be edge model w?,, called
edge aggregation, i.e., w' Tt = @ D omest wt .

Step 4: Upon reaching the global update stage (i.e., T|t), the
edge model of each server will be uploaded to the cloud server
for global update, which is given as w! ™! = ﬁ Y nen Wh

The globally updated model is then distributed back to each
edge server to initiate the next round of edge training. This
process is iteratively repeated over multiple rounds until global
convergence is achieved.

B. Challenges of Container Deployment and Edge Association

To analyze the factors influencing FSyL performance, we
conducted a series of analyses based on real-world user-server
distributions as well as simulated scenarios of container deploy-
ment and edge association, as shown in Fig. 3. For instance,
Fig. 3(a) illustrates the geographic distribution of user-base
stations in Metropolitan Melbourne [26]. For ease of analysis,
we extracted a subset consisting of 12 base stations and 200 users
from the original dataset. From the calculation results of inter-
server training-demands per round (i.e., the total training time
incurred by devices within the server’s coverage) in Fig. 3(b),
we observe significant variations in training-demands across
different servers, with extreme cases reaching a 4.5 x difference.
Moreover, service demands could fluctuate since the devices’
physical location and computing/communication capacities may
change during the long-term training process. These complex
and dynamic factors collectively influence the effectiveness of
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different container deployment and edge association strategies,
with the analysis presented from three perspectives.

1) Impact of container deployment on device coverage and
training robustness in FSyL. To investigate the impact of con-
tainer deployment decisions on device coverage and training
robustness, we analyzed a simulated example consisting of three
edge servers and six devices, as shown in the left half of Fig. 3(c).
Inter-round container deployment determines which servers are
pre-configured with FSyL services under a fixed deployment
budget. As shown in Fig. 3(c), we assume the available bud-
get allows deploying FSyL services on only two servers. We
compare three candidate deployment solutions, each presenting
a trade-off between device coverage and training robustness.
A possible solution 57 is to deploy FSyL services on servers
n1 and ng, covering five devices, all of which are expected to
participate in training during the current round. Notably, device
mg can be associated with either of the two servers, providing
greater flexibility in coping with server overload. Conversely,
suppose we choose the sub-optimal B, i.e., deploy services
on servers n; and ns. While device coverage remains at five,
each device can only associate with a single server, reducing
flexibility and system robustness in the event of server overload
or failure. The third solution B3 deploys FSyL services on ny and
ns. Although this option reduces device coverage to four, device
ms gains access to two alternative servers, again improving the
system’s ability to adapt to overloaded servers.

Observation 1: The above analysis reveals that different con-
tainer deployment strategies result in varying levels of device
coverage and server co-coverage, which jointly determine the
number of devices expected to participate in training and the
system’s robustness. Moreover, as discussed in Section II-C3,
only devices that successfully complete local training and upload
updates contribute positively to training accuracy. These findings
motivate us to design an effective container deployment that
jointly maximizes both device coverage and server co-coverage
to support reliable multi-edge FSyL.

2) Impact of device-server association on training cost in
FSyL. Device-server association determines which device is
assigned to which edge server for E2C training. To illustrate
this problem, we present a simplified example using unitless
resource assumptions. As shown in Fig. 3(c), we assume that
the training demand (including computation and communication
load) of the server-side submodel requested by each device is
(¢ = 1,w = 1), and each device has one unit of both computing
and communication capabilities. The edge servers have het-
erogeneous coverage and service resources: ny = (2,2), ng =
(2,3), and n3 = (1,2), each serving a specific geographical
area. We compare two edge association solutions. Considering
proximity constraints, a possible association solution Z; allo-
cates my and ms to ny, ms and my to ng, ms and mg to ns.
The association benefitof serverny is2(1 + 1) — (3 + 2) = 2.
Similarly, the association benefits of servers no and n3 are 2.33
and 1, respectively, yielding a total benefit of 5.33. Conversely,
if we choose the better Z5 (i.e., switch my from ns to ns), then
the total association benefit becomes 2 + 3.5 4+ 0.5 = 6. This
improvement occurs since ng is more powerful than n; and ng,
and devices mg3 and mjs prefer to connect to ns to minimize
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training costs. Such an edge association problem for sub-model
offloading can be modeled as a constrained multi-dimensional
knapsack problem. In practice, numerous feasible solutions ex-
ist, and finding the one that maximizes overall association benefit
is non-trivial. The problem is further complicated by dynamic
device locations and varying training demands, which directly
affect system cost.

Observation 2: The above analysis reveals that device-server
association significantly impacts training cost in FSyL. Due
to heterogeneous device capabilities and dynamic training de-
mands, sub-optimal associations may lead to imbalanced load
and increased training time. Therefore, optimizing edge associ-
ation to match device demands with server resources is critical
for reducing system-wide training costs.

3) Coupled impact of container deployment and device-server
association on training performance in FSyL. It is worth noting
that in multi-edge FSyL systems, container deployment and
edge association jointly determine the actual set of participating
devices. Specifically, container deployment defines the coverage
of edge servers equipped with FSyL services, meaning that
only devices within these regions are eligible for training. Ad-
ditionally, effective edge association ensures that each device is
matched to the most suitable nearby edge server, enabling it to
complete local training and upload its update before the prede-
fined deadline. Only those devices that successfully complete
this process are considered valid participants and contribute to
the global model. Consequently, device participation in FSyL is
not merely a tunable parameter, but the outcome of system-level
orchestration, which directly impacts model convergence and
final accuracy.

The findings, depicted in Fig. 4, reveal that varying levels of
device participation significantly influence the global model’s
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convergence speed and final accuracy. In the simple Lenet-Mnist
task, although different levels of device participation achieve
nearly identical test accuracy after 100 training rounds, the
convergence curve under partial-device participation exhibits
noticeable fluctuations during the early training period. In con-
trast, the complex AlexNet-CifarlO task shows that the test
accuracy drops sharply and fluctuates violently when device
participation is limited. These observations align with findings
reported in prior studies [27], [28], [29], showing that insuffi-
cient device participation can degrade convergence behavior and
reduce model robustness.

Summary: From the above analysis, we summarize that con-
tainer deployment and edge association jointly affect the sys-
tem’s overall training efficiency, robustness, and the number
of successfully participating devices. Therefore, it is critical to
design a coordinated strategy that jointly optimizes container
deployment and edge association to improve training accuracy,
reduce system-wide training costs, and mitigate the impact of
stragglers in dynamic multi-edge FSyL.

III. SYSTEM MODEL AND PROBLEM FORMULATION

We focus on an end-edge collaborative FSyL system, which
consists of a set of edge servers N' = {1,...,n,..., N}, each
equipped with computing resources F;, and communication
resources characterized by achievable bandwidth W, along
with a set of associated devices M = {1,...,m,..., M}. Due
to the limited coverage of a single edge server, we assume
each server covers a different set of devices.> We consider
convolutional layers (hereafter called layers) to be the atomic
elements of model structures since they dominate most FLOPs
in DNNs. The DNN model is structured as a chain with a set
{1,...,1,...,L}. Let f¢; and be; represent the computations
required for the forward propagation and backward update of
the layer [, respectively. Similarly, let fd; and bd; denote the IFs
and IGs size of the layer [. We denote the computational capacity
of device m by f,,, and the size of its local dataset by |D,,|.
The container deployment strategy profile for FSyL services
is denoted as B' = (bl,...,b%;), where deployment strategy
bt =1 indicates that the FSyL container is deployed at server
n, otherwise b, = 0. The deployment budget for FSyL con-
tainers is B*. The edge association determined by the decision
Zt=A{2] s Zhnln € Nyn € Q,,} indicates that device m
is associated with the server n.

A. FSyL Deployment Benefit Model

The container deployment problem focuses on selecting ap-
propriate edge servers for deploying containers that encapsulate
the FSyL service under the given resource budgets. Assume there
are IV edge servers, each covering a specific wireless area and

3 A device m can be associated with an edge server n only if it is covered by
n,i.e., n € Qp,. Such an edge server is called device m’s neighbor server.

4Without loss of generality, we assume that each server’s maximum available
service units are equally divided, and each edge server admits at most Z devices
to be associated with it. Therefore, after the container deployment, the total
budget of edge association is ZB. The more general cases where each server
may have a different capacity Z are evaluated in the experiments.
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serving a subset of devices. A device may be co-covered by
multiple edge servers, and n € (), indicates that server n covers
device m. Due to the limited service budget, the federation
must select B servers out of the N candidates to deploy B
FSyL services and enable E2C training. Given a set of servers
where FSyL services are deployed, server n’s device coverage
is denoted by Q,, = {m|m € M,Q,,, = n}. Then, the overall
device coverage is measured by the total number of devices that
can associate with servers equipped with FSyL services, which
is defined as

wB) =1, Qul (1

To further enhance the robustness of service provision and
provide more alternatives for subsequent device-server associa-
tion, one device is expected to be co-covered (i.e., overlapped)
by multiple servers to avoid disconnection from a single server
and to have more alternative servers for training robustness. The
overall server co-coverage is quantified by the number of devices
that are co-covered by those servers, i.e.,

ur(Bt) - Zn:b%:l |Qn| N |Un:bfL:1 Qn| (2)

Finally, to jointly maximize device coverage and training
robustness, given the deployment strategy B¢, the corresponding
deployment benefit DU (B?) can be calculated by

DU(B") = u“(B") + o - u" (B")
= O‘Zn:bazl |Qn| + (1 — )| Un:bfL:1 Qnl 3)

where « is the weight coefficient that balance the relative im-
portance of device coverage and server co-coverage.

B. FSyL Association Benefit Model

1) FSyL Cost in IRs Transmission: The communication
model describes the transmission cost of intermediate results
(i.e., IFs and IGs) between the devices and the edge server.
Devices upload the IFs of the cut layer to the edge server for
server-side model training, and the edge server feedbacks the IGs
of the cut layer to the devices for the device-side model training.
Following [11], orthogonal frequency-division multiple access
(OFDMA) is adopted for uplink/downlink channel access. Un-
der OFDMA, the communication bandwidth is divided into mul-
tiple narrowband sub-channels without interference. For fairness
and simplicity, we assume that the bandwidth resources are
shared equally among all associated devices. Given the maximal
bandwidth W,,, the bandwidth allocated to device m by the
server n is expressed as

W Py
t Vo 4 EmTmin 4
Tm,up |Hn(Zt)| Og( + @0 ) 4)

14Y% Dnd

t _ n nYn
rm,dl - |H7L(Zt)| log(l + @0 ) (5)

where 6, ,, and d?, represent the uplink and downlink channel
gain between the device m and the server n, and o represents
the background noise. H,,(Z*) = {m|zm.n = 1,m € M} rep-
resents the set of devices associated with the server n.
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Hence, the transmission cost between the device m and the
associated server within one training round is expressed as
fdpr,, bd

pr’n‘b
+ )
m ,up Tm,dl

Ct

m,com

= [D|(=; (6)

2) FSyL Costin Local Training: The computation process of
FSyL contains two stages. First, each device m performs forward
propagation until the cut layer. After receiving the IGs fed back
from the server, the device m performs backward propagation
to update its local model. The computation cost associated with
the device-side model training is expressed as

P (fer+ bay)
I

Then, the edge server updates the server-side model using
the received IFs, and the computation cost associated with the
server-side model training is expressed as

= [Dml Zl =pry

where the computing resources provisioned to device m by the
server n are expressed as F (Z'). Finally, the total time cost
of the device m required to accomplish the FL task within one
local training round is defined as

ok

m,loc —

= [Dp| (N

(fa +ba)

. FL(ZY ®

7TL 96’7’

t
Ch,

+Ct

m,ser

+C!

m,com

SL:C

m,loc

+ C’;?nly"lc (9)
If 2

tan = 0,Vn € N, the total time cost of device m required
to accomplish the training task within one training round is

defined as
(fa+ bcl)
m FL — |Dm| Zl 1 f
m

where C;Y" refers to the parameter aggregation and distribution
cost of the global model.

Based on the above model analysis, if the device m is associ-
ated with an edge server n where the FSyL service is deployed
and configured, the association benefit is reflected in the time
cost-savings compared to training the full model locally under
the standard FL. mode. The total association benefit regarding
time cost during round ¢ is defined as

OUfn(Zt) _ {Cfn JFL — C?n,SL? Zﬁn,n

+ Coyne (10)

=1
0,2f,,=0 (an

rm,n

Finally, to maximize the overall training time cost-savings
across all devices, the total association benefits under FSyL
container deployment can be expressed as

cut(zt) = ZmeM CcuUt,(2Y) (12)

C. Problem Formulation

We aim to maximize both the deployment benefit and the
association benefit by determining the FSyL container deploy-
ment during the global update stage and edge association during
the local training stage, respectively. This joint optimization
problem is referred to as FSyL container Deployment and edge
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Association Benefit Maximization (FDAB-M).

T
> DU'(B')- Iy + CU'(Z") - (1 — Iy

P: max
Bz,
Cl:bt € {0,1},Yne N
C2: Y b =B VteT
neN
ot C3:2z,,€{0,1},n € Q;,,Yme M (13)
) C4: Y 2, <ZBVneNVteT
meM
) _J1,tmod T, =0
C5: iy = {0,0therwise

Constraint C1 represents whether an FSyL container is de-
ployed on server n, and C2 indicates that the total deployment
budget is B. Constraint C3 ensures that a device may only
associate with edge servers within its coverage. Constraint C4
guarantees that the total association of devices on the server does
not exceed the available service capacity. Zy.) is an indicator
function in C5. If {-} holds, then Ty = 1, otherwise, Z.,, = 0.
It is noted that container deployment is invoked only during
each global update phase T}, while edge association is updated
in each local training round.

D. Problem Analysis

The formulated FDAB-M problem is inherently intractable
for the following reasons. First, the global training round 7'
required to achieve model convergence is difficult to character-
ize mathematically, primarily due to the system and statistical
heterogeneity. Additionally, the set of participating devices in
each training round is unknown in advance, determined by the
container deployment at the beginning of the global update stage
T,. As a result, the FDAB-M problem can only be addressed
via a step-by-step online approach to approximate near-optimal
solutions. Second, the device’s performance is unknown before
each training round due to dynamic system environments, which
present challenges in accurately quantifying each device’s asso-
ciation benefit CU". Third, it is rather challenging to provision
multiple devices with both satisfied edge associations and ensure
that enough devices complete local training before the deadline
in each round, mainly when the service resources are limited
and the training demand of the device fluctuates. In this paper,
we propose an online optimization framework, named CODEA,
to address those challenges systematically and thus provide an
efficient solution to the FDAB-M problem.

IV. DESIGN OF CODEA
A. Overview of CODEA

To address the above challenges, we reformulate FDAB-M
problem as an online multi-stage optimization problem within a
CMAB framework, as illustrated in Fig. 5. In this framework, the
system controller is regarded as an agent that interacts with the
external environment, making sequential decisions to optimize
training execution. Specifically, the federation observes the con-
text information at the beginning of each round before making
decisions regarding container deployment and edge association.
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At the slow-timescale global update stage T}, FSyL services
are deployed across multiple edge servers under a fixed budget
constraint to maximize deployment benefit. Subsequently, in
each fast-timescale local training round, the system determines
device-server associations on the configured servers to maximize
association benefit.

Given the uncertainties and dynamics of the FDAB-M prob-
lem, CODEA enables the controller to make informed decisions
based on real-time system states and predicted device behav-
ior. By combining the adaptability of online learning with the
precision of traditional optimization techniques, CODEA aims
to maximize long-term rewards while generating high-quality,
fine-grained deployment and association strategies.

B. Problem Transformation

In the FDAB-M problem, both the deployment and associa-
tion benefits depend on multiple factors, such as device location,
computing power, and transmission power, collectively referred
to as the context. Let x!, € X' denote the context vector of
device m observed in the ¢-th round, where X represents the
context space. Without loss of generality, we assume that the
context space is bounded as X = [0,1]P, with D being the
context dimensionality. In CODEA, we aim to learn and predict
the association benefit of devices based on contextual informa-
tion and the corresponding actual training costs. The training
cost demand, mapped from the context through a specific FSyL
execution mode, is a key metric to evaluate cost-efficiency. This
metric reflects the cost savings achieved after the device obtains
FSyL resources, defined as

V(X ={CUL (2", X" m e M,n € Q,} (14)

Additionally, we define the cost-demand vector W' =
{W! (zf,)|m € M}, which collects the expected cost demands
of all devices under the context X’*. In this case, the original
problem can be decomposed into 7" independent subproblems
for each training round ¢, as shown below

ax, DUYB', U") - Iy + CUY(Z', W) - (1 — Tpyy)

P1 P2

st.Cl—-Ch,VteT (15)

The above problem can be solved from the two stages of con-
tainer deployment for the global update and edge association for
the local training, respectively. P1 is a subset selection problem
with NP-hard complexity, and P2 is an integer programming
problem with knapsack constraints.

C. Submodule Maximization Container Deployment for P1

The N'P-hardness of P1 is established via a polynomial-time
reduction from the classical k-facility location (KFL) prob-
lem [30]. Since P1 is conducted for each global update round,
the index ¢ is omitted for most cases in this subsection for
conciseness when there is no ambiguity. To design an efficient
container deployment strategy for P1, we first prove that the set
function DU (-) has monotone and submodular properties under
the cardinality constraint | - | = B.
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FSyL system design.

Algorithm 1: Budget-Aware Container Deployment for
FSyL.

1: Initialize: B=0,Q =0, DU(Q) =0

2: Calculate |Q),,| in parallel for all server n € N

3: repeat

4: forn € N do

5: DU (n|Q) = DU(Q U {n}) — DU(Q)

6: n* « argmax,cyDUT(n|Q), Q + QU {n*}
by =1L,N —~N\{n},B=B—-1
;until || =B
: return container deployment strategy B*

O %0

Definition 1 (Monotone Submodular Function). For any
server subset Q C R C N and n € N\R, the set function
DU/(+) is monotone submodular if

e DU(Q) < DU(R)

e DU(QU{n})—DU(Q)>DU(RU{n}) — DU(R)

Theorem 1 (DU () is a monotone submodular function).

The proof of Theorem 1 can be found in Appendix A, available
online. After proving the monotone and submodular properties
of the function DU(-), we propose an approximate approach
FSyL-CD, i.e., Budget-aware FSyL Container Deployment, to
select a subset of servers to deploy containers under budget
constraints, thereby maximizing deployment benefit.

1) FSyL-CD Algorithm Design: The main idea of FSyL-CD
is to maximize marginal utility to guide efficient container
deployment in the budget-aware multi-edge scenario. Initially,
we deploy budgeted FSyL services on edge servers based on the
devices’ physical location and servers’ coverage. The details are
shown in Algorithm 1.

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on September 07,2026 at 13:17:31 UTC from IEEE Xplore. Restrictions apply.



16282

120 FSyL-Random
FSyL-CovG
E= CODEA
FSyL-EPOL
- Oracle

Total Deployment Benefit
»
g

Total Deployment Benefit

100 120 140

160
Number of Devices

180 200 5 10 15 20 25 30

Number of Servers

(a) deployment benefit vs. M (b) deployment benefit vs. N

Total Deployment Benefit
Total Coverage Device

& H =!
8 9 0

Deployment Budget
(d) coverage device vs. B

2 7= =) = A H
5 6 7 8 9 10
Deployment Budget
(c) deployment benefit vs. B

Fig. 8.
methods.

Comparison of deployment benefit and device coverage under different

The process of FSyL-CD starts with an empty set 2 =
() and DU(2) =0, and b, =0 is assigned to each server
(Line 1). Then, calculate the number of devices covered by
each server |Qn| in parallel (Line 2). From the candidate set \V,
the server n € A'\Q with the largest marginal gain DU (n|Q)
is constantly added to 2 until |Q2] = B (Lines 3-8). Container
deployment decisions constitute the final decision profile B*
as the output of the approximate algorithm. The computational
complexity of the FSyL-CD algorithm is O(NB).

2) Theoretical Analysis: Although the proposed FSyL-CD is
an efficient algorithm with linear computational complexity, it
may not always guarantee the globally optimal solution in each
global update round. Nevertheless, we can theoretically prove
that FSyL-CD achieves a constant-factor approximation relative
to the optimal solution.

Theorem 2 (FSyL-CD achieves (1 — e~ ')-approximation
guarantee for optimal container deployment benefit.).

The proof of Theorem 2 can be found in Appendix B, avail-
able online. With this guarantee, we ensure that the container
deployment in each global update stage achieves near-optimal
deployment benefits, thereby establishing strong data and device
support for the subsequent local training process.

D. Online Learning-Based Edge Association for P2

During the local training stage, container deployment strategy
B**t is derived from Theorem 1 to consider further online
edge association Z*. To solve P2, context-based cost demand
estimation is required and combined with server coverage to
formulate the edge association strategy.

1) Overview of Online Edge Association Workflow: We pro-
pose an online algorithm FSyL-FA within the CMAB frame-
work, i.e., Federated Synergy Learning Edge Association. FSyL-
EA follows a structured workflow in each training round.
First, the federation observes the contextual information X =
{xfn}meM:meémb%:l along with the previously accumulated
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knowledge, i.e., the correlation between contexts and cost de-
mands). Then, edge association is performed, if zfnn =1,
device m within server n’s coverage can perform FSyL via
sub-model offloading. After completing one training round, the
actual association benefit is evaluated, and the cost estimate
Wl(zt ) is updated to refine future decisions.

2) Dimensionality Reduction for Context: In a standard
MAB model, an agent plays arms actions (or arms) based on
contextual empirical knowledge. However, in practical FSyL
applications, device contexts are derived from a continuous
space (e.g., computing power is a continuous variable), result-
ing in infinitely many possible contexts. Collecting historical
demand records and learning cost-demand distributions for each
possible context is both labor-intensive and impractical. To
address this, FSyL-EA groups similar contexts and learns the
demand patterns of these groups instead of each individual
context X'¢. Specifically, FSyL-EA partitions the context space
X = [0,1]? into small (hy)” hypercubes, where each hyper-
cube is D-dimensional and has a uniform size hiy X o X hiy
These hypercubes are collected into the context partition set
® € ®p. The federation learns the cost-demand patterns across
various devices. Following the Lipschitz bandit model [31],
[32], arms with similar context information are expected to have
similar qualities. Based on this idea, the estimated quality of the
device-server pairs belonging to an identical hypercube, i.e.,
U, (®) = Epea[Vin(p)]. Each device m maintains a counter
ctﬁnvn(@) for each hypercube ® € ®7 up to round ¢, recording
the number of times that device m has associated with a nearby
server (i.e., 2, , = 1,27, € ®).

3) FSyL-EA Algorithm Design: Algorithm 3 presents the
pseudocode for FSyL-EA. At the t-th round, the federation
observes the contextual information X* = {2, },,cr¢ and de-
termines the hypercube ® to which each device belongs, namely
zt € ®! (ie., dimensionality reduction for context). The hy-
percubes for all devices are collected in &' = {®! }, .
The estimated cost demand for device m during round ¢ is
obtained via U, (®L,) (note that z!, has been replaced by
the hypercube ®! ). The cost estimates are collected in W' =
{1 (®Y),...,Up(P,)}. FSyL-EA operates in either an ex-
ploration or exploitation phase. To determine the phase for the
current round, the algorithm checks whether the current contexts
of the devices have been sufficiently explored. We define the set
of under-explored devices II* based on the contexts observed
and counters in round ¢ as follows:

I'(X') = {m e M'|ct!, . (®,) < K(t), 2}, € ®,,} (16)

where K (t) is a monotonically increasing control function used
to determine whether the amount of historical data collected in
hypercube ®! is well-explored enough to accurately predict
cost demand for exploitation.

Exploration Stage: If the under-explored set is not empty,
i.e., [Tt # (), FSyL-EA enters the exploration stage. During this
stage, the goal is to prioritize the association of under-explored
devices to gather more context-reward information. Before that,
we should identify the maximum under-explored device-server
pairs (m, n) since each device can only be associated with one
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Algorithm 2: Maximum Device-Server Pair Exploration.

Algorithm 3: CODEA for FSyL.

1: Initialize: M’ € II', N" € Qu¢, E, Z
2:m <+ (M|, n <« |N|
3k + [O](n+l)x(Z+1)7 =< [0} *m

4:fori € m—1do

5. forjen—1landj € E[i] do

6: forw <« Z,...,1do

7 if Z[i] = 0&amp; k[j][w] < k[j][w — 1] + 1 then
8 kljlw] « k[jllw — 1] +1

9 E[i] - 1, G[i] < j

0

10: return device-server association pair G

server in each training round (although it may have multiple
neighboring servers Q).

Definition 2 (Maximum Under-explored Pairs). Given the
set of under-explored devices II?, the maximum set of under-
explored device-server pairs (m, n) is denoted as €).

We define the device-server mapping relationship as E =
{(m,n)|m € II',n € Q,,}. The maximum under-explored
pairs €2 can be transformed into a Multi-Constrained Bipartite
Matching Problem (MCBMP), as shown in Fig. 6. To solve
this maximum matching problem, we can refer to the spirit of
Edmonds-Karp [33], which combines breadth-first search (BFS)
and residual network construction to efficiently find the shortest
augmenting paths and increase the matching flow along these
paths iteratively. By repeatedly augmenting along the shortest
paths, the maximum matching for the bipartite graph can be
effectively obtained. The algorithm ensures the optimal solution
and has the time complexity of O((M + N + 2)E?), where E
denotes the number of links.

There are two cases: i) If |Q] > ZB, FSyL-EA can only
explore a subset of devices from II. Intuitively, we want to
gather more information regarding the cost demands of under-
explored devices. However, since the exact cost demands of
these devices are unknown, the exploration stage of FSyL-EA
reduces to solving a Constrained Multiple Knapsack Problem
(CMKP) with server coverage constraints. The objective is to
maximize the number of associated devices, thereby expanding
exploration coverage. FSyL-EA adopts dynamic programming
to solve the maximization exploration problem.

In the exploration stage, the objective is to select as many
under-explored devices as possible without exceeding the total
association budget ZB. To achieve this, Algorithm 2 maximizes
the number of devices explored under resource constraints. The
algorithm ensures the optimal solution with a time complexity of
O(ZMN). i) if || < ZB, FSyL-EA select all under-explored
devices in the set IT?, and there are ZB — |2| remaining budget.
The remaining budget determines the edge association decision
on the explored devices m € M\II* based on the current cost-
benefit estimates. The resulting edge association decisions Z¢
are obtained as follows:

maxz: CU'(Z', ')

s.t. m e M\II*,C3 — C5 (17)

1: Initialize: M, N, hy, ¢ty n(®) =0, U, n(P) =0
2:fort=1,...,T do
3: Observe the context X'*; Determine content partitions
P!t = {®! },,em, where f, € @ such that
zt € Pt
4: ift mod Ty = 0 then
S: Execute Algorithm 1 > Container Deployment
6: else
7 Execute Device-Server Edge Association
/I Device-Server Edge Association:
8: Identify the under-explored set IT* > Exploration
9: Calculate the maximum under-explored pairs Q°
10: if II* £ () then
11: if || > ZB then
12:  Select under-explored pair G* C II* according to
Algorithm 2
13: an,n = 1{(m,n)\(m,n)EG‘}
14: else>ie., |Q <ZB
15:  Solve for Z¢ using (17)
16: else > Exploitation
17:  Solve for Z! using (18)
18: If zﬁnn = 1, observe actual cost demand. > Update
19: for each device m with 2, , = 1 do

. t N U (@) )t o (RL,)+CU,,
200 W (D) = =220 = 4

210 (L) = ctyn(PL) +1
22:return Zt, t=1,2,...,T

Exploitation Stage: If 1I' = (), candidate device-server pairs
have been explored enough, then FSyL-FEA enters the exploita-
tion stage. The federation determines the optimal edge associ-
ation decision according to the cost demand estimate W!. The
association decision Z* can be obtained as follows:

maxz: CU'(Z', ')

s.t. C3—-C5h (18)

Update Stage: After the exploration and exploitation stages,
the federation updates the context-cost estimation according to
participating devices’ actual observed cost demands.

4) Theoretical Analysis: Regret is a key performance metric
that quantifies the gap between a given policy and the optimal
policy, and is used to evaluate the convergence behavior of
online algorithms [34], [35]. Finally, we theoretically analyze
the learning regret upper bound of the proposed FSyL-EA.

Definition 3 (Regret Upper Bound). Assume that the feder-
ation knows the expected association cost demands precisely
under each context. In this case, the original problem can obtain
an Oracle solution for each training round ¢. The cumulative
regret of the proposed FSyL-EA is defined as:

T
R(T) = 3 (E[CU (2", 0] — E[CU*(2',9")])  (19)
t=1
Theorem 3 (Regret Upper Bound of. FSyL-EA ) Let hy =
[T50+0], K(T) =T+ log(T) and ' = ZB2M Ciax. If
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FSyL-FA is employed with these parameters and the Holder V. EXPERIMENT

Condition holds true, the regret R(T') is bounded by In this section, we conduct comprehensive experiments and

comparative analysis within a scalable FSyL simulated system to

E[R(T)] < 2P (log(T)T% + Tﬁ) evaluate the training performance of the proposed mechanism.

Specifically, we first briefly introduce the experimental setup,

M\ 72 including system parameters and comparative methods. Then,

HIN Z k 3 we evaluate the influence of the task type, device population,

server scale and service budget on the FSyL benefit, training

(1+ £25 )(30+ D) T8 efficiency, test accuracy, and algorithm efficiency. Finally, eval-
(20 + D) ) uation results are presented and discussed.

+TN(3£2% 42

The proof of Theorem 3 is in Appendix C, avail- A. Experiment Settings

able online. The leading order of the regret R(T) is We evaluated the training performance of the proposed

O(ZB*MCy,ax 2T 304D log(T')), which is sublinear in the mechanism through experiments conducted in a simulated
time horizon 7. FSyL environment, as illustrated in Fig. 7. Our evaluation is
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conducted on the physical locations of real-world base stations
and end-users within Metropolitan Melbourne in Australia,
which records massive information of edge servers and end
users [26], [36]. We chose a dataset that included 30 server
records and 200 user records. The locations of servers and users,
as well as the computing/communication capabilities and data
volume, are regarded as context. The level of heterogeneity is
controlled by computation frequency and transmission band-
width [7], [27]. We assume that the edge server’s computing
capability F),, and wireless bandwidth W, are 10GHz and
SMHz, respectively. The background noise wg is —100dBm,
and the noise power channel gain o, ,,, is [0.01, 0.05]. The avail-
able computation capacity f,, and transmission power p,, are
sampled from the same uniform distribution within [0.5, 2]GHz
and [0.05, 0.18]W, respectively. All evaluations run on the same
hardware, and the runtime is averaged over 300 global rounds
(matching the main experiment’s horizon) to smooth short-term
variability.

Model and Training Dataset: We evaluate our mechanism
across diverse DNNS, including LeNet-5, AlexNet, ResNet-18,
MobileNet, and VGG-9 for vision, and a character-level CNN
(CharCNN) for NLP. Image tasks utilize MNIST and CIFAR-
10, while text tasks employ Yahoo Answers (10 classes) and
DBPedia (14 classes). For CharCNN, we follow the standard
character alphabet (approximately 70 symbols) and fix the input
length to 1014 by truncating or padding. To simulate a realistic
FSyL scenario, we induce non-IID client data, i.e., each device
holds samples from two unique labels for vision, and adopt a
Dirichlet distribution for NLP.

Comparison Benchmarks: We implement the following meth-
ods as benchmarks, with a brief description of each comparison
method provided below.

® Oracle [37]: Oracle denotes optimal container deployment

and edge association, which builds the model presented
in Section IV-B and employs IBM’s CPLEX Optimizer to
solve the integer programming model for individual rounds
optimally.

(h) ResNet-Cifar10 vs. D (i) MobileNet-Cifar10 vs. D

=3 o

(j) VGG-Cifar10 vs. D

FSyL-CovG [38]: The idea of FSyL-CovG comes from the
FL aggregators deployment, aiming to ensure the most
covered participating devices [11]. The vanilla FSyL-CovG
is designed for FL, so the co-coverage benefit of servers
and device-server association is not considered.
FSyL-Random: FSyL-Random randomly selects a set of
servers to deploy FSyL containers with budget constraints,
which is an adaptation to multi-edge SFL [24].
FSyL-EPOL [39]: FSyL-EPOL formulates model deploy-
ment as a potential game and uses best-response dynamics
to converge to a near-optimal equilibrium, aiming to max-
imize the user coverage.

SplitFed w/ FSyL-CD [21]: Online edge association is
determined based on the proposed FSyL-CD. Note that
we have adapted SplitFed to accommodate our context,
but the basic idea is the same as the vanilla one, which is
to associate with different servers. Each device randomly
associates with the server in the coverage area without prior
knowledge. Givenits simplicity, random device association
can be applied to any FL scenario.

CUCB w/ FSyL-CD [35]: On the basis of SplitFed w/ FSyL-
CD, the classical MAB policy UCB is integrated. CUCB
first enumerates all feasible edge association decisions and
runs UCB with feasible decisions z,, ,, and learns the
expected utility for each device-server pair (m,n) in the
edge aggregation round. Because of this, CUCB is only
suitable for the general-scale edge association problem,
and the large-scale scenario will make the decision space
explode exponentially.

BENCH [40]: On the basis of SplitFed w/ FSyL-CD,
BENCH prioritizes maximizing the number of device—
server links under coverage and capacity constraints. Con-
cretely, BENCH favors breadth of participation over per-
link latency or utility.

Edge-MSL [41]: On the basis of SplitFed w/ FSyL-CD,
Edge-MSL computes UCB-style indices for each device—
server pair and then solves a global assignment under
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capacity and reachability constraints, yielding a collision-
free edge association in each round that improves on-
time successful updates. This centralized matching affords
effective resource coordination but incurs nontrivial per-
round complexity, making it most suitable for moderate-
scale scenarios.

B. Performance Comparison

Test Case 1 (Deployment Benefit): To evaluate whether
CODEA could effectively improve deployment benefit and de-
vice coverage, in this case, we evaluate the performance of
various methods in the multi-edge FSyL scenario. As shown
in Fig. 8, the results show the performance of various con-
tainer deployment strategies regarding total deployment ben-
efit and device coverage under various configuration parame-
ters. In general, CODEA consistently outperforms both FSyL-
CovG, FSyL-EPOL and FSyL-Random, and achieves perfor-
mance comparable to that of the Oracle in multiple experimental
settings. Specifically, Fig. 8(a) shows the superior performance
of CODEA when the number of servers n is 20 and the number
of devices m increases from 100 to 200. While Oracle always
achieves the upper bound, the performance gap between CODEA
and Oracle narrows as the number of devices grows. This is
attributed to higher user density, which increases the probability
of device co-coverage, thus enhancing deployment flexibility.
Overall, across all cases, CODEA outperforms FSyL-CovG and
FSyL-Random significantly.

Fig. 8(a)—(c) further confirm that CODEA consistently main-
tains the highest deployment benefit across three scenarios. As
the number of devices increases from 100 to 200, CODEA
consistently achieves the highest deployment benefit, demon-
strating superior adaptability and scalability. Within the 5 to
30 server quantity range, CODEA continues to lead in utility
growth. Notably, as the number of servers increases, FSyL-CovG
and FSyL-Random struggle to effectively leverage co-coverage
due to their lack of robustness in server selection, and the
probability of the FSyL-Random making mistakes becomes
greater. In contrast, CODEA demonstrates strong adaptability
by incorporating both coverage and robustness objectives into
deployment decision-making. Moreover, within the 5 to 10 de-
ployment budget range, CODEA maintains its advantage in both
deployment benefit and device coverage, particularly at higher
budget levels. This also provides sufficient dataset resources for
subsequent local training.

Test Case 2 (Test Accuracy): To evaluate whether CODEA
ensures model convergence and accuracy improvement, we eval-
uate the convergence rate and test accuracy of the global model
under different experimental configurations (i.e., the maximum
number of associated devices supported by each server Z and the
deadline D for each training round). For better readability, en-
larged versions of the figures are provided in the Appendix, avail-
able online. In Fig. 9(a) and (f), we measured the test accuracy of
the global model while the Z is setto {3, 6,9, 12}. Results show
that CODEA achieves efficient convergence and superior accu-
racy in the LeNet-Mnist task compared with the benchmarks.
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Although benchmarks (particularly for small-structure mod-
els) remain feasible, CODEA consistently maintains the most
stable and highest training performance, especially during the
early training stage. Fig. 9(b) and (g) demonstrate that CODEA
maintains clear advantages in the more complex AlexNet-
Cifar10 task, with Z and D are set as {10, 20} and [70 — 120]s,
respectively. Although BENCH strives to maximize the num-
ber of associated devices, it fails to consider the inter-device
heterogeneity, resulting in a suboptimal solution. Compared
with the benchmark methods, CODEA improves model accuracy
by up to 20% and achieves faster convergence by accelerating
training and maximizing the collection of local updates before
the deadline. Moreover, consistent convergence behavior ob-
served across various model architectures, including ResNet18,
MobileNet, and VGGY9, demonstrates that CODEA generalizes
well to diverse DNN structures, confirming its robustness and
applicability. In summary, CODEA effectively improves training
efficiency and model accuracy by leveraging precise demand
estimation and adaptive device-server association.

Test Case 3 (Cost Benefit): To evaluate whether CODEA
achieves efficient training toward time cost savings, we tested
300 training rounds and calculated per-round association bene-
fits under the same experimental settings as in the above test case.
Fig. 101llustrates the effectiveness of CODEA and the impacts of
two parameters, i.e., service resources and deadline constraints.
Overall, CODEA consistently achieves the highest cost benefits
across all scenarios. Fig. 10(a) and (f) show the results for simple
model structures. Benchmarks (SplitFed w/FSyL-CD and CUCB
w/ FSyL-CD) show inferior performance, particularly SplitFed
w/ FSyL-CD. The reason is that all devices adopt the same asso-
ciation decision probability to connect with neighboring servers
and share the limited service resources equally. As aresult, some
weak devices may fail to associate with nearby servers and fall
back to FL-mode updates, which leads to intolerable training de-
lays. Meanwhile, even strong devices are associated with nearby
servers but have not achieved satisfactory cost savings, and the
reduction of training time is limited. Compared to the bench-
marks, CODEA achieves the highest association benefit across
different configurations. The reason is that devices hardly guar-
antee the training efficiency of complex models, and the training
improvement brought by edge association is very prominent.
Results show that CODEA increases up to 3x and 1.5 x associa-
tion benefit under different configurations compared with bench-
marks. We conclude that context-aware online edge association
leads to optimal training performance and substantial time cost
savings.

Test Case 4 (Device Participation): To evaluate the effec-
tiveness of CODEA in facilitating efficient FSyL under deadline
constraints, we measured the number of devices that successfully
uploaded their local model updates across different methods.
As shown in Fig. 11, CODEA consistently outperforms all
baselines. Specifically, SplitFed w/ FSyL-CD exhibits significant
inefficiency in heterogeneous multi-edge scenarios due to device
diversity in computation and communication capabilities. Many
devices fail to complete local training within the predefined
deadline, leading to severe underutilization of system resources
and low participation rates. Although CUCB w/ FSyL-CD
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Fig. 12.  Comparison of the effectiveness of different methods.

leverages a contextual bandit approach, its short-sighted opti-
mization yields suboptimal association decisions. It struggles
to balance exploration and exploitation, leading to inefficient
resource usage and an update success rate below 50%. In con-
trast, CODEA employs multi-stage online learning to adaptively
balance short-term cost estimation and long-term benefit. In-
corporating contextual device information and historical cost
patterns enables robust device-server associations that account
for system heterogeneity and workload dynamics. Across all
test scenarios, CODEA consistently achieves the highest success
rate in timely update collection, maximizing effective device
participation and accelerating model convergence.

Test Case 5 (Algorithm Effectiveness): We further calculate
the cumulative success rate of collecting local updates, which
is a crucial metric to evaluate the long-term performance of
online learning algorithms. Fig. 12(a) demonstrates the cumu-
lative learning reward measured by the ratio of successfully
collected local updates obtained by different methods. As ex-
pected, the Oracle achieves the highest cumulative success
rate, which gives an upper bound to the other algorithms. In
contrast, baseline methods such as SplitFed w/ FSyL-CD and
CUCB w/ FSyL-CD exhibit slower growth due to their limited
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adaptability in optimizing device-server association under het-
erogeneous and dynamic systems. However, CODEA exhibits
a quasi-linear growth trend in cumulative reward as training
progresses. This indicates that CODEA effectively balances
the trade-off between exploration and exploitation, gradually
refining its understanding of the cost-performance characteris-
tics of devices. Complementary to the reward curves, Fig. 12(b)-
(d) report the per-round container deployment time and training
execution time across different methods. CODEA maintains a
low and stable runtime comparable to SplitFed w/ FSyL-CD,
while maintaining competitive training execution time. Overall,
CODEA consistently outperforms all benchmarks (including
Edge-MSL) and achieves a close-to-Oracle cumulative utility,
showcasing its superior adaptability and learning efficiency in
multi-edge FSyL scenarios.

Test Case 6 (Sensitivity Analysis of Hyperparameters):

1) Coverage/Co-coverage Weight «: We sweep « €
{0.2,0.3,...,0.8} under a fixed budget and report total de-
ployment benefit and total covered/co-covered devices across
five schemes, as shown in Fig. 13(a)-(c). As « increases (i.e.,
co-coverage is valued more), the overall deployment benefit
rises steadily, driven by an apparent, near-monotonic increase
in co-covered devices. In contrast, the number of uniquely
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covered devices shows a mild non-increasing trend. The rank-
ing among methods is stable across «, with FSyL-EPOL and
CODEA consistently outperforming FSyL-Random and FSyL-
CovG, indicating that explicitly accounting for overlap yields
higher utility when redundancy is rewarded. Practically, setting
a € [0.5 — —0.7] strikes a good balance between breadth (cov-
erage) and resilience (co-coverage), whereas larger « prioritizes
robustness and load-balancing at the expense of marginal cov-
erage.

To further verify the influence of o on end-to-end training
performance, we sweep « € {0.2,...,0.8} under a fixed budget
and run the full CODEA pipeline across multiple rounds. The
curves in Fig. 13(d) show a consistent pattern: small « (e.g.,
a = 0.2, coverage-dominant) yields faster early gains because
more distinct devices are covered, but the curve exhibits larger
variance. Since greedy coverage provides limited association
options, deadline misses and unstable associations accumulate
as load fluctuates. A very large o (e.g., a = 0.8, strongly co-
coverage-oriented) improves robustness but narrows the spatial
reach and slightly slows early accuracy growth. A mid-high
setting (v = 0.6) best balances the two, i.e., it preserves broad
enough coverage while ensuring sufficient co-coverage to reas-
sign devices when links/loads change, producing the most stable
trajectory and highest final accuracy among the tested values.
These trends persist across different budgets and device scales,
indicating that a moderate emphasis on co-coverage is the most
effective solution.

2) Context Partition Granularity hy: We sweep hy €
{1,2,3,4,5,6} and track test accuracy and the number of
reached devices per round. As shown in Fig. 14(a)—(b), across
all settings, the learning curves share a similar rising trend and
converge to acomparable plateau, indicating that our association
learner is generally robust to the partition resolution. However,
coarser partitions hy € {1,2} yield noisier trajectories and a
slightly lower final accuracy, together with larger fluctuations
in per-round participation. This reflects the fact that coarse hy-
percubes pool heterogeneous contexts, weakening the learner’s
ability to discriminate costs/rewards and thus degrading stabil-
ity and peak accuracy. In contrast, moderate to fine partitions
hy € [4 — 6] strike a better balance: they preserve most of the
efficiency benefits while maintaining smoother training dynam-
ics and higher asymptotic accuracy. Practically, we recommend
a mid-range hy (e.g., hy = {4,5}) as it achieves near-best ac-
curacy with limited overhead, whereas very coarse hy improves
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(e) MobileNet vs.
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(f) MobileNet vs.
Z + 30%

Fig. 16. Performance analysis under variable-capacity Z.

lookup/estimation efficiency at the expense of precision and
stability.

3) Exploration Threshold Function K (t): We benchmark
three exploration schedules, i.e., Ki(t) = /tlogt, Ks(t) =
=D logt, and K5(t) = t/logt, under the same deployment
budget and deadline settings. As shown in Fig. 15(a)—(b), all
CODEA variants exhibit broadly similar learning trajectories
and consistently outperform SplitFed w/ FSyL-CD and CUCB
w/ FSyL-CD baselines in both final accuracy and the number
of on-time participating devices. Among the three exploration
functions, K5 (t) achieves the best exploration—exploitation bal-
ance: it converges slightly faster to the high-accuracy regime
and sustains a higher reached-device rate across training rounds.
Intuitively, K5(¢) and K(t) inject sufficient early exploration
to avoid premature commitment, while preventing the runaway
exploration of K5(t) that can depress short-term participation
and slow accuracy gains. Overall, these results indicate that
moderate exploration growth (i.e., our default Ky (¢)) yields
efficient learning without sacrificing stability.

4) Server Capacity Constraint Z: We further evaluate a
variable-capacity setting in which each server’s admissible load
fluctuates by Z + {10%,20%} around its nominal limit, and
re-run the end-to-end FSyL training. As shown in Fig. 16, across
these dynamics, CODEA consistently reduces training time, and
the qualitative trends remain unchanged relative to the fixed-
capacity case. Compared with the fixed-capacity setting, the
convergence trajectories exhibit slightly larger fluctuations, but
these remain within acceptable tolerance. We further extended
the evaluation to consider higher levels of heterogeneity (i.e.,
Z 4 30% capacity fluctuations). The results demonstrate that
CODEA maintains its advantage over baseline methods even
in scenarios with significant capacity variability. While fluctu-
ations in convergence trajectories become more pronounced as
heterogeneity increases, CODEA still exhibits graceful perfor-
mance degradation, ensuring robustness in dynamic, heteroge-
neous edge environments. These experiments provide stronger
support for the scalability and adaptability of CODEA in real-
world, resource-constrained edge scenarios.
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Fig. 17. Comparative analysis of training performance for NLP tasks.

Test Case 5 (Usefulness in NLP Tasks): We evaluate
CODEA on NLP tasks using CharCNN and text classifica-
tion benchmarks (Yahoo and DBpedia). As shown in Fig. 17,
CODEA outperforms baselines, i.e., SplitFed w/ FSyL-CD,
CUCB, and Edge-MSL, demonstrating strong cross-domain
performance. CODEA achieves higher local update success rates
by dynamically adjusting service resources through multi-edge
container deployment and context-aware device—server asso-
ciation, reducing training latency and improving participation
without sacrificing accuracy. The results highlight CODEA’s
capability to maintain high test accuracy and device participation
across diverse data sets, reinforcing its effectiveness in managing
resources in both vision and NLP tasks. These findings empha-
size the versatility of CODEA in real-world edge computing
scenarios.

To summarize, the proposed CODEA can significantly en-
hance training performance, delivering higher training accu-
racy, expedite model convergence, reduce training cost, lower
computational complexity, and strong cross-domain adaptabil-
ity, thereby providing practical guidance for efficient FSyL in
heterogeneous and resource-constrained edge environments.

VI. RELATED WORK

In this section, we introduce existing efforts related to FL and
SFL on the edge side. These works mainly focus on optimizing
the training procedure to accelerate training task completion and
enhance resource efficiency.

Federated Edge Learning: Recently, FEEL has emerged as a
mainstream collaborative framework in edge learning, driving
extensive research efforts toward enhancing its performance.
Tran et al. [7] explored the impact of heterogeneous constraints
on training costs by formulating a trivariate optimization prob-
lem to balance training time and energy cost. HCEF jointly
optimizes update frequency and compression ratio to handle
device heterogeneity in dynamic FEEL systems, achieving lower
training time and energy consumption while maintaining high
accuracy [42]. FedCG addresses communication efficiency, net-
work dynamics, and device heterogeneity, achieving significant
speedups compared to baselines [43]. Wu et al. [11] presented
a joint edge aggregation and association mechanism, which
focuses on optimizing resource allocation and communication
overhead, thereby improving the overall FL efficiency. Xu et al.
optimized training costs by jointly configuring edge aggregation
node placement and participating user allocation for FL requests,
considering the model uncertainty [12] and user dynamics [44],
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respectively. Yang et al. [8] proposed a fairness-aware incentive
mechanism for multi-server FL, integrating differential privacy
protection. Formulating the server-node interaction as a Stack-
elberg game derives optimal strategies via backward induction,
ensuring efficient participation while balancing privacy-utility
trade-offs. Despite these advancements, the above works ig-
nore the bottleneck of training large-scale DNN models in the
resource-constrained edge computing environment [45]. This
oversight highlights a critical area for future research in SFL.
Split Federated Learning: Recent advancements in SFL have
explored various methods to optimize training efficiency, privacy
protection, and resource management in resource-constrained
and heterogeneous edge environments. The SplitFed frame-
work, proposed by Thapa et al. [21], aims to offer a higher
level of privacy and better efficiency compared to traditional
FL [46], [47]. Deng et al. [48] introduced a hybrid split
and federated learning framework that employs a lightweight
model decomposition method to balance training latency and
privacy leakage. The edge learning cost and training accuracy
are optimized through multi-dimensional game-theoretical ap-
proaches, including model splitting, resource provisioning, and
device association in a single server scenario [27]. Jiang et
al. [16] introduced FedSyL, which balances training efficiency
and data leakage risk by predicting training latency and opti-
mizing sub-model offloading for heterogeneous devices. EPSL
developed an efficient parallel split learning method, empha-
sizing the importance of optimal device-side sub-models to
address computation heterogeneity, thereby reducing training
latency and improving system efficiency [20]. Huang et al. [49]
explored a decentralized method of proactive model offloading
and resource management in SFL, enhancing training efficiency
and reducing latency through decentralized strategies. HSFL
combined SL and hierarchical FL to improve the training latency
and execution energy. HSFL employed a BSUM-based method
for the combined relative local accuracy minimization, associ-
ation, resource, and transmit power allocation [50]. Hourglass
optimized SFL by minimizing GPU storage and computation
via dynamic model partitioning and feature clustering, achieving
faster convergence and higher accuracy in practice [14].
Related works on resource management and edge association
of multi-edge scenarios were discussed in [22], [23], [24], [25],
[41], [51], [52], a parallel SL framework and a two-timescale
resource management scheme were proposed to improve train-
ing efficiency [22]. ARES considered resource-constrained de-
vices and time-varying network throughput to balance training
efficiency and execution cost in multi-edge SFL [23]. Cheng
et al. [25] proposed a CHEESE framework for delay-efficient
FL in a D2D network, which leverages the computation and
communication resources of helping devices to alleviate training
costs of learning devices. Tirana et al. [51] investigate workflow
optimization for parallel SL, providing device-helper assign-
ments and scheduling strategies to enhance training efficiency in
distributed edge systems. Lin et al. [52] propose a hierarchical
SFL framework to address the challenges of deploying large
Al models on resource-constrained devices within multi-tier
cloud-edge systems, which establishes a theoretical convergence
bound and develops a joint model splitting and aggregation
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method to enhance SFL performance. However, these works
assume that each server is pre-configured with the FL or SFL ser-
vices, neglecting budget-aware container deployment, adaptive
resource adjustment, and online edge association in multi-edge
scenarios.

In a nutshell, the fundamental limitation of existing works
is ignoring the influence of budget-constrained service provi-
sioning and device-server edge association on the FSyL training
performance. Most prior works assume idealized environments
with abundant resources and static associations, overlooking
real-world systems’ dynamic and heterogeneous nature. Unlike
the above works, we focus on designing an online budget-
aware container deployment and context-aware edge association
scheme that tackles user dynamics and system heterogeneity to
enable efficient and cost-effective training in a scalable multi-
edge FSyL scenario.

VII. DISCUSSION

Practical Implications and Deployment Considerations:
CODEA lowers the barrier to deploying federated synergy
learning in resource-constrained, multi-edge environments by
jointly optimizing slow-timescale container deployment with
fast-timescale device-server association. In practice, our frame-
work not only improves training efficiency and model accuracy
but also reduces execution cost and update failures. CODEA
can be integrated with existing container orchestration frame-
works, such as Kubernetes or lightweight edge orchestrators,
without requiring a fully customized runtime. In such deploy-
ments, CODEA serves as a control-plane decision module. /)
At the slow timescale, it determines which edge servers should
host FSyL containers under the deployment budget. 2) At the
fast timescale, it determines device-server associations based
on contextual observations and estimated cost benefits. The
underlying orchestration system then executes these decisions
through container instantiation, service binding, scaling, and,
when needed, migration or restart.

The main practical overheads arise from container cold-start
delay, image distribution and initialization, and runtime moni-
toring for deployment updates and association reconfiguration.
Importantly, these overheads are incurred primarily when the
deployment plan is adjusted, rather than at every local training
step, and can therefore be amortized over communication rounds
in long-running FSyL tasks. In addition, pre-cached service
images or warm standby containers can further reduce deploy-
ment latency. Overall, these considerations indicate that CODEA
is compatible with practical multi-edge systems while leaving
room for future system-level optimization.

Limitations and Future Directions: Our current analysis dis-
tinguishes between slow-timescale container deployment and
fast-timescale edge association, and provides regret bounds un-
der fixed deployment, which leaves a gap in joint, horizon-level
performance guarantees for the coupled process. The system
model also adopts idealized resource assumptions, including
OFDMA-style equal bandwidth slicing and per-device container
isolation. While these assumptions are practical and tractable,
they may overestimate parallelism in scenarios with bursty
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interference. Additionally, translating CODEA into a real dis-
tributed deployment with hierarchical controllers, control-plane
signaling, and fault-tolerant execution remains a challenge.
In future work, a unified regret/convergence theory will be
developed to jointly cover deployment and association under
shared-resource contention, as well as relax equal-share assump-
tions via measured or learned link scheduling. We will also
extend CODEA with sub-model extraction and pipeline/model-
parallel primitives to support distributed training and serving of
large models [45].

VIII. CONCLUSION

This paper addressed the long-term optimization of container
deployment and edge association to enable efficient and cost-
effective training in multi-edge FSyL systems. We formalized
the FSyL benefit maximization problem by jointly modeling
deployment and association strategies under resource constraints
and system dynamic conditions. To tackle this challenging
online optimization problem, we proposed a novel algorithm
named CODEA, which leverages the contextual multi-armed
bandit framework to sequentially optimize container deploy-
ment before each global update stage and edge association
during each local training round. CODEA provides theoretical
performance guarantees through a sublinear regret bound, en-
suring long-term training optimization without relying on prior
knowledge. Extensive experiments demonstrate that CODEA
consistently outperforms state-of-the-art baselines regarding
training efficiency, test accuracy, and resource utilization across
diverse FSyL scenarios.
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