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Filling the Missing: Exploring Generative Al for
Enhanced Federated Learning Over Heterogeneous
Mobile Edge Devices

Peichun Li"¥, Hanwen Zhang*““, Yuan Wu
Rong Yu'", Member, IEEE, Dusit Niyato

Abstract—Distributed Artificial Intelligence (AI) model training
over mobile edge networks encounters significant challenges due
to the data and resource heterogeneity of edge devices. The former
hampers the convergence rate of the global model, while the lat-
ter diminishes the devices’ resource utilization efficiency. In this
paper, we propose a generative Al-empowered federated learning
to address these challenges by leveraging the idea of FIlling the
Mlissing (FIMI) portion of local data. Specifically, FIMI can be
considered as a resource-aware data augmentation method that
effectively mitigates the data heterogeneity while ensuring efficient
FL training. We first quantify the relationship between the training
data amount and the learning performance. We then study the
FIMI optimization problem with the objective of minimizing the
device-side overall energy consumption subject to required learn-
ing performance constraints. The decomposition-based analysis
and the cross-entropy searching method are leveraged to derive the
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solution, where each device is assigned suitable Al-synthetic data
and resource utilization policy. Experiment results demonstrate
that FIMI can save up to 50% of the device-side energy to achieve
the target global test accuracy in comparison with the existing
methods. Meanwhile, FIMI can significantly enhance the converged
global accuracy under the non-independently-and-identically dis-
tribution (non-1ID) data.

Index Terms—Federated learning, data

compensation, resource management.

generative Al,

I. INTRODUCTION

ENERATIVE artificial intelligence (AI) has advanced
G significantly in content creation. Notably, vision models
such as stable diffusion and Imagen have demonstrated their
impressive capability in generating photo-realistic images [1],
[2], [3]. These advancements have sparked new possibilities that
generative models can play a significant role in enhancing the
centralized training process. Specifically, the synthetic images
produced by generative models can be effectively utilized to
improve the performance of classification models [4]. In the
realm of federated learning (FL), where isolated devices with
limited storage collaborate in training a global model, data and
resource heterogeneity have emerged as crucial challenges [5],
[6], [71, [8], [9]. These factors lead to a slower convergence rate
during the global training process. Consequently, an intriguing
and pertinent question arises, i.e., can generative Al be harnessed
to address these issues and improve the performance of FL
ultimately?

In this paper, we first investigate how the distribution of
federated local data impacts the training performance of FL.
Specifically, we focus on the VGG9 model [10] with 20 Nvidia
Jetson Nano devices on CIFAR100 dataset [11]. We regulate
the local dataset into different degrees of Dirichlet distribution,
leading to varying levels of non-independently-and-identically
distribution (non-1ID) data [12], [13]. As shown in the top
subplot of Fig. 1, we observe that a well-distributed Dir(0.9) sig-
nificantly improves convergence accuracy compared to Dir(0.3).
Here, Dir(z) means the Dirichlet distribution with parameter z,
and a larger z means a more homogeneous distribution of the
samples (i.e., less non-1ID distribution). The observation indi-
cates that augmenting the data to eliminate the non-IID feature
of local data is promising to enhance the learning performance
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(a) converged accuracy under different levels of non-IIDness

Dir(0.9) IID
Dir(0.7)
Dir(0.5)
Dir(0.3) non-1ID
T T T T T T T T
0 10 20 30 40 50 60 70
converged accuracy (%)
= (b) energy consumption with different amounts of local data
33000
®© 2500
®©2000
‘® 1500 ~ 4 times
8 T T T T T T
- 0 10 20 30 40 50
single-round training energy consumption (J)
Fig. 1. Impacts of data distribution and data amount on the training
performance.

of FL. However, the augmented training data introduces extra
computation costs for edge devices. As shown in the bottom
subplot of Fig. 1, doubling the amount of data results in about a
fourfold increase in energy consumption under a fixed training
latency.

The observations above offer insights for developing an ef-
ficient and effective generative Al-enhanced FL system. To
address data heterogeneity, it is recommended to leverage gener-
ative Al to compensate for the missing portion of local data. This
strategy can bridge the gaps in data distribution across devices
and improve convergence accuracy. However, it is crucial to
take into account the locally available resources and adapt the
amount of synthetic data on different devices accordingly. The
majority of current literature on generative Al-enhanced training
methods tends to prioritize improving the model accuracy in a
centralized training manner, disregarding the computation cost
induced by the augmented training dataset [4], [14]. These
approaches may shorten the battery lifetime and potentially
degrade the user experience when integrated into the FL system
directly. Therefore, we propose a resource-aware data augmen-
tation framework, called FIlling the Missing (FIMI), which is
designed for generative Al-enhanced FL systems.

The key idea behind FIMI is to leverage the concept of
filling the missing portion of data for each device. Our goal
is to improve the learning performance of FL by utilizing a
pre-trained generative Al model to synthesize customized local
data while ensuring the training efficiency of edge devices. To
this end, we first outline the generic workflow of our generative
Al-empowered FL system. We then empirically measure the
relationship between the amount of training data and model
learning error to quantitatively analyze the learning performance
of FL. Furthermore, we propose an optimization problem for
minimizing the device-side energy subject to the learning per-
formance constraints. To solve this formulated problem, we
introduce auxiliary variables and decompose the main problem
into two sub-problems along with a top-layer searching problem.
To find solutions for the sub-problems, the convex optimization
methods are leveraged to obtain the optimal solution based on the
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theoretical analysis. For the top-layer problem, the continuous
cross-entropy algorithm is employed to efficiently search the
solution. After that, a data entropy maximization problem for
mitigating the non-IID feature of local data is conducted to
obtain the category-wise training sample amount on each device.
In this way, each wireless edge device is assigned a personalized
solution, where the data synthesis strategy and resource utiliza-
tion policy are optimized to minimize the device-side energy
consumption while improving the learning performance.

Our main contributions are summarized as follows.

® We propose a generative Al-enhanced FL framework called
FIMI to leverage the pre-trained generative models for
filling the missing portion of the local data. FIMI aims
to re-balance the local data across different edge devices,
ultimately enhancing the convergence rate of FL training
through calibrated data distribution.

® By combining the theoretical and empirical analysis, we
quantitatively establish the relationship between the train-
ing data amount and the learning performance of FL. This
provides insights for striking the balance between training
efficiency and learning performance.

e We formulate a joint optimization of data synthesis strat-
egy and resource utilization policy, with the objective of
minimizing the energy consumption of FIMI over wireless
networks. We also propose an efficient algorithm to solve
the formulated problem and determine the corresponding
solution for each device.

e Extensive experiments on two types of real-world datasets
demonstrate that our proposed FIMI clearly outperform
the existing data augmentation FL methods in terms of
the device-side energy utilization and the accuracy of the
global model after convergence.

The remainder of this paper is organized as follows. Section II
describes related studies. In Section III, we illustrate the system
model of FIMI. The theoretical analysis and the corresponding
solution are provided in Section IV. The experiment evaluations
are presented in Section V. We finally conclude the paper and
discuss the future directions in Section VI.

II. RELATED WORK

1) Generative Al over edge networks: Generative Al on
edge networks has attracted growing interest for its potential to
provide low-latency Al generative content (AIGC) services [3].
Some studies focus on achieving efficient AIGC service by op-
timizing resource utilization [15] or by improving the freshness
of the age of information [16]. In addition, generative Al has
emerged as a promising technique to enhance wireless networks
from the physical layer perspective [17]. Recently, the study
in [18] incorporates the FL framework to enhance the training
and inference process of the AIGC model. However, potential
benefits of generative Al for FL training remain unexplored.

2) Data augmentation methods for FL: Data augmentation
methods provide an effective approach to address the issue of
non-IID data distribution in FL. The early study in [19] shows
that exchanging a small proportion of local data can alleviate
the non-IID issue. However, this approach may raise privacy

Authorized licensed use limited to: University of Waterloo. Downloaded on February 17,2026 at 23:04:55 UTC from IEEE Xplore. Restrictions apply.



LI et al.: FILLING THE MISSING: EXPLORING GENERATIVE Al FOR ENHANCED FEDERATED LEARNING OVER HETEROGENEOUS

(a) generative Al-enhanced FL

(b) adaptive synthesized data assignment

(c) distribution of local mixed dataset
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Fig. 2. left: FIMI over heterogeneous edge devices. middle: the amounts of synthetic data are personalized for different devices to match their locally available

resources. right: each device optimizes its category-wise synthetic data amount to mitigate the locally non-IID feature of data.

concerns. In addition, semi-supervised FL. methods utilize the
unlabelled data to enhance learning performance [20], [21], [22].
Recently, generative adversarial networks (GAN) have emerged
as a privacy-friendly technique for data compensation in FL [23],
[24]. However, the GAN-based methods may fail to produce
photo-realistic data, and most of the existing methods overlook
the extra training cost induced by the augmented dataset.

3) Efficient training methods for FL: Efficient training meth-
ods for FL have been widely studied in recent years. One popular
approach is the gradient compression, which reduces the amount
of data by compressing the gradients [25], [26]. Another ap-
proach is topology-aware methods, such as hierarchical aggrega-
tion [27], [28] and device-to-device communication [29], which
consider the network topology to optimize the communication
pattern and reduce the communication overhead. Furthermore,
energy-aware methods, such as wireless power transfer [30] and
resource management [31], [32], [33], offer a green and sustain-
able framework for FL training. However, most of the existing
studies do not consider the heterogeneity of data distribution
among different participating devices, which can result in biased
model updates.

III. SYSTEM MODEL

In this section, we first introduce the structure of FIMI,
and then present the mathematical modeling and optimization
problems for the data augmentation-based FL training.

A. Structure of FIMI

We consider an FL scenario comprising a set of devices
labeled as {1,2,...,I}. Each device, denoted as 4, holds an
original local dataset D¢, where |DI¢| = DI represents the
number of local training samples. Our goal is to leverage a pre-
trained generative model to create additional synthetic data D"
for each device i, with [D¥*"| = D§™". In traditional FL systems,
device i solely relies on its local dataset DY for the local model

update. Alternatively, the proposed FIMI adopts a mixed local
dataset DX = Dloc U D" (o accelerate the convergence.

We focus on the FL task for image classification across C'
categories (or label types). The data synthesis strategy of device
i can be represented as {d }vc, (¢ =1,...,C). This strategy
should meet the constraint Z &5, = Dgen where d;7 denotes
the amount of synthetic data for the c- th category on dev1ce 7.
Before the beginning of FL training, a collaborative optimization
is undertaken between the server and edge devices to obtain the
data synthesis strategy. Following this, the server will employ the
corresponding label as input for the diffusion model to generate
the required data. After the synthetic data is distributed to each
device, the FL training with the mixed dataset is initiated. As
shown in Fig. 2, the FIMI framework operates as follows.

o (S1) Strategy optimization: The server conducts a central-
ized optimization, as shown in the middle subplot of Fig. 2,
to determine the synthetic data amount for each device.
Each device then calculates the category-wise synthetic
dataamount {d¥ }vc, (¢ = 1,...,C),as shownin theright
subplot of Fig. 2, to rebalance the data distribution and
mitigate the non-IID feature of local data.

® (S2) Data synthesis: Each device sends its data synthesis
request, specifying the category-wise amount of synthetic
data, to the server. The server infers the generative model
and distributes the required synthetic data to the corre-
sponding devices in parallel.

® (S3) Training with mixed data: The server distributes the
global model to each device. Then, the local device per-
forms the local training with the mixed local dataset, and
then uploads its model update back to the server.

® (§4) Parameter aggregation: The server collects and ag-
gregates the local updates from all devices to renew the

global model. The weight coefficient of device ¢ during

D OC+DE5"
Z Dloc+D85“ °
process jumps to (S3) until the predetermmed maximum
global iterations are reached.

aggregation is calculated as The training
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Since the servers are usually equipped with sufficient com-
putational resources and resilient power supply, we do not
account for the latency and energy consumption during the data
synthesis process. Empirical computation and communication
overheads for data synthesis and distribution will be illustrated in
Section V-A.

B. Learning Performance Analysis

In this subsection, we quantitatively analyze the relationship
between the number of local samples and the overall training
performance. We first establish the mathematical formulation
that links the amount of local data to the individual learning
performance. We then determine the unknown parameters in the
formulation through the empirical fitting. Finally, we investigate
how the isolated local data from multiple devices can influence
the global learning performance.

1) Local Data Versus Local Model Performance: Let §; de-
note the local learning error of device 7 when training on mixed
data D;“i". According to the previous studies in [34], [35], [36],
the lower bound of the achievable local error can be modeled
as the power-law function with respect to the training sample
amount of | DX|. The relationship between D¢ + D§™" and §;
can be expressed as

§; = a(DP* + DEM) P — 4, (1
where «, 3, and «y are three positive hyper-parameters that can
be determined through experiments.

2) Parameter Fitting on Proxy Task: We next focus on deter-
mining the values of {«, 8, v}. However, since the local dataset
is not accessible to the server, direct parameter fitting on the
target learning task by the server can raise privacy concerns. To
address this, we propose an alternative approach by determining
these parameters using publicly available datasets. Specifically,
we provide the fitting results on two classification tasks repre-
senting varying complexities: CINIC10 [37] for a more intricate
task and Fashion-MNIST (FMNIST) [38] for a simpler one. As
shown in Fig. 3, the fitting results of two different datasets exhibit
a similar pattern. These findings underscore the reliability and
robustness of the model in capturing local learning error as
defined in (1). It is noticed that this one-time parameter fitting
process can be conducted offline by the server, and the results of
fitting can be generalized to many learning tasks with different
datasets. During the practice implementation, we can directly
select the according fitting result for {«, 3,~v} based on the
complexity of the target tasks.

3) Global Data Versus Global Model Performance: After
estimating the local learning performance {d; }v;, the average
local training error & can be calculated as

1 d
52125’

i=1

@)

Based on the theoretical analysis in [§9], [40], when training
with the average local training error 9, the number of global
iterations IV to reach a pre-determined global learning error A
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Fig. 3. Local learning error §; with respect to local training data amount.
is bounded by
¢In(1/A)
N=>2——= A3)
1-6

where ( is a positive constant parameter. Furthermore, the re-
lationship between the average local learning error § and the
global learning error A can be captured by

A = exp (N(d_l)> )
¢
By combing (1), (2) and (4), we bridge the relationship be-
tween the amount of local mixed dataset and the global learning
performance.

“)

C. FIMI Over Wireless Networks

1) Computation Model: Letw denote the computation work-
load required for a single training sample and 7 represent the lo-
cal epoch. According to [31], [40], [41], the computation-related
configurations of device ¢ can be profiled by two parameters,
including the computing frequency f; and the hardware energy
coefficient ¢;. Thus, the single-round energy consumption for
the local model training at device 4 can be estimated by

E{™ = reiw(Dy* + DET) f7. ()

Furthermore, the required latency for a single-round local model
training of device i is
e _ Tw(DP* + D§™)
‘ fi '
2) Communication Model: We next focus on the device-
side uplink parameter transmission. We consider the frequency
division multiple access (FDMA) scheme with a preset total
bandwidth of B. For the device ¢ allocated with a sub-bandwidth
of b;, its achievable transmitting rate for sending the local update
to the server can be given by
9P
No bi) ’

(6)

r; = b;logy (1 + (7
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where g; is the device-to-server channel gain, P; is the transmit-
ting power, and NNy is the power spectral density of background
Gaussian noise. Here, we utilize S to denote the data size of the
model update. The single-round latency required for device ¢ to
send its model update to the server is estimated by

S
em = —. ®)
i
Moreover, the single-round energy consumption for device ¢ to
send its model update to the server can be calculated by
SP;
EfMN = —. )
Ty
3) Problem Formulation: Based on the above modeling, the
energy consumption of all the devices for one-round training
can be expressed as

I I
round _ cmp com
Erowd = NUE™ 43 B,
i=1 i=1

Meanwhile, the system-wise learning latency for one-round
training is calculated by

(10)

T = max {T;™ + T} (11)

To optimize the proposed FIMI, we investigate an energy
minimization problem with a pre-determined learning perfor-
mance constraint. Specifically, given multiple devices with het-
erogeneous resources in terms of computation, communication,
and data distribution, our objective is to optimize the optimal
data synthesis strategy (i.e., {D$""},i = 1,...,I) and resource
utilization policy (i.e., {b;, fi, P;},7 = 1,..., I)foreachdevice.
Mathematically, we aim at studying the following problem for
each global round.

(P1) min Frownd (12)
subject to: A < AT (12a)
Tround S /Tmax7 (12b)
0 < D¥" < D™ 4, (12¢)
0 < fi < f7%, V4, (12d)

I
> b <B, (12¢)

1=1

0 < P < P, Vi,

variables: {D$", fi, biy P v, (121)

where A™a* T™MaX and D™ are the pre-determined maximum
allowable global error, the maximum latency for single round
learning, and the maximum amount of synthetic data for each
device, respectively. Note that the data synthesis procedure is
conducted by the server with powerful computing capabilities.
Therefore, we solely focus on the device-side energy consump-
tion in Problem (P1).
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D. Analysis and Decomposition

Before proposing the algorithms to solve Problem (P1) in
Section IV, we present the analysis and decomposition in this
subsection. We first leverage two lemmas to simplify the main
problem. After that, we decompose the simplified problem into
three sub-problems.

To facilitate the analysis, we present the following lemmas.

Lemma 1: The equality in Constraint (12a) always holds
when the optimal data synthesis strategy { D" }; is achieved.

Proof: The lemma can be proved by showing contradiction.
Given the optimal data synthesis strategy {D;""" }y;, suppose
that the achieved global learning error is less than the max-
imum allowable error, i.e., A({D¥""}y;) < A™a*, Based on
(1) and (4), the global learning error A decreases with D",
Therefore, a feasible solution can always be constructed by
reducing the synthetic data of device ig from D§™" to DF™,
such that A({Df*™ }yi i4, U DE™) = Amax As Frond -
creases with D", the energy consumption of the new solution
{DF" Yyiiziy U ng:n’/ will be lower than that of the optimal
one. This completes the proof. |

Lemma 2: The equality in Constraint (12b) always holds
under the optimal resource utilization policy {5, f;, P; }vi.

Proof: The lemma can be proved by showing contradic-
tion. Suppose that under the optimal resource utilization policy
{b;, fi, P} }vi, the single-round latency required is smaller than
the maximum latency, i.e., T" round - omax According to (6), the
training latency increases with f;. Therefore, a feasible solution
can always be constructed by reducing the computing frequency
of device ig from f; to f; . Similar to the proof of Lemma I,
the new solution will consume less energy than the optimal one.
This completes the proof. |

By combing (4) and the above two lemmas, Problem (P1) can
be simplified as

(P2)  min E™ (13)
I I
subject to: ; 0; =1+ ~ In (A™#%) (13a)
T 4 T = T, (13b)
Constraints (12¢)—(12f),
variables:  {D5", f;, b;, Pi}vi. (13c)

Moreover, by determining the latency for both local model
training and local update transmission for each device (i.e.,
{T7™, Tf°mYy;), Problem (P2) can be decomposed into two
distinct sub-problems as described in the following.

The first sub-problem, denoted as Problem (P3), aims at min-
imizing all devices’ energy consumption for their local model
training, which is expressed as follows:

I
(P3) min Y rew(DY + DEY) f7 (14)
{DS", fitvi i1
DI,OC Dgen
subject to: (D + D7) =T Vi, (14a)

fi
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Constraints (12¢), (12d), and (13a). (14b)

The second sub-problem, denoted as Problem (P4), aims at
minimizing all devices’ energy consumption for uploading their
locally trained models as follows:

I
P4 min pTom 15
e min S (1)
. S mo
subject to: = Tom Vi, (15a)
bilog, (1+ 42
Constraints (12e) and (12f). (15b)

After solving the above two sub-problems, we can obtain
{D5") fi, bi, P by with given {T; ™, T5°™}. Then, we continue
to determine the optimal {7} """, T;°™"}y; for each device.
Instead of directly optimizing {Tcmp Teom}, we introduce an
auxiliary variable for each device to reduce the dimension of
optimization variables. Let 7; € (0,1) denote the time split-
ting factor for device i. Then, we have T, = ;7™ and
Tom = (1 — n;)T™**. Thus, our goal can be transformed into
a top-layer searching problem that optimizes the splitting factor
{n: }vi for each device as follows:

(P5) min B ({n; }v,) (16)
subject to: N < gy < XV,
variables: {ni bwi, (16a)

min

where 1" and 7;"** are the lower and the upper bounds of the
time splitting factor, respectively. Specifically, by combing (6),
(7) and (8), the value of nzmin can be obtained by

rwDle

=i 17
Tmaxfimax ? ( )

min
Ua

and 77;"®* can be calculated by

S
Tmax Blog, (1 4+

max

i

=1- (18)

g Pmax .
i

After decomposing the main problem into two sub-problems,
we will proceed to present the solution for each problem in
Section IV.

IV. PROPOSED ALGORITHM FOR FIMI
A. Solution for Problem (P3)

The procedure for solving Problem (P3) is outlined as follows.
We first simplify the problem by variable substitutions. After
that, we leverage the convex optimization technique to obtain
the optimal solution.

Based on (1), D" can be expressed as a function of J; as
follows:

1
s loc
— Dl

peen _ (1 E0i) 7
g o

19)
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Moreover, by combing Constraint (14a) and (19), f; can be
further represented by d; as

W=

Tw(%éi)i

Ji= —F=amp —
T;

Next, by substituting (19) and (20) into Problem (P3), the
problem is simplified as follows:

(20)

(P6) i Z:pl N+ 5;) B @21
I I
subject to: ; 0; =1+ N In (A™*) | (21a)
omin < 5, < gmax vy (21b)
where p; is an intermediate constant calculated by
P %) S 22)

K2

(TF™)? 0 #
Here, the lower bound of d; can be obtained by

. maxTcmP

oM =a (mln{f
TW

and the upper bound of ¢; is calculated as

a(D%) P .

-8
Dloc +Dmax}> -, (23)

onex = 24)
Note that the solution to Problem (P6) relies on Constraint
Qla). If So1_ o > T 4 S n(Ama) or Yo7 omax < [+

I % In(A™*), then Problem (P6) is infeasible. In the follow-
61’1’111’1 < I _"_

ing, we focus on the practical case that EZ 1 0;
51’1’1&)(.

Lm(ame) < L 5
Theorem 1 (Solution for Problem (P6)): Suppose that
a feasible scenario where inequality Zle Smin < 7 4
% In(A™ax) < 2 §max holds. The optimal solution to Prob-
lem (P6) can be expressed as!
5rnax

B+3] %
w[() 7]
Bl/ 5Enin

where the variable v* is determined through a search process in
order to find the optimal solution {J; }y; that satisfies Constraint
(21a).

Proof: It can be verified that Problem (P6) is a convex opti-
mization problem with respect to J;. We next employ Karush-
Kuhn-Tucker (KKT) the necessary condition for achieving the
optimality. By introducing {};}v; and {1, }v; as the Lagrange
multipliers for inequality constraints, and v as the multiplier for
the equality constraint, we have

, Vi, (25)

Ai >0, A (0™ —§;) = 0,Vi, (26a)

¥ >0, ¥;(0; — 6) = 0, V4, (26b)

- == B+s —Ai T +v =0,V (26¢)
B(sit+y) P

Constraints (21a) and (21b). (26d)

I'The operation of [z]% = min{b, max{z,a}}.
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Algorithm 1: Bisection Search for Problem (P3).

Input: ™" p™?* "and a small positive number ¢.

1 repeat

2 | Update v = (v 4 pmin) /2

3 Compute {d; }v; based on Eqn. (25);

4 | if Zle 0; > 1T+ % In (A™#*) then update
™ = p else update v = v;

s until [p™maX — pmin| L g

6 Set v* = v, and acquire {0} }y; based on Eqn. (25);

7 Compute {D¥*™*}y, based on Eqn. (19), and obtain
{f#}vi based on Eqn. (20);

8 return { D5 £}y,

By putting (26¢) into (26a) and (26¢), we have

Ai 20, ¢ 2 0,Vi, (27b)

(% +; + 1/> (6min — §;) = 0,Yi, (27a)
B0 +) 7
Ay
(% - 1/) (5; — omax)y = 0,vi.  (270)
B(oi+~) 7
Az

Furthermore, the solution to Problem (P6) can be categorized
into the following three cases, depending on the value of v.
e When v > %, we have A; > 0. Based on
BOpinty) B
(27a), we obtain 9; = 6.

e Whenv < %, we have Ay > 0. Thus, we get
B(OPax+4y) B
0; = 6.
® When % <rv< %,wehaveki =
B(§maxqry) B B(Mintry) B
0and ¢; = 0. Thus v = —22i
B(&i+vy) B

By summarizing the above three cases into one equation, we
obtain the solution in (25). Thus, we complete the proof. ]

We next aim to find the value of v* that satisfies Constraint
(21a) according to Theorem 1. Based on (25), the optimal value
v* can be expressed as a function of §; as follows:

_B+3
B

v =205 (28)

/B 7
Note that v* decreases as J; increases for 7 > 0. Thus, the
search range [v™", v™2*] for v* can be given by

{25,

max 3pi ( smin 7%
14 = mza:X 7 (51 ) .

anlll — min
K2

(29a)

(29b)

According to (25), the value of Zle d; is non-increasing
with respect to v. Therefore, the value of v* can be efficiently
obtained by the bi-section search. Furthermore, the algorithm for
solving Problem (P3) is shown in Algorithm 1. Specifically, the
computational complexity for Algorithm 1 can be approximated
by O(logy (v™ax — pminy),
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B. Solution for Problem (P4)

To solve Problem (P4), we begin by transforming the problem
into a simplified form that optimizes the bandwidth allocation.
Based on Constraint (15a), P; can be represented by b; as

Nob; [ S
p=— (2% - 1) :
Gi

(30)

Note that P; is decreasing with respect to b;. Thus, by incorpo-
rating Constraint (12f), the lower bound of b; can be expressed
as

. Sln2
by > b = — , (BD
TeomWwW (——T'fzém exp (——Tﬁém)) + i
where k; = J; 05[,1,23 is an intermediate variable and W (-) is the

Lambert function.
By putting (30) into (15) and replacing Constraint (12f) to
(31), Problem (P4) can be simplified as follows:

I
Nob; T°™ (oo
(P7) min Nobi T (2 R 1) (32)
{b%}w i—1 i
I
subject to: Z b; = B, (32a)
=1
b > b i, (32b)

Theorem 2 (Solution for Problem (P7)): The optimal solution
to Problem (P7) can be expressed as

by = max {b"", b;(xw*) }, Vi, (33)

where the value of " is determined through a search process,
and the value of b;(cw*) is obtained by solving the equation
Q(b;) + w* = 0. Here, the function Q(b;) is defined as

S
NoTgom (27 — 1 ooy
0% ( ) In(2) Ny S-27

Ji gibi

Qbi) = - (34)
The optimal solution {b; }y; under co* should satisfy Constraint
(32a).

Proof: It can be verified that Problem (P7) is a convex opti-
mization problem. We further utilize KKT conditions to obtain
the necessary condition for achieving the optimality. By intro-
ducing {; }v; as Lagrange multipliers for inequality constraints
and w as the multiplier for the equality constraint, we have

Pi > 07 QOZ(bimn - bz) - OaVia (353)
NoTgom (2 e 71> el
_ In(2)Ngs-2i i (35b)
gi gibi
—Pi +w = Oa VIIH
Constraints (32a) and (32b). (35¢)
By putting (35b) into (35a), we have
(Qbi) + @) - (B™ — b;) = 0, (36)
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Algorithm 2: Hierarchical Bisection Search.

min max
)

Input: @ o™X, and error bound €.
1 repeat
2 | Update @ = (™ + o™in) /2;
3 | Invoke BandWidSearch(w) to obtain {b;(w)}vi;
4 | if 25:1 b;(w) > B then update ™" =  else
update w™** = w;
5 until |w™®* — M| < g

Set w* = w0, and recall BandWidSearch(w®*) to
obtain {b} }y;;

7 Compute { P}y, based on Eqn. (30);

8 return {bF, P}y,

/* Function for searching {b;(w)}v:.

Function BandWidSearch(w).

aH

*/

o

10 for each device : = 1,2, ..., in parallel do
11 Set bj"** = B, Vi;
12 repeat

Update b; = (bax + pinin) /2;
Compute )(b;) based on Eqn. (34);
if Q(b;) + @ > 0 then update b}"®* = b; else
update bf“i“ bi;
until [peX — pin| < ¢
Set bz(w) = bi;

13
14
15

16
17
18
19

end
return {b;(w)}v;

where (Q(b;) is a function of b;, and it is expressed as
S
com (o Tr0; -
Q)= (™ 1) s
' i gibi

Let b; (zo) denote the solution of Q(b;) + w = 0. Based on (36),
the optimal solution to Problem (P6) is given by

by = max {b}"", b;(ww") }, Vi.

. (37

(38)

Thus, we complete the proof. g

We next investigate how the solution of Q(b;) + w =0 is
affected by . Specifically, the first-order derivative of Q(b;)
with respect to b; is expressed as

i
OH(b;)  In*(2)S%Ng 27
Ob; Tromg;b}

Since Q(b;) is an increasing function with respect to b;, the
solution for Q(b;) + w = 0, denoted as b;(w), will decrease
with the increase of z. Therefore, the value of b; (ww) € [b™i®, B]
can be obtained through the bisection search.

After that, our goal turns to search for w® that satisfies
Constraint (32a). Since w decreases with b; (w ), the search range
[co™in | o™MaX] for o can be calculated by

> 0.

(39)

@™t = Q(B), and @™ = max {Qbr™)}. (40)
By combing (33) and the monotonicity of b;(w), the value of
Zfil b; is non-increasing with respect to tw. Thus, the value of
w" can be obtained by an outer bisection search.

Finally, by first solving Problem (P7) and then putting the
optimal {b}} into (30), we acquire the optimal solution for
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Problem (P4). The workflow for solving Problem (P4) is pre-
sented in Algorithm 2, which involves a hierarchical bi-section
search to obtain the optimal solution. For the inner search, we
aim to solve Q(b;) + w = 0, Vi and acquire {b; () }v;. For the
outer search, we aim to search for «* that satisfies Constraint
(32a). Regarding the computational complexity, the number of
iteration steps required for inner and outer search are dom-
inated by O(log,(max{B — b Vi})) and O(logy(ww™* —
w™in)), respectively. Thus, the overall computational complex-
ity of Algorithm 2 is measured as O(log,(cw™®* — w™in) .
logy (max, { B — bin})).

C. Cross-Entropy Searching for Problem (P5)

In this subsection, we aim at solving the top-layer problem
that optimizes the time split factor (i.e., {n; }v;) for each de-
vice. However, directly obtaining the closed-form expression
for function E™"({n, }v;) is very difficult, hindering the sub-
sequent theoretical analysis. Inspired by [42], [43], we employ
the learning-based cross-entropy (CE) algorithm as a promising
method to address this issue.

To leverage the CE method for solving Problem (P5), we in-
corporate the optimization variables into a vector denoted as n =
(m1,...,mr). Additionally, we consider n € R! as a random
vector, which follows the normal distribution i ~ A (u, o?).
Instead of directly tuning 7, we focus on the joint optimization
of the vector for mean value o = (u1,. .., 1r) and the vector
for standard deviation o = (o1, ...,07).

Let j denote the iteration index and .J denote the pre-
determined maximum iteration step for the CE algorithm. At
the j-th iteration, the algorithm samples M feasible solutions
{Nj m}vm from the distribution profile of {p;, o ;}, where
nj,m € R represents the m-th generated solution at the j-th
iteration. The fundamental concept behind the CE algorithm is
to select the top K solutions with the best performance from
{n; m }vm for evolving the distribution profile. By iteratively
converging towards the optimal distribution with the expectation
value of p*, we obtain the numerical result for Problem (P5).
The detailed procedure of the CE-based method is presented in
Algorithm 3, which is explained as follows.

e (Line I: Initialization): The algorithm initializes pog =

(0.5,...,0.5)and g = (1,...,1).

e (Line 3: Sampling): During the j-th iteration, the algorithm
generates M samples from distribution N (s, o-?) to form
the solution set denoted as {7, fvm.

e (Line 5: Selection): After invoking Algorithms 1 and 2,
we obtain the corresponding objective values {E;O;‘,?d Yom
for all the generated solutions {; , }vm. Where E;?g;‘d =
E©"(n); ). By sorting { E}%2}y,, in an ascending or-
der, we record the first K indices to form a set K C
{1,2,...,M}.

® (Line 6: Updating): The newly estimated distribution pro-
file parameterized by f;,, and & ;.1 are respectively
updated by

~ Hojm ~ O
/'l’j+1 = Z j7,al’ld0'j+1 = Z ]Tn

mek mek

(41)
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Algorithm 3: Learning-Based Cross Entropy Searching.

1 Initialization. Mean value o = (0.5, ...,0.5), standard
deviation g = (1,..., 1), iteration counter j = 0, and
a small positive number €.

2 while j < J and max{o|o € o;} > e do

3 Generate M samples from N'(p;, o ) to form the

solutions {1 m }ym, and m € {1, 2 J MY

4 | Invoke Algorithms 1 and 2 to compute {Er"““d}vm,

m
where E;O:.yr;d Eround(n] m) I
5 Select the top K best-performing solutions from
{Mj,m }¥m. and record the corresponding indices to
form K < (1,2,..., M) ;
6 Compute 141 and ;11 according to Eqn. (41);
7 Smooth the distribution profile to obtain p;1 and

041 based on Eqns. (42a) and (42b);
8 Update j = j + 1;
9 end

Output: The converged solution 7* = ;.

e (Line 7: Smoothness): To reduce fluctuations during itera-
tion, the two parameters of the distribution profile for the
next iteration step are respectively smoothed as

(42a)
(42b)

Q)llj+1a

{Mj+1 = opj1+ (1 L
—0)Fj11,

Ojt1=00j+1+ (1

where p € (0, 1) is a pre-determined smoothing factor.
We now analyze the overall computational complexity for
solving Problem (P1). Specifically, there are at most J iteration
steps in Algorithm 3. At each iteration in Algorithm 3, it invokes
M executions for both Algorithms 1 and 2. We use x to denote
the maximum search range among the three bi-section searches
in Algorithms 1 and 2, where x is computed by

max min

X:max{u —v max

, W —w

" max{B — bi“i“}} .
(43)

The overall computational complexity for obtaining the solution
to Problem (P1) can be expressed as

O | IM | logy(x) +logi(x) | | = O (JMlogi(x)) . (44)
—— =

Alg. 1 Alg.2

Note that the proposed search algorithm can be effectively exe-
cuted by the server in practical scenarios. The empirical runtime
can be disregarded when compared to the latency consumed for
model training and parameter transmission.

D. Optimal Augmentation Policy

Upon obtaining the optimal quantity of synthetic data for each
device { D" }v;, each device will determine the category-wise
data amount locally. Let C' denote the total number of label types
(i.e., data categories) for the classification task. Each device aims
at optimizing the distribution of synthetic data at a category-wise
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level. This involves determining {d? }v., (c = 1,2,...,C) for
each individual device.

According to [44], [45], we adopt the concept of data en-
tropy to quantify the distribution of local data. For device
i, the data entropy of the local mixed dataset DI U D" is

defined as

et di | (e
Hy=— ; D} D log, Dl 3 D | (45)

where di° is the data amount of the c-th category before the
data augmentation atdevice7,and Y5, di*¢ = DI¢. Intuitively,
when the data distribution is uniform across all categories (i.e.,
Ve, dos 4+ di = M), the data entropy attains its maxi-
mum value. Conversely, if data is skewed significantly toward
a single category (i.e., 3¢, d\’S + d5 = D) + D$™), the data
entropy reaches its minimum value, indicating a strong non-IID
distribution.

The augmentation policy optimization at device 7 is to maxi-
mize its local data entropy by regulating the category-wise data
amount {57 }v.. Formally, the objective of device i is to solve
the following optimization problem:

(P8) max H; (46)
{57 bve

subject to: Z d5e = DI, (46a)

0 < d&" < DI, Ve (46b)

Theorem 3 (Optimal local data augmentation): For a given
device ¢, characterized by its category-wise local dataset distri-
bution {d}°¢}y. and a predetermined data amount of synthetic
data D$™", the optimal local data augmentation strategy to max-
imize the data entropy can be expressed as

loc] Df
die = [mi = di%] (47)
Here, 7; represents the variable that needs to be sought in order
to satisfy S5, a5 = D™
Proof: We ﬁrst mtroduce a set of auxiliary variables {p; c }vc

to denote the category-wise data proportion at device ¢, where
dlop + dgbﬂ
Pic = W

f0110w1ng problem

‘We can further transform Problem (P8) into the

C
(P9) min Y~ pi c1ogs (i) (48)
{Pz cJve —1
C
subject to: Zpi,c =1, (48a)
c=1
P < pie < PR Ve, (48b)
h min — dloc d max __ dloc + gen I b ﬁ d
W erep = W an p = W. t can be verifie

that Problem (P9) is a convex opt1m1zat10n problem. By intro-
ducing {9; . }ve and {6; c}v. as the Lagrange multipliers for
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inequality constraints, and g; as the multiplier for the equality
constraint.

Die >0, U c(pi — pic) =0,Ve,  ($90)
Oic >0, 0; c(pic — pid>) = 0,Ve, (49b)
G(pire) = Vie +0ic + 6 = 0,Ve, (49¢)
Constraints (48a) and (48b), (49d)

1

™) is an intermediate function.

where G(pi.c) = loga(pi.c) +
Furthermore, we have

"92',0 2 07 97?,0 Z O,VC,

(50a)
G(pic) +0ic + i (p?,lcm — i) = 0,Vc, (50b)
By
~G(pic) +Vic— i | (pie —pd¥) =0,Yc, (50c)
B

Next, the solution to Problem (P9) can be divided into the fol-
lowing three cases according to the value of Lagrange multiplier
Si-

e When g; > —G(p?’lci“), we have By > 0. Based on (50a),

we obtain p; . = pi".
e Wheng; < —G(p?fjx), we have B> > 0. Based on (50b),
we obtain p; . = pg?j‘x.

® When —G(p*) < ¢ < —G(p™), we have ¥; . =0

and 6; . = 0. Thus ¢; = —log, (pi.c) — ﬁ

As a result, the optimal solution to the Problem (P9) is

summarized as

max

Pi,c

Ye.

pre = |27 )] 51

min
Pic

— d\°°, the value

By putting p; . into d5" = p; (D¢ + D§™)
of d5°! can be expressed as
— pmi gen,+
® When p; . = p;", we have d; .»" = 0.
_ gen,x _ pygen
® Whenpj = p;’>*, wehaved; ;" = D; .
— o (mtzy+sd) genx _ 1l
® When p; =2 "0® " we have d;." = —d +
~(k <) L (p gen
2 @ T (D 4 D).
It can be verified that the above solution is equivalent to (47).
Thus, we complete the proof. O
Note that the numerical value of 7} can be efficiently obtained
through linear search or bi-section search. Thus, we complete
the device-side augmentation strategy optimization.

V. EXPERIMENT EVALUATIONS

A. Experiment Settings

1) Settings for Edge Devices: We consider [ = 20 edge
devices for FL training within a 400-meter radius cell, with
the base station positioned at the center of the cell. We uti-
lize the path loss model from [31] to model the communi-
cation link, which is represented as 128.1 + 37.6log((R;)
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with R; denoting the distance between the server and de-
vice ¢ in kilometers. The power spectral density of addi-
tive Gaussian noise is Ny = —174 dBm/MHz and the to-
tal bandwidth is B = 20 MHz. The maximum transmitting
power for each device follows the uniform distribution P;"#* ~
U(20,23) dBm. Regarding the model training, the training
workload for a single sample is measured as 5 x 10° cycles.
The maximum computing frequency and the hardware energy
coefficient for each device follow the uniform distributions
of fmax ~ UU(1,2) GHz, and ¢; ~ U(4 x 107276 x 10727),
respectively.

2) Settings for FL Training: Our study is targeted for the
implementation of image classification using the CIFAR10 and
GTSRB datasets [11], [46]. We employ the VGG-9 model with
the parameter size of 111.7Mb during uplink transmission [10].
In terms of data distribution, we evaluate the proposed frame-
work using two Dirichlet distribution levels: Dir(0.4) for skewed
non-IID and Dir(0.6) for slight non-IID scenarios [12]. For the
local dataset, each device is assigned 1250 training samples,
i.e., di° = 1250, Vi. For the other hyper-parameters, we set the
learning rate as 0.02, the batch size as B = 64, the local epoch
as 7 = 1, the maximum allowable global error as A™#* = (.2,
the maximum latency per round 7™ = 60 seconds, and the
number of the global rounds as N = 200.

3) Settings for Generative Model: The pre-trained generative
model is trained on the public dataset (e.g., CINIC10) with the
classifier-free guidance technique [47], [48]. The number of
denoising steps is set as 300 and the output image resolution is
32 x 32. Specifically, the total amount of synthetic data is 6659
under the default setting, and it takes about 7.17 minutes for a
workstation equipped with eight RTX A5000 GPUs to generate
the synthetic data. During the synthetic data distribution, each
device receives about 333 samples on average. This yields about
8.1 Mb of downlink traffic per device on average, which is
much smaller than 111.7 Mb incurred by the one-time model
upload. Therefore, the latency associated with data synthesis
and distribution is negligible compared to the numerous rounds
of FL training.

B. Performance Comparisons With Existing Methods

We conduct performance comparisons between our proposed
FIMI approach and several existing methods, including tradi-
tional approaches and data augmentation-based FL methods.
Their details are as follows.
® Traditional FL (TFL): TFL adheres to the conventional FL.
paradigm, wherein each device solely uses its local dataset
for model training [5].

o Semi-supervised FL (SEMI): SEMI incorporates unla-
belled samples to enhance model updates [21].

® Heuristic data compensation (HDC): Each device adopts a
heuristic scheme, namely, generating synthetic data solely
for the category with the least available local data.

o Server-side training (SST): SST preserves the synthetic

data at the server, and conducts model training to generate
acomplementary update every round. This complementary
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Fig. 4. Performance comparison of FIMI and baseline methods on CIFAR10 and GTSRB datasets with different levels of non-IID distribution. (The upper row:
energy consumption versus test accuracy; the lower row: time consumption versus test accuracy.).

TABLE 1
PERFORMANCE COMPARISON BETWEEN FIMI AND OTHER BASELINE METHODS

Dir=0.4

Dataset  Method Energy @70 (J)* Latency @70 (h)* Uplink@70 (GB)* Bes

TFL  4858.64 (1.0x) 322(10x) 5645 (1.0%)
SEMI  4913.18 (10x)  2.85(09%)  50.02 (0.9%)
HDC  3507.94 (07x) 1.68(05x)  29.54(0.5%)
CIFARIO Go1™ 584470 (0.6%) 188 (0.6x)  33.05 (0.6x)
GAN 340374 (07x) 1.63(05%x)  28.66(05%)
FIMI 236178 (05x) LI13(04x)  19.89 (04x)

Dir=0.6
t Acc.(%) Energy @78 (J)* Latency@78 (h)* Uplink@78 (GB)* Best Acc.(%)
70.86  4506.20 (1.0x)  2.98 (1.0x) 52.36 (1.0x) 78.95
7332 462586 (1.0x)  2.68 (0.9x) 47.09 (0.9%) 80.54
79.92 409838 (0.9x) 197 (0.7x) 34.52 (0.7x) 82.05
77.92 372580 (0.8x)  2.47 (0.8x) 43.29 (0.8x) 80.23
7943 472356 (1.0x) 227 (0.8x) 39.78 (0.8x) 81.34
8221  3264.81 (0.7x)  1.57 (0.5x) 27.50 (0.5x) 83.41

Dataset  Method Energy @72 (J)* Latency @72 (h)* Uplink@72 (GB)* Best Acc.(%) Energy @80 (J)* Latency@80 (h)*  Uplink(GB)*  Best Acc.(%)

TFL N/AT N/AT N/AT 43.81 N/AT N/AT N/AT 54.84
SEMI /AT N/AT N/Af 57.33 N/AT N/AT N/AT 67.93
crsrg HDC 680748 (10x) 3.7 (1.0x) 57.33 (1.0x) 7340 6494.89 (1.0x)  3.12 (1.0%) 5470 (1.0) 81.59
SST  2467.08 (0.4x)  1.63 (0.5x) 28.66 (0.5%) 8651 281952 (0.4x)  1.87 (0.6%) 3276 (0.6 %) 89.04
GAN  1806.07 (03x)  0.87 (0.3x) 15.21 (0.3%) 88.46  2049.19 (0.3x)  0.98 (0.3%) 17.26 (0.3%) 87.69
FIMI 114616 (0.2x)  0.55 (0.2x) 9.65 (0.2x) 9148  1319.82 (02x)  0.63 (0.2x) 11.12 (0.2 %) 93.80

*“Energy@x”, “Latency @z and “Uplink@z” denote the required energy, latency

and uplink traffic size to reach % accuracy, respectively.

“N/A” means that the corresponding method cannot achieve the target global accuracy within the predefined maximum global iteration.

update is aggregated with the local model updates to renew
the global model.

® GAN-based data synthesis (GAN): The server uses a pre-
trained conditional GAN model to generate additional
training samples [23].

o (Centralized learning with synthetic data (CLSD): This
method only utilizes the generated synthetic data provided
by the server to perform centralized training.

To provide a reasonable comparison, we adopt the identical
optimization algorithm as FIMI for SEMI, HDC, and GAN. In
the cases of TFL and SST, the synthetic data of each device is
set to zero, and the resource utilization policy is optimized.

Authorized licensed use limited to: University of Waterloo. Downloaded on

Fig. 4 shows the performance comparison between FIMI
and baseline methods under different levels of non-IID data
distribution. As shown in Fig. 4(a)—(d), FIMI outperforms the
baseline methods in terms of the test accuracy to reduce energy
consumption. Furthermore, Fig. 4(e)—(h) show that the proposed
FIMI can achieve a faster convergence rate to reduce the training
latency. To evaluate the learning performance, we measure the
system cost in terms of energy consumption, training latency,
and uplink transmission traffic required to achieve the desired
test accuracy for each method. The results are provided in Ta-
ble I. The advantages of our proposed FIMI can be summarized
into the following three key aspects, i.e., reducing the energy
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Fig. 5. Impact of key mechanisms and hyper-parameters on the generative Al-based FL training system.

consumption, reducing the time consumption, and improving
the converged accuracy.

1) Reducing Energy Consumption: As shown in Table I, our
FIMI consumes the energy consumption smaller than the other
four methods. Specifically, given the test accuracy of 70% on
the CIFAR10 dataset under Dir(0.4), our FIMI achieves 50%
reduction in the energy consumption compared to TFL. As
shown in the results, although TFL requires the lowest energy
consumption per global iteration, it consumes more iterations
than FIMI to achieve the desired accuracy, which consequently
degrades the performance of TFL in energy consumption. In con-
trast, FIMI can efficiently achieve the target accuracy with less
iterations than TFL. Meanwhile, FIMI reduces the required data
size of uplink traffic by approximately 60% and 50% compared
to TFL under the data distributions of Dir(0.4) and Dir(0.6),
respectively. Therefore, our FIMI can effectively reduce the
energy consumption than TFL.

2) Reducing Time Consumption: As shown in Table I, our
FIMI can effectively reduce the latency for achieving the desired
accuracy compared to the other baseline methods. Specifically,
when evaluated on the GTSRB dataset with a target accuracy
of 80% under Dir(0.6), FIMI can reduce the latency by 80%
and 70% compared to HDC and GAN, respectively. It is noticed
that the advantage of reduced latency is mainly attributed to the
faster convergence rate of FIMI. This is shown in Fig. 4(e)—
(h). Specifically, the convergence rates of the methods ranked
according to the descending order are as follows: FIMI, GAN,
SST, HDC, SEMI, and TFL.

3) Improving Converged Accuracy: As shown in Table I, the
proposed FIMI can effectively improve the accuracy of the con-
verged global model, outperforming TFL by 11.35% and 4.46%
on the CIFAR10 dataset under the Dirichlet data distributions
of 0.4 and 0.6, respectively. Meanwhile, we also investigate the
performance of model training by solely using Al-synthetic data
(i.e., the CLSD method) and show the corresponding results in

Fig. 4. The results show that relying solely on the synthetic
data for model training will result in unsatisfactory convergence
accuracy, since the Al-generated dataset still shows a different
distribution from the local dataset. This result highlights the
importance of using the generative AI model as a data augmen-
tation method instead of solely using synthetic data for model
training.

C. Detailed Performances of Different Modules in FIMI

1) Performance of CE Method: Fig. 5(a) shows the con-
vergence of the proposed CE-based searching algorithm un-
der different settings of maximum allowable error A™?*. The
first increasing and then decreasing pattern of the convergence
curves can be attributed to the exploration-exploitation trade-off
inherent in the CE method. The CE algorithm explores the
solution space widely in the initial stages, and then refines
the search to converge toward the promising areas in the later
stages. Moreover, Fig. 5(b) shows the relationship between the
amount of synthetic data D" with respect to the computation
and communication conditions. We construct two arithmetic
sequences, one for hardware energy coefficients {¢; }y; and the
other for the distances {R;}y; between the edge devices and
the parameter server, and then optimize the data augmentation
policy. The result shows that the devices with smaller ¢; and R;
will generate more synthetic data for local training. This result is
consistent with the intuition, namely, it will be more beneficial
for the devices with favorable channel conditions and energy
features to leverage a larger amount of synthetic data for local
training.

2) Impact of Generative Models and Hyper-Parameters:
Fig. 5(c) shows the convergence curves of FIMI under different
choices of learning rate. Specifically, moderate learning rates
ranging from 0.01 to 0.03 are recommended for achieving
fast convergence while maintaining stability during the training

Authorized licensed use limited to: University of Waterloo. Downloaded on February 17,2026 at 23:04:55 UTC from IEEE Xplore. Restrictions apply.
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process. Fig. 5(d) shows the synthetic data samples using both
the diffusion model and the GAN-based model. The results show
that the diffusion-based model can outperform the GAN-based
model by generating more realistic images with detailed fea-
tures. For example, the synthetic images of the fog produced by
the diffusion model exhibit a richer texture than the GAN-based
model. The images generated by the GAN-based model appear
somewhat blurry. Next, we gradually eliminate the essential
components of FIMI, including the bandwidth allocation (w/o
BA), data augmentation (w/o DA), the diffusion model (w/o
DM), and optimal augmentation (w/o OA). Fig. 5(e) shows the
ablation studies for our proposed FIMI. We observe that the
enhanced resource utilization and improved converged model
accuracy primarily stem from the proposed resource allocation
and data augmentation, respectively. Fig. 5(f)—(g) show the
influence of A™#* and T™2* on the data augmentation-based
FL training. We utilize the GTSRB dataset under Dir(0.6) for
the experiments. Specifically, a smaller value for A™** yields
an improved test accuracy for the converged global model. Our
empirical findings suggest that setting the maximum allowable
error A™?* within the range of [0.15, 0.25] for practical imple-
mentations should be appropriate. Furthermore, the single-round
maximum latency 7™** regulates the training duration for the
FL system. Using a more stringent 7™ (i.e., a smaller value)
can reduce the training time, while sacrificing an increased
energy consumption.

3) Explanation of FIMI: We illustrate the key factors that
enable the FIMI to achieve superior performance over existing
methods. To shed light on this, we simulate a virtual device
holding a locally uniform dataset, resembling IID distribution
across all data categories. Let go denote the local gradient of the
virtual device, and let g; denote the local gradients of device
1 resulting from the mixed dataset. Our goal is to quantify
the gradient similarity between the edge device and the virtual
device. Based on [49], we define the gradient similarity between
go and g; for an L-layer shared model as

1> . (52
[t

Here, gi] denotes the gradient vector of g, in the [-th layer,
< -, > is the dot product operation, and || - || calculates the
euclidean norm for a given vector. As presented in the box plots
of Fig. 5(h), the gradient of our FIMI shows the highest level
of similarity to that of the IID local data. This result means
that our FIMI can effectively mitigate the issue of non-1ID data
distribution across different edge devices, which thus accelerates
the convergence rate of FL training and improves the accuracy
of the converged global model.

L 0 [
. 1 <gy,9; >
Sim(go,gs) — (“

2L [

l
=\ g1

VI. CONCLUSION AND FUTURE WORK

In this paper, we have proposed a resource-aware data aug-
mentation framework called FIMI to leverage pre-trained gen-
erative Al models to synthesize customized local data for FL
training. FIMI can improve the convergence accuracy of FL
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and save the device-side energy consumption by mitigating data
and device resource heterogeneity. Our research results have
demonstrated the potential of generative Al in FL and provided
the insights for developing efficient and effective FL systems.
For our future work, we will explore multi-server empowered
Al content generation services in mobile edge computing to
facilitate the data synthesis procedure. We will also investigate
the incentive mechanisms for the collaborative synergy between
generative Al and FL.
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