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Abstract

Edge intelligence can enable fast intelligent services by integrating edge comput-
ing with machine learning, thereby facilitating intelligent information processing
for Internet of Things (IoT) devices on the edge. However, intelligent data
processing at the edge may expose IoT devices to the risk of private informa-
tion leakage. To mitigate this issue, we propose a federal meta-learning-aided
data processing framework to cope with complex tasks in edge IoT networks.
Unfortunately, communications between edge IoT devices and edge servers in
federated frameworks incur significant overhead. To address this challenge,
we propose a parameter optimization algorithm that alleviates communication
costs between edge IoT devices and edge servers, thereby reducing classifica-
tion errors induced by parameter optimization. Moreover, the convergence of
the federated meta-learning method is derived, which theoretically confirms the
feasibility of the proposed approach. Simulation results demonstrate that the
error minimization-based quantization compression optimization algorithm can
substantially enhance communication efficiency while incurring only negligible
precision losses.
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1 Introduction

The rapid advancement of artificial intelligence (AI) has significantly accelerated the
development of machine learning (ML) and deep learning techniques. Leveraging ML
methods, which excel in robust data processing and feature extraction, within net-
work edge devices enables more efficient handling of massive datasets [1]. In addition,
the data collected by network edge devices also provides an important opportunity
for the development of ML. In recent years, various ML models capable of support-
ing complex tasks and processing heterogeneous data have been steadily refined and
matured [2]. Consequently, a critical research challenge lies in integrating ML with
edge computing to design effective edge-intelligent data processing frameworks. How-
ever, the deployment of edge intelligence at the network edge raises important security
concerns.

To safeguard data privacy, the federated learning model is investigated to provide
a secure solution by enabling distributed model training across multiple network edge
terminals [3, 4]. The federated learning was initially proposed by McMahan et al.,
who demonstrated the efficacy and feasibility of collaborative training a global model
in a decentralized manner without requiring data owners to exchange their respective
datasets [5]. In contrast to traditional distributed learning approaches that rely on data
centers [6, 7], federated learning circumvents centralized data processing, achieving
a decentralized architecture. Notably, when dealing with non-independent and iden-
tically distributed (Non-IID) data, federated learning algorithms often experience a
decline in accuracy and slower convergence rates [8]. To address these issues, the con-
struction of a globally shared data set across all edge devices was proposed, where even
a limited amount of shared data can significantly improve classification performance
[9]. Similarly, a hybrid learning mechanism and a heuristic algorithm were developed
in [10] to address the selection of clients and data during training, thus increasing the
number of clients participating in federated learning. This approach ensures that edge
terminals upload only a small amount of independent and identically distributed (IID)
local data to the central server, which helps improve the accuracy of the aggregated
model. However, the aforementioned approaches of sharing local data are impractical
in practical systems, as not all edge terminals are willing to share their local data.

In this context, meta-learning, focusing on training models on prior tasks to acquire
well-initialized model parameters, was subsequently exploited for the classification
of data from novel tasks [11]. This approach not only facilitates rapid adaptation
to new tasks but also mitigates the issue of overfitting, enabling effective learning
from limited samples. The core objective of meta-learning is to leverage prior expe-
rience to efficiently learn new tasks [12]. Initially, meta-learning was first articulated
in [13] and [14], which is often characterized as ”learning to learn.” Therefore, meta-
learning has evolved into three categories: metric-based meta-learning, model-based
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meta-learning, and optimization-based meta-learning [15]. The foundation of metric-
based meta-learning lies in learning a feature space network that captures the essence
of each class within a dataset [16, 17]. By evaluating task-specific training data against
these abstracted classes in the feature space, quantifiable similarity metrics are derived,
enabling the model to classify task data based on this information.

Conversely, model-based meta-learning strategies incorporate an additional ”mem-
ory module” designed to store critical samples from the training data, thereby
augmenting neural network learning [18]. A quintessential example is the memory-
augmented neural network (MANN), which utilizes content-addressable memory
access and an enhanced neural network architecture to adeptly handle classification
tasks with limited sample sizes [19]. In contrast, optimization-based meta-learning
methods focus on deriving a sensitive initialization of parameters through initial train-
ing phases, followed by fine-tuning these parameters on new task datasets to achieve
rapid adaptation. The model-agnostic meta-learning (MAML) algorithm, introduced
by Finn et al., exemplifies this approach [20]. To address the computational inef-
ficiencies associated with second-order derivatives in MAML, reptile, a first-order
meta-learning algorithm was proposed to circumvent the need to solve Hessian matri-
ces, thus significantly improving computational efficiency [21]. Subsequent advances
have introduced proximal regularization terms to further accelerate convergence and
boost classification accuracy [22, 23]. With the rapid progress of machine learning,
the growing complexity of neural network models, characterized by a large number of
parameters, imposes substantial demands on the storage and computational capacities
of devices.

To mitigate the computational burden associated with transmitting network mod-
els, model compression techniques can be applied to streamline the transmitted
parameters. Currently, model compression is primarily achieved through methods such
as network pruning, model quantization, knowledge distillation, and low-rank decom-
position [24]. Network pruning seeks to reduce computational requirements during the
training process by removing unimportant structures and parameters within the neu-
ral network [25]. Depending on the granularity of the pruning process, network pruning
can be further categorized into structured and unstructured pruning. Model quanti-
zation, conversely, compresses the model by decreasing the number of bits required to
represent each weight parameter [26]. Then, vector quantization is applied for com-
pression in deep convolutional networks by focusing specifically on densely connected
layers, which require the greatest storage compression [27]. Although model quanti-
zation can significantly reduce communication overhead, it often entails a trade-off in
accuracy. To address this issue, knowledge distillation is employed to transfer knowl-
edge from a pre-trained complex ”teacher network” to a simpler ”student network”,
enabling the student network to perform nearly as well as the teacher in real-world
applications. According to this idea, convolutional operations are leveraged to convey
the teacher’s knowledge and translate it to the students. The results demonstrate that
the student network trained via this factor transfer method outperforms the student
network trained using the conventional knowledge transfer method [28]. Additionally,
a knowledge transfer approach is proposed to align the probability distributions of
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the data in the feature space, thereby facilitating the distillation of knowledge from a
complex network to a simpler one [29].

In this paper, we have proposed a federated meta-learning framework that
integrates federated learning with meta-learning, enabling the global model to be com-
pressed locally for rapid and accurate classification across diverse tasks. The main
contribution of this paper is listed below.

• We propose an intelligent edge framework for IoT networks by combining federated
and meta learning, where model parameters for different tasks can be optimized for
fast and accurate classification

• We design a meta-learning aided federated learning algorithm to achieve edge intel-
ligence by using the global model parameters, which are obtained by optimizing
local data from edge IoT devices with the meta-learning approach. As a result, an
effective balance between communication overhead and model performance can be
achieved.

• The convergence of the federated meta-learning method is derived by mathematical
analysis, which theoretically confirms the feasibility of the proposed federated meta-
learning framework.

The rest of this article is organized as follows. In Section II, we describe the fed-
erated learning method for data processing at edge IoT networks. In Section III, we
present the proposed federated meta-learning framework. In Section IV, we derive the
convergence of the proposed algorithm. In Section V, we present the numerical results.

2 Methods/Experimental

This study introduces a meta-learning-aided federated learning approach for IoT sys-
tems to train a global model parameter, enabling each IoT device to achieve fast and
accurate classification in local data based on this global parameter. In the approach,
federated learning enables model training to be performed in a distributed manner
across multiple edge terminals and achieves user privacy protection by exchanging
only the intermediate computation results of the edge terminals. Furthermore, meta-
learning aims to improve the generalization ability of the global model parameters. As
a result, it can be fine-tuned in the local data of each edge terminal to achieve fast and
accurate classification. For the convergence of the federated meta-learning method, it
is theoretically derived and analyzed to prove the theoretical feasibility of the method.

2.1 Workflow Overview

In this paper, we first design a meta-learning aided federated architechure for edge
IoT system for fast edge computing to solve the problem of performance degradation
when training NON-IID data by federated learning. The core of our approach is the
meta-learning-aided federated architecture, where each IoT device divides the local
training into internal and external updates based on the meta learning method and
then updates the local model parameters through external updates. After the local
training is completed, it is uploaded to the edge server for global aggregation updating.
The global model parameters with generalization ability are obtained after global
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updating iterations, which are fine-tuned based on local data of each IoT device to
achieve fast and accurate classification results.

Therefore, the goal of this model is to obtain a good global model parameter
trained by a meta-learning module under the framework of federated learning, so that
it can be adapted quickly after fine-tuning in the local data of each edge terminal.
In simulation experiments, the effectiveness of the method is verified by comparing it
with the federated learning method.

2.2 Key Features

Cooperative intelligent edge computing: By cooperatively training the global
model and obtaining its parameters, each edge IoT device can provide edge computing
service by enabling fast and accurate classification of the local data.

Privacy protection The proposed meta-learning-aided federated learning frame-
work can enable model training to be performed in a distributed manner across IoT
devices. To protect the privacy of each IoT device, only the intermediate computation
results of the edge IoT devices are exchanged during the model training.

Generalization ability adaptability By optimizing the parameters with the
meta-learning method, the obtained classification model can exhibit a strong gener-
alization capability. Especially, the proposed meta-learning-aided federated learning
framework is well-suited for federated learning scenarios with non-IID data.

The effectiveness of the method is verified by comparing and analyzing the per-
formance of different methods based on the MNIST dataset and the more complex
CAFIR-10 dataset at IID and NON-IID in simulation experiments.

3 System Model

As illustrated in Fig. 1, the proposed system with federated learning architecture is
composed of an edge server and N IoT devices as devices S. In each iteration, a
random subset of M devices is selected for global aggregation and model updates.
Each device trains a local model using their local respective dataset, denoted as
D1, D2, D3, ...Di, ..., DM where i ∈ S. The locally updated model parameters are then
transmitted back to the central server, which performs global aggregation to consoli-
date the updates. This iterative procedure enables decentralized collaborative training
across edge devices while preserving data privacy by eliminating the direct exchange
of raw local datasets.

3.1 Federated Learning Process

During the t-th round of global updates, the central server distributes the globally
aggregated model parameters θt−1, resulting from the previous round, to all partici-
pating devices. If it is the initial round of global updates, the central server instead
sends the randomly initialized model parameters θ0 to each device. Then, a random
subset of M edge devices is selected to participate in local training. Each selected
device performs local training based on the model parameters received from the cen-
tral server. Specifically, local training involves updating the model using the device’s
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Fig. 1 A typical federated learning architecture for the IoT network at the edge, where there is one
edge server and M IoT devices.

private data, which is stored on the device. For each update, mini-batch stochastic
gradient descent (SGD) is utilized. A mini-batch of size B is uniformly sampled from
the local training dataset. Furthermore, the model parameters are iteratively updated
during the gradient descent process to minimize the loss function defined for the local
dataset. Thus, the local update for device i can be given by

θit = θit−1 − η∇F (θit−1, b), (1)

and
θit−1 ← θit, (2)

where θit represents the model parameters obtained by device i after the current local
update and θit−1 is the model parameters obtained by device i after the previous local
update.

If this is the first local update, θit−1 corresponds to the global model parameters
θt−1 from the previous global update. The symbol η denotes the learning rate, while
∇F (θit−1, b) represents the gradient of the loss function F (θit−1, b) evaluated at θit−1

using the mini-batch data b. In (2), the parameter θit is updated toθit−1, thereby
iteratively updating the newly sampled mini-batch data.

In general, the loss function quantifies the difference between the output obtained
from the input data, model parameters, and the actual data output, serving as a metric
to evaluate the model’s performance. In this context, the loss function is given by

F (θ,D) =
1

|D|

∑

(xj ,yj)∈D

l
(

θ,
(

xj , yj
))

, (3)

where D represents the training dataset and |D| denotes the size of the dataset.
Moreover, the function l(θ, (x, y)) represents the cross-entropy loss function, where
(xj , yj) ∈ D denotes the j-th data point in the dataset D. xj is the matrix that
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represents the image after grayscale processing, while yj denotes the image category.
In addition, θ is a model parameter.

During the t-th round of global updates, after completing their local training
updates, each device uploads its local model parameters to the central server for global
aggregation, given by

θt =
∑

i∈M

ωiθ
i
t, (4)

where θt represents the global model parameters after the t-th global update aggre-
gation, and θit denotes the local model parameters of device i after performing E

rounds of local updates. ωi represents the weight of the local model of i in the global
model aggregation update, which corresponds to the proportion of the device’s data
size relative to the total data size from all participating devices, given by

ωi =
|Di|

∑

i∈M |Di|
, (5)

where |Di| represents the size of the device’s local dataset, and
∑

i∈M |Di| denotes
the total size of the datasets from all devices participating in the global update.

After T rounds of global update iterations, the final global aggregated model
parameters θ are obtained at the central server. Thus, the optimal objective of
federated learning, denoted as θ∗, can be given by

θ∗ = argθ min
∑

i∈M

ωiF (θi). (6)

In federated learning, when device data is NON-IID, both the convergence speed of
the FedAvg algorithm and the classification accuracy degrade significantly. As a result,
the globally aggregated model parameters fail to achieve satisfactory performance on
the local datasets of individual devices. To address this limitation, we enhance the
Federated Learning algorithm so that the trained model parameters, denoted as θ, can
achieve superior performance on the local task data after K steps of gradient updates.
Mathematically, the problem can be formulated as

min
θ,{φi}N

i=1

1

N

N
∑

i=1

F
(

ϕK
i (θ), Dt

i

)

,

s.t. ϕK
i (θ) = SGDα

K

(

θ, F
(

ϕi(θ), D
tr
i

))

, ∀i

(7)

where θ represents the final model parameters obtained after global updates, {ϕi}
N
i=1

denotes the local model parameters of the N global devices, Dt
i denotes the local test

set data of i, Dtr
i means the local training set data of i, ϕK

i (θ) denotes the model
parameters of i after performing K steps of SGD based on the local training set data
starting from θ, and α is the learning rate.
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3.2 Meta-Learning Aided Federated Learning Approach

As discussed in Section II, the performance of the federated learning architecture
significantly declines when device data exhibits NON-IID. Specifically, the model
parameters derived from global updates fail to achieve rapid and accurate classifica-
tion across the heterogeneous data distributed among global devices. Thus, in this
section, we adopt a meta-learning approach to enhance the generalization capability
of the global model, as illustrated in Fig. 2.

Edge Server

Model

Distributing

Intergrating

&

Updating

. . .

Mata Training

Model Adjusting

S
U

T
U

Fig. 2 The framework of the proposed meta-learning aided federated approach.

The core principle of meta-learning lies in optimizing the model parameters that
enable rapid adaptation to new tasks. Specifically, these parameters allow the classi-
fication model to achieve robust performance on novel tasks using limited data, after
just one or a few gradient update steps. In this paper, we build the meta-learning
framework in two phases: meta-training and meta-testing.

We let the initial model parameters be denoted as φ, and we assume that a set of
meta-training tasks {Ti}

N
i=1 are sampled from a known data distribution. Each task

{Ti}i is divided into two disjoint sets: a support set DS
i and a query set D

Q
i . With

DS
i and φ, the model parameters φ

′

can be optimized via gradient descent, which
corresponds to the internal update, given by

φ′
i = φ− α∇ϕF (φ,DS

i ), (8)

where α is the learning rate for internal updates. The loss function Fi(φ
′

i, D
Q
i ) for each

task {Ti}i is computed in the query set DQ
i . Thus, the meta-parameters φ are updated

based on the loss value corresponding to the outer update. Then, the gradient for the
outer update can be given by

φ = φ− β∇ϕ

∑N

i=1
Fi(φ

′
i, D

Q
i ), (9)
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where ∇ϕ

∑N
i=1 Fi(φ

′

i, D
Q
i ) represents all task losses cumulative and gradient values

based on the model meta-parameter φ, and β is the learning rate for the external
update.

We let Tj represent meta-testing. Then, φ, obtained from the meta-training, is
updated using one or several steps of gradient descent. This allows for improved
classification performance on Tj , as expressed by

φ′
j = φ− α∇ϕF (φ,Tj). (10)

3.3 Parameters Optimization Algorithm

Building on the previous analysis, it is evident that the parameters optimized by
the meta-learning method can exhibit strong generalization capabilities, leading to
particularly well-suited for federated learning scenarios with non-IID data. In this
context, IoT devices can perform meta-training on their local data and subsequently
upload the model parameters to an edge server for global aggregation. By iteratively
repeating this process, a robust global model can be collaboratively constructed. In
addition, each IoT device can compress the aggregated global model locally, thereby
adapting it to its specific data distribution. This method can effectively integrate
the strengths of meta-learning and federated learning, enabling rapid and accurate
classification across heterogeneous local datasets from diverse terminal devices.

In the proposed meta-learning aided federated edge framework, there are two pri-
mary phases, i.e., federated meta-training and federated meta-testing. In the federated
meta-training phase, two IoT device sets are created, which are the federated meta-
training set, denoted as US , and the federated meta-testing device set, denoted as
UT . The global model parameters obtained from the federated meta-training with US

are compressed in UT , leading to improved classification performance. This indicates
that the global model parameters exhibit good adaptability to the global device data.
During the meta-training process, the edge server first distributes the global model
parameters from the previous round to US . If it is the first update, the server instead
distributes the initialized global parameters. Then, M IoT devices are randomly
selected from US to perform E local updates. After completing the local training, the
updated local model parameters are uploaded to the central server, where they are
aggregated and used to update the global model parameters. This global aggregation
process is repeated over T iterations, resulting in the final global model parameters
from federated meta-training. In the federated meta-training process, UT performs
one or more steps of gradient descent based on the final global model parameters. As
a result, the model parameters, after optimization, can achieve better classification
performance with UT .

The detailed process is presented in Algorithm 1.
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Algorithm 1 MAML-based Parameters Compress and Optimization Algorithm

Require: Initial global model parameter θ0, number of global update rounds T , num-
ber of local updates E, learning rates α and β, number of meta-training devices
M ⊆ US , support set D

S
i , query set DQ

i

Ensure: Federated meta-trained global model parameters θT
1: Initialize the global model parameter θ0
2: Select a group of global devices as federated meta-training devices US

3: for t = 1 to T do

4: Distribute global model parameter θt−1 to all devices in US

5: Randomly select M devices from US

6: for each device i ∈M do

7: Use θt−1 as the initial parameter for local training

8: Set θ
(i)
t−1 ← θt−1

9: for e = 1 to E do

10: Compute adapted parameters with φ
(i)
t (θ)← θ

(i)
t−1 − α∇F

(

θ
(i)
t−1, D

S
i

)

11: Update local model with θ
(i)
t ← θ

(i)
t−1 − β∇F

(

φ
(i)
t (θ), DQ

i

)

12: θ
(i)
t−1 ← θ

(i)
t

13: end for

14: end for

15: Aggregate updated models at the central server with θt ←
1

|M |

∑

i∈M θ
(i)
t

16: Obtain updated global model θt
17: end for

18: Obtain final federated meta-trained global model θT
19: Randomly select a group of devices as federated meta-test devices UT

20: Use θT as initial parameters for each test device j ∈ UT

21: for each test device j ∈ UT do

22: Perform K steps of local adaptation:

θ∗j ← θT − α∇F (θT , D
S
j )

23: θT ← θ∗j
24: end for

Algorithm 1 is detailed as follows. In Algorithm 1, we define the following param-
eters, including that p is the proportion of the support set for each device’s data, T is
the total number of global update training rounds, E is the number of local updates,
and M is the number of devices participating in the aggregation of federated meta-
training in each round. In addition, the learning rate of the internal update is set as
α and the learning rate of the external update is set as β.

Distribute the global data and split each device’s local data into two subsets: the
support set DS

i and a query set D
Q
i . For the t-th global update of the federated

meta-learning process, the global model parameters θt−1 are sent to US , followed by
the random selection of M devices from US for training. Each selected device i ∈ M
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initializes local model parameters for training using the global parameters received,
such that θit−1 ← θt−1.

In particular, the local training update is listed below.
Internal Update: an internal update with a learning rate of α is performed based

on the support data set of θit−1 and device i to obtain the parameter φi
t.

External Update: an external update with a learning rate of β is performed
based on the query set data of φi

t to obtain the parameter θit.
Iteration Cycle: the value of θit is assigned to θit−1 to carry out the iteration cycle.
Each device performs updates to complete the local training and transmits the

updated parameters to the central server for global aggregation updates. After T

rounds of global update, the model parameters θT can be obtained. These parameters
are then adapted to local data by performing K gradient descent steps during the
federated meta-test phase for device UT .

4 Convergence Analysis

In this section, we first explore the relevant properties of the objective function in
federated meta-learning, focusing on the characteristics of the loss function. Then, we
investigate the impact of task similarity across different devices on the convergence
performance of federated meta-learning. Finally, we analyze the convergence of the
federated meta-learning algorithm.

4.1 Analysis of Loss Function and Objective Function

To characterize the convergence of the federated meta-learning algorithm, we first
present the properties of the loss function, denoted by F (θ). With these properties,
the properties of the objective function, denoted by G(θ), can be obtained.

4.1.1 Loss Function Seclection

In the internal update phase of federated meta-learning, the loss function Fi(θ) for
the i-th device is defined as

Fi(θ,D
S
i ) =

1

|DS
i |

∑

i∈US

Fi(θ,D
S
i ) (11)

The expected loss function of the internal update of all devices is given by

Fw(θ) =
∑

i∈US

ωiFi(θ). (12)

In the external update phase of federated meta-learning, the loss function for the
i-th device Fi(φi) is

Fi(φi, D
Q
i ) =

1

|DS
i |

∑

i∈US

Fi(φi, D
Q
i ) (13)
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Since φ is a function related to θ, it can be denoted as Gi(θ). The expected loss of US

external updates is

G(θ) =
∑

i∈US

ωiGi(θ), (14)

where ωi denote the ratio of data volume of device i to the total data volume of all
devices.

4.1.2 Properties of Objective Function

We have the following properties for the objective function.
Property A: ⟨∇Fi(θ)−∇Fi(θ

′), θ − θ′⟩ ≥ µ ∥θ − θ′∥
Property B: ∥∇Fi(θ)−∇Fi(θ

′)∥ ≤ H ∥θ − θ′∥ and there exists a constant B,
satisfying ∥∇Fi(θ)∥ ≤ B, where B represents the batch size of samples.

Property C:
∥

∥∇2Fi(θ)−∇
2F (θ′)

∥

∥ ≤ ρ ∥θ − θ′∥
Property D:Given the constants δi and σi, it holds that ∥∇Fi(θ)−∇Fw(θ)∥ ≤ δi,

∥

∥∇2Fi(θ)−∇
2Fw(θ)

∥

∥ ≤ σi

With the properties A and B, it can be ensured that the loss function is smooth
and bounded. On the other hand, property C guarantees higher-order smoothness.
In addition, Property D qualifies the degree of similarity among devices, where the
constants δi and σi are used as the upper bounds on the gradient and Hessian variance
of the device loss functions. Therefore, a smaller value of these upper-bound constants
indicates higher data similarity among devices. These constants can be adjusted over
a wide range to capture more diverse data scenarios.

With the property of G(θ), we present the properties of Algorithm 1 as Theorem 1.

Theorem 1 G(θ) is µ′-strongly convex and H ′-smooth when

α ≤ min

{

µ

2µH + ρB
,
1

µ

}

, (15)

where

µ
′ = µ(1− αH)2 − αρB, (16)

and

H
′ = H(1− αµ)2 + αρB. (17)

Proof See Appendix A. □

From Theorem 1, when the internal learning rate α is relatively small, the objective
function G(θ) is smooth and bounded.

4.2 Task Similarity for Convergence

In this subsection, we investigate the impact of task similarity among different devices
on the convergence of federated meta-learning. In particular, we present Theorem 2
to illustrate the convergence of federated meta-learning under the task similarity.
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Theorem 2 Given the loss function gradient and the bounded variance of the Hessian in the

case of heterogeneity of data from devices, the upper bounds on the variance of the gradient

of G(θ) exist.

Proof See Appendix B. □

4.3 Convergence of the Proposed Algorithm

According to [30], we consider a virtual sequence zt[n], which performs global aggre-

gation at each local update, where [n] represents the interval [(n− 1)E, nE], t ∈
[(n− 1)E, nE]. Thus, we have

zt+1
[n] = zt[n] − β∇G

(

zt[n]

)

. (18)

When t = (n − 1)E, it follows that z
(n−1)E
[n] = θ(n−1)E . Let θt denote the global

aggregation parameter obtained after t
E

global updates in federated meta-training,
corresponding to the cumulative t-th local training update across all devices. Fur-
thermore, θti represents the local parameter obtained after performing the t-th local
update. Then, we can evaluate the convergence of Algorithm 1 under the sequence
zt[n], presented by Theorem 3.

Theorem 3 When the learning rates α and β satisfy α ≤ min
{

µ
2µH+ρB , 1

µ

}

, β <

min
{

1
2µ′ ,

2
H′

}

, and let δ =
∑

i∈US

ωiδi, σ =
∑

i∈US

ωiσi, we have

G
(

θ
TE

)

−G
(

θ
⋆)

≤ ξ
TE

[

G
(

θ
0
)

−G
(

θ
⋆)
]

+
B(1− αµ)

1− ξE
h (E) , (19)

where

ξ = 1− 2βµ′
(

1−
H ′β

2

)

, (20)

h(x)
∆
=

α′

βH ′

[

(

1 + βH
′)x

− 1
]

− α
′
x, (21)

and

α
′ = β[δ + αC(Hδ +Bσ + τ)]. (22)

where θTE represents the global model parameters obtained in federated meta-learning after

each device performs E local updates and T global update iterations, and TE denotes the total

number of local updates accumulated by each device.

Proof See Appendix C. □

The error term B(1−αµ)
1−ξE

h (E) shows that h(E) increases with increasing δ and σ,
highlighting the impact of the dissimilarity of data of IoT devices and the number
of local updates before each aggregation on the overall error. Specifically, for each
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device, given a fixed total number of training steps TE, the convergence error decreases
as task similarity increases when E is large. However, the error increases with the
number of local updates E before each global aggregation. Therefore, by adjusting the
number of local update steps E per communication round, a trade-off can be achieved
between communication overhead and local computational cost, depending on the
degree of data similarity between device tasks. From Theorem 3, Algorithm 1 is

convergent.

5 Experimental Results and Discussion

The federated meta-learning method is experimentally evaluated on both IID and
non-IID data and compared with FedAvg [5], which is a federated averaging method.
To do that, we first detail the experimental setup and parameters. Then, we present
a comparison of the loss values of the global parameters obtained through training
with the proposed and FedAvg methods on a new task, utilizing the MNIST and
CIFAR-10 datasets. In this paper, the experiments are conducted in the PyCharm
environment using Python 3.8, with the MNIST and CIFAR-10 datasets configured
for both IID and non-IID settings. The convolutional neural networks (CNN) used
in the experiments consist of two convolutional layers, followed by a fully connected
layer. The specific parameter settings are listed in Table 1.

Table 1 Specific experimental parameter settings

Parameter Parameter Description Value

T Global update rounds 100
E Number of local updates 5
N Number of federal meta-training devices 50
M Number of sampled during local meta-training 20
K Number of federal dollar test devices 10
A Number of global devices 80
α Internal update of learning rate 0.02
β External update of learning rate 0.3
p Percentage of support data set 5%, 50%, 80%

In our experiments, the global update rounds are set to T = 100, the local meta-
training steps are E = 5, and the total number of global devices is A = 80. The
number of federated meta-testing devices is K = 10, while the number of federated
meta-training devices is N = 50. For each training round, M = 20 devices are sampled
from the federated meta-training set. The proportion of data in the support set for
each device’s dataset is varied and compared at p = 5%, p = 50%, and p = 80%. The
internal learning rate of the proposed system, which is the same as that of FedAvg,
is set to α = 0.02, while the external learning rate for the proposed system is set to
β = 0.3.
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5.1 Experimental Results under IID Data

We investigate the loss values of the global model parameters obtained through fed-
erated meta-training using the proposed system and FedAvg on the MNIST and
CIFAR-10 datasets, when the data is IID. The loss values are evaluated after a few
steps of gradient descent fine-tuning on federated meta-testing devices. In this experi-
mental setup, FedAvg is trained using the support data set of the devices, while both
the proposed system and FedAvg perform fine-tuning updates with the support data
set of the federated meta-testing devices. The proportion of support data set p in the
training data is varied to further explore the impact of the training sample size on
performance differences. To further analyze the impact of training sample size on per-
formance variations, we vary the proportion of the support data set, denoted as p,
within the training data. The detailed results are presented in Fig. 3 and Fig. 4.
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Fig. 3 Loss value testing for the IID dataset MNIST.

Fig. 3 presents the loss values during the fine-tuning process of the proposed
approach and FedAvg on the IID MNIST dataset. When the proportion of support
data set is p = 5%, the proposed system achieves a loss of 0.185 after 9 steps of gradi-
ent descent, with little further decrease. In comparison, FedAvg reaches a loss of 0.397
after 8 steps, with only a slight reduction thereafter. When the proportion of support
data set is p = 50%, the proposed system achieves a loss of 0.181 after 9 steps of gra-
dient descent, with little further decrease, while FedAvg attains a loss of 0.238 after
10 steps, continuing to show a downward trend. When the proportion of support data
set is p = 80%, the proposed system reaches a loss of 0.097 after 9 steps of gradient
descent, with minimal further decrease, whereas FedAvg reaches a loss of 0.238 after
10 steps and still exhibits a downward trend.

Fig. 4 plots the loss values during the fine-tuning process of the proposed system
and FedAvg on the IID CIFAR-10 dataset. When the proportion of support data set
is p = 5%, the proposed system reaches a loss of 1.241 after 10 steps of gradient
descent, continuing to show a noticeable downward trend. However, FedAvg reaches
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Fig. 4 Loss value testing for the IID dataset CAFIR 10.

a loss of 1.517 after 10 steps, with a weaker downward trend. In comparison, with the
same number of updates, the proposed system achieves a lower loss and a stronger
downward trend. When the proportion of support data set is p = 50%, the proposed
system reaches a loss of 1.124 after 10 steps, continuing to show a downward trend,
while FedAvg reaches a loss of 1.376 after 9 steps, with minimal further decrease.
When the proportion of support data set is p = 80%, the proposed system reaches a
loss of 1.119 after 7 steps, with little further decrease, while FedAvg reaches a loss of
0.301 after 10 steps and continues to show a slight downward trend, but the decrease
is marginal.

From the above experimental results, it is evident that, under IID data distribution,
the overall loss for CIFAR-10 is higher than that for MNIST for both the proposed
system and FedAvg. However, regardless of whether the dataset is MNIST or the
more complex CIFAR-10, the global model parameters obtained through the proposed
system exhibit a smaller loss with fewer gradient descent steps compared to those
trained with FedAvg. This indicates that the proposed system method provides better
fast classification performance. Additionally, when the support data set is reduced,
this performance gap becomes more pronounced.

5.2 Experimental Results Under NON-IID Data

We further investigate the loss values after fine-tuning the global model parameters,
obtained through federated meta-training, on the federated meta-testing devices with
a few steps of gradient descent. This is done for the proposed system and FedAvg
on the MNIST and CIFAR-10 datasets under the NON-IID setting. As illustrated in
Fig. 5 and Fig. 6.

Fig. 5 shows the loss values during the fine-tuning process of the proposed system
and FedAvg when training on the NON-IID MNIST dataset. When the support set
size is p = 5%, the proposed system reaches a loss value of 0.258 after 10 steps of
gradient descent, with no further significant decrease. On the other hand, FedAvg
reaches a minimum loss value of 0.472 after 5 steps of gradient descent, after which the
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Fig. 5 Loss value testing for the Non-IID dataset MNIST.

loss value increases, indicating overfitting. When the support set size is p = 50%, the
proposed system reaches a loss value of 0.190 after 10 steps of gradient descent, with
no further significant decrease. FedAvg, after 10 steps of gradient descent, reaches a
loss value of 0.422 and shows little further decrease. In comparison, with the same
number of updates, the proposed system achieves a lower loss value. When the support
set size is p = 80%, the proposed system reaches a loss value of 0.100 after 10 steps
of gradient descent, with no further significant decrease, while FedAvg reaches a loss
value of 0.324 after 8 steps of gradient descent, with no further significant decrease.
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Fig. 6 Loss value testing for the Non-IID dataset CAFIR 10.

Fig. 6 shows the loss values during the fine-tuning process for the proposed system
and FedAvg when training on the NON-IID CIFAR-10 dataset. When the support set
size is p = 5%, the proposed system reaches a loss value of 0.231 after 10 steps of gra-
dient descent, with no further significant decrease. FedAvg reaches a minimum loss
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value of 1.497 after 6 steps of gradient descent, after which the loss value increases,
indicating overfitting. When the support set size is p = 50%, the proposed system
reaches a loss value of 1.210 after 10 steps of gradient descent, with no further signif-
icant decrease. FedAvg reaches a loss value of 1.432 after 10 steps of gradient descent
and shows a slight decreasing trend. In comparison, with the same number of updates,
the proposed system achieves a lower loss value. When the support set size is p = 80%,
the proposed system reaches a loss value of 1.124 after 10 steps of gradient descent,
with no further significant decrease, while FedAvg reaches a loss value of 1.361 after
10 steps of gradient descent, with no further significant decrease. Also, the proposed
system achieves a lower loss value with the same number of updates.

From the above experimental results, it can be observed that under NON-IID
data conditions, especially when the support set contains fewer samples (p = 5%),
the FedAvg method suffers from overfitting. This problem is particularly pronounced
on the CIFAR-10 dataset. In contrast, the proposed system method effectively miti-
gates this issue. Overall, the training loss values on CIFAR-10 are consistently higher
than those on MNIST, regardless of the method employed. However, for both MNIST
and the more complex CIFAR-10 dataset, the global model parameters trained by
the proposed system achieve smaller loss values with fewer gradient descent steps on
new tasks, compared to the FedAvg method. This indicates that the proposed sys-
tem method offers improved fast classification performance. Therefore, irrespective of
whether the data is IID or NON-IID, the global model parameters trained with the
proposed system method exhibit superior fast classification capabilities.

5.3 Discussion

In this paper, we implemented and evaluated a meta-learning-aided federated learn-
ing framework for edge IoT systems. Our experimental results demonstrate that the
proposed method significantly outperforms traditional approaches, such as FedAvg,
particularly under both IID and NON-IID data distributions. With fewer gradient
steps and less data (e.g., p = 5%), the proposed system achieves lower loss and
faster convergence, rendering it highly suitable for resource-constrained edge scenar-
ios. Although data heterogeneity typically undermines global model performance, the
proposed approach effectively mitigates this issue by optimizing model parameters
to enable rapid adaptation. This enhancement is attributable to the meta-learning
mechanism, which facilitates superior generalization across diverse local tasks.

Based on these findings, we recommend integrating meta-learning into federated
learning frameworks to enhance robustness and reduce communication costs. Even
under limited support data, the framework can maintain strong performance. Increas-
ing the proportion of available data (e.g., p = 80%) further boosts model accuracy.
Moreover, the proposed approach improves learning efficiency by adapting to local data
distributions when they are balanced, while preserving performance under high data
heterogeneity. In addition, the framework exhibits scalability with complex datasets
such as CIFAR-10 and remains effective under constrained communication settings.
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6 Conclusion

In this paper, we propose a fast edge computing system model based on the federated
meta-learning framework, which can address the issue of performance degradation
of training global model parameters with non-IID data distributions. In the pro-
posed framework, the training process is performed locally at the edge terminal, and
the trained local model is uploaded to be globally aggregated by a central server,
thereby yielding improved global model parameters. Furthermore, we propose a feder-
ated meta-learning framework where an initialization parameter optimization strategy
is developed to alleviate the communication costs between edge devices and central
servers. Then, the convergence of the federated meta-learning method is derived by
mathematical analysis, which theoretically confirms the feasibility of the proposed
federated meta-learning framework. Simulation results show that the global model
parameters obtained by the training of the federated meta-learning exhibit enhanced
data adaptability compared to those from traditional federated learning.

Appendix A Proof of Theorem 1

Due to φi = θ − α∇θFi (θ), Gi(θ) = Fi (φi(θ)), we have

∇Gi(θ) = ∇Fi (φi(θ)) = ∇Fi (φi(θ)) ·
(

1− a∇2Fi(θ)
)

= ∇Fi (φi(θ))− a∇Fi (φi(θ))∇
2Fi(θ).

(A1)

From (A1), we can obtain

∥∇Gi(θ)−∇Gi (θ
′)∥

=
∥

∥

[

I − α∇2Fi(θ)
]

[∇Fi (φi)−∇Fi (φ
′
i)]− α∇Fi (φ

′
i)
[

∇2Fi(θ)−∇
2Fi (θ

′)
]∥

∥ ,

(A2)
where φ′

i = θ′ − α∇θFi (θ). By combining (A2) with properties A, B, and C, we can
obtain

∥∇Gi(θ)−∇Gi (θ
′)∥ ≥ (1− αH) ∥∇Fi (φi)−∇Fi (φ

′
i)∥

− α ∥∇Fi (φ
′
i)∥

∥

∥∇2Fi(θ)−∇
2Fi (θ

′)
∥

∥

≥ µ(1− αH) ∥φi − φ′
i∥ − αρB ∥θ − θ′∥ .

(A3)

With Property A and Property B, it reveals that

µ
∇Fi(θ)−∇Fi (θ

′)

∥θ − θ′∥
= ∇2Fi(θ) ≤ H, (A4)

and

1− αH ≤ ∇φi = 1− α∇2Fi(θ) ≤ 1− αµ. (A5)

Let ∇φi =

∥

∥

∥
ϕi−ϕ

′

i

∥

∥

∥

∥θ−θ′∥ , and then we have

(1− αH)
∥

∥

∥
θ − θ

′

∥

∥

∥
≤ ∥φi − φ′

i∥ ≤ (1− au) ∥θ − θ′∥ . (A6)
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Combining (A5) and (A6), we can obtain

∥∇Gi(θ)−∇Gi (θ
′)∥ ≥ µ′ ∥θ − θ′∥ , (A7)

where µ′ = µ(1− αH)
2 − αρB > 0.

Similarly, it can be obtained from (A4) and (A6) that

∥∇Gi(θ)−∇Gi (θ
′)∥ ≤ (1− αµ) ∥∇Fi (φi)−∇Fi (φ

′
i)∥

+ α ∥∇Fi (φ
′
i)∥

∥

∥∇2Fi(θ)−∇
2Fi (θ

′)
∥

∥

≤ H(1− αµ) ∥φi − φ′
i∥+ αρB ∥θ − θ′∥

≤ H ′ ∥θ − θ′∥ ,

(A8)

where H ′ = H(1− αµ)
2
+ αρB.

Accordingly, (15) holds. As α ≤ min
{

µ
2µH+ρB

, 1
µ

}

, G(θ) is µ′-strongly convex and

H ′-smooth.

Appendix B Proof of Theorem 2

Given φi = θ− α∇θL
(

θ,DS
i

)

, ∥∇Fi(θ)∥ ≤ B. According to Taylor’s theorem, we can
obtain

∇Gi(θ) = ∇Fi (φi)

= ∇Fi(θ) +∇
2Fi(θ) (φi − θ) +O

(

∥φi − θ∥
2
)

= ∇Fi(θ)− α∇2Fi(θ)∇Fi(θ) +O
(

α2B2
)

.

(B9)

With (B9), the upper bounds on the gradient and Hessian matrix product are then
given by

∥

∥

∥

∥

∥

∇2Fi(θ)∇Fi(θ)−
∑

i∈US

ωi∇
2Fi(θ)∇Fi(θ)

∥

∥

∥

∥

∥

≤
∥

∥∇2Fi(θ)
∥

∥ ∥∇Fi(θ)−∇Fw(θ)∥+ ∥∇Fw(θ)∥
∥

∥∇2Fi(θ)−∇
2Fw(θ)

∥

∥

+
∑

i∈US

ωi ∥∇Fi(θ)−∇Fw(θ)∥
∥

∥∇2Fi(θ)−∇
2Fw(θ)

∥

∥ leHδi +Bσi + τ,

(B10)

where τ =
∑

i∈US

ωiδiσi. Similarly, it holds that

∥

∥

∥

∥

∥

[

∇2Fi(θ)
]2
∇Fi(θ)− α2

∑

i∈US

ωi

[

∇2Fi(θ)
]2
∇Fi(θ)

∥

∥

∥

∥

∥

≤ Hδ′i +Bσi + τ ′, (B11)

where δ′i = Hδi +Bσi + τ , τ ′ =
∑

i∈US

ωiδ
′
iσi. According to (B10) and (B11), when α is

small, there exists a constant C that satisfies
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∥∇Gi(θ)−∇G(θ)∥

=

∥

∥

∥

∥

∥

[

I − α∇2Fi(θ)
]

∇Fi (φi)−
∑

i∈US

ωi

[

I − α∇2Fi(θ)
]

∇Fi (φi)

∥

∥

∥

∥

∥

≤ ∥∇Fi(θ)−∇Fw(θ)∥+O
(

α2B2
)

+ 2α

∥

∥

∥

∥

∥

∇2Fi(θ)∇Fi(θ)−
∑

i∈US

ωi∇
2Fi(θ)∇Fi(θ)

∥

∥

∥

∥

∥

+ α2

∥

∥

∥

∥

∥

[

∇2Fi(θ)
]2
∇Fi(θ)−

∑

i∈US

ωi

[

∇2Fi(θ)
]2
∇Fi(θ)

∥

∥

∥

∥

∥

≤ δi + αC (Hδi +Bσi + τ)

(B12)

Given a constant C, it holds that

∥∇Gi(θ)−∇G(θ)∥ ≤ δi + αC (Hδi +Bσi + τ) , (B13)

where τ =
∑

i∈S

ωiδiσi.

It completes the proof of Theorem 2.

Appendix C Proof of Theorem 3

To analyze the gap between zt[n] and θt within the interval [n], we first investigate the

difference between zt[n] and the local parameter θti , which is obtained after device i

completes t local updates, starting from

∥

∥

∥

∥

∥

∇2Fi(θ)∇Fi(θ)−
∑

i∈US

ωi∇
2Fi(θ)∇Fi(θ)

∥

∥

∥

∥

∥

=

∥

∥

∥

∥

∥

∇2Fi(θ)∇Fi(θ)−∇
2Fw(θ)∇Fw(θ) +∇

2Fw(θ)∇Fw(θ)−
∑

i∈S

ωi∇
2Fi(θ)∇Fi(θ)

∥

∥

∥

∥

∥

≤
∥

∥∇2Fi(θ)
∥

∥ ∥∇Fi(θ)−∇Fw(θ)∥+ ∥∇Fw(θ)∥
∥

∥∇2Fi(θ)−∇
2Fw(θ)

∥

∥

+
∑

i∈US

ωi ∥∇Fi(θ)−∇Fw(θ)∥
∥

∥∇2Fi(θ)−∇
2Fw(θ)

∥

∥

≤ Hδi +Bσi + τ

(C14)
Accordingly, we have

∥

∥

∥
θti − zt[n]

∥

∥

∥
≤ g (t− (n− 1)T0) , (C15)
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where

g(x)
∆
=

δi + αC (Hδi +Bσi + τ)

H ′

[

(1 + βH ′)
x
− 1

]

. (C16)

Thus, for t ∈ [(n− 1)E, nE], we have

∥

∥

∥
θt+1 − zt+1

[n]

∥

∥

∥
=

∥

∥

∥

∥

∥

∑

i∈US

ωiθ
t+1
i − zt+1

[n]

∥

∥

∥

∥

∥

=

∥

∥

∥

∥

∥

θt − β
∑

i∈US

ωi∇Gi

(

θti
)

− zt[n] + β∇G
(

zt[n]

)

∥

∥

∥

∥

∥

≤
∥

∥

∥
θt − zt[n]

∥

∥

∥
+ βH ′

∑

i∈S

ωi

∥

∥

∥
θti − zt[n]

∥

∥

∥
=

∥

∥

∥
θt − zt[n]

∥

∥

∥
+ α′

[

(1 + βH ′)
t−(n−1)T0 − 1

]

,

(C17)

where α′ = β[δ + αC(Hδ +Bσ + τ)]. Since θ(n−1)E = z
(n−1)E
[n] , it holds that

∥

∥

∥
θt − zt[n]

∥

∥

∥
≤

t−(n−1)E
∑

j=1

{

α′
[

(1 + βH ′)
j
− 1

]}

=
α′

βH ′

[

(1 + βH ′)
t−(n−1)E

− 1
]

− α′ [t− (n− 1)E]

∆
= h (t− (n− 1)T0) .

(C18)

In the following, we evaluate the convergence performance of the virtual sequence zt[n]
within the interval [n]. Since G(θ) is H

′

-smooth, we have

G
(

zt+1
[n]

)

−G
(

zt[n]

)

≤
〈

∇G
(

zt[n]

)

, zt+1
[n] − zt[n]

〉

+
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2

∥

∥

∥
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[n] − zt[n]
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∥

∥

2

≤ −β
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1−
H ′β

2

)

∥

∥

∥
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(

zt[n]

)∥

∥

∥

2

.

(C19)

Additionally, since G(θ) is µ′-strongly convex, we have

G
(

zt[n]

)

≤ G (θ⋆) +
1

2µ′

∥

∥

∥
∇G

(

zt[n]

)∥

∥

∥

2

, (C20)

where θ∗ is the globally optimal solution. Combining C19 and C20, we can obtain

G
(
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[n]

)
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zt[n]

)

≤ −2βµ′

(
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2
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(C21)
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where ξ = 1− 2βµ′
(

1− H′β
2

)

∈ (0, 1), β < min
{

1
2µ′

, 2
H′

}

. Thus, it holds that
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(C22)

Since

∥G(θ)∥ =

∥

∥

∥

∥

∥

∑

i∈US

ωi

[(

I − α∇2Fi(θ)
)

∇Fi (φi)
]

∥

∥

∥

∥

∥

≤
∑

i∈S

ωi

∥

∥I − α∇2Fi(θ)
∥

∥ ∥∇Fi (φi)∥

≤ (1− αµ)B,

(C23)
According to the median theorem, it holds that

∥G(θ)−G (θ′)∥ ≤ (1− αµ)B ∥θ − θ′∥ . (C24)

According to (C18), we have

G
(

z
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[n]

)
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(

z
(n−1)E
[n−1]

)

= G
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)
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(

z
(n−1)E
[n−1]

)

≤ B(1− αµ)
∥

∥

∥
θ(n−1)E − z

(n−1)E
[n−1]

∥

∥

∥

≤ B(1− αµ)h (T0) .

(C25)

Substituting (C25) into (C23), yield

G
(

znE[n]

)

−G (θ⋆) ≤ ξE
[

G
(

v
(n−1)E
[n−1]

)

−G (θ⋆)
]

+ ξEB(1− αµ)h (E) . (C26)

Then, we have

G
(
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v
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. . .
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[

G
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)

−G (θ⋆)
]

+
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(C27)
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According to (C27), we can obtain
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[

G
(
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)

−G (θ⋆)
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(C28)

Therefore, (20) holds. It completes the proof of Theorem 3.
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Figure Legends

Fig. 1 Federated learning architecture for edge IoT with one server and M devices.
The figure illustrates a federated learning system architecture deployed in an edge
computing environment. The proposed system with federated learning architecture
is composed of an edge server and N IoT devices as devices S. In each iteration, a
random subset of M devices is selected for global aggregation and model updates.
Each device trains a local model using their local respective dataset, denoted as
D1, D2, D3, ...Di, ..., DM where i ∈ S.

Fig. 2 The framework of the proposed meta-learning aided federated approach.
The figure presents a meta-learning aided federated learning framework designed to
improve model generalization under Non-IID data conditions. It illustrates the two-
phase process: meta-training, where the model learns fast-adapting parameters using
task-specific support and query sets; and meta-testing, where the model rapidly adapts
to new tasks with minimal data. This approach enhances performance in heterogeneous
edge environments by enabling more effective global model updates.

Fig. 3 Loss value testing for the IID dataset MNIST.
This figure compares the loss curves of the proposed method and FedAvg on the
IID MNIST dataset, under varying proportions of support data proportions ( p =
5%, 50%, 80%). The proposed approach converges faster and achieves lower final loss
in all cases. At p = 5%, it reaches a loss of 0.185 after 9 steps, while FedAvg reaches
0.397 after 8 steps. As p increases, performance improves further, with the lowest loss
of 0.097 achieved at p = 80%.

Fig. 4 Loss value testing for the IID dataset CAFIR 10.
This figure compares the loss curves of the proposed method and FedAvg on the
IID CIFAR-10 dataset under varying support data proportions ( p = 5%, 50%, 80%).
The proposed system consistently achieves lower loss and shows stronger convergence.
At p = 5%, it reaches a loss of 1.241 after 10 steps with a clear downward trend,
outperforming FedAvg (loss: 1.517). Performance improves further as p increases,
demonstrating the effectiveness of the approach in handling image classification tasks.

Fig. 5 Loss value testing for the Non-IID dataset MNIST.
This figure compares the fine-tuning loss of the proposed system and FedAvg on the
Non-IID MNIST dataset at different support set proportions (p = 5%, 50%, 80%). The
proposed method consistently achieves lower loss and better stability. At p = 5%, it
reaches a loss of 0.258 after 10 steps, while FedAvg shows signs of overfitting with a
loss of 0.472. Performance improves further with higher p, demonstrating the method’s
effectiveness under data heterogeneity.

Fig. 6 Loss value testing for the Non-IID dataset CAFIR 10.
This figure compares the fine-tuning loss of the proposed system and FedAvg on the
Non-IID CIFAR-10 dataset under varying support set sizes (p = 5%, 50%, 80%). The
proposed method achieves significantly lower loss in all cases. At p = 5%, it reaches a
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loss of 0.231 after 10 steps, while FedAvg shows overfitting (loss: 1.497). As p increases,
the performance gap widens, demonstrating improved robustness and convergence
under data heterogeneity.
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