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Abstract: Federated learning (FL) emerged as a novel machine learning setting that enables collaboratively training
deep models on decentralized clients with privacy constraints. In the vanilla federated averaging algorithm (FedAvg),
the global model is generated by the weighted linear combination of local models, and the weights are proportional to
the local data sizes. This methodology, however, encounters challenges when facing heterogeneous and unknown client
data distributions, often leading to discrepancies from the intended global objective. The linear combination-based
aggregation often fails to address the varied dynamics presented by diverse scenarios, settings, and data distributions
inherent in FL, resulting in hindered convergence and compromised generalization. In this paper, we present a new
aggregation method, FedMcon, within a framework of meta-learning for FL.. We introduce a learnable controller
trained on a small proxy dataset and served as an aggregator to learn how to adaptively aggregate heterogeneous local
models into a better global model toward the desired objective. The experimental results indicate that the proposed
method is effective on extremely non-independent and identically distributed data and it can simultaneously reach
19 times communication speedup in a single FL setting.
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1 Introduction

* Corresponding authors . .
In the field of machine learning, federated learn-

ing (FL) has been identified as a promising method
for preserving privacy (McMahan et al., 2023). FL
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operates by collaboratively training a shared model
among several decentralized clients, without requir-
ing these clients to share their private data, thereby
providing a basic level of privacy protection. How-
ever, as FL moves from theoretical frameworks to
real-world deployments, it faces significant chal-
lenges that fundamentally impact its performance
and applicability. = The heterogeneous nature of
client data, varying network conditions, and dynamic
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client behaviors create a complex optimization land-
scape that traditional approaches struggle to navi-
gate effectively.

In the field of FL, a key challenge arises from
the presence of heterogeneous data (McMahan et al.,
2023), often referred to as the non-independent and
identically distributed (non-IID) problem. This is
because data are generated and retained across var-
ious clients, leading to significant variations in data
distribution from one client to another. Traditional
FL methods, which rely on fixed aggregation rules,
often fail to adapt to these changing conditions,
resulting in suboptimal convergence and reduced
model quality. The complex interaction between
client diversity and model optimization creates sce-
narios in which static aggregation strategies cannot
effectively guide the learning process toward optimal
solutions. Such diversity in the data landscape across
clients may lead to significant convergence and per-
formance degradation in the implementation of the
federated averaging algorithm (FedAvg). To over-
come the difficulties posed by non-IID data, vari-
ous federated optimization techniques have been pro-
posed. Karimireddy et al. (2021b) investigated the
issue of client drift in cross-silo FL, where client up-
dates are diverse and the resulting average model
parameters differ from those obtained through cen-
tralized training. Yao et al. (2020) studied the objec-
tive inconsistency problem in cross-device FL, where
biased client selection in each round causes the up-
date of the aggregated model to deviate from the
true global objective, since the updates only reflect
the objectives of the selected clients rather than all
clients. These different forms of issues will result
in aggregation bias, characterized by a discrepancy
from the intended optimization objective, leading to
slow convergence and suboptimal results. Despite ef-
forts to address these problems in previous research,
it is difficult for an FL method to adapt across any FL
contexts including various scenarios, settings, and
data distributions (Huang et al., 2021; Karimireddy
et al., 2021a). It is evident that an FL strategy
might excel in one context but fail in another (Li QB
et al.,, 2021b). The performance of FL methods is
also greatly influenced by factors such as the num-
ber of local epochs and the number of participating
clients, making it challenging to develop an adaptive
FL method that can effectively accommodate diverse
FL contexts.

To address these challenges, we propose a
fundamentally different approach that moves be-
yond static aggregation rules to a learnable, adap-
tive framework. Unlike existing methods that rely on
fixed aggregation strategies or heuristic adjustments,
our approach treats the aggregation process itself as
a learnable component that can dynamically adapt
to different FL contexts. This represents a paradigm
shift from traditional FL methods, as it enables the
system to automatically learn and adjust its aggrega-
tion behavior based on the global optimization land-
scape. Inspired by the idea of learning an optimizer
for improving optimization presented by Andrychow-
icz et al. (2016) and Bertinetto et al. (2016), our goal
is to explore the possibility of an FL method that can
adapt to any FL contexts. To achieve this goal, in
this paper, we propose FedMcon, by incorporating
meta-learning. The aggregator in this framework is
viewed as a meta-controller that helps in learning
how to adaptively aggregate the clients’ model pa-
rameters. To this end, the learning objective of the
meta-controller is to aggregate the model parameters
from different clients into a proxy model (acting as a
learner) that performs well on a proxy dataset. We
propose an adaptive approach for debiasing aggre-
gation, where the aggregator acts as a controller to
calibrate the optimization direction of FL. This is ac-
complished by taking the clients’ model parameters
as the input of the aggregator, followed by adding a
control variate for each client and averaging the pa-
rameters to produce the proxy model as output. By
training the aggregator on the proxy dataset, the
meta-controller can capture the “meta-knowledge”
that refers to the ability to correct clients’ models
in a global view and thereby debiasing the aggre-
gation for FL. Thus, the aggregator can guide the
optimization process towards the global optimum,
resulting in a more precise and efficient aggregation
for client models, as illustrated in Fig. 1. Through
comprehensive experiments, we demonstrate the ef-
fectiveness of our learning-based method across var-
ious scenarios of cross-silo FL and cross-device FL,
under various settings of different levels of non-I1ID
data, numbers of local epochs in cross-silo FL, and
numbers of participating clients in each round of
The
results indicate the ability of our method to adapt
to a wide range of FL scenarios, settings, and data
distributions.

cross-device FL, on three different datasets.
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Fig. 1 Analysis of FedAvg and FedMcon under client
drift and objective inconsistency. FedAvg may be af-
fected by both issues, leading to oscillation around
the global optimum. On the contrary, the FedMcon
approach overcomes these limitations by introducing
a control variate for each client that guides the op-
timization process towards the global optimum, thus
resulting in a more precise and efficient aggregation
for client models

We summarize the primary contributions of this
paper as follows:

We present a novel learning-based optimization
framework, FedMcon, that uses meta-learning, al-
lowing it to be flexible and adaptive to different FL
training scenarios, settings, and data distributions.
We also introduce a method for debiasing aggrega-
tion by using the aggregator as a controller, which
controls the optimization direction of FL by incor-
porating a control variate for each client’s model
parameters. Empirical evidence shows that the
FedMcon framework effectively outperforms other
methods for non-IID data in different FL scenarios,
settings, and data distributions.

This paper is an extended version of our previ-
ous work published in the ACM International Con-
ference on Multimedia in Asia Workshops (Shen
et al., 2024). Compared to the workshop version,
this journal paper provides extensions, including
(1) extensive experimental evaluation on additional
datasets and more comprehensive baseline compar-
isons, (2) deeper analysis of the aggregation bias
problem and its solutions, (3) thorough ablation
studies examining the impact of various components
and hyperparameters, and (4) enhanced discus-
sion of the relationship between meta-learning and

federated optimization. These extensions demon-
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strate the robustness and general applicability of our
proposed method across diverse federated learning
scenarios.

2 Related works
2.1 FL with non-IID data

The canonical FedAvg is to train a global model
in a distributed manner. The difference between
FL and distributed learning (usually refers to dis-
tributed training in a data center) is whether the
data of clients are fixed locally and cannot be ac-
cessed by others. This feature brings the safety of
data privacy, but leads to the non-IID and unbal-
anced data distribution that makes the training pro-
cess harder. The difficulty of training non-IID data
is the accuracy reduction. Due to the non-IIDness,
the fact of accuracy reduction can be understood
in terms of weight divergence, which results in non-
negligible deviation from correct updates at the stage
of averaging. We also propose a data-sharing strat-
egy by creating a small globally shared subset of
data. This strategy can effectively improve the accu-
racy, and for privacy safety, the shared data can be
extracted with distillation, or generated by a gener-
ative adversarial network (GAN). Many theoretical
studies have been conducted on FedAvg by focusing
on convergence analysis and relaxing the assump-
tions in the non-IID setting. However, these strate-
gies cannot achieve comparable performance as in
the IID setting.

The efficacy of FL is often affected by heteroge-
neous data distributed across multiple clients. This
can reduce accuracy, as Zhao et al. (2022) demon-
strated, attributing the phenomenon to weight di-
vergence. To address this issue, Li T et al. (2020)
proposed the use of FedProx, a proximal term de-
signed to mitigate the heterogeneity in the data. Li
QB et al. (2021a) presented comprehensive strategies
for partitioning the non-IID data, which typically
pose challenges for FL. Wang et al. (2020) provided
insights into the number of local update epochs and
introduced normalized averaging to address the ob-
jective inconsistency. Li XX et al. (2021) addressed
the issue of feature shift non-IID problem in FL by
proposing the use of local batch normalization to
mitigate the shift before models are averaged.

Recent developments in FL have introduced
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novel architectures and frameworks to address these
challenges. Chen DS et al. (2023) proposed an
elastic aggregation framework that adaptively ad-
justs the aggregation weights based on client model
similarities, effectively handling client drift in non-
IID settings. Similarly, Yan et al. (2023) provided
new insights into client drift by analyzing it from a
logit perspective, demonstrating that logit-level in-
consistencies significantly affect model performance.
They also proposed techniques to mitigate these in-
consistencies through logit calibration. Additionally,
federated split learning has emerged as a promis-
ing approach for handling sequential data in com-
plex network architectures, particularly in satellite—
terrestrial integrated networks (Jiang WW et al.,
2024). This approach effectively manages the unique
challenges of space—ground communications while
maintaining data privacy. Practical deployment
frameworks such as kubeFlower (Parra-Ullauri et al.,
2024) have also demonstrated significant advances in
scaling FL systems, providing robust solutions for
real-world implementations.

2.2 Meta-learning

Meta-learning is a branch of machine learning
that aims to improve the performance of learning al-
gorithms. The goal of meta-learning is to tackle the
“learning to learn” problem (Pramling, 1990). This
approach has demonstrated its effectiveness in var-
ious domains, including reinforcement learning (Xu
et al., 2018), few-shot learning (Nichol et al., 2018),
and image classification (Ravi and Larochelle, 2016).
Andrychowicz et al. (2016) proposed using deep neu-
ral networks to train a meta-learner by means of
an optimizer—optimizee setup. The update rule was
learned rather than hand-designed, and the com-
ponents were iteratively learned through gradient
descent. Additionally, Ravi and Larochelle (2016)
proposed using a long short-term memory (LSTM)
meta-learner to learn the optimization procedure
for few-shot image classification. A model-agnostic
meta-learning (MAML) method introduced by Finn
et al. (2017) does not impose any constraints on
the architecture of the learner. Reptile was derived
from MAML, which simplifies the learning process
by conducting first-order gradient updates on the
meta-learner (Nichol et al., 2018).

2.3 Federated meta-learning

Meta-learning has several important applica-
tions in FL, including fast adaptation, continual
learning, personalization, robustness, and efficiency
in computation and communication. Jiang YH
et al. (2023) highlighted the similarities between the
MAML approach of fast, gradient-based adaptation
to heterogeneous task distributions and the goal of
personalization in FL. They observed that conven-
tional federated averaging can be interpreted as a
meta-learning algorithm. Li CL et al. (2021) pro-
posed Meta-HAR to train a shared network for in-
dividual users, resulting in robust and personalized
learning. Fallah et al. (2020) studied a personalized
variant of FL, which seeks to find an initial shared
model that can easily adapt to the local dataset of
current or new users through one or a few steps of
gradient descent. Lin YJ et al. (2020) designed a
framework for rating prediction in mobile environ-
ments, incorporating a meta recommender module to
generate private item embeddings and a rating pre-
diction model based on collaboration. Other stud-
ies also use meta-learning in FL; Shamsian et al.
(2021) proposed learning a central hypernetwork to
generate personalized models, and Yao et al. (2020)
presented FedMeta using a proxy dataset for unbi-
ased model aggregation through meta update on the
server. However, these methods have the risk of over-
fitting on the proxy dataset.

3 Methodology

The objective of conventional FL is to develop a
shared global model based on decentralized data. As
the data cannot be centralized in a server due to pri-
vacy concerns, they are stored on multiple devices.
One common FL approach, FedAvg, aggregates local
model updates through a weighted average approach,
represented by ws°bal Zszl ’;—kwk. Here, w&'obal
denotes the global model parameters maintained by
the server, w” represents the local model parameters
of the k" client, nj denotes the number of local data
samples held by the k*" client, n = 21}::1 nyg is the to-
tal number of data samples across all clients, and K
is the total number of participating clients. However,
Fed Avg encounters a significant decrease in accuracy
in the non-IID scenario, where the data distribution
P(z,y) of the overall dataset differs across clients,
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ie., Pe(z,y) # Pj(x,y) for clients k and j. This pa-
per investigates the non-IID problem in the context
of FedAvg and presents a novel meta-learning-based
framework to address it.

3.1 Typical FL setup

In FedAvg, the aim is to learn a single shared
global model through decentralized data to minimize
the global objective function f(w) =2 >7" | fi(w).
This objective is the sum of the loss function over all
private data Dprivate, generated by distinct distribu-
tions Pk(x,y) from K clients. The combination of
these decentralized private data makes up the train-
ing dataset for FL. To minimize the global objec-
tive, FedAvg first copies the global model parame-
ters wr € R? to a set of candidate clients. Each
candidate then performs a local update by optimiz-
ing its local objective through gradient descent for a
specified number of epochs.

1
Fr(wf) = — > filw),

k 1€Pg (1)

k k k ok

w; < w; —nVE (wt 7Dprivate) )
where F,(w?F) is the local objective of the k'! client,
ny, is the number of local samples, 7 is the local learn-
ing rate, and VF}, (w}, D’ljmam) € R% is the gradient
vector. Following the local updates, clients transmit
their local model parameters wf to the server and
then combine these parameters through weighted

averaging:

wiith 3 S, ©)
where w ! is the parameter of the global model.
This training process is repeated until the global
model reaches convergence, allowing the shared
global model to be trained collaboratively without
revealing private data.

However, when the data distribution P (z,y)
of the k' client differs from those of other clients
or the overall data distribution, the expected value
of the local objective Fj(w) may not align with the
global objective f(w).
cal and global objectives is especially pronounced
in non-IID settings, where P(z,y) # P;(z,y) or
Pr(z,y) # Poveran(z,y). This deviation, referred
to as aggregation bias, can result in slow conver-
gence and suboptimal outcomes when implementing

This mismatch between lo-
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the FedAvg algorithm, as it mismatches with the in-
tended optimization goal. While previous studies
have attempted to address these issues, their ap-
plicability is limited to specific cases and settings
(Yao et al., 2020; Huang et al., 2021; Karimireddy
et al., 2021a, 2021b). Thus, it is still challenging
to develop an adaptive FL. method that can effec-
tively accommodate diverse scenarios, settings, and
data distributions. In contrast to traditional FL ap-
proaches, which typically rely on fixed aggregation
rules to combine client updates, our proposed frame-
work, FedMcon, introduces a novel meta-learning-
based approach that dynamically adjusts the aggre-
gation strategy based on the current state of the
system and historical client behaviors. Unlike tradi-
tional FL methods that use fixed aggregation rules,
FedMcon’s learnable meta-controller enables more
precise control by actively debiasing the aggregation
process through a unique control variate mechanism.
Furthermore, FedMcon incorporates a novel feed-
back loop through proxy data, allowing the system to
continuously refine its aggregation strategy based on
the observed performance. This adaptive approach
fundamentally differs from existing methods in three
key aspects: (1) dynamic aggregation strategy ad-
justment, (2) active debiasing through control vari-
ates, and (3) continuous refinement through proxy
data feedback.

3.2 Learning-based FL framework

To address the aforementioned challenge, we in-
troduce a novel learning-based optimization frame-
work for FL called FedMcon.
is motivated by the concept of learning an opti-

This framework

mizer for optimization improvement as proposed by
Andrychowicz et al. (2016) and Bertinetto et al.
(2016). Our objective is to investigate the feasibil-
ity of an FL method that is capable of adapting to
various FL training tasks, each with its own distinct
scenarios, configurations, and data characteristics.
To achieve this goal, we use meta-learning, a tech-
nique known for its ability to enhance the efficiency
of the learning process.

3.2.1 Meta-learning

Unlike conventional machine learning ap-
proaches, the objective of meta-learning is not

merely to train a model to perform well on a single
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task, but to enable the model to learn to learn, thus
making the learning process more efficient. This is
accomplished by training a meta-learner that oper-
ates at a higher level of abstraction than traditional
learners. The meta-learner exploits the information
obtained from multiple lower-level learners, each of
which is trained on specific tasks, to enhance the
overall learning process. Unlike traditional machine
learning which uses a training set and a test set, a
meta-learner is trained by exploring the optimization
direction on a support set and updating it on a query
set. This innovative learning mechanism enables the
meta-learner to acquire higher-level knowledge and
thus facilitates the learning process for lower-level
learners.

3.2.2 Learning-based optimization

Taking inspiration from the aforementioned ap-
proach, we integrate this concept into the training
of FL to enhance its performance. In our approach,
we view the aggregator as the meta-learner and re-
place the averaging operator in FedAvg with a deep
learning model, denoted by

olearner = aggr(@, ¢)meta—controller)7 (3)

where aggr is the aggregation function. The meta-
learner model is parameterized by @meta-controller
that takes the features from clients, represented by
©® as input. The features could be the clients’ model
parameters or any other relevant information. The
meta-learner then outputs the learner’s model pa-
rameters, denoted by Gjearner.- In our meta-learning-
based FL framework, each client’s private dataset
D’Smam is used as the support set for local adap-
tation, while the server maintains a proxy dataset
Dproxy that acts as the query set for evaluating and
updating the meta-learner. To adapt to a specific
FL task, we can train the aggregator over a query
set Dguery On the server. The meta-learner can be
trained at any point during the FL process, such as
at each communication round, and can be optimized

using the following objective function:

MiNg,, .00 controtier 1055(Blearner, Dauery)s (4)

Olcarner - aggr(ga¢meta—controllcr)- ThlS
framework is depicted in the left part of Fig. 2.
The advantage of this framework is the flexibility
to design a custom loss function based on the spe-
cific FL task, using the task-oriented proxy dataset.

where
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For instance, a loss function can be designed for ro-
bust aggregation (filtering out malicious or corrupted
clients), improving generalization (global model), or
boosting personalization (local models). The objec-
tive of this study is to address the issue of aggregation
bias and enhance the learning process in FL, making
it adaptable to various scenarios, settings, and data
distributions.

3.3 Feedback control for aggregation bias

In this subsection, we apply the FedMcon frame-
work specifically to address the problem of aggrega-
tion bias and demonstrate how it can be adaptive to
various scenarios, settings, and data distributions.

3.3.1 FedAvg lacking control

The concept of control theory has inspired the
perspective of FL being viewed as a dynamic system
(Haddad and Chellaboina, 2008).
tive, the model parameters w; are treated as the

In this perspec-

system states. The FedAvg approach in FL operates
The
presence of the non-IID data makes it uncertain if

as a feedforward process without any control.

the aggregated model goes toward the intended up-
date direction. The non-IID data and the lack of
control can result in unstable and potentially oscil-
lating model updates. The dynamic process of FL in
Egs. (1) and (2) can be written as follows (in fact,

the number of samples of the k" client ny, is usually

1

unknown to the server, and thus we set " as & ):

Mw
Mw

— Awh),
(5)

where Aw? represents the change in the local up-

Wiyl = g ’wt
k: k:

date, obtained by minimizing Fj(wF) over several
epochs, and g(w;) denotes the state transfer func-
tion of the model parameters w;, which defines the
trajectory of the model parameters. However, the
presence of the non-IID data can result in the ob-
jective function Fj(w?f) being a poor approximation
to the global objective f(w;), leading to aggregation
bias (client drift or objective inconsistency). To ad-
dress this issue, our proposed solution involves con-
trolling the local updates towards the optimum of
the global objective by intervening in the trajectory
of FL via adding a control variate u¥ for each client.
The state transfer function g.(w;) incorporating the
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Fig. 2 Relations between meta-learning, dynamic system, and FedMcon. Left: the structure of the general
learning-based framework that incorporates meta-learning. The private data act as the support set, while the
proxy data act as the query set. The role of the meta-learner is to expedite the learning process. Middle:
the process of FL is depicted as a dynamic evolution of the weights w¢, which is difficult to control due to
the non-IID nature of the data. The proxy data serve as the target in the control loop, providing feedback to
the controller to guide the trajectory of w: towards the global optimum. Right: the pipeline of the FedMcon
includes local updates, model aggregation, and the aggregator training. In the figure, elements with the same
color have the same role viewed from different perspectives. The learner serves as the target in the dynamic
system and as the proxy model in FL. The meta-learner acts as the controller in the dynamic system and as
the aggregator in FL. The learning task corresponds to the feedforward process in the dynamic system and
the clients’ local updates in FL. References to color refer to the online version of this figure

control variate is formulated as follows: adapt its behavior based on both the current state
of the global model w; and the local updates Aw?
1 o f lients. The adaptive nature of our controller

Wit = go(We) = = > (wi = Awf(1—wuf)), (6) TOMC ' prve e o
1 enables several key capabilities. First, it can dy-
namically adjust to varying degrees of non-IID data

where the control variate uy is introduced element-  distributions, ensuring robust performance across

wise to each Aw}'. The challenge lies in determining  different data scenarios. Second, it learns optimal

an effective control variate that directs the model aggregation strategies for different model architec-

parameters w; towards the global optimum. The
proposed FedMcon framework addresses this issue by
using a meta-learning technique to obtain feedback
from the evaluation of proxy data. As the proxy data
are assumed to have a similar distribution to the
overall dataset, the control variate (1 — u¥) derived
from the proxy data can potentially calibrate the
model update towards the intended direction.

3.3.2 Learning to aggregate with feedback

To achieve this, the control variate u} is defined
as a function of w;, Aw?F, and a set of parameters
¢: uf = h(w;, AwF, ¢). Unlike traditional control
methods that use fixed rules, our meta-controller h
is implemented as a neural network that learns to

tures, making it versatile across various deep learn-
ing tasks. Third, it automatically balances between
local optimization and global consensus, preventing
both model drift and premature convergence. The
controller is trained on proxy data to get feedback,
and the resulting control variate uf can help guide
the model updates towards the intended direction,
which is illustrated in the middle part of Fig. 2. To
accomplish this, we integrate the controller and the
averaging operator into the aggregator, resulting in
an updated aggregation function:

a’ggr(wt ) Ath ¢)

K 7

k=1
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where AW; = {Aw}} is the set of local updates
' round and serves as
the input feature for the aggregator. Finally, the
dynamic equation with aggregation function (6) is

formulated as follows:
w1 = aggr(wy, AW, @). (8)

The implementation of an effective aggregator within
a meta-learning framework is the core idea behind
FedMcon. In this framework, the aggregator acts as
a “meta-learner,” using a set of proxy data as the
query set. On the contrary, each client in FL can be
considered a “learner” whose private data serve as the
support set. The aggregated model that is trained
on the proxy data is referred to as the proxy model.
The optimization objective of the proxy model on
the proxy data is designed to align with the global
objective, as the assumption is that the better the
performance of the proxy model on the proxy data,
the better the aggregator becomes. Hence, the aggre-
gator can be optimized by the objective function (4)
as follows:

from selected clients at the

ming f(Wproxys Pproxy) )

where Wproxy = aggr(wy, AW, ¢). The parameters
¢ are trained on the proxy data, allowing the aggre-
gator to learn how to effectively aggregate model
parameters by providing control variates for each
client’s model update, thereby reducing bias in the
aggregation process. The pipeline of FedMcon is de-
picted in Fig. 2.

3.3.3 Structure of the aggregator model

As outlined in Eq. (8), the aggregator takes
model updates as the input and produces the proxy
model as the output. The aggregator has two mod-
ules, ¢; and ¢, one for the state of the global
model w;, and the other for the model updates from
clients w¥. For model parameters w with dimen-
sion d, the ideal dimension of ¢y (or ¢.) would
be d x d. However, for deep learning models, the
dimension of the model can be quite large, lead-
ing to a dimension explosion problem (¢ € R4*4
if w € R?). To address this issue, a bottleneck ar-
chitecture is employed, mapping the parameters to
a lower-dimensional space (e.g., p) and restoring the
output to the original dimension. For example, the
input layers of ¢ and ¢, are ¢y, , @, € R?*P map-
ping the model parameters and updates into a hidden

space, respectively. The hidden spaces are concate-
nated and followed by an output layer ¢y, € R2P*4,
As a result, the dimension of ¢ = {¢g, ¢} is
4xdxpxm forw e RY The control variate uf
is finally formulated with the original dimension by
adding it to each client’s model update. To reduce
the size of the parameters ¢ of the aggregator, the
setting p = log, d is applied. The control variate can
then be formulated as follows:

uf = (W, Awy, @) = Pous(dg,, (wi), P, (Awp)).
(10)

3.3.4 Pipeline of FedMcon

The training process of FedMcon consists of two
parallel optimization processes: the traditional FL
process and the meta-learning process for the aggre-
gator. Specifically, it involves the following key steps:
(1) the server randomly selects a subset of participat-
ing clients K; based on a predefined sampling rate;
(2) the selected clients perform local model optimiza-
tion on their private datasets for multiple epochs and
compute their model updates AW;; (3) in the mean-
time, the server optimizes the aggregator parame-
ters ¢ using the proxy dataset to improve the con-
trolled aggregation strategy; (4) the server applies
the learned control variates through the aggregator
to combine client updates into a new global model
following Eq. (8); (5) this process iterates until con-
vergence or reaching the maximum number of com-
munication rounds. This whole pipeline is detailed in
Algorithm 1. The algorithm requires global model
wy, proxy dataset Dproxy on the server, clients in-
dexed by k with local models w¥ and private datasets
D’grivam, local learning rate 7;, the number of local
epochs Fj, the number of epochs for training aggre-
gator Eg, and the total number of communication
rounds 7.

4 Experiments
4.1 Setup

4.1.1 Datasets and models

In this study, we evaluate the performance
of FedMcon and several state-of-the-art FL meth-
ods on both
vision datasets.

recommendation and computer
The recommendation dataset

used is the MovieLens 1M dataset available at
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Algorithm 1 FedMcon: a meta-learning-based fed-
erated learning framework with controlled model
aggregation
Server executions:
1: Initialize the global model wo and the aggregator param-
eters ¢
2: for each round t =0,1,...,T do
3: Randomly sample a set of candidate clients K with
sampling rate C
4: Execute in the meantime:
5. (a) AW + ClientUpdate(w;, K)
6: (b) Optimize the aggregator parameters ¢ using proxy
data Dproxy for Eg epochs
7 Aggregate updates using the controlled aggregation:
W41 = aggr(wt, AWt7 d))
8: Broadcast w¢+1 to the selected clients
9: end for

ClientUpdate:

1: for each client k € K in parallel do

2 Receive the global model: wf — wy

3 Initialize the local model with the global parameters
4 for each local epoch e =1,2,... E} do

5: for each batch b € DF do
6
7
8

private
Local update: wf — wf — mVFg (wf7 b)
end for
end for
9: Perform the model update: A'wic — wt — 'wf
10:  Upload Aw} to the server
11: end for
12: Return AWy = {AwF}rex

https://grouplens.org/datasets/movielens/ (Harper
and Konstan, 2015), containing 1000209 ratings
provided by 6040 unidentifiable users on 3706
The click-through rate (CTR) task is
performed using the popular DIN model (Zhou
et al., 2018). The evaluation is carried out using the
widely adopted leave-one-out protocol (Muhammad
et al., 2020) where for each user, its latest interaction
is held out as the test set and the rest data are used
as the training set. The user feedback is binarized.

movies.

For each positive instance, four negative instances
are sampled in the training set (i.e., a negative-
to-positive ratio of 4:1), and 99 negative instances
are sampled in the test set (i.e., a negative-to-
positive ratio of 99:1), with the number of positive
instances as the baseline. The computer vision
dataset used is the FEMNIST dataset available at
https://github.com/TalwalkarLab/leaf/tree /master/
data/femnist (Caldas et al., 2019), which contains
62 classes of 28 x 28 pixel images of handwritten
digits, lowercase and uppercase letters contributed
by 3400 users. The dataset includes 671 585
training examples and 77 483 test samples. It is
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performed using the lightweight LeNetd model
(LeCun et al., 1998).  Another computer vi-
sion dataset is the CIFAR-10 dataset available
at https://www.cs.toronto.edu/ " kriz/cifar.html
(Krizhevsky and Hinton, 2009), which consists of 10
classes of 32 x 32 pixel images. The dataset includes
50 000 training examples and 10 000 test samples.
It is performed using ResNet18 by replacing batch
norm with group norm (Reddi et al., 2021). For
methods requiring a proxy dataset (FedMcon,
FedMeta, and FedDF'), we consistently use a disjoint
subset comprising 1% of the total FL training data
(e.g., for CIFAR-10, the proxy size is 500 as the
training size is 50000).

4.1.2 FL settings

For the MovieLens dataset, which has a natu-
rally non-IID distribution, it is split into 6040 clients
based on the feature of user id. The FEMNIST
dataset is split into 3400 clients and the label dis-
tribution skew is simulated using the Dirichlet dis-
tribution with the hyperparameter o controlling the
degree of non-I1Dness (Lin T et al., 2020; Yao et al.,
2020). The CIFAR-10 dataset is split into 10 clients
using the Dirichlet distribution for the cross-silo FL
scenario. For FL training, T' = 200 communica-
tion rounds are set for MovieLens and CIFAR-10,
and T = 1500 for FEMNIST. For the cross-device
FL scenario of MovieLens, 10% clients are sam-
pled per round. For FEMNIST, 10/20/30 clients
are sampled. Each client trains F; = 1 epoch lo-
cally. For the recommendation task, the Adam op-
timizer is used, while for the computer vision task,
stochastic gradient descent (SGD) is employed as
the local optimizer, both with a local learning rate
of m = 0.01. For methods with server-side opti-
mization, the Adam optimizer is used with a global
learning rate of 1y = 0.01. The detailed hyperpa-
rameter settings for all methods are provided in the
Appendix.

4.1.3 Baselines

The proposed FedMcon framework is compared
with several state-of-the-art FL methods, including:
(1) vanilla FL method FedAvg (McMahan et al.,
2023); (2) client-side FL method FedProx (Li T et al.,
2020); (3) server-side FL method without proxy
data FedAvgM (Hsu et al., 2019); (4) server-side FL
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method with proxy data FedDF (Lin T et al., 2020);
(5) server-side federated meta-learning method with
proxy data FedMeta (Yao et al., 2020) and another
two FL methods for vision tasks FedCSD (Yan et al.,
2023) and Elastic (Chen DS et al., 2023).

It is important to note that FedMcon is orthogo-
nal to other meta-learning-based FL. methods which
are designed for model initialization (Chen F et al.,
2019), or for personalization (Fallah et al., 2020;
Shamsian et al., 2021); as a result, they are not in-
cluded in comparisons.

4.1.4 Evaluation metrics

In the experiments, for the CTR task, the model
performance is evaluated using the following metrics:
area under the curve (AUC), hit rate (HR), and nor-
malized discounted cumulative gain (NDCG).

ZmOEDT ngleDF 1 [f (x1) < f (550)]

AUC == )
|Dr||Dy|

HROK = ﬁ > 1 (Ruy, <K),

ueU
21(Ruygu <K) _ 1

1
ND K = —
COOK = oy (T (g ST T1)

where U is the set of users, 1 is the indicator func-
tion, R, 4, is the rank generated by the model for
the ground truth item g, f is the model being eval-
uated, and Dt and D are the positive and negative
sample sets in the test data, respectively. For the
image classification task, the model performance is
measured by the widely used top-1 accuracy metric.

4.1.5 Implementation

The experiments are run on a deep learning
server equipped with an NVIDIA Tesla RTX8000
GPU using PyTorch. The FL environment including
clients is simulated to evaluate the performance of
the proposed FedMcon framework.

4.2 Analysis
4.2.1 Performance on MovieLens

We used the inherently non-IID MovieLens 1M
dataset to evaluate FedMcon for real-world indus-
trial applications. The CTR task samples are par-
ticularly non-IID, as each user has a unique profile,
including user ID, age, gender, and so on, and each
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user has a limited number of movie ratings, result-
ing in only a small number of updated embedding
tables in the model. Table 1 compares the perfor-
mance of several FL algorithms on MovieLens 1M.
The results show that the FedMcon algorithm dom-
inantly outperforms the other algorithms in all five
metrics, achieving the highest scores. Table 2 com-
pares the number of communication rounds needed
by the FL algorithms to reach 90% of their aver-
aged performance when the number of local epochs
is fixed to 1. The number of communication rounds is
a measure of the efficiency of the FL algorithms. The
results show that FedMcon is consistently faster than
the other algorithms, requiring a smaller number of
communication rounds to reach the desired level of
performance. As shown in Fig. 3, for methods that
use proxy datasets, FedDF and FedMeta performed
poorer than FedMcon. FedDF, with its logistic re-
gression model that only has one output, has lim-
ited performance improvement from ensemble distil-
lation on the proxy dataset. Additionally, FedMeta
may suffer from overfitting and oscillations on the
proxy data. Although the number of communication
rounds for FedMcon is the same as that for FedMeta
(the fastest among the other algorithms), FedMcon
is a highly efficient FL algorithm. In contrast, FedM-
con outperforms other methods because it is capable
of handling objective inconsistencies, where different
objectives may arise at different numbers of commu-
nication rounds, even around the global optimum.
Furthermore, FedMcon exhibits fast and steady con-
vergence and reaches a better optimum compared to
other FL methods.

Table 1 Metrics on the MovieLens 1M dataset

Method AUC HR@5 HR@10 NDCG@5 NDCG@10
FedAvg 0.7482 0.2916 0.4290  0.1901 0.2346
FedAvgM 0.7501 0.2909 0.4293  0.1932 0.2364
FedProx  0.7459 0.2924 0.4298  0.1914 0.2358
FedDF 0.7053 0.2553 0.3623  0.1701 0.2046
FedMeta 0.7651 0.2930 0.4429  0.1919 0.2404
FedMcon 0.8117 0.3058 0.4517 0.2032 0.2503

The best results are in bold

4.2.2 Visualizing objective inconsistency

Our experiments were performed on the
FEMNIST dataset, which is designed to provide non-
IID data. To quantify the degree of non-IIDness, we
set the Dirichlet hyperparameter o to 1, 0.1, and
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Fig. 3 Learning curves of FedMcon and baselines on the MovieLens 1M dataset

Table 2 Number of communication rounds to reach
90% of the averaged metrics on the MovieLens 1M
dataset

Method AUC HR NDCG
FedAvg 37 (1x) 63 (1x) 71 (1x)
FedAvgM 48 (0.8x) 75 (0.8x) 77 (0.9%)
FedProx 38 (1x) 57 (1.1x) 51 (1.4x)
FedDF 49 (0.7x) - 184 (1x)
FedMeta 2 (19%) 2 (32x) 3 (24x)
FedMcon 2 (19x%) 2 (32x) 2 (36x%)

The best results are in bold. The value in parentheses indicates
the speedup ratio. “~” indicates that the target was not reached
by the end of training

0.01. Fig. 4 presents the results of the non-ITDness
analysis by visualizing the distribution of the 10-digit
labels among the 62 classes over the first 5 commu-
nication rounds. We selected 10 clients from a pool
of 100 clients. These 10 clients were used to demon-
strate the changing distribution of label classes over
the first 5 communication rounds. It is observed that
as the non-IIDness of the data increases, the distri-
bution of labels among the clients becomes more di-
verse. This diversity is shown through the blocks of
color in the histogram, with each block represent-
ing the amount of data belonging to a specific label.
Within each subfigure, the variation in color indi-
cates the degree of client drift, as the length of the

bar representing each label becomes more diverse.
Additionally, within each column, the length of the
bars illustrates the objective inconsistency, as the
distribution of labels becomes increasingly inconsis-
tent between different communication rounds. This
is a clear indication that as the non-IIDness of the
data increases, the challenge of training an adaptive
and accurate model becomes more pronounced.

4.2.3 Performance on FEMNIST

For the cross-device FL scenario, we conducted
an experiment on the FEMNIST dataset to evalu-
ate the performance of FedMcon. Table 3 shows the
results of each method when « is set to 1, 0.1, and
0.01. The number of clients in FEMNIST was 3400.
The top-1 accuracy was reported for different num-
bers of sampled clients, varying in {10, 20,30}. The
rightmost column in each row of the table presents
the relative improvement over the baseline (Fed Avg
with || = 10, = 1/0.1/0.01) for each method. Ta-
ble 4 presents the number of communication rounds
to reach 60% test accuracy for each method. Under
different levels of non-IIDness and with varying num-
bers of participating clients in each round, the re-
sults reveal that FedMcon consistently outperforms
the compared FL methods. Despite the increasing
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Fig. 4 Visualizing objective inconsistency on the FEMNIST dataset with different numbers of initial training

rounds: (a) 1; (b) 2; (c) 3; (d) 4; (e) 5

degree of non-IIDness, FedMcon demonstrates little
performance degradation. This is due to the well-
trained aggregator in FedMcon, which provides a
global view to calibrate the model parameters, re-
sulting in good performance even in extremely non-
IID conditions.

4.2.4 Performance on CIFAR-10

We compared the performance of several FL al-
gorithms on the CIFAR-10 dataset to simulate the
cross-silo settings. For CIFAR-10, the number of
clients was 10 and full participation of the clients
was achieved in each round. The top-1 accuracy of

each algorithm is shown in Table 5, and the number
of communication rounds to reach 60% test accuracy
is shown in Table 6. In Table 5, the top-1 accuracy
of each algorithm is reported for three different val-
ues of a (1, 0.1, and 0.01). The results show that
FedMcon consistently outperforms the other algo-
rithms, and it reaches the largest performance gain
at a = 0.01 (the most non-1ID setting). In Table 6,
FedMcon is shown to be the fastest algorithm, re-
quiring a significantly smaller number of communica-
tion rounds to reach the target accuracy compared to
the other methods, also with the most dominant im-
provement at a = 0.01. Overall, the results suggest
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Table 3 Top-1 accuracies on the FEMNIST dataset
with a varying number of sampled clients

Table 4 Number of communication rounds to reach
60% test accuracy on the FEMNIST dataset

Top-1 accuracy

Number of communication rounds

Method K|
a=1 a=0.1 a=0.01 Method |K:‘
a=1 a=0.1 a=0.01
10 0.8206 (1.00x) 0.8207 (1.00x) 0.7439 (1.00x)
FedAvg 20 0.8393 (1.02x) 0.8303 (1.01x) 0.7807 (1.05x) 10 13 (1.0x) 29 (1.0x) 84 (1.0x)
30 0.8398 (1.02x) 0.8347 (1.01x) 0.7955 (1.08x) FedAvg 20 11 (1.2x) 25 (1.2x) 81 (L.0x)
10 0.8350 (1.02x) 0.8208 (1.00x) 0.7531 (1.01x) 30 10 (1 3><) 23 (1.3><) 76 (141><)
FedAvgM 20 0.8390 (1.02x) 0.8303 (1.01x) 0.7824 (1.05x)
30  0.8401 (1.02x) 0.8349 (1.01x) 0.7968 (1.08x) 10 20 (0.7x) 25 (1.2x) 85 (1.0x)
10 0.8352 (1.02x) 0.7838 (0.95x) 0.7332 (0.99x) FedAvgM 20 17 (2.0x) 23 (1.3x) 81 (1.0x)
FedProx 20 0.8334 (1.02x) 0.8077 (0.98x) 0.7743 (1.04x) 30 15 (0.9x) 22 (1.3x) 79 (1.1x)
30  0.8371 (1.02x) 0.8178 (1.00x) 0.7905 (1.08x)
10 05860 (0.71x) 0.6960 (0.85x) 0.3164 (0.42x) 10 13 (1.0x) 29 (1.0x) 82 (1.0x)
FedDF 20 0.6096 (0.72x) 0.6550 (0.88x) 0.6096 (0.81x) FedProx 20 11 (2.0x) 25 (1.2x) 79 (1.1x)
30 0.5909 (0.74x) 0.7054 (0.85x) 0.1939 (0.27x) 30 10 (1 3><) 24 (12><) 74 (11><)
10 0.7852 (0.96x) 0.7606 (0.93x) 0.5905 (0.81x)
FedMeta 20 0.7947 (0.97x) 0.7687 (0.94x) 0.6844 (0.92x) 10 49 (0.3x) 50 (0.6x) - -
30 0.7894 (0.96x) 0.7786 (0.95x) 0.7096 (0.96x) FedDF 20 42 (0.3x) 46 (0.6x) 156 (0.5%)
10 0.7262 (0.89x) 0.6913 (0.84x) 0.4442 (0.60x) 30 40 (0.3x) 40 (0.7x) — -
FedCSD 20  0.7367 (0.90x) 0.7038 (0.86x) 0.5822 (0.78x)
30 0.7411 (0.90x) 0.7085 (0.86x) 0.6057 (0.81x) 10 9 (14x) 20 (1.5x) 75 (1.1x)
10 0.7162 (0.87x) 0.6759 (0.82x) 0.5121 (0.69%) FedMeta 20 8 (1.6x) 18 (L.6x) 70 (1.2x)
Elastic 20 0.7740 (0.94x) 0.7246 (0.88x) 0.5333 (0.72x) 30 7 (1.9x) 16 (1.8x) 66 (1.3x)
30 0.7962 (0.97x) 0.7495 (0.91x) 0.5928 (0.80%)
10 0.8366 (1.02x) 0.8220 (1.00x) 0.7854 (1.07x) 1025 (0:5x) 45 (0.6x) 120 (0.7x)
. 02X . 00X . 07X
FedMcon 20 0.8399 (1.02x) 0.8322 (1.01x) 0.8031 (1.08x) FedCSD 20 22 (0.5x) 40 (0.6x) 110 (0.7x)
30 0.8403 (1.02x) 0.8360 (1.02x) 0.8101 (1.09%) 30 20 (0.5x) 35 (0.7x) 95 (0.8x)
The best results are in bold. The number of local epochs is 10 30 (0 4><) 55 (().5><) 150 (0.6><)
ii;ei(j to 1. The value in parentheses indicates the speedup Elastic 20 98 0 4><) 50 (().5><) 140 (O.6><)
30 25 (0.4x) 45 (0.5x) 130 (0.6x)
10 7 (1.9%x) 12 (2.4x) 18 (4.7x)
. . o . FedMcon 20 5 (2.6x) 11 (2.6x) 16 (5.3x)
that FedMcon is a highly competitive FL algorithm, 30 4 (33x) 8 (3.6x) 12 (7.0%)
outperforming other methods in terms of both ac- The best results are in bold. The value in parentheses
curacy and speed, especially in high levels of data indicates the speedup ratio. “~ indicates that the target

heterogeneity.

5 Discussions

5.1 Advantages of learning-based FedMcon

The FedMcon approach stands out for its ex-
ceptional versatility compared with other methods,
thanks to its ability to adapt to various FL scenarios,
configurations, and data distributions. This adapt-
ability allows the control variate to adjust to the spe-
cific demands of the tasks. Additionally, factors such
as the learning rate, the number of local epochs, and
the number of clients can significantly impact the FL
performance, particularly for images, texts, recom-
mendations, or graphical data. FedMcon’s learning-
based framework allows for meta-learning on proxy
data to effectively aggregate models, making it flex-
ible and efficient for various FL tasks.

was not reached by the end of training

Table 5 Top-1 accuracies on the CIFAR-10 dataset

Top-1 accuracy

Method
a=1 a=0.1 a=0.01

FedAvg 0.7698 (1.00x) 0.6858 (1.00x) 0.6035 (1.00x)
FedAvgM 0.7589 (0.98x) 0.6803 (1.00x) 0.6330 (1.05%)
FedProx 0.7584 (0.98x) 0.6741 (0.99%x) 0.6024 (1.00x)

FedDF  0.6584 (0.86x) 0.5906 (0.87x) 0.4866 (0.80x)
FedMeta 0.7636 (1.00x) 0.6667 (0.97x) 0.4686 (0.77x)
FedCSD  0.7245 (0.94x) 0.6524 (0.95x) 0.5832 (0.97x)

Elastic  0.7102 (0.92x) 0.6412 (0.93x) 0.5721 (0.95x)
FedMcon 0.7765 (1.01x) 0.7061 (1.05x) 0.6824 (1.13x)

The best results are in bold. The number of local epochs is
fixed to 1. The value in parentheses indicates the speedup
ratio

5.2 Difference of using proxy dataset

We compare FedMcon to FedDF and FedMeta,
both of which use a proxy dataset to improve the
FL performance. However, these approaches differ,
with FedDF using ensemble distillation and FedMeta
using meta updates. A key limitation of these meth-
ods is that they directly update model parameters
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Table 6 Number of communication rounds to reach
60% test accuracy on the CIFAR-10 dataset

Number of communication rounds

Method

a=1 a=0.1 a=0.01
FedAvg 31 (L.0x) 45 (1.0x) 61 (1.0x)
FedAvgM 34 (0.9x) 48 (0.6x) 73 (0.8x)
FedProx 35 (0.9x) 49 (0.6x) 149 (0.4x)
FedDF 58 (0.5x) 143 (0.2x) 174 (0.4x)
FedMeta 29 (1.1x) 70 (0.4x) 186 (0.3x)
FedCSD 42 (0.7x) 85 (0.5x) 165 (0.4x)
Elastic 45 (0.7x) 92 (0.5x) 172 (0.4x)
FedMcon 10 (3.0x) 16 (2.0x) 21 (3.0x)

The best results are in bold. The value in parentheses
indicates the speedup ratio

using the proxy dataset, which has several draw-
backs. First, direct parameter updates on proxy data
can easily lead to overfitting, as the model may mem-
orize specific patterns in this small dataset rather
than learning generalizable features. Second, the ef-
fectiveness becomes highly sensitive to hyperparam-
eter choices like learning rates and batch sizes, re-
quiring careful tuning for each scenario. In contrast,
FedMcon takes a fundamentally different approach
by using the proxy dataset to learn an aggregative
bias that indirectly guides the FL process. This indi-
rect approach has several advantages: (1) Since the
proxy data only influence the high-level aggregation
strategy rather than directly affect model parame-
ters, the risk of overfitting is significantly reduced;
(2) The meta-controller can learn robust aggrega-
tion rules that generalize well across different client
distributions; (3) The indirect guidance allows the
model to maintain its focus on the actual training
data while benefiting from the proxy dataset’s task-
relevant information. These characteristics make
FedMcon inherently more resistant to overfitting
while remaining hyperparameter-free, safer, robust,
and efficient.

5.3 Limitations

Our proposed FedMcon uses a proxy dataset
on the server, which may have limitations in some
federated learning scenarios. However, it is prac-
tical for the server to have a task-oriented proxy
dataset, especially for industrial recommender sys-
tems. Before FL training, the server should know
the desired training task and it can hold a dataset

that reveals the task. This dataset can validate the

global model’s accuracy and some data of it can be
used as the proxy dataset in our method. The proxy
dataset serves as a task-oriented guide to help the
global model converge to the desired objective, re-
gardless of clients’ data distributions. In our work,
we showcase the proxy dataset as a generalization
and efficiency indicator, but it may also be useful for
filtering out corrupted or malicious clients, achieving
distributional robustness, domain adaptation, and
more. Besides, we hold loose requirements on the
scale of the proxy dataset, and it is validated in the
experiments that the proxy dataset is small (1% of
the training data).

6 Conclusions

We present FedMcon, a novel learning-based
optimization framework that fundamentally ad-
vances federated learning through an adaptive meta-
controller approach. Our work makes three key
technical contribution: First, we introduce a learn-
able meta-controller that transforms the aggrega-
tion process from a static, rule-based procedure to
a dynamic, context-aware system that automatically
adapts to client behaviors and optimization land-
scapes. Second, our control variate mechanism pro-
vides an innovative solution for debiasing client up-
dates by considering both immediate model changes
and temporal patterns, significantly improving con-
vergence stability. Third, our proxy dataset ap-
proach enables efficient meta-learning while main-
taining privacy constraints, demonstrating strong
practical viability. Our comprehensive experiments
show that FedMcon consistently outperforms exist-
ing methods across various FL scenarios, achiev-
ing up to 19 times communication efficiency gains.
Looking ahead, promising research directions include
extending the framework to asynchronous FL set-
tings, incorporating privacy-preserving mechanisms
into the meta-controller architecture, and develop-
ing theoretical convergence guarantees for different
data distribution scenarios. These future directions,
combined with our current contributions, establish
a strong foundation for advancing federated learning
in real-world applications.
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Table A1 Hyperparameter settings for different FL methods

Method Hyperparameter FEMNIST CIFAR-10 MovieLens 1M
FedAvg Local learning rate (n;) 0.01 0.01 0.01
Local learning rate () 0.01 0.01 0.01
Fed AvgM Global learning rate (ng) 1 1 1
Momentum (31) 0.9 0.9 0.9
Local learning rate (n) 0.01 0.01 0.01
FedProx Proximal term () 1 1 0.01
Local learning rate (1) 0.01 0.01 0.01
Global learning rate (ng) 0.0001 0.01 0.01
FedDF Proxy ratio 0.01 0.01 0.01
Server batch size 1000 20 20
Number of server epochs 1 5 5
Local learning rate (1) 0.01 0.01 0.01
Global learning rate (ng) 0.0001 0.01 0.01
FedMeta Proxy ratio 0.01 0.01 0.01
Server batch size 1000 20 20
Number of server epochs 1 1 1
Local learning rate (n) 0.01 0.01 -
FedCSD Global learning rate (ng) 1 1 -
. Local learning rate (1) 0.01 0.01 —
Blastic Global learning rate (ng) 1 1 -
Local learning rate (1) 0.01 0.01 0.01
Global learning rate (ng) 0.01 0.01 0.01
FedMcon Proxy ratio 0.01 0.01 0.01
Server batch size 500 20 1000
Number of server epochs 1 1 5
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