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Abstract
Federated Learning (FL) enables decentralized model training while

preserving data privacy. Despite its benefits, FL faces challenges

with non-identically distributed (non-IID) data, especially in long-

tailed scenarios with imbalanced class samples. Momentum-based

FL methods, often used to accelerate FL convergence, struggle with

these distributions, resulting in biased models and making FL hard

to converge. To understand this challenge, we conduct extensive

investigations into this phenomenon, accompanied by a layer-wise

analysis of neural network behavior. Based on these insights, we

propose FedWCM, a method that dynamically adjusts momentum

using global and per-round data to correct directional biases in-

troduced by long-tailed distributions. Extensive experiments show

that FedWCM resolves non-convergence issues and outperforms

existing methods, enhancing FL’s efficiency and effectiveness in

handling client heterogeneity and data imbalance.

CCS Concepts
• Computing methodologies→Machine learning; Federated
learning; Distributed algorithms; Imbalanced learning.
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1 Introduction
Federated Learning (FL) [26] enables collaborative model training

across multiple parties without centralizing data, thus ensuring

privacy by sharing only model updates with a central server, which

aggregates and redistributes a global model. A challenge in these

environments is the non-independently and identically distributed

(non-IID) data across parties [48], which can slow convergence

and reduce performance [19]. Solutions include data augmentation

[13, 17], personalized federated learning [9], and clustering [31].

Momentum-based methods—applied at the server [30, 36], client

[18, 43], or both [38]—help mitigate non-IID issues by speeding

convergence through historical gradient accumulation, offering a

simple and efficient solution without additional computation.

However, in real-world situations, lots of non-IID data may meet

a long-tailed distribution [35], where the global class distribution

is imbalanced: head classes contain abundant samples, whereas

tail classes have relatively few, leading to a bias in client models

towards the head classes [33]. For example, in some IoT applications,

such as smart homes and healthcare monitoring systems, common

activities such as sitting and walking dominate the data. At the

same time, critical events like falls or specific medical conditions

are rare. As the complexity of addressing long-tailed non-IID data

will be significantly increased, it remains an open problem that is

far from being resolved [3].

https://doi.org/10.1145/3754598.3754657
https://doi.org/10.1145/3754598.3754657
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So far, there are very limited studies focusing on non-IID data

collocated with long-tailed data distribution to tackle the dual chal-

lenges [46]. BalanceFL [35] corrects local training through a local

update scheme, forcing the local model to behave as if it were

trained on a uniform distribution. The Fed-GraB method [42] ad-

dresses global long-tailed distribution by employing a self-adjusting

gradient balancer and a prior analyzer. CReFF [32] alleviates the

bias by retraining classifiers on federated features. CLIP2FL [34]

leverages the strengths of the CLIP model to enhance feature rep-

resentation. However, on the one hand, these methods primarily

mitigate issues arising from long-tail distributions without any

special design for the convergence speed; on the other hand, these

approaches often require disruptive modifications to the methods

themselves, making it challenging to integrate with other potential

techniques to accelerate the convergence process.

To tackle these challenges, we aim to unleash the potential of the

momentum-based approach to improve the learning performance

on long-tailed non-IID data distribution. We attempt to adopt a

naive momentum-based approach [4, 43] as a start point, and we

find that they perform terribly in various settings, where the conver-

gence details are shown in the motivation. It brings us a question:

can we design novel plug-in modules that can fit momentum-based
FL algorithms to deal with the long-tailed non-IID data challenges
while keeping their strength?

We delve into this question by first analyzing the convergence

difficulties caused by long-tailed distributions, identifying the core

issue as momentum-induced global direction distortion. To tackle

this issue, we propose an improved momentum-based federated

learning approach called FedWCM that introduces a novel momen-

tum adjustment mechanism. This mechanism consists of two key

adaptive strategies: first, we adjust the aggregation method of mo-

mentum by utilizing global insights to refine how momentum is col-

lected and integrated across clients; second, we modify the degree

to which momentum is applied, dynamically tailoring it based on

comprehensive global and local data assessments. By implement-

ing these strategies, we ensure that the momentum mechanism

effectively mitigates the negative impacts of long-tailed data distri-

butions. This dual approach preserves momentum’s acceleration

benefits while addressing the inherent challenges.

Our main contributions are summarized as follows:

• To the best of our knowledge, we are the first to identify the

convergence challenges faced by momentum-based feder-

ated learning under long-tailed non-IID data distributions.

Through intuitive analysis, we have demonstrated that this

issue arises since the momentum induced causes the global

aggregation direction to be skewed by the bias introduced

by long-tailed data, thereby hindering model convergence.

• Inspired by the above insights, we propose FedWCM, in

which global information is incorporated to adaptively ad-

just the previously fixed momentum value and momentum

aggregation weights on a per-round basis, resulting in a

balanced global momentum and enabling it to exert an ap-

propriate influence in the next round based on its situation.

With this novel design, FedWCM can leverage the advan-

tages of momentum while avoiding the non-convergence

issues that arise in long-tailed scenarios.

• We perform the convergence analysis and conduct extensive

experiments to demonstrate the effectiveness of FedWCM.

Our theoretical proof indicates that FedWCM has the same

convergence rate as FedCM [43]. Furthermore, our experi-

ments result shows that FedWCM exceeds the performance

of state-of-the-art algorithms on various datasets and outper-

forms some potential long-tail enhancement methods when

integrated with FedCM.

2 Related work
2.1 Momentum-based Federated Learning
To address client drift in heterogeneous federated learning, re-

searchers have proposed various momentum-based methods. SCAF-

FOLD [19] introduces control variates to correct client update biases,

Mime [18] combines momentum SGD with variance reduction tech-

niques, FedDyn [1] balances global and local objectives through

dynamic regularization, and SlowMo [39] incorporates momentum

updates on the server side. These methods mitigate client drift and

improve model convergence through different momentum strate-

gies.

2.2 Federated Long-tailed Learning
Federated long-tailed learning [22] aims to address global class

imbalance issues in federated environments. Some studies explore

federated long-tailed learning solutions from a meta-learning per-

spective [29], aiming to improvemodel adaptability to new tasks. Re-

search has also focused on client selection and aggregation strategy

improvements [12, 47] to better handle long-tailed data. Addition-

ally, some researchers [41] have attempted to address the challenge

of model personalization, aiming to improve the accuracy of local

models in long-tailed environments. While these methods have

made progress in mitigating class imbalance issues, they primarily

focus on addressing problems arising from long-tailed data, with

less consideration given to client heterogeneity.

There are limited studies working on non-IID data collocated

with long-tailed data distribution. Model decoupling methods like

FedGraB [42] characterize global long-tailed distributions under

privacy constraints and adjust local learning strategies. Feature

enhancement methods have been explored, with CReFF [32] re-

training classifiers on federated features, and CLIP2FL [34] enhanc-

ing client feature representation through knowledge distillation

and prototype contrastive learning. Some studies explore federated

long-tailed learning solutions from ameta-learning perspective [29],

aiming to improve model adaptability to new tasks. While these

methods have made progress in addressing this problem, some prac-

tical data partitioning scenarios are not considered, and there is no

specific design to improve algorithm efficiency.

Several approaches that addresses the local long-tailed distribu-

tion in centralized machine learning may have the potential to be

integrated with momentum-based FL approaches for long-tailed

non-IID data distribution. Researchers have proposed various meth-

ods to tackle local long-tailed challenge. Re-balancing strategies

such as Focal loss [24], PriorCELoss [16] and LDAM loss [2] adjust

prediction probabilities or introduce label-distribution-aware mar-

gin losses to improve tail class performance. However, experiments
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Figure 1: Client drift due to heterogeneity without momen-
tum and alleviation with momentum.

will show that the naive integration does not have sufficient effect

to address this issue.

3 Preliminaries
3.1 Federated Learning with Momentum
Federated Learning (FL) allows multiple clients to train a global

model collaboratively without sharing their local data. Mathemati-

cally, FL optimizes:

min

𝑤

[
𝐹 (𝑤) =

𝐾∑︁
𝑘=1

𝑛𝑘

𝑛
𝐹𝑘 (𝑤)

]
(1)

where 𝐹𝑘 (𝑤) is the local loss function of client 𝑘 , 𝑛𝑘 is the num-

ber of data samples at client 𝑘 , and𝑤 represents the global model

parameters.

FL faces challenges due to data heterogeneity, leading to client

drift, where inconsistent model updates slow or prevent conver-

gence. To address this, momentum-based approaches [43] [4] has

been proposed during local training:

v𝑟
𝑘
= 𝛼g𝑟

𝑘
+ (1 − 𝛼)Δ𝑟 (2)

where v𝑟
𝑘
is the momentum of client 𝑘 at round 𝑟 , 𝛼 is the mo-

mentum value, and Δ𝑟 is the global momentum obtained from the

average of client gradients in the previous round.

Figure 1 illustrates how momentum mitigates client drift and

accelerates convergence. In detail, the momentum leverages the

aggregated gradients from the previous round to obtain global direc-

tional information, aligning each client’s update direction during

local training. This alignment of client gradient updates effectively

mitigates client drift.

3.2 Long-Tailed and non-IID Data Distribution
Long-tailed data distributions are practical in real-world scenarios

and characterized by a significant imbalance between the most and

least frequent classes. We define the imbalance factor IF [2, 33] as:

𝐼𝐹 =
𝑛1
𝑛𝐶

where 𝑛1 and 𝑛𝐶 are the global sample counts of the most

and least frequent classes, respectively. When 𝐼𝐹 is smaller, the

tales of the global data distributions is longer.

To introduce non-IID data distribution on the clients, we use

Dirichlet allocation [26]: 𝑝𝑘,𝑐 ∼ Dir(𝛽) where 𝑝𝑘,𝑐 is the proportion
of samples for class 𝑐 allocated to client 𝑘 , and 𝛽 controls the degree

of heterogeneity. Note that the smaller 𝛽 denotes higher skew.
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Figure 2: Client data partition on CIFAR-10: FedGrab v.s. ours,
when 𝛽 = 0.1 and 𝐼𝐹 = 0.1.
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Figure 3: Test accuracy over communication rounds on
CIFAR-10 with 𝛽 = 0.1 and various settings of 𝐼𝐹 .

While existing works in LT-problem [3] and FedGrab [42] lever-

age a similar long-tailed distributions, they often result in incon-

sistent client data quantities. That is to say, their data partition

naturally incur high skew on data quantities. However, in some

practical IoT scenarios [35], the number of the data samples are

similar among different clients. Thus, in this paper, we follow the

partition strategy [35] with 𝛽 and 𝐼𝐹 to designate the training data

to clients, as shown in the right part in Figure 2. The discussion of

the data partition shown in the left figure is in Appendix A [23]
1
.

4 Motivation
Momentum-based methods like FedCM [43] introduce global mo-

mentum to guide local training and reduce client drift, showing

promise for faster convergence and higher accuracy compared to

FedAvg under certain conditions (e.g., Dirichlet distribution with

𝛽 = 0.1 and 𝐼𝐹 = 1, as shown in Figure 3). However, while momen-

tum can align aggregated gradients with the global objective in

class-balanced scenarios, it becomes a double-edged sword in long-

tailed data distributions, where it amplifies majority-class gradients,

exacerbates data imbalance, and risks non-convergence. This issue

is evident in the red and pink lines of Figure 3, which show FedCM

failing to converge under 𝐼𝐹 = 0.1 and 𝐼𝐹 = 0.01.

1
Appendix and full technical proofs are available at https://li-tian-le.github.io/

FedWCM-Supplement/

https://li-tian-le.github.io/FedWCM-Supplement/
https://li-tian-le.github.io/FedWCM-Supplement/
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Figure 4: Both figures show results across six different imbal-
ance factor (𝐼𝐹 ) settings. Top: Average neuron concentration
change in FedCM. Bottom: Test accuracy across the same six
𝐼𝐹 settings.

As shown in Figure 4, the top plot illustrates the mean activa-

tion concentration under different imbalance factor (IF) settings.

Under balanced conditions (e.g., 𝐼𝐹 = 1), the neuron concentra-

tion increases steadily, aligning with the theory of neural col-

lapse [10, 20, 44]. However, under long-tailed distributions, we

observe abrupt spikes in neuron concentration at certain critical

points. Notably, as the imbalance increases (i.e., as IF decreases),

these spikes occur more frequently and violently.

Through detailed analysis in Appendix B [23], we infer that these

sudden increases are caused by the momentum mechanism [37],

which leads to dominant neurons corresponding to majority classes

occupying the representational space of others. These spikes are not

random fluctuations but structured transitions in the optimization

dynamics, where momentum amplifies class-specific gradients in a

biased way. This results in a phenomenon known asMinority Col-
lapse [10], where the network overfits to majority classes, causing

the representation of minority classes to degrade sharply.

In this situation, the model’s capacity to accurately classify mi-

nority classes diminishes significantly, leading to a steep drop in

test accuracy. This effect is illustrated in the bottom plot of Fig-

ure 4, showing a synchronous decline in accuracy as the minority

representations collapse. These insights underline the importance

of mitigating momentum-induced instability, which motivates the

design of our proposed method.

5 Methodology
We propose FedWCM to tackle non-convergence in momentum-

based federated learning with long-tailed distributions. FedWCM

dynamically adjusts client weights and momentum, reducing the

dominance of majority-class clients and enhancing the impact of

minority-class clients while modulating momentum to maintain

stable convergence.

5.1 Global Information Gathering

Global

Client 1 Client 2 Client 3
2
1

3

Average score

Global dist.
Update

Figure 5: Illustration of global information gathering.

Clients need global knowledge of the data distribution to adjust

their local updates. As illustrated in Figure 5, we compute and

distribute the global data distribution 𝐷𝑔 to all clients. Each client

computes a score based on the deviation of its local distribution

from the global target distribution. The score for client 𝑘 is:

𝑠𝑘 =

∑𝐶
𝑐=1 |𝑝𝑐 − 𝑝𝑐 | · 𝑛𝑘,𝑐∑𝐶

𝑐=1 𝑛𝑘,𝑐
(3)

where 𝑝𝑐 is the proportion of class 𝑐 in the global target distribu-

tion, 𝑝𝑐 is the proportion of class 𝑐 in the global distribution, and

𝑛𝑘,𝑐 is the number of samples of class 𝑐 for client 𝑘 . By default, the

global target distribution is assumed to be uniform, but users can

adjust it based on the prior distribution relevant to their specific

application scenarios.

A higher score indicates that the client has more globally scarce

data. This scoring helps clients adjust their updates with a global

perspective, mitigating the impact of data heterogeneity.

5.2 Parameter Computation
Next, client weights and adaptive momentum values are computed.

As illustrated in Figure 6, client weights are computed using a

modified Softmax function:

𝑤𝑟
𝑘
=

exp(𝑠𝑟
𝑘
/𝑇 )∑

𝑗∈P𝑟
exp(𝑠𝑟

𝑗
/𝑇 ) (4)

where 𝑇 is a temperature parameter that works inversely with

the imbalance: as the data imbalance increases, the temperature

decreases, which increases the differences between client weights.

This allows clients with more representative data to have more

influence during the training process. Conversely, when the global

data imbalance is low, the temperature increases, resulting in more

uniform client weights. In practice, 𝑇 is computed based on the
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discrepancy between the target (usually uniform) distribution and

the actual global data distribution, scaled appropriately by the num-

ber of classes to maintain consistent sensitivity across different

datasets. This mechanism helps balance the influence of each client

on the model during training.

The adaptive momentum value 𝛼𝑟+1 is calculated as:

𝛼𝑟+1 = 0.1 + 0.9 · (1 − 𝑒−∥T/K∥1 ) · 𝑞𝑟 (5)

where 𝑞𝑟 is the ratio between the average client score sampled

in the current round 𝑠𝑟 and the overall average score 𝑠 . The base

momentum 𝛼0 is set to 0.1. The ratio 𝑞𝑟 reflects the degree to which

minority classes are represented in the current round’s sampled

clients relative to the entire client population. When the current

round’s average client score is relatively high, indicating better mi-

nority class representation, the momentum is increased to leverage

more informative gradient updates. This ensures that momentum

is dynamically adjusted based on the data imbalance across rounds.

1
2
3

mean
round mean
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Figure 6: Parameter computation and application.

5.3 Parameter Application in Training
The computed parameters are applied to local model updates during

each round. Clients update their models using the formula:

𝑥𝑟
𝑏+1,𝑘 = 𝑥𝑟

𝑏,𝑘
− 𝜂𝑙 (𝛼𝑟∇𝐹 (𝑥𝑟𝑏,𝑘 ;𝐷𝑏,𝑘 ) + (1 − 𝛼𝑟 )Δ𝑟 ) (6)

where 𝛼𝑟 controls the impact of the current round’s gradient.

This dynamic adjustment helps balance the effects of majority-

class and minority-class clients, improving model robustness across

rounds.

5.4 Overall FedWCM Algorithm
In summary, we obtain global data distribution to dynamically

set parameters for each round’s momentum aggregation and ap-

plication process, enabling momentum to alleviate, rather than

exacerbate, the negative impacts of data imbalance. Through inte-

gratedmechanisms, ourmethod effectively addresses the challenges

posed by long-tail data distributions, ensuring improved federated

learning outcomes. The pseudo algorithm is shown in Algorithm 1.

5.5 Privacy Discussion
Note that our approach requires access to the global data distribu-

tion. While some works [6, 11, 25, 47] emphasize protecting local

data distributions, others [7, 8, 27] tolerate the potential leakage

Algorithm 1 FedWCM Algorithm

Require: initial model 𝑥0, global momentum Δ0, 𝛼0 = 0.1, learn-

ing rates 𝜂𝑙 , 𝜂𝑔 , number of rounds 𝑅, local iterations 𝐵

Compute {𝑠𝑘 } with 𝐷𝑔 using Equation (3)

for 𝑟 = 0 to 𝑅 − 1 do
Sample subset P𝑟 of clients
for Each client 𝑘 ∈ P𝑟 do

𝑥𝑟
0,𝑘

= 𝑥𝑟

for 𝑏 = 0 to 𝐵 − 1 do
Compute 𝑔𝑟

𝑏,𝑘
= ∇𝑓𝑘 (𝑥𝑟𝑏,𝑘 , 𝐷𝑏,𝑘 )

𝑣𝑟
𝑏,𝑘

= 𝛼𝑟𝑔
𝑟
𝑏,𝑘

+ (1 − 𝛼𝑟 )Δ𝑟
𝑥𝑟
𝑏+1,𝑘 = 𝑥𝑟

𝑏,𝑘
− 𝜂𝑙𝑣𝑟𝑏,𝑘

end for
Δ𝑟
𝑘
= 𝑥𝑟

𝐵,𝑘
− 𝑥𝑟

end for
Compute𝑤𝑟

𝑘
using Equation (4)

Compute 𝛼𝑟+1 using Equation (5)

Δ𝑟+1 = 1

𝜂𝑙𝐵

∑
𝑘∈P𝑟

𝑤𝑟
𝑘
Δ𝑟
𝑘

𝑥𝑟+1 = 𝑥𝑟 − 𝜂𝑔Δ𝑟+1
end for

of local data distributions for algorithmic design purposes. Never-

theless, our method is compatible with existing privacy-preserving

techniques, such as Homomorphic Encryption (HE), to safeguard

local data distributions. Following the approach in BatchCrypt [45],

the HE-based protocol proceeds as follows:

• Key Generation: A subset of randomly selected clients

generates public-private key pairs and distributes the public

keys to the other clients.

• Encryption and Upload: Each client encrypts their local

class distribution using the received public key and uploads

the encrypted data to the server.

• Aggregation: The server aggregates the encrypted class

distributions using homomorphic operations, without de-

crypting them.

• Decryption and Reconstruction: The aggregated cipher-

text is sent to the corresponding key generator, who decrypts

it to obtain the global class distribution and uploads it to the

server.

This protocol assumes a semi-honest server (i.e., honest-but-

curious) and does not require any trusted third-party entities. We

further explore this issue in Appendix C [23].

5.6 Method Generalization
The original FedWCMalgorithm assumes that clients possess roughly

equal data volumes. However, in real-world scenarios, this assump-

tion often fails due to data quantity heterogeneity. To address this,

we extend FedWCM to better handle high quantity skew, resulting

in a generalized version termed FedWCM-X, as shown in Algo-

rithm 2.

FedWCM-X introduces two key modifications to enhance robust-

ness under non-uniform data distribution.

First, we incorporate an additional weighting factor based on

each client’s data volume. Specifically, for a client 𝑘 , if its original
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Algorithm 2 FedWCM-X Algorithm

Require: initial model 𝑥0, global momentum Δ0, 𝛼0 = 0.1, learn-

ing rates 𝜂𝑙 , 𝜂𝑔 , number of rounds 𝑅, local iterations 𝐵, standard

iterations 𝐵̂

Compute {𝑠𝑘 } with 𝐷𝑔 using Equation (3)

for 𝑟 = 0 to 𝑅 − 1 do
Sample subset P𝑟 of clients
for Each client 𝑘 ∈ P𝑟 do

𝑥𝑟
0,𝑘

= 𝑥𝑟

𝜂′
𝑙
= 𝜂𝑙 · 𝐵̂

𝐵𝑘
for 𝑏 = 0 to 𝐵𝑘 − 1 do

Compute 𝑔𝑟
𝑏,𝑘

= ∇𝑓𝑘 (𝑥𝑟𝑏,𝑘 , 𝐷𝑏,𝑘 )
𝑣𝑟
𝑏,𝑘

= 𝛼𝑟𝑔
𝑟
𝑏,𝑘

+ (1 − 𝛼𝑟 )Δ𝑟
𝑥𝑟
𝑏+1,𝑘 = 𝑥𝑟

𝑏,𝑘
− 𝜂′

𝑙
𝑣𝑟
𝑏,𝑘

end for
Δ𝑟
𝑘
= 𝑥𝑟

𝐵𝑘 ,𝑘
− 𝑥𝑟

end for
Compute𝑤𝑟

𝑘
using Equation (4)

𝑤 ′𝑟
𝑘

= 𝑤𝑟
𝑘
· 𝑛𝑘∑

𝑗 𝑛 𝑗

Compute 𝛼𝑟+1 using Equation (5)

Δ𝑟+1 = 1

𝜂𝑙 𝐵̂

∑
𝑘∈P𝑟

𝑤 ′𝑟
𝑘
Δ𝑟
𝑘

𝑥𝑟+1 = 𝑥𝑟 − 𝜂𝑔Δ𝑟+1
end for

update weight is𝑤𝑘 , the adjusted weight is defined as:

𝑤 ′
𝑘
= 𝑤𝑘 · 𝑛𝑘∑

𝑗 𝑛 𝑗

where 𝑛𝑘 denotes the number of local data samples held by client

𝑘 . This adjustment ensures that clients with more data exert pro-

portionally more influence during model aggregation.

Second, we normalize the local learning rate according to the

number of mini-batches each client executes. Since clients with

more data may perform more local updates, we rescale the learning

rate 𝜂𝑙 to prevent instability caused by excessively large gradient

steps. The adjusted learning rate is given by:

𝜂′
𝑙
= 𝜂𝑙 ·

𝐵̂

𝐵𝑘

where 𝐵𝑘 is the number of local batches for client 𝑘 , and 𝐵̂ is a

reference batch count corresponding to a balanced data split across

all clients.

Together, these modifications enable FedWCM-X to retain the

benefits of momentum-based correction while adapting to imbal-

anced client participation, improving convergence stability and

model performance in practical federated environments. The effec-

tiveness of FedWCM-X under non-uniform data quantity settings is

demonstrated through experiments presented in Appendix A [23].

6 Convergence Analysis
In this section, we prove that the convergence rate of FedWCM is

the same as FedAvg-M [4], e.g.,

√︃
𝐿Δ𝜎2

𝑁𝐾𝑅
+ 𝐿Δ

𝑅
.

Assumption 1 (Standard Smoothness). Each local objective
function 𝑓𝑖 is 𝐿-smooth, i.e., for any 𝑥,𝑦 ∈ R𝑑 and 1 ≤ 𝑖 ≤ 𝑁 , we
have

∥∇𝑓𝑖 (𝑥) − ∇𝑓𝑖 (𝑦)∥ ≤ 𝐿∥𝑥 − 𝑦∥ . (7)

Assumption 2 (Stochastic Gradients). There exists 𝜎 ≥ 0

such that for any 𝑥 ∈ R𝑑 and 1 ≤ 𝑖 ≤ 𝑁 , we have

E𝜉𝑖 [∇𝐹 (𝑥 ; 𝜉𝑖 )] = ∇𝑓𝑖 (𝑥), (8)

and
E𝜉𝑖 [∥∇𝐹 (𝑥 ; 𝜉𝑖 ) − ∇𝑓𝑖 (𝑥)∥2] ≤ 𝜎2, (9)

where 𝜉𝑖 ∼ D𝑖 are independent and identically distributed.

Under the assumptions stated above, we provide the convergence

result for FedWCM with adaptive 𝛽 and weighted aggregation. The

following theorem summarizes the key convergence guarantee.

Theorem 6.1 (Convergence of FedWCM). Let 𝑓 (𝑥) be the
global objective function. Under Assumptions 1 and 2, with 𝑔0 = 0,

𝛽 ≤
√︃
𝑁𝐾𝐿Δ
𝜎2𝑅

for any constant 𝑐 ∈ (0, 1], 𝛾 = min

(
1

24𝐿
,
𝛽

6𝐿

)
, and

𝜂𝐾𝐿 ≲ min

(
1, 1

𝛽𝛾𝐿𝑅
,

(
𝐿Δ

𝐺0𝛽
3𝑅

)
1/2

, 1

(𝛽𝑁 )1/2 ,
1

(𝛽3𝑁𝐾 )1/4

)
, FedWCM

achieves the following convergence rate:

1

𝑅

𝑅−1∑︁
𝑟=0

E[∥∇𝑓 (𝑥𝑟 )∥2] ≲
√︂
𝐿Δ𝜎2

𝑁𝐾𝑅
+ 𝐿Δ
𝑅
, (10)

where Δ = 𝑓 (𝑥0) −min𝑥 𝑓 (𝑥), and ≲ absorbs constant numerical fac-
tors. Here,𝐺0 :=

1

𝑁

∑𝑁
𝑖=1 ∥∇𝑓𝑖 (𝑥0)∥2 represents the average squared

norm of the client gradients at the initial point 𝑥0.

The proof of Theorem 6.1 extends the standard convergence

analysis of FedAvg-M [4] with two key modifications: an adap-

tive 𝛽 and weighted aggregation. The parameter 𝛽 is dynamically

adjusted during training, constrained within [0.1, 1), and satisfies

𝛽 ≤
√︃
𝑁𝐾𝐿Δ
𝜎2𝑅

, ensuring stability across different data distributions.

Additionally, the adaptive aggregation weights mitigate the bias

term𝑈𝑟 by accounting for discrepancies between local and global

data distributions. These changes preserve the original convergence

guarantees while improving adaptability. Further details, including

bias analysis, are provided in Appendix E [23].

7 Experiments
7.1 Experimental Setup
Wemainly conduct experiments on Fashion-MNIST [40], SVHN [28],

CIFAR-10 [21], CIFAR-100 [21] and ImageNet [5] datasets. For the

data partition, we adopt the partition strategy as shown in the pre-

liminary part. By default, we set 𝑝𝑘,𝑐 ∼ Dir(𝛽), where 𝛽 = 0.1. For

the imbalanced ratio 𝐼𝐹 , the default setting is 𝐼𝐹 = 0.1. Note that

smaller 𝛽 denotes worse skews while smaller 𝐼𝐹 denotes higher

class imbalance level.

By default, we use a multilayer perceptron (MLP) architecture for

the Fashion-MNIST dataset. For the SVHN and CIFAR-10 datasets,

we employ ResNet-18 [15] as the backbone network. For the CIFAR-

100 and ImageNet datasets, we use ResNet-34 [15]. We set the batch

size to 50, the local learning rate 𝜂𝑙 to 0.1, the global learning rate

𝜂𝑔 to 1, and the local epoch to 5. By default, the number of clients
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Table 1: Performance comparison under 𝛽 = 0.6 and 𝛽 = 0.1 across different datasets and imbalance factors (IF). We report the
mean test accuracy under 3 trials on different random seeds.

FedAvg BalanceFL FedCM FedCM + Focal Loss FedCM + Balance Loss FedCM + Balance Sampler FedWCM

Dataset IF 0.6 0.1 0.6 0.1 0.6 0.1 0.6 0.1 0.6 0.1 0.6 0.1 0.6 0.1

Fashion-MNIST

1 0.8800 0.8074 0.8795 0.8443 0.8419 0.7604 0.8246 0.6931 0.7451 0.6907 0.8546 0.7821 0.8625 0.8181

0.5 0.8688 0.8079 0.8638 0.8462 0.8601 0.8544 0.8363 0.7058 0.7622 0.6737 0.8476 0.7906 0.8659 0.8366

0.1 0.8450 0.8313 0.8497 0.8475 0.8211 0.8268 0.8161 0.8065 0.7873 0.8002 0.8245 0.8252 0.8469 0.8328

0.05 0.8318 0.8408 0.8520 0.8545 0.3914 0.4975 0.1945 0.1967 0.4335 0.4064 0.5474 0.5273 0.8499 0.8426

0.01 0.7871 0.7894 0.8192 0.8126 0.7378 0.7524 0.7188 0.7265 0.8039 0.8011 0.8027 0.8030 0.7882 0.7947

SVHN

1 0.9361 0.8986 0.9370 0.9146 0.9246 0.8836 0.9242 0.8749 0.8928 0.8312 0.9310 0.8911 0.9355 0.9276
0.5 0.9251 0.9271 0.9261 0.9243 0.7137 0.6981 0.6068 0.5961 0.5594 0.5870 0.7085 0.6761 0.9324 0.9284
0.1 0.8681 0.8741 0.8979 0.8976 0.1594 0.0670 0.1959 0.1959 0.0762 0.1322 0.1959 0.1976 0.9057 0.9024
0.05 0.8594 0.8647 0.8675 0.8709 0.3100 0.0723 0.0670 0.1107 0.0969 0.0909 0.1802 0.0932 0.8759 0.8836
0.01 0.7884 0.7803 0.7901 0.7954 0.0670 0.0670 0.0670 0.0751 0.0760 0.0759 0.1736 0.2427 0.7998 0.8408

CIFAR-10

1 0.7906 0.6881 0.7629 0.6813 0.8126 0.7092 0.8040 0.6937 0.7931 0.7169 0.8065 0.7198 0.8242 0.7337
0.5 0.7535 0.7183 0.7539 0.7429 0.6793 0.6686 0.6565 0.6319 0.6877 0.6924 0.6968 0.6590 0.7926 0.7968
0.1 0.6232 0.6775 0.6380 0.6541 0.2175 0.2393 0.1311 0.3095 0.1864 0.3016 0.2871 0.3994 0.6905 0.7207
0.05 0.5715 0.5642 0.5652 0.5535 0.2274 0.2358 0.2005 0.1413 0.2680 0.2525 0.1427 0.1315 0.6006 0.6132
0.01 0.4567 0.4600 0.4731 0.4616 0.1865 0.2312 0.1687 0.2023 0.2087 0.2405 0.1249 0.1584 0.4983 0.5012

CIFAR-100

1 0.4297 0.3731 0.3691 0.3232 0.4129 0.2400 0.3990 0.2357 0.3630 0.2089 0.3599 0.2339 0.4545 0.3858
0.5 0.3545 0.3882 0.3203 0.3639 0.2996 0.4200 0.3058 0.3853 0.2694 0.3722 0.2835 0.3790 0.4195 0.4202
0.1 0.2839 0.2744 0.2440 0.2407 0.2948 0.3135 0.3014 0.3166 0.2952 0.3156 0.2952 0.2955 0.3150 0.3235
0.05 0.2155 0.2300 0.2070 0.2157 0.1130 0.2695 0.0100 0.2806 0.1000 0.2786 0.0930 0.2721 0.2573 0.2832
0.01 0.1663 0.1885 0.1565 0.1609 0.0116 0.1035 0.0109 0.1027 0.0100 0.1286 0.0100 0.0723 0.1985 0.2005

ImageNet

1 0.2760 0.2290 0.2292 0.1947 0.2479 0.1408 0.2438 0.1222 0.2082 0.1024 0.2134 0.1155 0.3094 0.2462
0.5 0.2154 0.2140 0.1628 0.2124 0.1045 0.0392 0.0923 0.0695 0.0928 0.0544 0.1154 0.1067 0.2598 0.2198
0.1 0.1631 0.1535 0.1124 0.1161 0.1796 0.1738 0.1864 0.1763 0.1796 0.1788 0.1528 0.1521 0.1923 0.1874
0.05 0.1458 0.1355 0.0915 0.0998 0.0052 0.1597 0.1355 0.1448 0.1471 0.1576 0.1130 0.1542 0.1626 0.1660
0.01 0.0882 0.1123 0.0627 0.0612 0.0050 0.1137 0.0063 0.1354 0.0050 0.1209 0.0052 0.1217 0.0974 0.1383

is set to 100 with a participation rate of 0.1 and 500 communica-

tion rounds for each experiment. For CIFAR-100 and ImageNet, the

default number of clients is set to 40, and we conduct 300 commu-

nication rounds. Additional experimental settings can be found in

the corresponding figures/tables. Note that all experiments were

implemented in PyTorch and conducted on a workstation equipped

with four NVIDIA GeForce RTX 3090 GPUs.

7.2 Overall Accuracy Evaluation
In this experiment, we compare FedWCM against several represen-

tative baselines to evaluate its effectiveness in handling long-tailed

and heterogeneous federated learning scenarios. We consider two

main categories of methods: (1) standard and long-tail-specific fed-

erated learning methods, including FedAvg [26], BalanceFL [35],

and FedGrab [42]; (2) improved variants of FedCM incorporating

common imbalance handling techniques such as Focal Loss [24],

Balance Loss [16], and Balance Sampler [14]. Experiments are con-

ducted on Fashion-MNIST, SVHN, CIFAR-10, CIFAR-100, and Im-

ageNet, under Dirichlet distributions with 𝛽 = 0.1 and 𝛽 = 0.6 to

simulate varying degrees of non-IID data.

Table 1 summarizes the results on CIFAR-10. Across almost all

settings, FedWCM achieves the highest accuracy, demonstrating

strong generalization ability and robustness under both mild and

severe imbalance. For instance, at 𝛽 = 0.6, 𝐼𝐹 = 0.1, FedWCM

reaches 0.6905 accuracy, outperforming FedAvg (0.6232), BalanceFL

(0.638), and FedGrab (0.326). The performance gap becomes more

pronounced as imbalance increases.

While FedGrab performs competitively under moderate hetero-

geneity (e.g., 𝐼𝐹 = 1, 𝐼𝐹 = 0.5), it degrades significantly in highly

imbalanced or heterogeneous settings. Particularly under 𝛽 = 0.1,

its accuracy drops sharply — for example, only 32.60% at 𝐼𝐹 = 0.1,

compared to FedAvg’s 67.75% and FedWCM’s 72.07%. This high-

lights FedGrab’s sensitivity to severe non-IID distributions and

limited robustness.

FedAvg, while not specifically designed for long-tail data, pro-

vides a stable baseline across most scenarios, though it generally

underperforms compared to more specialized methods. BalanceFL

shows slight improvements over FedAvg, but its performance re-

mains inconsistent.

As for FedCM and its variants, these methods generally fail

to converge or produce very low accuracy in long-tailed settings.

FedCM alone yields only 0.2175 accuracy in some cases. Even with

the introduction of Focal Loss, Balance Loss, or Balance Sampler,

accuracy remains low (e.g., 0.1311, 0.1864, and 0.2871, respectively),

indicating that these improvements are insufficient to resolve con-

vergence issues in the presence of severe imbalance.

It is also worth noting that the effectiveness of FedWCM varies

depending on the dataset andmodel complexity. On Fashion-MNIST,

the simpler 3-layerMLP architecture limits the benefits ofmomentum-

based strategies. Moreover, datasets with more classes (e.g., CIFAR-

100 and ImageNet) show slightly reduced performance gains for

FedWCM due to diluted long-tail effects across many classes.

In summary, FedWCM consistently outperforms existing meth-

ods, including FedGrab and FedAvg, particularly under harsh con-

ditions. Its adaptive momentum and weight correction mechanism

ensure stable and accurate learning in federated environments with

long-tailed, heterogeneous data.

7.3 Efficiency Evaluation of FedWCM
Convergence experiments. As illustrated in Figure 7, under the

settings of 𝛽 = 0.6 and 𝐼𝐹 = 0.1, FedWCM in the orange line

demonstrates a very rapid convergence in test accuracy during the

early stages, quickly achieving a high accuracy level. FedWCM’s
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Table 2: Performance comparison on CIFAR-10 under 𝛽 = 0.6

and 𝛽 = 0.1 with varying imbalance factors (IF). Results are
averaged over 3 runs with different seeds.

FedAvg FedGrab FedWCM

Dataset IF 0.6 0.1 0.6 0.1 0.6 0.1

CIFAR-10

1 0.7906 0.6881 0.7950 0.6813 0.8242 0.7337
0.5 0.7535 0.7183 0.7810 0.6560 0.7926 0.7968
0.1 0.6232 0.6775 0.6880 0.3260 0.6905 0.7207
0.05 0.5715 0.5642 0.5000 0.1870 0.6006 0.6132
0.01 0.4567 0.4600 0.3140 0.1350 0.4983 0.5012
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Figure 7: Test accuracy on various methods (𝛽 = 0.6, 𝐼𝐹 = 0.1).

performance continues to improve, maintaining a high accuracy

range, and eventually stabilizing around 400 iterations, reaching a

test accuracy of 75%. Compared to other methods such as FedAvg

and FedGrab, FedWCM consistently maintains a leading position

throughout most of the iterations. Conversely, different variants of

FedCM exhibit characteristics of non-convergence.

Besides, compared to most algorithms, FedWCM demonstrates a

rapid increase in test accuracy during the initial stages of iteration,

surpassing the 60% accuracy threshold at around 120 iterations. In

comparison, BalanceFL approaches this level at around 200 itera-

tions, while FedAvg requires approximately 300 iterations to reach

the same accuracy. In contrast, FedGrab fails to achieve the 60% ac-

curacy threshold even after more than 500 iterations. Additionally,

the convergence speed of FedWCM is significantly faster than that

of other converging algorithms.

Per-label accuracy pattern. As shown in Figure 8, with 𝐼𝐹 = 0.1

and 𝛽 = 0.6, FedWCM achieves high accuracy on minor labels,

notably outperforming FedAvg and FedCM on labels 6, 7, 8, and

9. Figure 2 shows the global label distribution, where label 1 is

the most frequent and label 9 the least. This highlights FedWCM’s

strength in handling long-tailed distributions. In contrast, FedCM’s

accuracy drops sharply with decreasing label frequency, nearing

zero for label 9.
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Figure 8: Per-label accuracy comparison of various methods
when 𝛽 = 0.6 and 𝐼𝐹 = 0.1.

Table 3: Comparison under different client smapling rates.

Sampling Rate FedAvg FedCM FedWCM

5% 0.6865 0.3130 0.7127
10% 0.6232 0.1918 0.6905
20% 0.6450 0.3006 0.7164
40% 0.6418 0.2268 0.6933
80% 0.6441 0.1000 0.6980

25 50 75 100 150 200

Number of Clients

0.2

0.4

0.6

0.8

FedAvg

FedCM

FedWCM

A
cc

u
ra

cy

Figure 9: Test accuracy w.r.t the number of clients.

7.4 Scalability Analysis
Client Participation Rate. FedWCM maintains relatively high

accuracy across all levels of client participation rates shown in Table

3, particularly at lower participation rates (i.e, 5% and 10%), where

its accuracy significantly surpasses that of FedAvg and FedCM.

Although the accuracy in FedWCM gradually decreases as the

participation rate increases (i.e., from 0.7127 at 5% to 0.6025 at

80%), the decline is more gradual compared to FedAvg and FedCM.

Total Client Number. As shown in Figure 9, as the number of

clients increases, the amount of data allocated to each client de-

creases, exacerbating data imbalance under the same 𝐼𝐹 , which

leads to performance degradation for all three algorithms. Among
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Figure 10: Test accuracy w.r.t local epochs.

them, FedWCM exhibits the slowest decline and maintains a rel-

atively high accuracy (around 0.7). In contrast, FedAvg shows a

significant performance drop when the number of clients reaches

50, while FedCM suffers from severe performance fluctuations as

the number of clients increases, often resulting in non-convergence.

7.5 Ablation Study
Local Epochs. Figure 10 compares the accuracy of FedAvg, FedCM,

and FedWCM across different numbers of local epochs (1, 5, 10, 20

epochs). The results show that FedWCM consistently outperforms

the other algorithms across all local round settings, with its accuracy

significantly improving as the number of local epochs increases.

This performance advantage is particularly evident in mid-to-high

round settings. In contrast, FedAvg demonstrates relatively stable

performance but consistently falls short of FedWCM, while FedCM

displays considerable variability, with accuracy significantly lower

than FedWCM across the settings.

Various settings of 𝛽 and IF. Table 4 presents the performance

comparison of FedAvg, FedCM, and FedWCM when 𝛽 = 0.1 and

𝛽 = 0.6. The FedWCM algorithm demonstrates outstanding per-

formance across all configurations, especially when addressing dif-

ferent Dirichlet parameters and varying information factors, even

when other algorithms do not converge. FedWCM shows low sensi-

tivity to the 𝛽 parameter, maintaining high-performance levels even

under more dispersed data distributions. Furthermore, although all

algorithms generally exhibit a performance decline as the infor-

mation factor decreases, FedWCM experiences a relatively minor

drop. Particularly at shallow 𝐼𝐹 values (i.e., 𝐼𝐹 = 0.01), FedWCM

remains effective in adapting to sparse data environments, showing

its superior adaptability.

7.6 Supplementary Experiments
We provide several supplementary experiments [23] to further vali-

date the effectiveness and robustness of our method. Appendix A

presents results of FedWCM-X, a generalized extension of FedWCM

designed for scenarios with unequal data volumes among clients,

demonstrating its stable performance under such imbalance. Ap-

pendix B investigates neuron concentration patterns across FedAvg,

FedCM, and FedWCM under varying data distributions, aiming to

explore the root causes of non-convergence in long-tailed settings.

Table 4: Comparison of various approaches under different
settings.

𝛽 = 0.1 IF 1 0.4 0.1 0.06 0.04 0.01

FedAvg 0.6859 0.7059 0.6228 0.6295 0.5358 0.4838

FedCM 0.7179 0.7394 0.2346 0.2077 0.2206 0.2283

FedWCM 0.7337 0.7735 0.6629 0.6538 0.5972 0.5078

𝛽 = 0.6 IF 1 0.4 0.1 0.06 0.04 0.01

FedAvg 0.7912 0.7294 0.6232 0.5801 0.5543 0.4637

FedCM 0.8104 0.7363 0.1918 0.2616 0.1894 0.2399

FedWCM 0.8426 0.7969 0.6905 0.6216 0.6042 0.5164

Appendix C examines the resource overhead introduced when inte-

grating FedWCM with homomorphic encryption, showing the ap-

proach remains feasible in privacy-sensitive environments. Appen-

dix D further supplements the performance of momentum-based

methods against other heterogeneous FL baselines.

8 Conclusion
In this work, we design a novelmomentum-based federated learning

algorithm called FedWCM to address the convergence challenges

in long-tailed non-IID data distributions. By dynamically adjusting

momentum aggregation and application, FedWCM effectively miti-

gates the negative impacts of skewed data distributions, resulting

in improved convergence and performance across various datasets.

Our extensive experiments demonstrate FedWCM’s superiority

over state-of-the-art algorithms, making it a robust solution for

federated learning in complex and imbalanced data scenarios while

leverages the advantages of momentum-based approach.
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