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Abstract

Label skews, characterized by disparities in local label distri-
bution across clients, pose a significant challenge in federated
learning. As minority classes suffer from worse accuracy due
to overfitting on local imbalanced data, prior methods often
incorporate class-balanced learning techniques during local
training. Although these methods improve the mean accuracy
across all classes, we observe that vacant classes—referring
to categories absent from a client’s data distribution—remain
poorly recognized. Besides, there is still a gap in the ac-
curacy of local models on minority classes compared to
the global model. This paper introduces FedVLS, a novel
approach to label-skewed federated learning that integrates
both vacant-class distillation and logit suppression simultane-
ously. Specifically, vacant-class distillation leverages knowl-
edge distillation during local training on each client to retain
essential information related to vacant classes from the global
model. Moreover, logit suppression directly penalizes net-
work logits for non-label classes, effectively addressing mis-
classifications in minority classes that may be biased toward
majority classes. Extensive experiments validate the efficacy
of FedVLS, demonstrating superior performance compared
to previous state-of-the-art (SOTA) methods across diverse
datasets with varying degrees of label skews.

Code — https://github.com/krumpguo/FedVLS

Introduction
Federated learning has emerged as a prominent distributed
learning paradigm, lauded for its capability to train a global
model without direct access to raw data (Konečnỳ et al.
2016; Li et al. 2020; Kairouz et al. 2021). The traditional
federated learning (FL) algorithm, FedAvg (McMahan et al.
2017), follows an iterative process of refining the global
model by aggregating parameters from local models, which
are initialized with the latest global model parameters and
trained across diverse client devices (Sheller et al. 2020; Li
et al. 2020; Chai et al. 2024; Luo et al. 2022). In real-world
scenarios, local client data often originate from diverse pop-
ulations or organizations, displaying significant label skews
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that severely undermine the performance of federated learn-
ing (Hsu, Qi, and Brown 2019; Yang, Fang, and Liu 2021;
Reguieg et al. 2023; Zhang et al. 2023; Ye et al. 2023).

Typically, the local data often consists of majority classes
and minority classes, which refer to classes with a large
amount of data a small amount of data, respectively (Zhang
et al. 2022, 2023). As evidenced in prior studies (Zhang et al.
2022; Chen et al. 2022), the accuracy of minority classes no-
tably decreases after local updates, signaling that the client
model is overfitting to local imbalanced data. Consequently,
this results in substantial performance degradation of the
global model (Yeganeh et al. 2020; Li et al. 2020; Liu et al.
2022). To address the issue of lower accuracy in minority
classes, previous methods often incorporate class-balanced
learning techniques during local training (Zhang et al. 2022;
Chen et al. 2022; Wang et al. 2023b; Shen, Wang, and Lv
2023). Some works (Zhang et al. 2022; Chen et al. 2022;
Shen, Wang, and Lv 2023; Wang et al. 2023b) advocate for
calibrating logits according to the client data distribution
to balance minority and majority classes. However, previ-
ous methods have overlooked vacant classes, which refer to
classes without data but have highly versatile applications.
For instance, in landmark detection (Weyand et al. 2020),
most contributors possess only a subset of landmark cate-
gories from places they have lived or traveled. More impor-
tantly, these vacant classes can significantly compromise the
model’s performance, particularly in scenarios with highly
skewed label distributions.

For example, we compare the class-wise accuracy of the
initial global model and updated local models using both
the classic method FedAvg (McMahan et al. 2017) and one
SOTA method FedLC (Zhang et al. 2022). As depicted in
Figure 1 (b) and (c), the updated local model exhibits a no-
table decline in accuracy for vacant classes (e.g., categories
0, 1, 2, 4, 6, and 7) compared to the class-wise accuracy
of the initial global model. In extreme cases, the accuracy
even decreases close to zero (e.g., category 6). We posit
this severe decline is attributed to the loss of information
about vacant classes in the updated local models. By the
way, although FedLC (Zhang et al. 2022) partially alleviates
the performance decline for minority classes, particularly in
classes 3, a substantial gap remains compared to the global
model. These results indicate that ignoring vacant classes
can lead to a sharp decline in accuracy for those classes, and
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Figure 1: Class-wise accuracy of the initial global model and updated local modelS on IID and label-skewed CIFAR10 data
distributions. (a) represents the result updating on IID local data with FedAvg (McMahan et al. 2017). (b-d) showcase the
results updating on skewed data distribution with FedAvg (McMahan et al. 2017), FedLC (Zhang et al. 2022), and our FedVLS,
respectively. The value (%) in each caption corresponds to the accuracy of the global model aggregated from local models.

previous methods still often misclassify minority classes.
Based on these findings, we believe improving the accu-

racy of vacant and minority classes is crucial for addressing
the challenges posed by label skews. Therefore, we present
FedVLS, a novel approach comprising two pivotal compo-
nents: vacant-class distillation and logit suppression. The
vacant-class distillation aims to address the performance de-
cline related to vacant classes by distilling vital information
from the global model for each client during local training.
Additionally, FedVLS incorporates logit suppression, which
regulates the output logit for non-label classes. This process
emphasizes minimizing the predicted logit values linked to
the majority class when handling minority samples, amplify-
ing the penalty for the misclassification of minority classes.
As shown in Figure 1 (d), FedVLS significantly mitigates the
decline in accuracy in both vacant and minority classes of
the updated local model. Consequently, FedVLS effectively
reduces overfitting in client models, leading to a significant
improvement in the global model’s performance. Our exper-
iments demonstrate that FedVLS consistently outperforms
current SOTA federated learning methods across various set-
tings. Our contributions are summarized as follows:
• We find that prior federated learning methods suffer from

vacant classes and propose FedVLS to distill vacant-
class-aware knowledge from the global model.

• FedVLS further presents a logit suppression strategy
to address the misclassification of the minority classes,
thereby enhancing the generalization of local models.

• Extensive results validate the effectiveness of both com-
ponents in FedVLS, outperforming previous state-of-the-
art methods across diverse datasets and different degrees
of label skews.

Related Work
Heterogeneous Federated Learning
Federated learning faces a significant challenge known as
data heterogeneity, also referred to as non-identical and in-
dependently distributed (Non-IID) data (Kairouz et al. 2021;
Luo et al. 2021; Shi et al. 2023b; Guo, Wang, and Geng
2024; Guo et al. 2024). This challenge encompasses issues

such as label skews and domain shifts. In this paper, we pri-
marily focus on addressing label skews. The classic feder-
ated learning algorithm, FedAvg (McMahan et al. 2017), ex-
periences a significant decline in performance when dealing
with label skews (Li et al. 2019; Acar et al. 2021; Luo, Wang,
and Wang 2024). Numerous studies have aimed to miti-
gate the adverse impacts of label skews. For instance, Fed-
Prox (Li et al. 2020) employs a proximal term and SCAF-
FOLD (Karimireddy et al. 2020) uses a variance reduction
approach to constrain the update direction of local models.
Additionally, MOON (Li, He, and Song 2021) and Fed-
Proc (Mu et al. 2023) utilize contrastive loss to enhance
the agreement between local models and the global model.
Furthermore, FedConcat (Diao, Li, and He 2024) propose
model concatenation, FedMR (Fan et al. 2023) proposes a
manifold reshaping approach, FedGELA (Fan et al. 2024)
uses simplex Equiangular Tight to initialize the local classi-
fier and FedGF (Lee and Yoon 2024) refine the flat minima
searching to alleviate the label skews. However, these meth-
ods often fail to address the issue of vacant classes in highly
skewed scenarios. We propose FedVLS to effectively miti-
gate the decline in class-wise accuracy of vacant classes.

Learning from Imbalanced Data
Imbalanced data distribution is pervasive in real-world sce-
narios, and numerous methods have been proposed to ad-
dress its impact on model performance (Cui et al. 2019;
Menon et al. 2021; Tan et al. 2020; Li et al. 2022;
Ma et al. 2023). Existing approaches generally fall into
two categories: re-weighting (Cui et al. 2019) and logit-
adjustment (Menon et al. 2021; Tan et al. 2020). However,
previous works primarily discuss scenarios with long-tailed
distributions (Zeng et al. 2023; Xiao et al. 2024). These
methods may not be directly applicable in federated learn-
ing due to the diversity of client data distributions. In feder-
ated learning, FedLC (Zhang et al. 2022) and Calfat (Chen
et al. 2022) introduce logit calibration based on the local data
distribution to balance the majority and minority classes.
FedLMD (Lu et al. 2023) proposes distillation masks to pre-
serve the information of minority class. However, they often
neglect vacant classes and cannot effectively handle the ac-

16961



curacy decrease of the minority class. Our method, on the
other hand, addresses both existence of vacant classes and
the class imbalance between majority and minority classes,
making it more practical for real-world scenarios.

Knowledge Distillation in Federated Learning
Knowledge Distillation (KD) has been introduced to fed-
erated learning to address issues arising from variations in
data distributions and model constructions across clients
(Jeong et al. 2018; Itahara et al. 2021; Wu et al. 2023).
FedDF (Lin et al. 2020) and FedMD (Li and Wang 2019)
leverage KD to transfer the knowledge from multiple lo-
cal models to the global model. However, these KD meth-
ods typically require a public dataset available to all clients
on the server, which presents potential practical challenges.
Recent methods, such as FEDGEN (Zhu, Hong, and Zhou
2021), DaFKD (Wang et al. 2023a), and DFRD (Luo et al.
2023), propose training a generator on the server or client to
enable data-free federated knowledge distillation. However,
training the generator adds computational complexity and
can often be unstable in cases of extreme label skews (Wu
et al. 2023). Additionally, FedNTD (Lee et al. 2022) con-
ducts local-side distillation only for not-true labels to pre-
vent overfitting, while FedHKD (Chen, Vikalo et al. 2023)
performs local-side distillation on both logits and class pro-
totypes to align the global and local optimization direc-
tions. However, these methods perform knowledge distilla-
tion across all classes, which may limit the retention of local
models’ information about vacant classes. Our method, in
contrast, applies knowledge distillation exclusively to vacant
classes, preserving vital information about these categories
without impacting the learning of other categories or intro-
ducing significant computational overhead.

Method
Preliminaries
In federated learning, we consider a scenario with N clients,
where Di represents the local training data of client i. The
combined data D =

⋃N
i=1 Di comprises the local data

from all clients. These data distributions might differ across
clients, encompassing situations where the local training
data of some clients only contain samples from a subset of
all classes. The overarching goal is to address the optimiza-
tion problem as follows (McMahan et al. 2017):

min
ω

[
L(ω)

def
=

N∑
i=1

|Di|
|D|

Li(ω)

]
, (1)

where Li(ω) = E(x,y)∼Di
[ℓi(f(x;ω), y)] is the empirical

loss of the i-th client. f(x;ω) is the output of the model
when the input x and model parameter ω are given, and ℓi
is the loss function of the i-th client. |Di| is the number of
samples on Di, |D| is the number of samples on D. Here, FL
expects to learn a global model that can perform well on the
entire data D.

Motivation
When the local training data {Di}Ni=1 exhibit label skews,
as illustrated in Figure 3 of the technical appendix, there

are variations in the quantity of data for the same cate-
gory across different clients, leading the client models to
excessively fit their respective local data distributions. This
overfitting phenomenon causes divergence during model ag-
gregation, subsequently resulting in inferior global perfor-
mance (Yeganeh et al. 2020; Li et al. 2020; Liu et al. 2022).
To address the imbalance between minority and majority
classes, previous methodologies (Zhang et al. 2022; Shen,
Wang, and Lv 2023) suggest calibrating logits based on the
local data distribution, outlined as follows:

Lcal = −E(x,y)∼Di
log

(
p(y) · ef(x;ω)[y]∑
c p(c) · ef(x;ω)[c]

)
, (2)

where p(y) signifies the probability of class y occurring
within the client’s data distribution, while f(x;ω)[c] denotes
the logit output for the c-th category. The calibration tech-
nique weights the outputs for all classes in the denominator
by p(c). However, the probability p(m) for the vacant class
in the client data distribution equates to zero, leading to the
weighting term for the vacant category, p(m) · ef(x;ω)[m],
also becoming zero. Consequently, local models prioritize
learning the majority and minority classes, gradually dis-
regarding information associated with the vacant categories
during local training. This gradual shift causes the updated
direction of local models to deviate from that of the global
model over time. It’s crucial to acknowledge that treating the
vacant class merely as a unique minority class is insufficient,
an oversight prevalent in prior methodologies. We assert this
drawback significantly contributes to severe instances of lo-
cal overfitting.

Our empirical observations reveal a substantial decrease
in class-wise accuracy for vacant classes (such as categories
0, 1, 2, 4, 6, and 7) after the local update, as illustrated in
Figure 1 (b) and (c). Notably, in specific cases (such as cate-
gory 6), this accuracy even drops close to zero. The specific
experimental setup and other analyses can be found in the
technical appendix. By the way, we find the updated class-
wise accuracy for the minority classes (e.g., category 3) con-
tinues to display a notable decline, maintaining a significant
gap compared to the IID scenario. Through the analysis of
the confusion matrix in Figure 2, we find that vacant and
minority classes are still frequently misclassified as major-
ity classes. Thus, we aim to develop different objectives to
alleviate these two issues, respectively.

Vacant-class Distillation
Motivated by the above observations and analyses of vacant
classes, we propose to prevent the disappearance of infor-
mation related to vacant classes during local training. The
global model harbors valuable insights, particularly regard-
ing the prediction of vacant classes, making it an excep-
tional teacher for each client. Hence, we introduce vacant-
class distillation, aimed at preserving the global perspective
of vacant classes for clients through knowledge distillation.
To achieve this, we utilize the Kullback-Leibler Divergence
loss function, as outlined below:

Ldis = E(x,y)∼Di

∑
o∈O

qg(o;x) log

[
q(o;x)

qg(o;x)

]
, (3)
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Figure 2: Confusion matrix of client 3 on CIFAR10
dataset with Dirichlet-based label skews (β = 0.5) using
FedLC (Zhang et al. 2022).

where q(o;x) =
exp(f(x;ω)[o])∑
c∈O exp(f(x;ω)[c])

denotes the output for the o-th class of the local model
using softmax within the vacant classes, and qg(o;x) =

exp(f(x;ωg)[o])∑
c∈O exp(f(x ;ωg)[c] denotes the same for the global model.

O represents the set that contains all vacant classes within
the local client data and ωg denotes the parameters of the
global model.

Unlike FedNTD (Lee et al. 2022), which encourages the
client model to closely match the global model’s output
for not-true labels, thereby limiting the knowledge protec-
tion for vacant class, our loss function ensures that the lo-
cal model replicates the global model’s outputs only for
vacant-class labels. This approach preserves the predictive
capability for vacant categories significantly. Moreover, the
computational overhead introduced by this loss function is
minimal, enhancing its practical implementation. Additional
comparisons with other distillation-based methods and fur-
ther analyses are provided in the technical appendix.

Logit Suppression
Previous methods still often suffer from low accuracy in the
minority classes of local models, a factor that requires mit-
igation to enhance the generalization capabilities of these
models. To identify the root cause of this issue, we analyzed
the confusion matrix of the local model in client 3 on the en-
tire test dataset using FedLC (Zhang et al. 2022), where the
training data distribution is shown in the fourth column of
Figure 3 (a) in the technical appendix. As shown in Figure 2,
minority classes (e.g., categories 2, 5, and 6) are frequently
misclassified as majority classes (e.g., categories 0, 4, and
8). It is evident that, in the model’s output for minority sam-
ples, the majority class tends to have a higher logit value,

leading to the misclassification of minority classes. There-
fore, we implement regularization on non-label class logits
to penalize the majority class output for minority samples.
To avoid non-trivial optimization over direct logits, we aim
to minimize the following objective for each class:

Lc
logit = log

(
E(x,y)∼Di

I(y ̸= c) · ef(x;ω)[c]
)
, (4)

where I is an indicator function with value 1 when y ̸= c. We
use the log function to increase the proportion of loss values
for minority categories. Since minority samples are prone to
be more frequently misclassified into majority classes, the
higher weight should be assigned to the logits of majority
categories in non-labeled outputs. Therefore, we weight the
loss function Lc

logit using the probability of occurrence p(c)
for each class as follows:

Llogit =
∑
c

p(c) · Lc
logit. (5)

This adaptation prompts the learning process to pay more
attention to the penalty for incorrectly classifying minor-
ity class samples as majority classes. As a result, the model
is encouraged to refine its prediction across diverse classes,
thereby improving its overall generalization capability.

Overall Objective
As of now, we have elaborated extensively on our strategy
to tackle the problem of loss of information about vacant
classes in previous methods through knowledge distillation.
Moreover, we mitigate the decrease in minority classes of
the updated local model by regulating non-label logits di-
rectly, to further alleviate local overfitting issues. In sum-
mary, we propose the comprehensive method named Fed-
VLS, whose objective is as follows:

L(ω) = Lcal + λ · Ldis + Llogit, (6)

where λ is a non-negative hyperparameter to control the con-
tribution of vacant-class distillation. In the loss function of
our FedVLS, we attain new knowledge from the observed
class in local data distribution using the Lcal and Llogit.
In the meanwhile, we preserve the previous knowledge on
the vacant classes by following the global model’s perspec-
tive using the Ldis. By combining vacant-class distillation
and logit suppression, FedVLS can effectively manipulate
various levels of label skews. Algorithm 1 in the technical
appendix shows the overflow of our method.

Experiments
Setups
Datasets We evaluate the effectiveness of our approach
across various image classification datasets, including
MNIST (Deng 2012), CIFAR10 (Krizhevsky 2009), CI-
FAR100 (Krizhevsky 2009), and TinyImageNet (Le and
Yang 2015). We partitioned each dataset into distinct train-
ing and test sets. Subsequently, the training set undergoes
further division into non-overlapping subsets, distributed
among different clients. The global model’s performance is
then assessed on the test set. We follow the settings out-
lined in (Li et al. 2022) and introduce two prevalent forms
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Method(venue) MNIST CIFAR10 CIFAR100 TinyImageNet
β = 0.5 β = 0.1 β = 0.05 β = 0.5 β = 0.1 β = 0.05 β = 0.5 β = 0.1 β = 0.05 β = 0.5 β = 0.1 β = 0.05

FedAvg (AISTATS 2017) 98.96±0.00 96.69±0.00 94.77±0.44 91.46±0.55 82.00±0.75 62.90±0.95 72.22±0.34 66.18±0.35 62.13±0.09 47.02±0.40 39.90±0.27 35.21±0.47

FedProx (MLSys 2020) 98.93±0.00 96.42±0.00 94.95±0.24 92.24±0.78 82.65±1.33 63.14±0.41 72.65±0.60 66.61±0.22 62.23±0.20 45.76±0.50 40.26±0.51 35.22±0.17

MOON (CVPR 2021) 99.18±0.01 96.94±0.12 93.39±0.21 92.13±0.35 83.38±0.43 61.34±0.77 72.87±0.11 66.12±0.32 60.45±0.41 42.26±0.36 36.88±0.53 33.61±0.35

FedEXP (ICLR 2023) 97.57±0.49 91.59±0.48 92.54±1.08 92.31±0.52 83.48±1.15 63.22±0.51 72.41±0.39 66.74±0.19 62.24±0.18 47.00±0.23 40.58±0.15 34.95±0.18

FedLC (ICML 2022) 98.97±0.01 95.59±0.05 85.56±0.18 91.98±0.63 82.24±0.53 57.31±0.97 72.69±0.30 66.20±0.20 59.18±0.11 48.01±0.21 41.46±0.37 35.56±0.58

FedRS (KDD 2021) 99.03±0.00 96.67±0.01 94.60±0.40 92.55±0.68 83.95±0.35 63.17±0.57 72.99±0.20 66.84±0.25 62.19±0.06 47.95±0.43 41.77±0.25 35.82±0.20

FedSAM (ICML2022) 99.21±0.00 97.24±0.00 95.17±0.42 92.37±1.33 81.19±0.32 63.11±1.05 72.96±0.25 67.50±0.19 61.32±0.14 48.43±1.42 43.96±1.02 41.14±0.23

FedNTD (NeurIPS 2022) 99.15±0.04 96.67±0.17 94.30±0.71 92.46±0.19 83.23±0.22 68.71±0.27 73.43±0.15 68.00±0.50 63.71±0.19 48.02±1.05 45.11±0.21 40.65±0.26

FedMR (TMLR 2023) 98.95±0.02 96.73±0.08 95.34±0.50 91.98±0.55 82.09±0.42 63.54±0.69 71.94±0.36 67.57±0.37 63.75±0.24 47.21±0.53 40.35±0.26 35.94±0.46

FedLMD (MM 2023) 99.17±0.03 97.18±0.12 95.33±0.53 92.50±0.34 83.14±0.19 70.50±0.29 73.30±0.30 68.83±0.35 64.10±0.19 48.43±0.48 44.03±0.25 41.18±0.27

FedConcat (AAAI 2024) 99.04±0.01 96.99±0.11 95.02±0.47 92.45±0.29 82.83±0.21 64.30±0.28 73.27±0.28 68.57±0.34 63.74±0.13 48.45±0.44 47.32±0.21 43.44±0.21

FedGF (ICML 2024) 99.22±0.00 97.35±0.00 95.36±0.28 92.52±0.22 82.91±0.16 69.61±0.47 73.30±0.25 68.70±0.20 64.48±0.08 48.52±0.23 47.64±0.16 44.71±0.20

FedVLS (Ours) 99.23±0.00 97.24±0.00 95.56±0.12 92.66±0.14 84.35±0.04 75.71±0.28 73.49±0.80 69.02±0.18 65.71±0.01 48.54±0.12 47.73±0.13 45.23±0.15

Table 1: Performance overview for different degrees of Dirichlet-based label skews. All results are (re)produced by us and are
averaged over 3 runs (mean ± std). Bold is the best result, underline is the second-best.

Method(venue) CIFAR10 CIFAR100 TinyImageNet
s = 2 s = 20 s = 40

FedAvg (AISTATS 2017) 44.63±0.77 63.14±0.03 30.28±0.12

FedProx (MLSys 2020) 48.65±0.59 62.10±0.10 28.14±0.93

MOON (CVPR 2021) 38.24±1.00 57.33±0.06 26.25±0.73

FedEXP (ICLR 2023) 41.11±0.26 62.61±0.06 29.38±0.19

FedLC (ICML 2022) 55.14±0.26 61.56±0.03 26.29±1.00

FedRS (KDD 2021) 42.20±1.49 61.53±0.03 28.31±0.06

FedSAM (ICML2022) 36.97±1.18 63.50±0.01 37.55±0.10

FedNTD (NeurIPS 2022) 67.35±0.19 63.74±0.01 37.19±0.07

FedMR (TMLR 2023) 46.55±0.64 63.55±0.03 28.45±0.10

FedLMD (MM 2023) 68.52±0.34 63.51±0.02 32.29±0.08

FedConcat (AAAI 2024) 62.00±0.28 63.87±0.01 42.95±0.06

FedGF (ICML 2024) 66.97±0.45 63.90±0.02 43.55±0.06

FedVLS (Ours) 68.03±0.18 64.95±0.01 43.97±0.04

Table 2: Performance overview for quantity-based label
skews. s presents the number of shards per client.

of label skews: Dirichlet-based and quantity-based. In the
quantity-based label skews, all training data is grouped by
label and allocated into shards with imbalanced quantities.
The parameter s signifies the number of shards per client,
regulating the level of label skews (Lee et al. 2022). In the
Dirichlet-based label skews, clients receive samples for each
class based on the Dirichlet distribution (Zhu et al. 2021),
denoted as D(β). Here, the parameter β controls the de-
gree of label skews, with lower values indicating higher label
skews. Notably, each client’s training data may encompass
majority classes, minority classes, and even vacant classes,
which is more practical.

Models and baselines Following a prior study (Shi
et al. 2023a), our primary network architecture for all ex-
periments, except MNIST, predominantly relies on Mo-
bileNetV2 (Sandler et al. 2018). For the MNIST, we adopt
a deep neural network (DNN) containing three fully con-
nected layers as the backbone. Our baseline models encom-
pass conventional approaches to tackle data heterogeneity
issues, including FedProx (Li et al. 2020), MOON (Li, He,
and Song 2021), FedSAM (Qu et al. 2022), FedEXP (Di-
vyansh Jhunjhunwala 2023), FedConcat (Diao, Li, and He
2024), and FedGF (Lee and Yoon 2024). To ensure a fair
comparison, we also assess our method against FedRS (Li

and Zhan 2021), FedLC (Zhang et al. 2022), FedNTD (Lee
et al. 2022)and FedLMD (Lu et al. 2023), which also focus
on addressing label skews in federated learning.

Implementation details We set the number of clients
N to 10 and implement full client participation. We run
100 communication rounds for all experiments on the CI-
FAR10/100 datasets and 50 communication rounds on the
MNIST and TinyImageNet datasets. Within each commu-
nication round, local training spans 5 epochs for MNIST
and 10 epochs for the other datasets. For FedConcat (Diao,
Li, and He 2024) and FedGF (Lee and Yoon 2024), we
followed the original paper’s settings for communication
rounds and local epochs. We employ stochastic gradient de-
scent (SGD) optimization with a learning rate of 0.01, a
momentum of 0.9, and a batch size of 64. Weight decay
is set to 10−5 for MNIST and CIFAR10 and 10−4 for CI-
FAR100 and TinyImageNet. The hyperparameter λ of Fed-
VLS in Equation 6 is set to 0.1 for MNIST and CIFAR10,
while it is set to 0.5 for CIFAR100 and TinyImageNet.
Following pFedMe (T Dinh, Tran, and Nguyen 2020), we
conduct three trials for each experimental setting and re-
port the mean accuracy and standard deviation of the max-
imum accuracy achieved by the global model during the
training process. More implementation details and exper-
imental results can be found in the technical appendix at
https://github.com/krumpguo/FedVLS.

Results
Results under various levels of label skews and datasets
Table 1 presents the performance results of various meth-
ods with different levels of Dirichlet-based label skews
(β ∈ {0.5, 0.1, 0.05}). Our method consistently achieves
notably higher accuracy compared to other SOTA methods.
As the degree of label skews increases, competing methods
struggle to maintain their performance levels. For instance,
FedLC (Zhang et al. 2022) experiences a substantial decline,
dropping even below the performance of the classic method
FedAvg when β = 0.05. This decline stems from each client
having numerous vacant classes in extreme cases, a factor
overlooked by FedLC (Zhang et al. 2022). Conversely, our
method consistently upholds excellent performance, espe-
cially in highly skewed label distribution scenarios. For in-
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Figure 3: The test accuracy over each communication round during training for different levels of Dirichlet-based label skews
(β ∈ {0.1, 0.05}) on CIFAR10 and CIFAR100 datasets.

Figure 4: Sensitivity analysis on the client participating rates
R, local epochs E, and client numbers N.

stance, in the case of the CIFAR10 dataset with β = 0.05,
our method achieves an impressive test accuracy of 75.71%,
surpassing FedAvg by 12.81%. This outcome highlights the
efficacy of our approach in addressing the accuracy decline
observed in both vacant and minority classes, effectively
mitigating instances of overfitting in local data distributions.
Additionally, we present the performance of these methods
for quantity-based label distribution skews in Table 2, fur-
ther emphasizing the superiority of our method.

Communication efficiency Figure 3 illustrates the accu-
racy over each communication round throughout the train-

Method(venue) ResNet18 ResNet32 MobileNetV2
β=0.1 β=0.05 β=0.1 β=0.05 β=0.1 β=0.05

FedAvg (AISTATS 2017) 73.84 58.54 79.38 55.41 82.00 62.90
FedProx (MLSys 2020) 74.68 58.14 80.60 62.51 82.65 63.14
MOON (CVPR 2021) 74.04 55.41 76.91 51.85 83.38 61.34
FedEXP (ICLR 2023) 72.80 58.04 78.36 53.35 83.48 63.22
FedLC (ICML 2022) 73.15 48.94 77.71 55.41 82.24 57.31
FedRS (KDD 2021) 76.38 57.47 82.03 66.87 83.95 63.17
FedSAM (ICML2022) 68.42 55.42 75.66 58.88 81.19 63.11
FedNTD (NeurIPS 2022) 76.76 60.01 79.75 65.96 83.23 68.71
FedLMD (MM 2023) 77.02 65.80 81.76 68.04 83.14 70.50
FedConcat (AAAI 2024) 76.33 59.83 70.32 61.86 82.83 64.30
FedGF (ICML 2024) 76.74 64.44 81.44 67.83 82.91 69.61

FedVLS (Ours) 78.00 68.33 82.44 68.84 84.35 75.71

Table 3: Results of different methods under various back-
bones with Dirichlet-based label skews on CIFAR10 dataset.

ing process. Our method showcases quicker convergence
and higher accuracy when compared to the other six meth-
ods. Due to the differences in communication rounds among
FedConcat (Diao, Li, and He 2024), FedGF (Lee and Yoon
2024) and our approach, we have not included the conver-
gence curves for these two methods. Unlike its counter-
parts, our approach displays a more consistent upward trend.
Moreover, our method exhibits a significant improvement as
the skews in the data distribution increase. These outcomes
underscore the substantial communication efficiency of our
method compared with other approaches.

Analysis
Impact of participating rates To begin with, we analyze
our model’s performance against SOTA methods across
varying client participation rates. Unless specified other-
wise, our experiments focus on the CIFAR10 dataset with
a Dirichlet-based skew parameter of β = 0.05. Initially, we
set the client participation rate R within the range {0.5, 1.0}.
As illustrated in the top row of Figure 4, our method con-
sistently outperforms other approaches across all participa-
tion rates, showcasing a faster convergence rate. Notably,
as the participation rate decreases, several methods display
highly unstable convergence. This instability is expected, as
a lower client participation rate amplifies the divergence be-
tween randomly participating clients and the global model,
resulting in erratic convergence. In contrast, our method ex-
hibits a relatively stable convergence trend, highlighting its
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λ 0.05 0.1 0.25 0.5 1

CIFAR10 74.70 75.71 75.47 75.29 74.98
CIFAR100 65.49 65.57 65.63 65.71 65.18

Table 4: Results under different values of hyperparameter λ
with Dirichlet-based label skews (β = 0.05) on CIFAR10
and CIFAR100 datasets.

Ldis Llogit CIFAR10 CIFAR100 TinyImageNet
✗ ✗ 57.31 59.18 35.56
✗ ✓ 70.25(+12.94) 64.24(+5.06) 39.04(+3.48)
✓ ✗ 71.53(+14.22) 65.28(+6.10) 44.90(+9.34)
✓ ✓ 75.71(+18.40) 65.71(+6.53) 45.23(+9.67)

Table 5: Effectiveness of each loss function in FedVLS with
Dirichlet-based label skews (β = 0.05) on various datasets.
(The value) represents the improvement over the first row.

robustness to varying participation rates.
Impact of local epochs In this analysis, we investigate

variations in the number of local epochs per communication
round, represented as E, considering values from {10, 20}.
An intriguing observation emerges, particularly noticeable
when E equals 20: several methods, notably FedNTD (Lee
et al. 2022), exhibit declining accuracy in the later stages
of training, as depicted in the second row of Figure 4. This
decline is attributed to larger E values, making these mod-
els more susceptible to overfitting local data distribution as
training progresses. In contrast, our method sustains a con-
sistent and improving performance even with larger E val-
ues and consistently outperforms all other methods.

Impact of client numbers To underscore the resilience
of our method in scenarios involving an increasing num-
ber of clients, we divide the CIFAR10 dataset into 10 and
30 clients, showcasing their convergence curves in the fi-
nal row of Figure 4. Remarkably, our method consistently
outperforms the baseline methods, regardless of the number
of clients. An interesting trend emerges where, with the ex-
panding number of clients, many methods exhibit slower and
less stable convergence. In contrast, FedVLS maintains a
consistent trend of rapid and stable convergence across these
varied client numbers. Additional ablation study results con-
cerning participating rates, local epochs, and the number of
clients can be found in the technical appendix.

Impact of different backbones Apart from Mo-
bileNetV2, we conduct experiments using ResNet18 and
ResNet32. The skew parameter, denoted as β, is set to 0.1
and 0.05. The results are presented in Table 3, demonstrat-
ing our method, FedVLS, consistently outperforms the base-
line methods. These experiments underscore the versatility
and robustness of FedVLS in real-world federated learning
scenarios employing various backbone architectures.

Robustness to hyperparameter λ To demonstrate the
robustness of our method concerning hyperparameter se-
lection, we conduct experiments using various values of
λ on the CIFAR10 and CIFAR100 datasets. The find-
ings, presented in Table 4, illustrate that our method

Method(venue) CIFAR10 CIFAR100 TinyImageNet
FedLC (ICML 2022) 57.31 59.18 35.56
+ FedVLS (Ours) 75.71(+18.40) 65.71(+6.53) 45.23(+9.67)
FedEXP (ICLR 2023) 63.22 62.24 34.95
+ FedVLS (Ours) 75.80(+12.58) 65.94(+3.70) 44.76(+9.81)
FedSAM (ICML2022) 63.11 61.32 41.14
+ FedVLS (Ours) 75.92(+12.81) 65.46(+4.14) 48.12(+6.98)

Table 6: Results of combining FedVLS with other methods
under Dirichlet-based label skews (β = 0.05) across various
datasets. (The values) represent the performance gains.

exhibits insensitivity to the parameter λ. Across λ ∈
{0.05, 0.1, 0.25, 0.5, 1}, our method consistently achieves
approximately 75% accuracy on CIFAR10 and 65.5% on
CIFAR100. This consistent performance highlights our
method’s ability to deliver stable results regardless of vari-
ations in λ values, underscoring its robustness to hyperpa-
rameter changes.

Effectiveness of different objectives Our approach com-
prises two key objectives: vacant-classes distillation and
logit suppression. The results, presented in Table 5, reveal
that both vacant-classes distillation and logit suppression
contribute to notable performance improvements compared
to FedLC (Zhang et al. 2022). These results demonstrate
the effectiveness of our two key objectives in enhancing the
overall model performance in federated learning scenarios
with significant label skews.

Combination with other techniques In this section, we
integrate our method with two SOTA methods, FedEXP (Di-
vyansh Jhunjhunwala 2023) and FedSAM (Qu et al. 2022),
as detailed in Table 6. The combination of our method with
FedEXP (Divyansh Jhunjhunwala 2023) and FedSAM (Qu
et al. 2022) results in improved performance. This enhance-
ment is reasonable because FedEXP focuses on optimiz-
ing the server update for an improved learning rate, and
FedSAM emphasizes local gradient descent to achieve a
smoother loss landscape. These elements complement well
with our core idea, which finally results in enhanced perfor-
mance when combined.

Conclusion
We have observed that existing federated learning meth-
ods always perform poorly in vacant and minority classes,
under skewed label distribution across clients. To over-
come these challenges, we introduce FedVLS—an innova-
tive methodology integrating vacant-class distillation and
logit suppression simultaneously. The vacant-class distilla-
tion extracts pertinent knowledge regarding vacant classes
from the global model for each client, while logit suppres-
sion is implemented to directly regularize non-label class
logits, addressing the imbalance among majority and mi-
nority classes. Extensive results affirm the effectiveness of
both components, surpassing previous state-of-the-art meth-
ods across diverse datasets and varying degrees of label
skews. In future work, we will conduct a theoretical analy-
sis of FedVLS, including convergence, privacy, fairness, and
other pertinent considerations.
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