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Abstract. Federated learning is a privacy-preserving distributed
machine learning method, which facilitates clients to cooperate in train-
ing a shared model while safeguarding original data. The different distri-
bution and quantity of training data between clients can pose significant
challenges, such as data heterogeneity and class imbalance, which can
greatly influence the performance of the shared model. Although many
methods have been proposed to eliminate the deleterious influence of
non-IID data, existing solutions usually do not perform well on tail-
classes owing to the absence of attention for the long-tail distribution.
We present a long-tail federated learning framework FedGCS, which can
solve the global and local class imbalance problem via generic to compen-
sate for specific. Specifically, clients separate features from the training
data based on the class activation map and selectively fuse the separated
class-specific features and class-generic features to restore the distribu-
tion of tail-classes. We also design a loss function—TailDistillation Loss
to lessen the bias of the classifier towards head-classes. To appraise the
effectiveness of FedGCS, we adapted multiple benchmark datasets to
the long-tail federated learning setting. Experiments indicate that the
FedGCS is an useful method, and is superior to previous approaches.
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1 Introduction

Federated learning (FL) makes clients train a shared model together, abstaining
from uploading private data to server. It can settle the issue of data security and
privacy protection, while reducing resource consumption on the central server.
FL has a good application prospect in numerous areas, such as medical care [30],
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financial services [38], Internet of Things [23] and network resource scheduling
[6,7].

In standard FL, for each iteration, server will arbitrarily choose a subgroup of
all participants and distribute current model. These chosen clients will then train
the received model using a private dataset and send their gradient adjustments
to server for aggregation. Finally, the server will return updated shared model to
all participants. But during FL training, a severe reality problem is heterogene-
ity arising from non-IID data between varied clients [18]. In the FL situation,
the data owned by various clients have different sources and may contain their
preferences, which leads to distinct distributions and quantities between clients.

Fig. 1. Global class imbalance and local class imbalance in FL. Research purpose is to
alleviate the imbalance problem in training data below the long-tail federated learning
setting.

Additionally, actual world data usually exhibit long-tail distribution charac-
terized by severe class imbalance, i.e., the samples for certain classes is much
larger than others, for example, the number of patients with different diseases in
medical diagnoses is significantly different, and the number of fraudulent trans-
actions in credit card transactions is much lower than normal transactions. In the
FL scenarios, class imbalance may exist globally and locally [31], as illustrated
in Fig. 1. Among them, global class imbalance means that the amalgamation
of clients local data follows a long-tail distribution, and local class imbalance
denotes that each class samples on every client is extremely uneven. One radical
scenario of local class imbalance is class missing, which means that some classes
do not exist, and this problem is likely to occur in those global minority classes.
There may also be situations where certain classes are head-classes on some
clients and tail-classes on other clients, resulting in data heterogeneity between
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clients. When class imbalance exist, the local model may be biased in the pro-
cess of learning and generalization, which is further inclined towards learning
head-classes and neglects tail-classes importance, bringing about the dramatic
diminishment in the recognition and classification accuracy of tail-classes in the
model. However, in many practical cases, tail-classes may play an important role
that far exceeds their proportion in the sample, for example, health monitoring
equipment needs to be more sensitive to abnormal conditions than normal [20],
and the auto drive system is more important to accurately predict the status of
traffic lights than to predict the names of surrounding buildings [12].

Recently, lots of approaches have been presented to address the long-tail
issue. One common method is class rebalancing, which aims to decrease the effect
of imbalance through resampling or reweighting technique. In addition, although
the overall performance can be improved, this type of method usually sacrifices
head-classes performance for tail-classes performance, and cannot fundamentally
settle the state of lacking data information in the long-tail problem, so this may
not be desirable in practical applications. Moreover, most of these methods are
based on the premise that the global data distribution is observable, which does
not apply to FL where data cannot be exported locally. At present, there are
less studies on long-tail federated learning, and most of them do not notice the
unified treatment of global class imbalance and local class imbalance.

Within this research, we present a long-tail federated learning framework
FedGCS, which can solve the class imbalance problem via generic to compen-
sate for specific. Specifically, first, the confusing class relative to the tail class is
obtained locally on each client through similarity between classes. Then, based
on the class activation map (CAM) [28,39], the features of the training data are
partitioned into class-generic features with little difference between classes and
class-specific features with significant difference between classes. Finally, over
the FL training phase, the class-specific features of tail-class are combined with
the class-generic features of the corresponding confusing classes to obtain novel
data features of tail-classes. Using this method, the local model performance
on the client can be improved, thereby improving the final aggregated global
model performance. Furthermore, when the data present a long-tail distribu-
tion, it will cause the classifier to lean more towards identifying head-classes,
thus ignoring tail-classes. We introduce TailDistillation Loss, in order that the
client local model can further retain the knowledge about tail-classes in shared
model over the training phase, decreasing the classifier’s inclination for head-
classes. We evaluated the proposed FedGCS on CIFAR-10/100-LT [16]. A con-
siderable amount of experiments indicate that FedGCS outperforms the existing
FL approaches in image classification tasks with the long-tail distribution. Sub-
sequently, we provide an overview of the contributions made in this study.
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• We present a long-tail FL framework FedGCS, which does not need to know
the information of global data distribution, enhances tail-classes features in
client, and we introduce TailDistillation Loss to correct the model during
training phase.

• We perform comprehensive experiments on two long-tail datasets. Our
method is proved to be better than other FL Approaches in long-tail dis-
tribution image classification tasks.

• Our work demonstrates the importance of recognizing the long-tail distribu-
tion as early as possible and taking timely measures during FL.

2 Related Work

2.1 Federated Learning

FL was presented in [24], including FedAvg, the most basic and classic algorithm,
which obtains the aggregation model by iterating and averaging parameters from
the distributed client model, thus avoiding the need to access the client local
data. For the data heterogeneity in FL, there has been a lot of work. On the
one side, local training is stabilized by fine-tuning the disparity between models
for client and server [15,19,32]. On the other side, it aims to optimize the effec-
tiveness of model aggregation [2,34,35]. Among them, knowledge distillation [9]
has become an effective solution [11,17,21], enriching the shared model through
integrating local model information and alleviating model drift problem caused
by heterogeneity. Although the above methods have solved to some extent the
problem of data heterogeneity, the final model obtained exhibits unsatisfactory
performance on tail-classes, attributed to overlooking the global distribution.

At present, only few studies have recognized the issue of decreased model
accuracy resulting from class imbalance (not specific to long-tail distribution).
Duan et al. [4] proposed the Astraea framework, which mitigates class imbalance
through information augmentation according to global information distribution
and multi-client rescheduling on basis of intermediaries. Shang et al. [29] pre-
sented an approach of applying federated features for classifier retraining to solve
the union issue of data heterogeneity and long-tail distribution. Wang et al. [36]
introduced a monitoring solution capable of deducing the constitution of training
samples in every FL iteration, aimed at alleviating the influence of global class
imbalance. In our scenario, local data presents a long-tail distribution, where
some important classes having only small or even no samples. Therefore, it is
necessary to design a new algorithm specifically for this unbalanced property to
address this problem.

2.2 Long-Tail Learning

In the actual world, training samples always exhibit severe class imbalance,
known as long-tail distribution, which has attracted widespread attention in
the field of deep learning [37]. The objective of long-tail learning is to develop
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high-performance models on the data with long-tail distribution. Currently, some
solutions have been proposed, including class rebalancing, information augmen-
tation, and module improvement. The methods based on class rebalancing aim
to alleviate the impact of class imbalance through resampling or reweighting
technique. Feng et al. [5] suggested monitoring model training across various
classes by averaging classification prediction scores. Ren et al. [25] presented to
utilize the training label oftenness to reweight prediction logits, in order that the
label can mitigate the bias of class imbalance before calculating final losses. The
methods based on information augmentation are designed to enhance the model
performance of long-tail learning though introducing additional information. Chu
et al. [3] proposed to enhance tail-classes with few samples by learning features
from head-classes with ample samples. Liu et al. [22] proposed using the geomet-
ric information of classifiers with relatively large head-classes to enhance classi-
fier weight assigned to tail-classes, thereby improving tail-classes performance.
The methods based on module improvement aim to tackle long-tail problems
though ameliorating network modules. Kang et al. [13] introduced an innovative
decoupled training approach, to gain a more stable feature space, resulting in
improved performance in long-tail learning. Zhou et al. [40] proposed a novel
strategy to address long-tail recognition. In detail, traditional studying branch
employs evenly extraction to mimic a long-tail distribution, whereas re-balancing
branch employs a reverse extractor to augment the sampling of tail-classes. But
most of long-tail learning methods need information on global class distribution,
which is difficult to apply directly to FL.

3 Proposed Method

3.1 Problem Formulation

Problem Setting. We discuss a standard FL setup where K clients each hold
a potential non-IID dataset D1,D2, . . . ,DK , and the union of all these datasets
D = ∪kDk follows a long-tail distribution, i.e. D ∈ (X ,Y) and Y ∈ {1, . . . , C}.
Setting nk

c be the quantity of samples for class c on client k, and nc =
∑K

k=1 nk
c .

Wherein all classes are ordered in a diminishing manner based on respective
sample numbers, that is, if c1 < c2, there will be nc1 ≥ nc2 . We introduce
r ∈ (0, 1), representing the proportion of samples from head-classes to overall
sample numbers. Additionally, we specify the global imbalance factor as the
quotient of the sample count in the largest class divided by the sample count in
the smallest class, i.e., IF= n1

nC
. We also use the Dirichlet distribution factor α

to regulate heterogeneity extent. The model we use in FL is a neural network
φw with parameter w = {u,v}, which comprises a feature extractor fu and a
classifier hv. The parameter representation of the local model for client k is wk.
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The FedAvg Baseline Algorithm. FedAvg [24] is the first and most classic
FL algorithm. In the t-th round of communication, Initially server arbitrarily
chooses a subgroup St from all clients and sends a shared model wt to them.
Then the client uses local data Dk, k = 1, . . . , K to perform iterative optimiza-
tion with learning rate of η to further adjust the model:

wt+1
k ← wt

k − η∇w�
(
wt;Dk

)
. (1)

After local updating, clients uploads their updated models to server. At last,
server aggregates models through weighted averaging to obtain shared model for
the t + 1 communication round:

wt+1 =
∑

k∈St

∣
∣Dk

∣
∣

∑
k∈St |Dk|w

t+1
k . (2)

3.2 Framework of FedGCS

Based on the above assumptions, we propose FedGCS to solve the global and
local long-tail distribution problem in FL. It is a two-stage training scheme based
on FedAvg. In the stage one, clients jointly train a shared model according to
standard FL training steps. In the stage two, each client performs feature sep-
aration on the training data locally based on the CAM and selectively fuses
the separated class-specific features and class-generic features to generate aug-
mented samples of tail-classes. On this basis, the local classifier is fine-tuned
and uploaded to server to further update shared model. Our goal is to enrich
data multiplicity and prevent overfitting through feature-level information aug-
mentation. In addition, in this scheme, we also introduce TailDistillation Loss,
which allows the client local model to further preserve the information about
tail-classes in the shared model, to reduce classifier bias towards head-classes.
The framework of FedGCS is depicted in Fig. 2.

Specifically, in the Phase-I, we use images from local dataset of the client
to train the model issued by server, and upload updated gradient to server for
aggregation. After multiple iterations, we obtain a global model. To subsequently
compute the CAM, we select a network structure (ResNet [8]) with a single fully
connected layer. Numerous deep convolutional neural networks belong to this
category, such as DenseNet [10], MobileNet [26] , and EfficientNet [33].

In the Phase-II, the problem we need to solve is, how to select classes for tail-
classes that can extract generic features from them. We believe that classes that
are relatively near to specified tail class in the distribution, meaning they are
more likely to be confused with it, which has a significant impact on restoring
the distribution of tail-classes. Specifically, every client use the shared model
obtained in the Phase-I to predict classification scores for all classes, excluding
the specified tail class, for each training sample, and by sorting the average
classification scores, find its confusing classes Cf .
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Fig. 2. The framework of FedGCS.

We also need to segment the features of the training data in each client, dis-
tinguishing between class-specific and class-generic features that can be utilized
to restore the tail class distribution. Motivated by current work on attention and
visual interpretation [28,39], we first calculate the score yc of class c regarding
feature activation map Al gradient of the convolution layer, i.e. ∂yc

∂Al . Subse-
quently, we carry out global avgpooling on backflow gradients, bringing about
neuron importance weights αc

l :

αc
l =

1
Z

∑

i

∑

j

∂yc

∂Al
ij

. (3)

Then, we weight the forward activation maps, and subsequently apply a
ReLU to get the CAM Mc of class c:

Mc = ReLU

(
∑

l

αc
l A

l

)

. (4)

Finally, specifying a threshold of 0 < ξ < 1. We can disintegrate Mc into Ms
c

and Mg
c , and get class-specific and class-generic features, this formula is shown

below:

Ms
c = sgn(Mc − ξ) � Mc , (5)

Mg
c = sgn(ξ − Mc) � Mc , (6)
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Fig. 3. The procedure of feature enhancement on client. Fusing the class-specific fea-
tures of tail-classes images with the class-generic features of the corresponding confus-
ing classes images in feature space to produce augmented samples of tail-class.

Next, we use the class-specific features separated from tail-class images
and the class-generic features separated from the corresponding confusing class
images for feature fusion. To mitigate noise and potential bias, we employ a linear
fusion approach in the feature space, guiding the fusion process by randomly gen-
erating combination ratios to produce enhanced samples for tail-class, restoring
its inherent data distribution, as shown in Fig. 3. For per sample in tail-class,
altogether produce Na augmented samples. Finally, the generated augmented
samples are used locally on each client to fine-tune the classifier and uploaded
to server to further update shared model.

In addition, we also propose to decrease classifier bias toward head-classes
by introducing TailDistillation Loss (denoted by LTD). Specifically, we consider
using the CrossEntropy Loss function, which is widely used in multi-class clas-
sifiers, as the basic term to define LTD as:

LTD = (1 − λ) ∗ CE (gt, σ (zs;T = 1))
+λ ∗ CE (σ (z′

t;T = τ) , σ (z′
s;T = τ)) ,

(7)

where gt is the ground truth label (one-hot). zs represents local model’s predicted
result on local data, z′

t represents the global model’s predicted result on local
tail-classes data, and z′

s represents the local model’s predicted result on local
tail-classes data. σ is the softmax function parameterized by the temperature T ,
and λ is a balancing hyperparameter, which ranges from [0, 1].
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4 Experiment

4.1 Experiment Settings

We choose two baseline datasets: CIFAR-10 and CIFAR-100 [16], and according
to [1], shape them into long-tail versions (CIFAR-10/100-LT) with varied IFs (10,
50, and 100), to fit into long-tail federated learning setting. Moreover, utilizing
Dirichlet distribution to partition the non-IID data between different clients
and set the value of α to 0.5. We use ResNet-8, which containing a single fully
connected layer. To guarantee an equitable comparison, we have achieved all FL
methods for comparison applying same model. By default, we run a total of 200
rounds of global communication with a total of 20 clients, possessing an active
user percentage of C = 50% per round. For per sample in client tail-class, we
choose Na = 3. We set the local training batch size to 128, learning rate to 0.01,
and the optimizer to SGD.

Table 1. Test accuracy (%) for different FL methods and FedGCS on CIFAR-10/100-
LT with diverse IFs.

Family Method CIFAR-10-LT CIFAR-100-LT

IF = 10 IF = 50 IF = 100 IF = 10 IF = 50 IF = 100

Heterogeneity-oriented FL methods FedAvg 59.53 54.95 53.32 38.62 28.47 25.16

FedProx 60.22 56.43 53.45 38.93 28.52 25.64

FedNova 61.45 56.79 55.62 39.31 28.19 26.22

Imbalance-oriented FL methods Fed-Focal Loss 59.39 53.67 50.32 35.17 26.74 24.58

Ratio Loss 60.96 58.26 55.93 39.45 29.68 27.03

FedAvg+τ–norm 51.12 48.81 46.67 31.02 23.09 20.32

Proposed Method FedGCS 64.57 62.32 61.75 40.83 33.54 31.76

4.2 Comparison with Other Methods

To validate the efficaciousness of FedGCS, we compare the proposed method
with these heterogeneity-oriented FL methods: FedAvg [24], FedProx [19] and
FedNova [35]. In addition, we compare imbalance-oriented FL methods: Fed-
Focal Loss [27], Ratio Loss [36], and FedAvg with τ -norm [14].

We evaluate FedGCS on CIFAR-10/100-LT, as depicted in Table 1. FedGCS
achieved the optimal test accuracy in all scenarios. Compared to the baseline
FedAvg, when IF = 100, FedGCS has the highest performance gain, approx-
imately 8.4% for CIFAR-10-LT and 6.6% for CIFAR-100-LT. It implies that
FedGCS has excellent generalization ability. For heterogeneous-oriented FL
methods, such as FedProx, exhibit performance similar to FedAvg, as they pri-
marily address non-IID data while disregarding the long-tail distribution. For
class imbalance-oriented FL methods, such as Fed-Focal Loss, perform well com-
pared to FedAvg in certain situations. However, when compared to FedGCS,
there remains a performance gap as these methods only address global class
imbalance concerns and overlook data heterogeneity issues.
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Fig. 4. Test accuracy though applying feature augmentation at diverse depths of
ResNet-8.

4.3 Model Validation

Ablation Analysis on Applying Feature Augmentation at Diverse
Depths of Network. The ResNet-8 model used for the CIFAR-10/100-LT
dataset composes of three convolutional blocks. We perform feature enhancement
in the model, subsequent to the final two convolutional blocks. After enhancing
the features after Block2 and Block3 and generating augmented samples, the
test accuracy after fine-tuning in the Phase-II is shown in Fig. 4. It is obvi-
ous that among different datasets and imbalanced factors, feature enhancement
after Block3 has the best effect. Feature maps nearer to the input end encompass
greater spatial details, but they may introduce extra artifacts. To address this
issue, we pass the features generated by Block3 directly to the global pooling
layer, removing noise caused by augmentation. Therefore, we choose to apply
feature enhancement after Block3. We evaluate the performance without the
application of enhancement, referred to as “No Aug” in the figure.
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Fig. 5. FedGCS performance across varied r values on CIFAR-10-LT.

Analysis of Hyperparameter Sensitivity. We assess the consequence of
choosing the varied values of r on the final classification accuracy in Fig. 5. The
curves exhibit peaks near r = 0.9. On the ascending side of the peak, only less
classes are utilized as head-classes, making it insufficient to capture class-generic
features. On the descending side of the peak, only less classes are employed as
tail-classes, leaving classes with insufficient samples unable to use augmented
samples for fine-tuning. Moreover, we select the smallest r value that meets the
condition in every experiment. We also study the impact of the equilibrium factor
λ in the loss function. This hyperparameter controls the distillation intensity of
the tail class in Eq. 7. In Fig. 6, it is apparent that, the greater the λ value,
the intensified the model accuracy degradation. This shows that distillation of
tail-classes data alone is not sufficient to obtain an excellent model.
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Fig. 6. FedGCS performance across varied λ values on CIFAR-10-LT.

Impact of the Extent of Non-IIDness. Fig. 7 additionally illustrates the test
accuracy of the three methods across varied extents of non-IIDness. It is observ-
able that the performance of every method declines with increasing non-IIDness
extent. When the α value decreases from 1 to 0.01, the compared methods exhibit
a greater decrease in performance compared to FedGCS.
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Fig. 7. FedGCS performance across varied α values on CIFAR-10-LT with IF=100.

5 Conclusion

In this study, we present FedGCS to deal with the global and local class imbal-
ance problem in long-tail FL. On the client, the corresponding confusing classes
for local tail-classes are computed on basis of global model. Then, feature separa-
tion is performed on the local data using the class activation map, and the class-
specific features of the tail-classes are integrated with the class-generic features
of the corresponding confusing classes to restore tail-classes distribution. Fur-
thermore, we construct TailDistillation Loss to mitigate the effects of global and
local class imbalance. Numerous experiments demonstrate that FedGCS outper-
forms the current heterogeneity-oriented and imbalance-oriented FL approaches
significantly when dealing with a long-tail distribution.
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