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Abstract. Federated learning (FL) is a promising technique to train
machine learning models across distributed and privacy-conscious
devices. The clients co-train a global model, while their contributions
to global model training differ due to inherent heterogeneity in data and
capabilities. This induces inequitable incentives for their contributions.
Existing incentive mechanisms relying on a single model for incentive
allocation often underestimate client contributions when there are sig-
nificant data discrepancies among them. Therefore, this paper proposes
a Multi-centered Fairness-aware FL framework (M2F). It implements a
clustering method based on model similarity to construct personalized
contribution evaluation adaptively. We also design a multi-dimensional
metric to evaluate client quality by considering participation rate, com-
putation ability, and training dataset size. In this design, clients receive
a customized variant of the aggregated gradient as an incentive at the
end of each training iteration. Experimental results validate that the
M2F framework can accurately differentiate clients with heterogeneous
datasets and diverse quality by increasing the convergence speed and
accuracy gaps among them, hence promoting fairness.
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1 Introduction

Clients participating in standard federated learning receive the same global
model in each iteration [2–4,8,22]. However, there exist free-riders [7], who
are inclined to depend on information shared by others, rather than offering
valuable local model information as a strategy to minimize personal training
expenses. In this case, rewarding all clients with the same global model is unfair
to active clients (i.e., the clients contribute more but receive the same incentives
as the free-riders) in FL, who may be reluctant to contribute to the training
process. Thus, clients’ incentive fairness in FL has increasingly become a focus
for researchers.

To achieve collaborative fairness, existing works mainly aim at a well-
performed global model [10,12,15,18] by selecting clients based on the evaluation
result to mitigate the influence of clients with less training data. However, clients’

c© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2024

Published by Springer Nature Switzerland AG 2024. All Rights Reserved

V. C. M. Leung et al. (Eds.): Qshine 2023, LNICST 574, pp. 95–108, 2024.

https://doi.org/10.1007/978-3-031-65123-6_7

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-65123-6_7&domain=pdf
http://orcid.org/0009-0002-8935-4157
http://orcid.org/0000-0002-4223-3502
http://orcid.org/0000-0002-1400-0605
http://orcid.org/0000-0002-3454-8731
https://doi.org/10.1007/978-3-031-65123-6_7


96 J. Deng et al.

quality evaluated by a single global model in FL training is unfair for clients with
large-discrepancy data distribution. Rational clients are self-interested and only
concerned about the performance of their local models. Therefore, a personal-
ized fairness-aware framework to adapt clients to different objective models is
required in the heterogeneous FL training mentioned above.

To solve the above problem, the challenges to be tackled can be listed as
follows:

– How to evaluate the model contribution of self-interested clients in heteroge-
neous FL training? Clients’ local models are usually referenced against the
global model. In many cases [5,11,14,15,21], distances between the global
model and clients’ local model are always taken as evaluation criteria to reflect
clients’ model contribution. However, client contributions can be underesti-
mated in this way, especially when there are few intersections between their
label space. In other words, quality measurement relying on a single global
model is deceptive. Therefore, an adaptive reference frame for contribution
evaluation is essential, especially among clients with diverse data distribu-
tions.

– How to evaluate the client quality in a comprehensive way? In recent years,
most existing works only consider clients’ model similarity to the global model
and local training data size. However, client quality is also affected by other
factors, such as participation rate and computation ability. A multi-dimension
matrix is needed to obtain a comprehensive description of client quality.

– How to design a feedback mechanism to incentive clients according to diverse
evaluated contributions? For clients with high contributions, their local model
performance will be affected by low-contribution clients in a negative way in
the long-term perspective. Therefore, it is necessary to distinguish clients by
allocating rewards proportional to their contribution.

In this paper, we adapted hierarchical clustering in a federated learning
framework to separate clients of various data distributions into different evalu-
ation reference frames based on their relative contribution scores toward each
other. Clients in the same cluster conduct gradient-weighted aggregation. Then
a multi-dimensional matrix composed of computation ability, dataset size, and
participation rate is applied to describe the quality score of clients in the same
cluster. After quality evaluation, a portion of aggregated gradients will be allo-
cated to a client according to its quality score. The contributions of our work
can be summarized as follows:

– We propose a novel multi-centered federated learning framework to achieve
personalized fairness in heterogeneous FL training by clustering clients
according to their model similarity.

– We design a multi-dimension metric based on client ability, including partici-
pation rate, computation ability, and dataset size, to evaluate clients’ quality
comprehensively.

– We propose an incentive mechanism to leverage partial model information as
rewards to give feedback to clients according to their quality evaluation.
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– We demonstrate the effectiveness and fairness of the proposed M2F framework
through comparisons to baseline and among clients in terms of data and
quality heterogeneity.

2 Related Work

In recent years, researchers have proposed various incentive mechanisms to
provide proper feedback [6,11,12,15,18,21] to participants in FL and promote
fair collaboration [1,5,10,13,14,17,19,20]. These mechanisms aim to encourage
active device participation, prevent free-riding behavior, and mitigate the impact
of quality disparities among participants.

To ensure incentive fairness in FL, it is essential to prioritize fairness in
evaluating client contributions. One common approach for tracking client con-
tributions throughout the training process is by maintaining a reputation score
list on the server. In each iteration, the reputation list will be updated by clients’
contributions in the current iteration. Lyu et al. [6] utilize validation accuracy
achieved by each client on a global model validation dataset to represent client
contribution. However, a balanced and fair validation dataset in heterogeneous
FL settings is probably unavailable, which may lead to bias in contribution
evaluation. In [15], client reputation scores are updated by the cosine similarity
among clients’ model updates and global model updates. When the global model
is trained collaboratively among clients with high-discrepancy datasets, the dis-
similarity between the global and local models may not necessarily represent
a low contribution level. Contribution from clients with complementary data
may be underestimated or even neglected. Zhang et al. [20] calculate reputation
through clients’ local model updates, requiring a huge storage overhead to store
the global and clients’ local models in all iterations.

In addition to reputation, Sharply Value (SV) is also widely used in describ-
ing client contribution [1,5,11,13,14], which considers all possible permutations
of the order in which users participate the FL training and calculates the aver-
age marginal contribution of each player across all such permutations. Song et
al. [11] use gradient updates collected from clients to reconstruct the aggre-
gated model in the server, which avoids retraining among clients in different
subsets. Inspired by [1], Wang et al. [13] proposed two approaches to approxi-
mate SV effectively, i.e., permutation sampling-based approximation and group
testing-based approximation. To further reduce the computation overhead, Liu
et al. [5] proposed the Guided Truncation Gradient Shapley (GTGShapley) app-
roach, which eliminates sub-model evaluation of the entire set in between-round
truncation and a subset of permutations in within-round truncation when the
remaining marginal gain is small. However, none of these methods is applicable
when clients’ model information is regarded as a valuable reward to others, since
aggregation among clients in the calculation of SV has already leaked feedback
to clients before the incentive scheme truly started.

Incentive mechanisms for achieving fairness can be classified into monetary
and non-monetary incentives. Monetary incentive mechanisms, such as [17,18,
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21], reward clients with bonuses, while non-monetary incentive mechanisms, such
as [6,10,15,19] use a variation of the global model or a partially aggregated model
as feedback to clients. Clients are typically drawn to monetary rewards, except
when the value of the global model is incalculable or when rewarding clients with
the future revenue generated by the global model is unfeasible.

In this paper, we design a framework to create an adaptive contribution evalu-
ation standard for each client with diverse data distribution and incentive them
with a customized variant of the aggregated gradient to achieve personalized
fairness in FL.

3 Preliminaries and Framework

3.1 Federated Learning Problem Statement and Notations

In M2F framework, we consider a set of clients, denoted by N := 1, . . . , n,
along with their corresponding local datasets D1, . . . , Dn. The main notations
mentioned in this paper are listed in Table 1. In each iteration, only a subset
of these clients, denoted by P := i, . . . , j, participate in the federated learning
process, noted by P := i, ...., j. Client i (i ∈ P ) conducts local training on local
datasets Di for ei epochs, modifying the model it has been allocated, which was
broadcast by the server. Following this, the client sends the updated gradient gti
back to the server. The loss function of client i and the updated gradient after
e epochs of local training can be denoted as follows:

Fi =
∑

(xj ,yj)∈Di

f(wt
i , xj , yj), (1)

gti = Δwt
i
Fi. (2)

With the collected gradients gti i∈P , the server conducts Agglomerative Clus-
tering [9] to group clients into C clusters. This clustering algorithm merges two
clients with the minimum cosine distance at a time. The objective function of
Agglomerative Clustering can be expressed as follows:

min
∑

∀i,j∈k,∀k∈C

dist(i, j), (3)

where dist(·) measures the distance between the two clusters being merged.
Clients in the same cluster are aggregated with a weight determined by their
quality score, qti . For each cluster k ∈ C, the aggregated gradient can be repre-
sented as follows:

ĝtk =
qti∑

∀i,cti=k

qti
gti . (4)

After multi-centered gradient aggregation, the server allocates partial aggregated
gradient parameters to client i in proportion to its quality score. The allocated
gradient can be denoted as follows:

ĝt−i = sort(ĝtci){:numt
i}, (5)
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Table 1. Description of notations.

Notation Description

N The set of clients

P t The set of clients participating in iteration t

Di The local dataset of client i

ei The number of local training epochs of client i

Ct The number of clusters in iteration t

cti The index of cluster client i belonging to in iteration t

gt
i The gradient of client i in iteration t

ĝt
k The aggregated gradient of cluster k ∈ Ct in iteration t

wt
i The weight of client i in iteration t

αt
i The aggregation weight of client i in iteration t

rti,j The relative contribution score of client i to client j in iteration t

ξti The computation ability of client i in iteration t

τ t
i The local training time of client i in iteration t

φt
i The participation rate of client i in iteration t

δti In iteration t, the ratio of client i’s training data volume to the
total training data volume of all clients in the same group

qti The quality score of client i in iteration t

numt
i The number of gradients client i can download in iteration t

βt The clustering threshold of iteration t

numt
i =

qti∑
∀i,cti=k

qti
|ĝtci |. (6)

Herein, sort(·) is a function that sorts parameters in descending order. ci denotes
the index of the cluster that client i belongs to, and numt

i denotes the number
of parameters that client i is allocated at the end of iteration t.

With the gradients allocated by the server, the process of local parameter
updates can be represented as follows:

wt+1
i ← wt

i − η · ĝt−i . (7)

3.2 Framework Overview

As depicted in Fig. 1, M2F framework primarily consists of two entities: the
clients and the server. The clients incorporate only a Local Training module.
On the server’s side, there are four modules: Hierarchical Clustering, Quality
Score Calculation, Multi-centered Gradient Aggregation, and Aggregated Gra-
dient Allocation. The workflow of the framework proceeds as follows:
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Fig. 1. The workflow of M2F framework

– Step ➀: During iteration t, a subset of clients, denoted as P t, participates in
M2F framework. For each client i ∈ P t, the local initial model is updated by
conducting model training for ei epochs on the local dataset Di, yielding the
local gradient gti .

– Step ➁: Client i sends the gradient gti to the server.
– Step ➂: The server maintains an n ∗ n distance matrix recording the pair-

wise cosine distance among all clients. Upon receiving the gradients from all
clients in P t, the server updates the i-th row for each i ∈ P t. Initially, each
client forms a cluster. Subsequently, the two clusters with the smallest cosine
distance are merged into a new cluster.

– Step ➃: The distance matrix is updated according to the result of Step 3.
Steps 3 and 4 are then repeated until a stop condition is met. By the end of
the Hierarchical Clustering module, clients are divided into Ct clusters.

– Step ➄: The server conducts an intra-cluster quality score calculation. A
client’s quality score is determined by three factors: computational ability,
data size, and participation rate.

– Step ➅: For each cluster k ∈ P t, the gradients from the clients are weighted
by their quality scores and aggregated to produce ĝtk.

– Step ➆: The Aggregated Gradient Allocation module, taking ĝtk and clients’
intra-cluster quality scores as input, rewards client i with a numi number of
gradient parameters.

– Step ➇: The server sends the allocated gradient ĝt−i back to client i.
– Step ➈: Upon receiving the allocated gradient ĝt−i from the server, client i

updates its local model. The updated local model then serves as the initial
model in iteration t + 1.

We elaborate on the methodology in the framework in the following section.



M2F: Multi-centered Fairness-Aware Federated Learning Framework 101

4 Methodology

In this section, we further depict the methodology details of client side and server
side respectively in Algorithm 1 and 2, and explain all the equations used in the
algorithms.

4.1 Hierarchical Clustering in Multi-model Aggregation

In the proposed framework, clients are rewarded with a variant of the aggre-
gated model from the cluster to which they belong. Hence, before information
sharing between two clients, an evaluation to simulate the relative contribution
between these clients is necessary. To implement the above-mentioned bottom-
up hierarchical clustering, we employ the Agglomerative Clustering algorithm in
the Hierarchical Clustering module. This algorithm maintains a distance matrix
among the nodes to be clustered and iteratively merges the two nodes with the
smallest distance until a termination condition is met. Importantly, this algo-
rithm does not require assumptions about the number of clusters. Instead, we
adjust the distance threshold among clusters to determine the final number of
clusters.

Cosine distance between client gradients is leveraged to measure the relative
contribution between two clients. The premise is when the angle between the
update directions of the local models of client i and client j is small, the aggre-
gation of the two clients’ models tends to benefit their local models. In M2F
framework, we use Rn×n, a cosine distance matrix, to describe the dissimilarity
among clients. This is the complement of the cosine similarity matrix. The i-th
row and j-th column of matrix R can be represented as follows:

Ri,j = 1 − gi · gj
||gi|| · ||gj || , (8)

where ||.|| represents the Euclidean norm. A small Ri,j represents a high simi-
larity between the gradients from clients i and j.

4.2 Multi-dimensional Incentive Scheme

Different from frameworks that only consider model similarity [5,7,13,20],
dataset size [16] or both [21], our method clusters clients based on their model
similarity and then incorporates the following three dimensions for reward allo-
cation at the end of each iteration, i.e., participation rate, computation ability,
and dataset size.

– Participation rate φ: Client i’s participation rate at iteration t is denoted
as:

φt
i = num(parti)/t, (9)

representing the level of engagement and involvement of client i across the
past t iterations.



102 J. Deng et al.

Algorithm 1: M2F Framework: ClientSide

Input: local dataset Di, the number of training epoch ei, the obtained
aggregated gradient ĝt−

i

Output: model gradient gt+1
i

1 Initialize local model with initial weight downloaded from server;

2 Download allocated gradient ĝt−
i from server;

3 Validate local model before and after updated by ĝt−
i to obtain accuracy acct−i

and acct+i , respectively;

4 if acct+i > acct−i or
acct−i −acct+i

acct−i
< σ then

5 Update local model with allocated gradient ĝt−
i ;

6 end
7 foreach epoch e ∈ ei do
8 Train local model on Di and update local model based on loss function Eq.

(1);

9 Calculate gradient gt+1
i with Eq. (2);

10 end

11 return updated gradient gt+1
i .

– Computation ability ξ: We use local training time to gauge clients’ hard-
ware capacity for model training, calculated as follows:

ξti =
1

τ t
i /maxj∈ci(τ t

j )
. (10)

– Dataset size ratio δ: The size of clients’ local data reflects their ability in
data collection. We assume all clients use their entire local dataset for training
and are willing to share all the gradients trained on this dataset. The dataset
size ratio for client i at iteration t is calculated as follows:

δti =
|Di|∑

∀j∈ci

|Dj | . (11)

Then we can represent the quality score qti for each client as:

qti = φt
i · ξti · δti . (12)

With the quality score in hand, the number of aggregated gradients a client can
download and the gradients it receives at the end of the current iteration are
represented by Eq. 6 and Eq. 5, respectively.

After receiving the rewarded gradients, clients with low-quality scores might
face penalties, potentially experiencing a reduction in model performance. To
prevent overly harsh penalties from the server, clients will validate the rewarded
gradients and accept them if the model accuracy improves or if the accuracy
reduction rate falls within a tolerable threshold (σ). By setting different values
for σ, we can control the severity of the penalty imposed on a client in each
iteration.
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5 Experimental Evaluation

This section presents an experimental setup and result analysis on both the M2F
and FedAvg frameworks under heterogeneous data distributions.

5.1 Experimental Setup

Dataset and Non-iid Data Distributions. We utilize the MNIST dataset for
implementing handwritten digit classification tasks, consisting of 60,000 training
images and 10,000 testing images. To simulate Non-iid data distributions among
clients, we partition the label space of MNIST into 2 groups: {1, 2, 3, 4, 5} and
{0, 6, 7, 8, 9}. Each client holds a local dataset associated with one of the label
spaces mentioned above, including the training dataset and test dataset. The
number of data samples for each label is set randomly.

Models. We adopt a 2-layer CNN as the local model architecture for all clients.
The CNN model takes a 2D image with a shape of (28, 28, 1) as its input. The
first convolutional layer generates 32 feature maps using a kernel size of 3x3.
The second convolutional layer produces 64 feature maps with the same kernel
size. These two layers are followed by a maxPooling layer, which reduces the
spatial dimensions of the feature maps by taking the maximum value within a
2x2 window with a stride of 2. Subsequently, two dropout layers are applied
(p = 0.25 and p = 0.5, respectively), each followed by a fully connected layer.

Participation Rate. There are 40 clients, and only a portion will participate
in the training process during each iteration. Each client is assigned a predefined
participation rate, randomly determined, which governs its participation routine.
We categorize clients’ participation rates into three levels: lazy (φ = 0.2), normal
(φ = 0.5), and diligent (φ = 1.0).

Computation Ability. The server is assumed to wait for a specific period to
collect gradients from clients who complete at least one epoch of local training.
Over a set timeframe, clients possessing superior computation ability can com-
plete more local training epochs. For simplification, we define a random number
of local training epochs for each client, ranging from 1 to 3, to differentiate their
computation abilities.

5.2 Experimental Results

Effect of Participation Rate to Clients’ Model Performance. The qual-
ity score metric contains three dimensions, with clients’ training dataset size and
computation ability being commonly recognized factors. However, the partici-
pation rate is seldom discussed and analyzed as a significant factor influencing
clients’ quality. Therefore, we compared clients with different participation rates
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Algorithm 2: M2F Framework: ServerSide

Input: clients’ gradients {gt
i}∀i∈P t , training iteration set T

Output: aggregated gradients {ĝt−
i }∀i∈P t

1 Phase 1: Initialization
2 Randomly select a subset of clients with ratio λ (default = 10%);
3 Aggregate weights received from clients to obtain an initial model;
4 Broadcast the initial model to all clients in N ;
5 foreach iteration t ∈ T do
6 Receive gradients gt

i from client i, ∀i ∈ P t;
7 Phase 2: Hierarchical Clustering
8 Take each client as a cluster;
9 while distance threshold βt not reached do

10 Calculate pairwise gradient cosine distance among clusters using Eq. (8);
11 Merge two clusters with the minimum distance min∀i,j∈P t,i�=j Ri, j;

12 end
13 Phase 3: Quality Score Calculation
14 foreach cluster k ∈ Ct do
15 Calculate clients participation rate {φt

i}∀i,ci=k using Eq. (9);
16 Calculate clients computation ability {ξti}∀i,ci=k using Eq. (10);
17 Calculate clients dataset size ratio {δti}∀i,ci=k using Eq. (11);
18 Calculate clients quality score {qti}∀i,ci=k using Eq. (12);
19 Aggregate clients’ gradients {gt

i}∀i,ci=k using quality score as weights
and obtain ĝt

k;

20 end
21 Phase 4: Aggregated Gradient Allocation
22 foreach client i ∈ P t do
23 Calculate the number of parameters client i can download using Eq. (6);
24 Sort and allocate the aggregated gradient ĝt

ci using Eq. (5);

25 Send back gradient ĝt−
i to client i;

26 end

27 end

28 return aggregated gradient {ĝt−
i }∀i∈P t .

in this experiment by evaluating their model accuracy on the local validation
dataset. We use the FedAvg algorithm as the baseline.

Figure 2 displays three clients (index 0, 6, and 13) sharing the same label
space ({1, 2, 3, 4, 5}) and training dataset size. Additionally, they undergo the
same number of local training epochs (ei = 3) in each iteration of participation.
The predefined participation rates for these clients are 0.2, 0.5, and 1.0, respec-
tively. Accordingly, we generate a participation routine for each client, ensur-
ing the total number of participation iterations equals the total iteration count
(T = 100) times their respective predefined participation rate. This setup also
applies to clients in Fig. 3 (index 20, 26, 33), whose label space is ({0, 6, 7, 8, 9}).
In Fig. 2, our M2F framework demonstrates that the local model of client 13
outperforms those of client 6 and client 0 in terms of higher convergence speed
and validation accuracy after 100 iterations. Remarkably, client 0 fails to con-
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Fig. 2. Validation accuracy of models on label space {1, 2, 3, 4, 5}.

Fig. 3. Validation accuracy of models on label space {0, 6, 7, 8, 9}.

verge even after 100 training iterations. In Fig. 3, local model client 33 achieves
the best performance among the three clients, while client 20 has a lower conver-
gence speed and validation accuracy. By comparing the performance of clients in
both Fig. 2 and Fig. 3, we observe that M2F framework effectively distinguishes
clients with different participation rates and mitigates the negative effects of less
active clients on the more diligent ones.

In FedAvg, clients’ gradients are aggregated regardless of their heterogeneous
label spaces. Furthermore, clients of varying participation rates are rewarded
with the same global model. Figure 2 illustrates the global model accuracy, eval-
uated using a test dataset with the label space ({1, 2, 3, 4, 5}). Figure 3 demon-
strates the global model accuracy evaluated on the test dataset with label space
({0, 6, 7, 8, 9}). As shown in both figures, strong oscillation appears in the global
model performance for two label spaces. Additionally, the global model accuracy
consistently remains lower than that of clients with high and medium participa-
tion rates trained using M2F framework.
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Table 2. Experiment results of partial clients with label {1,2,3,4,5}

User
index

Local
epoch

Dataset
size

Participation
rate

Average
accuracy

Convergent
iteration

Iteration
reach 90%

1 1 1071 0.2 94.78 45 43

5 2 1369 0.2 94.94 36 31

9 1 995 0.5 92.71 64 60

12 2 1498 1 96.65 13 13

14 1 1396 1 96.54 23 17

16 3 1036 1 95.09 11 11

Effect of Multiple Quality Factors to Clients’ Model Performance.
In the following experiment, the local training epochs ei are random numbers
ranging from 1 to 3, and the clients’ dataset size is a portion (randomly selected
from 0.5 to 1.0) of the one set in the previous experiment. Table 2 and Table 3
present the average accuracy achieved after convergence within 100 iterations,
the number of iterations before convergence, and the number of iterations before
clients’ model accuracy reaches 90% of clients with differences in the three quality
evaluation factors. In our framework, the client quality score is calculated by
multiplying three metrics: computation ability, data ratio, and participation rate,
which are all normalized ratios among clients in the same cluster. Since clients
may belong to different clusters in each iteration, the quality score of clients in
a certain iteration is not able to describe clients’ objective settings. Therefore,
we list the three factors that determine the quality score instead. In Table 2,
compared to other clients, client 9 holds the least training dataset and the worst
computation ability, while its participation rate is at a medium level. As a result,
it takes client 9 the most number of iterations to achieve the lowest average
model accuracy. As for client 16, who participates in each iteration and trains
the maximum number of epochs locally on a medium-level dataset volume, its
local model converges to high accuracy in the early stage of the learning process.
If we fix the participation rate and decrease the local epoch number but increase

Table 3. Experiment results of partial clients with label {0,6,7,8,9}

User
index

Local
epoch

Dataset
size

Participation
rate

Average
accuracy

Convergent
iteration

Iteration
reach 90%

21 3 1064 0.2 95.32 16 16

24 1 1351 0.2 95.57 43 36

29 2 988 0.5 95.63 28 12

35 3 1195 1 94.81 9 9

37 3 955 1 93.70 11 9

39 3 1084 1 93.67 9 9
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the dataset size, clients 12 and 14 can still achieve a relatively high average
accuracy after more iterations.

In Table 3, clients 35, 37, and 39 differ only in dataset size. Client 35, hold-
ing the maximum values in all the factors, converges to the highest accuracy
within the least time. As for clients 37 and 39, it is shown that by decreas-
ing clients’ dataset size, clients can still converge to a similar average accuracy
with more iterations. If the local epoch and participation rate are both low, as
shown by client 24, the client’s convergent iteration number increases signifi-
cantly. In conclusion, clients’ average accuracy and convergent iteration number
are affected by the three factors in a comprehensive way. The negative effect
caused by decreasing one factor may be complemented by increasing the other
two factors. However, the dropping of two or more factors certainly leads to
a lower accuracy and longer time to converge. In this way, clients of different
quality can be distinguished by M2F framework in model performance.

6 Conclusion

This paper introduces a Multi-centered Fairness-aware Federated Learning
framework (M2F) designed to address fairness issues in client contribution evalu-
ation and incentive allocation in federated learning. M2F framework first applies
hierarchical clustering to separate clients based on their model similarities. A
multi-dimensional metric is proposed to evaluate the quality and customize
rewards for clients with a variant of aggregated gradients. Experimental results
demonstrated that M2F can provide appropriate feedback to clients according
to their data distribution and comprehensive quality, which can consequently
influence the speed of convergence and model accuracy. By employing M2F,
the detrimental effects of discrepancies in data distribution and quality among
clients are mitigated, enabling higher-quality clients to achieve superior conver-
gence speed and accuracy.
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