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ABSTRACT

Collaborative fairness in federated learning ensures that clients are rewarded ac-
cording to their contributions, thereby fostering long-term participation among
clients. However, existing methods often under-reward low-contributing clients
in the early training stage and neglect critical issues, such as consistency across
local models (i.e., inter-model inconsistency) or unequal neuron training frequen-
cies in the aggregated model (i.e., intra-model inconsistency), both of which lead
to degraded performance. To address these issues, we propose FedRAC, a novel
Federated learning framework employing Rolling submodel Allocation for Col-
laborative fairness, without compromising the global model performance. First,
we design a dynamic reputation calculation module with a theoretical fairness
guarantee to generate reputations matching clients’ contributions. It adjusts their
reputations dynamically during training, ensuring low-contributing clients access
better models in the early stages for adequate training. Second, we propose a
rolling submodel allocation module that assigns high-performance submodels to
clients with high reputations. This module prioritizes low-frequency neurons dur-
ing allocation and is supported by theoretical convergence guarantees, ensuring
that all neurons in the global model are fully trained. Extensive experiments are
conducted on three public datasets to confirm the advantages of our method in
terms of fairness and model accuracy.

1 INTRODUCTION

Federated Learning (FL) has emerged as an effective distributed machine learning framework that
enables multiple clients to train a global model collaboratively while preserving their privacy McMa-
han et al. (2017); Li et al. (2020); Wang et al. (2024b; 2025). However, in real-world scenarios,
clients contribute unequally to the system as their data varies in scale and quality Wang et al.
(2024c); Liu et al. (2022); Fu et al. (2023). Early FL frameworks typically provided all clients
with the same models, overlooking their contributions and discouraging high-contributing clients
Guan et al. (2024); Yu et al. (2025); Yan et al. (2024). Collaborative fairness (CF) serves as a critical
component of FL, motivating client engagement by ensuring that the allocated global model aligns
with individual contributions Wang et al. (2024e); Lyu et al. (2020).

Existing collaborative fairness methods, which generally involve reputation calculation and reward
allocation, can be divided into two groups. The first group (i.e., gradient-based) assigns clients
fixed reputations according to their contributions during training. Then, clients are rewarded with a
proportion of the aggregated gradients based on their reputations Lyu et al. (2020); Xu et al. (2021);
Wang et al. (2024d); Wu et al. (2024b). Meanwhile, the second group (i.e., submodel-based) follows
a similar reputation-based mechanism, but allocates submodels containing important neurons to
clients in proportion to their reputations Wang et al. (2024e). However, despite significant progress
in achieving CF, these methods still face two major limitations in attaining high model accuracy:

In the reputation calculation phase, existing approaches overlook the fact that the performance
of the global model improves progressively. By assigning fixed reputation proportions to all clients
throughout training, they under-reward low-contributing clients in the early stages, which ultimately
leads to a decline in the performance of the aggregation model. As shown in Figure 1(a), the perfor-
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Figure 1: Problem illustration of collaborative fairness in FL. (a) Existing methods assign fixed
reputation weights to clients throughout training, under-rewarding low-contributing clients in the
early stages. (b) Gradient-based methods fail to maintain consistency across local models. (c)
Submodel-based methods cause unequal training frequencies for neurons in the aggregated model.
All three issues undermine the performance of the global model.

mance of the global model improves progressively (θt3g > θt2g > θt1g ), whereas the ratio of reputation
scores across clients remains fixed (rt11,d : rt12,d : rt13,d = rt21,d : rt21,d : rt23,d < rt11,u : rt12,u : rt13,u).
Consequently, Client1 receives insufficient rewards in the early training stage t1, which ultimately
degrades the overall model performance. In the reward allocation phase, conventional methods
often lead to inter-model (i.e., gradient-based) or intra-model (i.e., submodel-based) inconsisten-
cies, thereby degrading the performance of the aggregated model. For example, in Figure 1(b),
the gradient-based methods can cause substantial divergence among clients’ models (θt1, θt2, and
θt3). The gradients exchanged by the clients may not align with each other’s needs, resulting in
a mismatch between the obtained (i.e., ➂) and expected(i.e., ➁) rewards. Similarly, as shown in
Figure 1(c), the submodel-based method can induce unequal training frequencies of neurons in the
aggregated model, leaving some neurons (i.e., neuron b, c, and e) not being trained sufficiently.

To address these issues above, we propose FedRAC, a novel Federated learning framework with
Rolling submodel Allocation for Collaborative fairness, designed to achieve competitive model ac-
curacy. First, the dynamic reputation calculation module, theoretically guaranteed to ensure fairness,
is designed to ensure that clients with higher contributions receive higher reputations. In particu-
lar, the reputations of clients are dynamic and gradually diverge during training, ensuring lower-
contributing clients can still receive better rewards during the early stages of training. Second, the
rolling submodel allocation module is proposed to allocate high-performance submodels to clients
with higher reputations. This module prioritizes low-frequency (i.e., allocation count) neurons and is
supported by theoretical convergence guarantees, ensuring that all neurons in the global model are
effectively trained. Extensive experiments on three public benchmarks demonstrate that FedRAC
surpasses all baseline methods in both collaborative fairness and model accuracy.

The contributions of this work are summarized as follow:

• We propose FedRAC, a novel federated learning framework that enhances collaborative
fairness by fairly allocating appropriate rewards to clients while achieving competitive
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model accuracy. To the best of our knowledge, this is the first approach to ensure an
optimal balance between fairness and model accuracy.

• In the reputaion calculation phase, we design a dynamic reputation calculation module, un-
der a theoretical fairness guarantee, that aligns clients’ reputations with their contributions.
The module dynamically updates reputations during training, enabling low-contributing
clients to obtain better models in the early stages for sufficient training.

• In the reward allocation phase, we propose a rolling submodel allocation module, backed by
a theoretical convergence guarantee, which allocates high-performance submodels to high-
reputation clients. By prioritizing low-frequency neurons during allocation, this module
ensures that all neurons of the global model are evenly trained across clients’ local data.

• We conduct comprehensive experiments on three datasets (CIFAR-10, SVHN, and EM-
NIST) to demonstrate FedRAC’s superiority over state-of-the-art methods in both accuracy
and fairness.

2 RELATED WORKS

Model-heterogeneous. In FL, clients are often resource-constrained edge devices Caldas et al.
(2018); Liang et al. (2025). HeteroFL Diao et al. (2020) and FjORD Horvath et al. (2021) introduce
two static submodel extraction methods to address network heterogeneity. In FL, the global model
is restricted by the limited computational resources of client devices, and static submodel extraction
hinders its complete training on clients. FedRolex Alam et al. (2022) proposes a rolling submodel
extraction scheme. This method effectively addresses the limitations of both random and static
extraction strategies. ScaleFL Ilhan et al. (2023) takes a different approach by dynamically adjusting
the scale of the global model in each round. This accommodates the heterogeneous computing
capabilities of clients. FedDSE Wang et al. (2024a) tackles the problem of clients being forced to
adapt to new distributions under submodel allocation. It extracts submodels based on each client’s
data distribution, thereby reducing conflicts between clients. However, the above methods primarily
focus on issues such as clients’ computational and communication limitations. They do not consider
the clients’ contributions, which can lead to unfairness in the system.

Collaborative fairness. Collaborative fairness (CF) is a key research area in FL. It aims to reward
clients based on their contributions, encouraging them to provide high-quality data or model updates.
This mechanism ensures fairness and supports the long-term operation of the system. Client repu-
tation is a crucial criterion for evaluating fairness in FL systems. CFFL Lyu et al. (2020) quantifies
client reputation by the amount of data they contribute and assigns aggregation gradients proportion-
ally, thereby achieving CF. CGSV Xu et al. (2021) introduces a reward calculation method based on
gradient similarity and allocates rewards accordingly. FedAVE Wang et al. (2024d) addresses the
limitation of existing methods that overlook clients’ data distribution information. It proposes an FL
framework that treats local data distribution as their reputations and dynamically allocates gradients
accordingly. IAFL Wu et al. (2024b) mitigates the risk of high-reputation clients being contam-
inated by low-reputation clients during training. It ensures that high-contribution clients receive
higher-quality model updates, while guaranteeing convergence of all clients to the global optimal
solution. FedSAC Wang et al. (2024e) proposes a novel approach that assigns submodels as rewards
to clients, thereby avoiding the reward conflicts arising from gradient allocation. However, these
methods typically assume that client reputation remains static during training and cause inter/intra-
model inconsistencies, both of which ultimately degrade the performance of the aggregated model.
In contrast, we propose a novel framework for achieving CF by allocating appropriate rewards to
clients while ensuring comprehensive model training. This framework can be effectively applied
across diverse FL scenarios.

3 PRELIMINARY

3.1 FEDERATED LEARNING

In a FL system, there typically exists one server and multiple clients Yu et al. (2025); Wu et al.
(2024a); Wang et al. (2021). These components collaboratively optimize a global model with the
goal of minimizing the weighted average of all clients’ local objective functions Yazdinejad et al.
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(2024); Huang et al. (2024); Ye et al. (2024). It can be expressed as:

min
θ

F (θ) :=

N∑
i=1

piFi(θ), (1)

where pi represents the weight of each client i, Fi(θ) denotes the local loss function of client i under
the model θ, and the total number of clients is N . Although FedAvg(McMahan et al. (2017)) has
been proven effective in minimizing the global objective function, it overlooks disparities in clients’
contributions Chen et al. (2024); Pan et al. (2024); Zhou et al. (2021); Sun et al. (2023); Fan et al.
(2022); Li et al. (2024). By assigning identical rewards to all clients regardless of their contributions,
this framework ultimately leads to unfairness in the FL system Ezzeldin et al. (2023); Zhang et al.
(2025).

3.2 COLLABORATIVE FAIRNESS

Collaborative fairness in FL is a key consideration during model training, as it ensures high-
contribution clients receive greater rewards to better incentivize their participation in collaboration.
Specifically, inspired by FedSAC Wang et al. (2024e), we introduce the concept of α-Bounded Col-
laborative Fairness (α-BCF), which guarantees ci < θ∗i ≤ [(1 − α) (ci)

max(c) + α]θ∗. We further
quantify fairness using the Pearson Correlation Coefficient ρ(c, θ∗), where ci denotes the contribu-
tion of the i-th client and α is a hyperparameter. The rationale for the formula in Definition 1 is to
highlight meaningful differences in rewards. Specifically, the left side of the formula ensures each
client’s reward is higher than their contribution, while the right side stops clients with low contri-
butions from obtaining excessive rewards. Meanwhile, when α = 0, the right side of the formula
ensures a client’s reward can exceed their own contribution ci; when α = 1, the reward is capped
below the ideal maximum reward θ∗.
Definition 1 (α-Bounded Collaborative Fairness). Client contributions (c) and rewards (θ∗) are
calculated based on two distinct performance metrics: for contributions, it is the performance of
clients’ standalone models (trained without collaboration); for rewards, it is the performance of the
final models obtained after collaboration. Using the reward constraint Ci < θ∗i ≤ [(1−α) (Ci)

max(C)+

α] max(θ∗) as a foundation, fairness is quantified asγ := 100 × ρ(c, θ∗), where ρ() represents the
Pearson Correlation Coefficient. A larger value of γ indicates superior fairness of the framework.

4 THE PROPOSED FEDRAC

In this section, we will introduce the details of the proposed FedRAC, a method that enhances
CF by allocating appropriate rewards to clients while ensuring comprehensive model training. The
architecture of FedRAC is shown in Figure 2, and its pseudo code is detailed in Appendix 1. First, we
present the dynamic reputation calculation module in Section 4.1. Second, we introduce the rolling
submodel allocation module in Section 4.2. Third, we propose the fairness guarantee theory in
Section 4.3 to demonstrate that our proposed FedRAC is capable of achieving collaborative fairness.
Finally, we perform a convergence analysis of FedRAC and establish its convergence properties in
Section 4.4.

4.1 DYNAMIC REPUTATION CALCULATION

Client reputation plays a crucial role in determining model rewards and can evolve during train-
ing Xu et al. (2021). However, existing CF methods typically assign clients a fixed proportion of
reputation-based rewards during training. These methods overlook the fact that the performance of
the aggregated model gradually improves over time. As a result, low-contributing clients are under-
rewarded in the early stages, hindering their full participation in training and leading to a decline in
the aggregated model’s performance.

To address the above issue, we propose a dynamic reputation calculation module designed to quan-
tify the evolving reputation of clients, which dynamically aligns with their contributions during
training. At the same time, this module enables clients with low contributions to access high-quality
models in the early training stages, ensuring they can conduct adequate training without compro-
mising the fairness. The module, illustrated in Figure 2, primarily consists of two steps. First, the
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Figure 2: The overview of the FedRAC framework.

global model θtg of the current round t is validated on the server using the validation set. This pro-
cess calculates the global model performance metric Acctg . The step is meaningful because when
the performance of Acctg is low, allocating excessive rewards to low-contribution clients will not
impact the system’s ultimate fairness.

Second, the client’s reputation is derived via the corresponding dynamic reputation calculation func-
tion. Specifically, this function calculates a client’s reputation based on its contribution and the cur-
rent round’s global model performance. The reputation evolves dynamically across training rounds.
To quantify the client’s information more fairly, we utilize the contribution Ci of the client i and
normalize it to obtain the normalized contribution Cn

i :

Cn
i =

eβ∗Ci

max(eβ∗C)
∗ 100, (2)

where β is the hyperparameter. The equation (2) utilizes β to provide a more differentiated repre-
sentation of clients’ contributions, thereby facilitating subsequent differentiated reward allocation.
Then, we dynamically calculate the reputation rti of client i in round t based on their contributions
Ci and the performance of the aggregated model Acctg:

rti = Ci + (Acctg − tmpti) ∗ Cn
i /100, (3)

tmpti = Acctg ∗ α ∗ (1−
1

log(γ ∗ t+ Con)
), (4)

where α denotes the production parameter, and Con is a constant. The equation 4 indicates that
tmpti will increase as the training round t and the aggregated model performance Acctg increase.
From equation 3, we observe that in the early training stage, the reputation gap between clients’
reputations is small, as the difference between the aggregated model performance Acctg and tmpti is
slight. As training rounds progress, the reputation of low-contributing clients starts to decline. This
gradually widens the gap with their high-contributing counterparts. The process continues until all
clients’ reputations converge to a fixed value. This approach ensures that low-contributing clients
can receive more rewards in the early training stages without compromising fairness (i.e.,∆rt1AB :

∆rt1BC < ∆rt2AB : ∆rt2BC). These results are shown in the Reputation of Clients Curve in Figure 2.
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4.2 ROLLING SUBMODEL ALLOCATION

After obtaining each client’s reputation (see Section 4.1), we assign the optimal submodel to clients
based on their reputations to ensure system fairness. However, existing submodel assignment meth-
ods can lead to inter-model inconsistency (i.e., gradient-based) and intra-model inconsistency (i.e.,
submodel-based), both of which ultimately degrade the performance of the global model. For the
former, using gradients as rewards tends to overlook the maintenance of consistency across local
models; for the latter, assigning rewards based on the importance of submodel neurons can lead to
inconsistent training frequencies among neurons, with some being trained too infrequently.

To address these issues, we proposed a rolling submodel allocation module. This module comprises
two main steps: Submodel Construction and Submodel Allocation. The former ensures that each
neuron in the global model is assigned the same number of times, while the latter guarantees each
client receives a submodel matching their respective reputation. These two steps are elaborated in
detail in the following sections.

4.2.1 SUBMODEL CONSTRUCTION

To ensure the consistency of neuron training frequency within the global model, this method is
inspired by FedRolex Alam et al. (2022) and combines rolling submodel selection with fairness.
Specifically, the server maintains a neuron frequency table f t, such as the Historical Aggregation
Frequency Table shown in Figure 2. This table is used to record the total historical aggregation times
of all neurons up to the current round t:

f0 = [0, 0, . . . , 0] ∈ NK , (5a) πt = argsort(f t−1), (5b)

where K denotes the neuron of the global model, argsort(f) present soting f . In equation 5a, we
initialize the table to f0, which indicates that all neurons are assigned once at the initial stage. When
allocating submodels in round t, we sort the neurons in ascending order according to the frequency
table,as shown in formula (5b). The πt is a permutation, which arranges the neurons in round t into
index order from ”least allocated” to ”most allocated”. Then, the server will prioritize neurons with
fewer overall training times to form a series of new submodels based on the index order. We mask
the neurons of the client i as mt

i,π[j] ∈ {0, 1}
K , where j denotes the number of selected neurons.

This indicates that in the current round, the neurons required by the client are selected in index order.
The required neuron masks are 1, and the unnecessary ones are 0.

mt
i,π[j] =

{
1 π ∈ {πt(1), πt(2), . . . , πt(j)},
0 otherwise. (6a) f t = f t−1 +

∑
i∈S mt

i. (6b)

After all submodels for all clients are constructed, the neuron frequency table records the number of
allocations in the current round based on formula (6b). Then, this process generates a new neuron
frequency table f t for the next round. The series of submodels generated by the above method can
ensure the consistency of the model architecture and avoid parameter imbalance training caused by
random or static extraction.

4.2.2 SUBMODEL ALLOCATION

After generating the above series of submodels, their performance is evaluated to facilitate allocation
based on clients’ reputations. In specific implementation, we validate the global model θtg and all
submodels’ masks

∑
i∈S mt

i on the validation set to obtain the performance
∑

i∈S At
Ki

of these
submodels. Then, the corresponding submodel is assigned to the client i based on the performances:

θti = quantity(ri,
∑

i∈S At
Ki

), (7)

where quantity(ri,
∑

i∈S At
Ki

) represents the submodel θti when ri =
∑

i∈S At
Ki

. θti denotes the
submodel assigned to client i, and ri is calculated as detailed in Section 4.1. Allocating submodels
in this way ensures that high-performance submodels are allocated to high-contributing clients.

θt+1
g =

∑
i∈S θti∑

i∈S mt
i(θ

t
i , θ

t−1
g )

, (8)
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Finally, after local training, all clients will upload their submodels θti along with their corresponding
masks to the server. These are then used to generate the new aggregated model θt+1

g for the next
round, as specified in equation (8). Subsequently, the server initiates the next training round based
on the global model θt+1

g and the updated aggregation frequency f t of its internal neurons.

4.3 FAIRNESS ANALYSIS

In Section 4.1, we establish a mechanism to ensure clients with high contributions are assigned
high reputations. Notably, the submodel θi allocated to client i is determined based on the client’s
reputation ri. Therefore, Clients with higher contributions thus receive better submodels. A key
result of our work is that it guarantees a form of fairness under specific conditions associated with
the loss function F . The proof is shown in Appendix A.

Theorem 1 (Fairness in Training Loss). FedRAC ensures collaborative fairness by allocating
high-performance models to clients with high contributions as a form of reward. Formally, let
δi,t := ||θt − θi,t||. Assume that for t ≥ T ( T ∈ Z+), θt is close to a stationary point of the loss
function F, F (·) satisfies both L-smoothness and µ-strong convexity with L ⩽ µ. For any two clients
i, j ∈ N in round t, if the reputation ri ≥ rj , then θi,t is closer to θt than θj,t (i.e., δi,t ⩽ δj,t),
which further implies F (θi,t) ⩽ F (θj,t).

4.4 CONVERGENCE ANALYSIS

In this section, we will analyze the convergence of FedRAC. Since FedRAC ensures that every neu-
ron in the global model is trained with equal frequency, the expected weight of client i’s submodel
θi can be regarded as a contracted form of the global model θg . Formally, θt+1

i = piθ
t
g , where

0 ⩽ pi ⩽ 1 denotes the contribution of client i. Consequently, equation (8) can be reformulated as
the aggregation of submodels θi, normalized by their corresponding pi. Then, we introduce THE-
OREM 2, which establishes the convergence guarantee of FedRAC. The required Assumptions 3
and 4 follow prior studies Stich (2018); Stich et al. (2018); Yu et al. (2019). The proof is shown in
Appendix B.

Theorem 2 (Asymptotic convergence). Under Assumptions 1 to 5, where L, µ, σi, G, p be defined.
Set κ = 2

µ , γ = max{8L
µ , E} − 1 and the learning rate ηt = 2

µ(γ+t) . Then FedRAC satisfies

E[F (θ̄T )]− F ∗ ⩽ [ L
γ+T (

2B
µ2 + γ+1

2 △1)].

5 EXPERIMENTS

In this section, we present extensive experiments to answer the following research questions: RQl.
How does the fairness of our FedRAC compare to various state-of-the-art (SOTA) methods? RQ2.
How does the predictive accuracy of our FedRAC differ from SOTA methods on multiple datasets?
RQ3. How does the proportion of clients lying within the BCF interval (i.e., the rate) compare with
that obtained by SOTA methods on different datasets? RO4. How do different components (i.e.,
dynamic reputation calculation module and rolling submodel allocation module) affect the fairness,
the predictive model performance, and the rate?

5.1 SETUP

Datasets and Models. We evaluate FedRAC on three widely adopted public datasets in the col-
laborative fairness literature: CIFAR10 Krizhevsky et al. (2009), SVHN Netzer et al. (2011), and
EMNIST Cohen et al. (2017). For all three datasets, we employ a feedforward neural network with
two hidden layers. We construct four heterogeneous scenarios by adjusting dataset size and class
distribution, namely POW (imbalanced data volume)(Xu et al. (2021)), CLA (imbalanced number
of classes)(Lyu et al. (2020)), and DIR (imbalanced data volume and classes)(Chen et al. (2022);
Gao et al. (2022); Yu et al. (2022); Yurochkin et al. (2019)), to evaluate CF under imbalanced data
conditions. The detailed data split configurations are provided in Appendix D.1.

Baselines. We compare FedRAC with several representative federated learning methods, includ-
ing FedAvg( McMahan et al. (2017)), CFFL( Lyu et al. (2020)), CGSV( Xu et al. (2021)), Fe-
dAVE( Wang et al. (2024d)), IAFL( Wu et al. (2024b)), and FedSAC( Wang et al. (2024e)), as well
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Dataset CIFAR10 SVHN EMNIST

No. Clients 10 10 10

Scene POW CLA DIR(3.0) DIR(7.0) POW CLA DIR(3.0) DIR(7.0) POW CLA DIR(3.0) DIR(7.0)

FedAvg -17.99 74.86 -1.51 -10.80 -33.93 85.15 -1.04 56.81 -66.62 18.96 7.46 -58.19
CFFL 95.79 98.78 75.18 81.62 93.54 97.76 75.74 90.48 87.01 95.53 74.09 79.39
CGSV 75.75 98.64 75.30 90.56 96.91 95.20 91.21 92.91 93.39 96.91 75.93 81.60
FedAVE 86.39 99.33 76.13 82.37 95.80 98.85 74.76 88.03 90.53 97.97 64.96 83.09
IAFL 98.33 99.28 88.01 97.56 99.45 99.53 98.23 96.61 97.05 99.11 54.70 85.06
FedSAC 99.28 96.67 98.50 99.49 99.05 96.32 96.33 99.21 98.90 97.01 90.88 93.72
Ours 99.34 99.72 98.71 99.56 99.84 99.86 98.23 99.66 99.23 99.32 93.62 93.57

Table 1: Comparison results of fairness ρ ∈ [−100, 100] with different methods on three datasets.

Dataset CIFAR10 SVHN EMNIST

No. Clients 10 10 10

Scene POW CLA DIR(3.0) DIR(7.0) POW CLA DIR(3.0) DIR(7.0) POW CLA DIR(3.0) DIR(7.0)

Standalone 40.63 36.65 31.48 38.68 68.35 59.11 61.43 63.18 71.05 64.23 78.60 78.63
FedAvg 48.21 42.16 51.57 52.48 78.58 75.13 82.17 82.21 76.04 71.88 83.55 83.70
CFFL 47.66 42.79 49.31 50.06 77.35 68.07 79.42 79.82 77.33 68.01 83.08 80.94
CGSV 47.30 43.73 49.78 51.85 78.28 72.87 75.52 80.86 76.81 75.07 82.54 83.03
FedAVE 48.62 42.14 52.74 52.98 77.61 60.89 71.24 78.48 78.84 73.79 78.14 80.01
IAFL 46.73 42.11 50.06 48.04 76.57 73.51 78.95 79.87 76.07 73.32 82.57 82.42
FedSAC 49.28 44.24 52.91 52.42 78.98 73.84 79.34 80.88 80.01 76.53 82.14 81.17
Ours 49.34 44.30 53.06 54.74 79.01 76.85 83.12 82.52 80.14 76.68 83.55 84.27

Table 2: Comparison results of accuracy with different methods on three datasets.

as a Standalone training setting where each client trains independently. We refer to Appendix D.2
for detailed descriptions and implementation.

Hyper-Parameters. All hyper-parameters are tuned via grid search under FedAvg(McMahan et al.
(2017)). For fair comparison, we report the best-performing fairness metric achieved by each base-
line method. Further details regarding the impact of hyper-parameter β in FedRAC, along with
additional configuration settings, are provided in the Appendix D.3.

Implementation.All experiments are run on a 64 GB-RAM Ubuntu 18.04.6 server with Intel(R)
Xeon(R) CPU E5-2630 v4 @ 2.20GHz and 1 NVidia(R) 3090 GPUs.

5.2 EXPERIMENTAL RESULTS

Fairness comparison (RQ1). To evaluate the fairness of FedRAC, we conducted comparative ex-
periments across three datasets (CIFAR10, SVHN, and EMNIST). Table 1 presents the fairness
results of our method under different datasets and scenarios. FedRAC demonstrates significant ad-
vantages in all scenarios. In the POW, CLA, and DIR(3.0) settings on the SVHN dataset, it achieves
fairness scores of 99.84%, 99.86%, and 98.23%, respectively, which are the highest in these sce-
narios. These results indicate that FedRAC effectively balances the contribution of each client,
ensuring that clients with higher contributions obtain high-quality models. Moreover, in the POW
and DIR(7.0) scenarios on the CIFAR10 dataset, FedRAC achieves fairness scores of 99.34% and
99.56%. These results significantly outperform other methods, with FedAvg recording the lowest
score of -17.99%. In the CLA scenario of the EMNIST dataset, FedRAC achieves a fairness score of
99.32%, significantly outperforming methods such as CFFL (95.53%) and CGSV (96.91%). From
these results, it is evident that FedRAC enhances client fairness through more reasonable reward
distribution and strategic optimization, particularly DIR scenarios.

Predictive performance (RQ2). To evaluate the accuracy of FedRAC, we conducted a comparison
with baseline methods. Table 2 presents the accuracy achieved by FedRAC across different datasets
and scenarios. First, FedRAC outperforms FedAvg and other baseline methods in both the POW and
DIR scenarios, demonstrating significant advantages. Specifically, in the CIFAR10 dataset, FedRAC
achieves accuracies of 49.34% and 44.30% in the POW and CLA data splits, respectively, outper-
forming FedAvg (48.21% and 42.16%) and other baselines. On the SVHN dataset, FedRAC deliv-
ers the best performance, achieving the highest accuracy in all scenarios. Notably, in the DIR(7.0)
scenario, FedRAC achieves an accuracy of 82.52%, significantly surpassing CGSV (80.86%) and
FedAVE (78.48%). In the EMNIST dataset, FedRAC consistently maintains high accuracy across
various data splits. For example, in the DIR(7.0) scenario, FedRAC achieves an accuracy of 84.27%,
higher than FedAVE (80.01%), CFFL (80.94%), and FedSAC (81.17%). In short, compared to tra-
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Dataset CIFAR10 SVHN EMNIST

No. Clients 10 10 10

Scene POW CLA DIR(3.0) DIR(7.0) POW CLA DIR(3.0) DIR(7.0) POW CLA DIR(3.0) DIR(7.0)

FedAvg 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.4 0.4 0.1 0.2
CFFL 0.3 0.7 0.8 0.5 0.3 0.6 0.4 0.6 0.5 0.7 0.2 0.4
CGSV 0.4 0.9 0.8 0.8 0.4 0.4 0.9 0.6 0.5 0.2 0.2 0.3
FedAVE 0.3 0.8 0.5 0.8 0.4 0.7 0.3 0.3 0.4 0.3 0.3 0.5
IAFL 0.9 0.9 1.0 1.0 0.8 0.8 0.8 0.8 0.5 0.9 0.5 0.3
FedSAC 1.0 1.0 1.0 1.0 1.0 0.9 1.0 1.0 0.8 0.9 0.8 0.8
Ours 1.0 0.9 1.0 1.0 1.0 1.0 0.9 1.0 1.0 0.9 1.0 1.0

Table 3: Comparison results of rate with different methods on three datasets.

ditional methods, FedRAC not only ensures high-quality models for high-contribution clients but
also consistently improves overall prediction performance across different data splits and scenarios.
The overall performance comparison for achieving CF with SOTA methods on CIFAR10,SVHN,and
EMNIST is provided in Appendix D.4.

Rate (RQ3). To further assess the fairness of FedRAC, we introduced the rate metric, which repre-
sents the proportion of clients whose reward allocation satisfies the BCF boundary. Table 3 shows the
rates of methods satisfying the BCF boundary across different datasets and scenarios. It is evident
that FedRAC consistently outperforms all other methods, achieving rates above 0.9 in most scenar-
ios. On the CIFAR10, SVHN, and EMNIST datasets, it reaches a perfect rate of 1.0 in several cases,
demonstrating full compliance with the BCF boundary. On the SVHN dataset, FedRAC achieves
the highest performance in all scenarios. For example, in the CLA and DIR(7.0) splits, FedRAC
achieves a perfect rate of 1.0, whereas FedAvg attains only 0.1. Meanwhile, in the EMNIST dataset,
FedRAC consistently maintains the best results, achieving a rate of 1.0 in all scenarios. Table 3
validates the effectiveness of our approach. It shows that FedRAC ensures that reward allocation for
clients in all scenarios complies with the BCF boundary, thereby guaranteeing CF.
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Figure 3: Ablation studies on FedRAC for
fairness, accuracy, and rate on SVHN.

Ablation study(RQ4). To evaluate the effectiveness
of the two proposed modules in FedRAC, we con-
ducted ablation studies on the SVHN dataset with 10
clients. w/o reputation refers to statically calculat-
ing a client’s reputation, where each client’s contri-
bution weight remains constant throughout training.
Figure 3 illustrates the effect of dynamic reputation
calculation, showing that it allows high-contribution
clients to receive higher reputations, thereby im-
proving overall model performance. For example,
under the DIR(7.0) scenario on SVHN, accuracy
drops from 82.52% to 70.56% without this mod-
ule, and under the DIR(3.0) scenario, fairness de-
creases from 98.23% to 95.87%, highlighting its im-
portance in maintaining both fairness and accuracy.
w/o allocation refers to removing the dynamic submodel allocation, which randomly constructs
client submodels. In the POW scenario on SVHN, , as shown in Figure 3,accuracy decreases from
79.01% to 70.81%, demonstrating that this module contributes to both fairness and stability. Overall,
the ablation study confirms that both the two designed modules in FedRAC are critical for enhancing
CF. A more detailed analysis of the CIFAR-10 dataset is provided in Appendix D.5.

6 CONCLUSION

In this work, we propose a novel FL framework, FedRAC, which achieves high-performance CF. It
ensures that low-contribution clients receive appropriate rewards in the early stages and that all neu-
rons in the aggregated model are trained evenly. The method also guarantees that high-contribution
clients obtain a higher reputation, producing better sub-models and improving fairness, accuracy,
and rate. Experiments show that FedRAC not only achieves superior fairness and accuracy across
heterogeneous scenarios but also keeps all clients’ rewards consistently within the BCF range. In
future work, we plan to explore the potential of FedRAC for large-scale models.
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ETHICS STATEMENT

This research does not involve human participants, animal experiments, or any other studies that
require ethical approval. The datasets used in our experiments are publicly available and have been
collected in accordance with privacy regulations. We have ensured that all personal data, if any, are
anonymized before use. We have also considered the potential societal impact of our work and have
taken measures to avoid harmful uses of the technology discussed.

REPRODUCIBILITY STATEMENT

The code used to conduct the experiments in this paper will be made publicly available upon publica-
tion. We provide detailed instructions on how to reproduce our results, including the training scripts,
dataset access links, and environment specifications. We have made every effort to ensure that the
code is well-documented and easy to use. The data used in our experiments are publicly available,
and all experimental settings, including hyperparameters and evaluation metrics, are clearly detailed
in the main text.
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Sebastian Caldas, Jakub Konečny, H Brendan McMahan, and Ameet Talwalkar. Expanding the reach
of federated learning by reducing client resource requirements. arXiv preprint arXiv:1812.07210,
2018.

Chen Chen, Jie Zhang, and Lingjuan Lyu. Gear: a margin-based federated adversarial training
approach. In International Workshop on Trustable, Verifiable, and Auditable Federated Learning
in Conjunction with AAAI, volume 2022, 2022.

Zhe Chen, Haiyan Zhang, Xinghua Li, Yinbin Miao, Xiaohan Zhang, Man Zhang, Siqi Ma, and
Robert H Deng. Fdfl: Fair and discrepancy-aware incentive mechanism for federated learning.
IEEE Transactions on Information Forensics and Security, 2024.

Gregory Cohen, Saeed Afshar, Jonathan Tapson, and Andre van Schaik. Emnist: an extension of
mnist to handwritten letters. arXiv preprint arXiv:1702.05373, 2017.

Enmao Diao, Jie Ding, and Vahid Tarokh. Heterofl: Computation and communication efficient
federated learning for heterogeneous clients. arXiv preprint arXiv:2010.01264, 2020.

Yahya H Ezzeldin, Shen Yan, Chaoyang He, Emilio Ferrara, and A Salman Avestimehr. Fairfed:
Enabling group fairness in federated learning. In Proceedings of the AAAI conference on artificial
intelligence, volume 37, pp. 7494–7502, 2023.

Zhenan Fan, Huang Fang, Zirui Zhou, Jian Pei, Michael P Friedlander, Changxin Liu, and Yong
Zhang. Improving fairness for data valuation in horizontal federated learning. In 2022 IEEE 38th
International Conference on Data Engineering (ICDE), pp. 2440–2453. IEEE, 2022.

Yuchuan Fu, Changle Li, F Richard Yu, Tom H Luan, and Pincan Zhao. An incentive mechanism of
incorporating supervision game for federated learning in autonomous driving. IEEE Transactions
on Intelligent Transportation Systems, 24(12):14800–14812, 2023.

Liang Gao, Huazhu Fu, Li Li, Yingwen Chen, Ming Xu, and Cheng-Zhong Xu. Feddc: Feder-
ated learning with non-iid data via local drift decoupling and correction. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 10112–10121, 2022.

Hao Guan, Pew-Thian Yap, Andrea Bozoki, and Mingxia Liu. Federated learning for medical image
analysis: A survey. Pattern recognition, 151:110424, 2024.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Samuel Horvath, Stefanos Laskaridis, Mario Almeida, Ilias Leontiadis, Stylianos Venieris, and
Nicholas Lane. Fjord: Fair and accurate federated learning under heterogeneous targets with
ordered dropout. Advances in Neural Information Processing Systems, 34:12876–12889, 2021.

Wenke Huang, Mang Ye, Zekun Shi, Guancheng Wan, He Li, Bo Du, and Qiang Yang. Federated
learning for generalization, robustness, fairness: A survey and benchmark. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 46(12):9387–9406, 2024.

Fatih Ilhan, Gong Su, and Ling Liu. Scalefl: Resource-adaptive federated learning with hetero-
geneous clients. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 24532–24541, 2023.

Alex Krizhevsky, Geoffrey Hinton, et al. Learning multiple layers of features from tiny images.
2009.

Tian Li, Anit Kumar Sahu, Manzil Zaheer, Maziar Sanjabi, Ameet Talwalkar, and Virginia Smith.
Federated optimization in heterogeneous networks. Proceedings of Machine learning and sys-
tems, 2:429–450, 2020.

Wenqian Li, Shuran Fu, Fengrui Zhang, and Yan Pang. Data valuation and detections in federated
learning. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion, pp. 12027–12036, 2024.

Xiang Li, Kaixuan Huang, Wenhao Yang, Shusen Wang, and Zhihua Zhang. On the convergence of
fedavg on non-iid data. In International Conference on Learning Representations, 2019.

Juntao Liang, Lan Zhang, Xiangmou Qu, and Jun Wang. Fedecover: Fast and stable converging
model-heterogeneous federated learning with efficient-coverage submodel extraction. In 2025
IEEE 41st International Conference on Data Engineering (ICDE), pp. 2575–2587. IEEE, 2025.

Zelei Liu, Yuanyuan Chen, Yansong Zhao, Han Yu, Yang Liu, Renyi Bao, Jinpeng Jiang, Zaiqing
Nie, Qian Xu, and Qiang Yang. Contribution-aware federated learning for smart healthcare. In
Proceedings of the AAAI Conference on Artificial Intelligence, volume 36, pp. 12396–12404,
2022.

Lingjuan Lyu, Xinyi Xu, Qian Wang, and Han Yu. Collaborative fairness in federated learning. In
Federated Learning: Privacy and Incentive, pp. 189–204. Springer, 2020.

Brendan McMahan, Eider Moore, Daniel Ramage, Seth Hampson, and Blaise Aguera y Arcas.
Communication-efficient learning of deep networks from decentralized data. In Artificial intelli-
gence and statistics, pp. 1273–1282. PMLR, 2017.

Yuval Netzer, Tao Wang, Adam Coates, Alessandro Bissacco, Baolin Wu, Andrew Y Ng, et al.
Reading digits in natural images with unsupervised feature learning. In NIPS workshop on deep
learning and unsupervised feature learning, volume 2011, pp. 7. Granada, 2011.

Chenglu Pan, Jiarong Xu, Yue Yu, Ziqi Yang, Qingbiao Wu, Chunping Wang, Lei Chen, and Yang
Yang. Towards fair graph federated learning via incentive mechanisms. In Proceedings of the
AAAI Conference on Artificial Intelligence, volume 38, pp. 14499–14507, 2024.

Sebastian U Stich. Local sgd converges fast and communicates little. arXiv preprint
arXiv:1805.09767, 2018.

Sebastian U Stich, Jean-Baptiste Cordonnier, and Martin Jaggi. Sparsified sgd with memory. Ad-
vances in Neural Information Processing Systems, 31, 2018.

Qiheng Sun, Xiang Li, Jiayao Zhang, Li Xiong, Weiran Liu, Jinfei Liu, Zhan Qin, and Kui Ren.
Shapleyfl: Robust federated learning based on shapley value. In Proceedings of the 29th ACM
SIGKDD Conference on Knowledge Discovery and Data Mining, pp. 2096–2108, 2023.

Haozhao Wang, Yabo Jia, Meng Zhang, Qinghao Hu, Hao Ren, Peng Sun, Yonggang Wen, and
Tianwei Zhang. Feddse: Distribution-aware sub-model extraction for federated learning over
resource-constrained devices. In Proceedings of the ACM Web Conference 2024, pp. 2902–2913,
2024a.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Haozhao Wang, Haoran Xu, Yichen Li, Yuan Xu, Ruixuan Li, and Tianwei Zhang. Fedcda: Fed-
erated learning with cross-rounds divergence-aware aggregation. In The Twelfth International
Conference on Learning Representations, 2024b.

Yong Wang, Kaiyu Li, Yuyu Luo, Guoliang Li, Yunyan Guo, and Zhuo Wang. Fast, robust and
interpretable participant contribution estimation for federated learning. In 2024 IEEE 40th Inter-
national Conference on Data Engineering (ICDE), pp. 2298–2311. IEEE, 2024c.

Zheng Wang, Xiaoliang Fan, Jianzhong Qi, Chenglu Wen, Cheng Wang, and Rongshan Yu. Feder-
ated learning with fair averaging. arXiv preprint arXiv:2104.14937, 2021.

Zheng Wang, Zihui Wang, Xiaoliang Fan, and Cheng Wang. Federated learning with domain shift
eraser. In Proceedings of the Computer Vision and Pattern Recognition Conference, pp. 4978–
4987, 2025.

Zihui Wang, Zhaopeng Peng, Xiaoliang Fan, Zheng Wang, Shangbin Wu, Rongshan Yu, Peizhen
Yang, Chuanpan Zheng, and Cheng Wang. Fedave: Adaptive data value evaluation framework
for collaborative fairness in federated learning. Neurocomputing, 574:127227, 2024d.

Zihui Wang, Zheng Wang, Lingjuan Lyu, Zhaopeng Peng, Zhicheng Yang, Chenglu Wen, Rongshan
Yu, Cheng Wang, and Xiaoliang Fan. Fedsac: Dynamic submodel allocation for collaborative
fairness in federated learning. In Proceedings of the 30th ACM SIGKDD Conference on Knowl-
edge Discovery and Data Mining, pp. 3299–3310, 2024e.

Feijie Wu, Zitao Li, Yaliang Li, Bolin Ding, and Jing Gao. Fedbiot: Llm local fine-tuning in
federated learning without full model. In Proceedings of the 30th ACM SIGKDD Conference on
Knowledge Discovery and Data Mining, pp. 3345–3355, 2024a.

Zhaoxuan Wu, Mohammad Mohammadi Amiri, Ramesh Raskar, and Bryan Kian Hsiang Low.
Incentive-aware federated learning with training-time model rewards. In The Twelfth Interna-
tional Conference on Learning Representations, 2024b.

Xinyi Xu, Lingjuan Lyu, Xingjun Ma, Chenglin Miao, Chuan Sheng Foo, and Bryan Kian Hsiang
Low. Gradient driven rewards to guarantee fairness in collaborative machine learning. Advances
in Neural Information Processing Systems, 34:16104–16117, 2021.

Nan Yan, Yuqing Li, Jing Chen, Xiong Wang, Jianan Hong, Kun He, and Wei Wang. Efficient
and straggler-resistant homomorphic encryption for heterogeneous federated learning. In IEEE
INFOCOM 2024-IEEE Conference on Computer Communications, pp. 791–800. IEEE, 2024.

Abbas Yazdinejad, Ali Dehghantanha, Hadis Karimipour, Gautam Srivastava, and Reza M Parizi.
A robust privacy-preserving federated learning model against model poisoning attacks. IEEE
Transactions on Information Forensics and Security, 19:6693–6708, 2024.

Rui Ye, Wenhao Wang, Jingyi Chai, Dihan Li, Zexi Li, Yinda Xu, Yaxin Du, Yanfeng Wang, and
Siheng Chen. Openfedllm: Training large language models on decentralized private data via
federated learning. In Proceedings of the 30th ACM SIGKDD conference on knowledge discovery
and data mining, pp. 6137–6147, 2024.

Hao Yu, Sen Yang, and Shenghuo Zhu. Parallel restarted sgd with faster convergence and less
communication: Demystifying why model averaging works for deep learning. In Proceedings of
the AAAI Conference on Artificial Intelligence, volume 33, pp. 5693–5700, 2019.

Tianrun Yu, Jiaqi Wang, Haoyu Wang, Mingquan Lin, Han Liu, Nelson S Yee, and Fenglong Ma.
Towards collaborative fairness in federated learning under imbalanced covariate shift. In Pro-
ceedings of the 31st ACM SIGKDD Conference on Knowledge Discovery and Data Mining V. 2,
pp. 3645–3656, 2025.

Yaodong Yu, Alexander Wei, Sai Praneeth Karimireddy, Yi Ma, and Michael Jordan. Tct: Convexi-
fying federated learning using bootstrapped neural tangent kernels. Advances in Neural Informa-
tion Processing Systems, 35:30882–30897, 2022.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Mikhail Yurochkin, Mayank Agarwal, Soumya Ghosh, Kristjan Greenewald, Nghia Hoang, and
Yasaman Khazaeni. Bayesian nonparametric federated learning of neural networks. In Interna-
tional conference on machine learning, pp. 7252–7261. PMLR, 2019.

Li Zhang, Chaochao Chen, Zhongxuan Han, Qiyong Zhong, and Xiaolin Zheng. Logofair: Post-
processing for local and global fairness in federated learning. In Proceedings of the AAAI Con-
ference on Artificial Intelligence, volume 39, pp. 22470–22478, 2025.

Zirui Zhou, Lingyang Chu, Changxin Liu, Lanjun Wang, Jian Pei, and Yong Zhang. Towards
fair federated learning. In Proceedings of the 27th ACM SIGKDD Conference on Knowledge
Discovery & Data Mining, pp. 4100–4101, 2021.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

A PROOF OF THEOREM 1

We let δi,t := ||θt − θi,t||. If ri ≥ rj , and the submodel θi,t obtained by client i encompasses the
submodel θj,t obtained by client j (θj,t ∈ θi,t ∈ θt). Then, the submodel θi,t obtained by client i
will exhibit closer alignment to the aggregated model θt in round t. It is obvious that δi,t ⩽ δj,t.

Subsequently, we use δi,t ⩽ δj,t and some regularity conditions of F () to establish F (θi,t) ⩽
F (θj,t). Specifically, we assume F () is both L-smooth and µ-strongly convex with L ⩽ µ. We first
recall the respective definitions for L-smooth functions and µ-strongly convex.
Assumption 1 (L-smooth F). If F is L-smooth, then ∀θi, θj ∈ θ,

F (θi) ⩽ F (θj) +∇F (θj)
T (θi − θj) +

L

2
||θi − θj ||2. (9)

Assumption 2 (µ-strongly convex F). If F is µ-strongly convex, then ∀θi, θj ∈ θ,

F (θi) ≥ F (θj) +∇F (θj)
T (θi − θj) +

µ

2
||θi − θj ||2. (10)

From L-smoothness, we have

F (θi,t) ⩽ F (θN,t) +∇F (θN,t)
T (θi,t − θN,t) +

L

2
δ2i,t︸ ︷︷ ︸

RL

. (11)

From µ-strongly convex, we have

F (θj,t) ≥ F (θN,t) +∇F (θN,t)
T (θj,t − θN,t) +

µ

2
δ2j,t︸ ︷︷ ︸

Rµ

. (12)

In order to prove F (θi,t) ⩽ F (θj,t), it suffices to prove RL ⩽ Rµ or equivalently RL −Rµ ⩽ 0.

RL −Rµ = ∇F (θN,t)
T (θi,t − θj,t)︸ ︷︷ ︸
R1

+
1

2
(Lδ2i,t − µδ2j,t)︸ ︷︷ ︸

R2

. (13)

With L ⩽ µ and δi,t ⩽ δj,t, we have

R2 =
1

2
(Lδ2i,t − µδ2j,t) ⩽

L

2
(δ2i,t − δ2j,t) ⩽ 0. (14)

We define θN,t being close to a stationary point of F by establishing an upper limit on the gradient:

||∇F (θN,t)|| ⩽
L|δ2i,t − δ2j,t|
2||θi,t − θj,t||

. (15)

We have the following:

|R1| ≜ |∇F (θN,t)
T (θi,t − θj,t)|

⩽ ||∇F (θN,t)|| × ||(θi,t − θj,t)||

⩽
L|δ2i,t−δ2j,t|

2

⩽ |R2|

14
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where the first inequality is derived from the Cauchy-Schwarz, the second inequality is by substitut-
ing the aforementioned upper limit (refer to e equation (15)), and the last inequality emerges from
taking the absolute values of two negative values (refer to equation (14)).

Finally, given that |R1| ⩽ |R2| and R2 ⩽ 0, we derive R1 + R2 ⩽ 0. Therefore, it follows that
RL −Rµ ≜ R1 +R2 ⩽ 0, which subsequently implies F (θi,t) ⩽ F (θj,t).

B PROOF OF THEOREM 2

Let IE be the set of global synchronization steps, i.e., IE = {nE|n = 1, 2, ...}. For con-
venience, we define vt+1

i as the immediate result of one step SGD update from θti , i.e., vt+1
i =

θti − ηt∇Fi(θ
t
i , ξ

t
i). ḡt =

∑N
i=1

∇Fi(θ
t
i)

pi
and gt =

∑N
i=1

∇Fi(θ
t
i ,ξ

t
i)

pi
. Therefore, v̄t+1 = θ̄t − ηtgt

and Egt = ḡt.

Assumption 3. Let ξti denote samples uniformly from the local data of the i-th device at random. It
is asserted that the variance of stochastic gradients within each device remains constrained:

E∥∇Fi(θ
t
i , ξ

t
i)−∇Fi(θ

t
i)∥ ⩽ σ2

i , (16)

Assumption 4. The expected squared norm of stochastic gradients is uniformly constrained:

E∥∇Fi(θ
t
i , ξ

t
i)∥ ⩽ G2, (17)

where i ∈ {1, 2, ...,N} and t ∈ {1, 2, ..., T − 1}.
Assumption 5. Each neuron in the aggregation model is assigned the same number of times after T
rounds. Therefore, the expected weight of the allocated submodel θi is a contraction of the aggregate
model θg , i.e., θt+1

i = piθ
t
g . Here, pi (0 ⩽ pi ⩽ 1) denotes the long-term expectation of the

size ratio between the submodel i and the aggregate model obtained in multiple iterations, i.e.,

θt+1
g =

∑N
i=1

θt+1
i

pi
.

Lemma 1. (Result of one step SGD). Assume ASSUMPTION 1 and ASSUMPTION 2. If ηt ⩽ 1
4L ,

we have

E∥v̄t+1 − θ∗∥2 ⩽ (1− ηtµ)E∥θ̄t − θ∗∥2 + η2tE∥gt − ḡt∥2

+ 6Lη2tΓ + 2E

N∑
i=1

∥θ̄t − θti∥2

pi
,

(18)

where Γ = F ∗ −
∑N

i=1
F∗

i

pi
. LAMMA 1 has been made by Li et al. (2019).

For Assumption 3, the variance of stochastic gradients within device i is constrained by σ2
i .

Consequently,

E∥gt − ḡt∥2 = E∥
N∑
i=1

1

pi
(∇Fk(θ

t
i , ξ

t
i)−∇Fi(θ

t
i))∥2

=

N∑
i=1

1

p2i
E∥∇Fi(θ

t
i , ξ

t
i)−∇Fi(θ

t
i)∥2

⩽
N∑
i=1

1

p2i
σ2
i .

(19)

As FedRAC requires communication each E steps. We let ηt ⩽ 2ηt+E . Therefore, for any
t ≥ 0, there exists a t0 ⩽ t, such that t− t0 ⩽ E − 1 and θt0i = θ̄t0 for all k = 1, 2, ..., N . Then

15
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E

N∑
i=1

1

pi
∥θ̄t − θti∥2 = E

N∑
i=1

1

pi
∥(θti − θ̄t0)− (θ̄t − θ̄t0)∥2

⩽ E

N∑
i=1

1

pi
∥θti − θ̄t0∥2

⩽ E

t−1∑
t=t0

(E − 1)η2t ∥∇Fk(θ
t
i , ξ

t
i)∥2

⩽
t−1∑
t=t0

(E − 1)η2t0G
2

⩽ η2t0(E − 1)2G2

⩽ 4η2t (E − 1)2G2.

(20)

We use E∥X−EX∥2 ⩽ E∥X∥2 where X = θti−θ̄t0 with probability 1
pi

. We use Jensen inequality:

∥θti − θ̄t0∥ = ∥
t−1∑
t=t0

ηt∇Fi(θ
t
i , ξ

t
i)∥2

⩽ (t− t0)
∑
t−t0

t−1∑
t−t0

η2t ∥∇Fi(θ
t
i , ξ

t
i)∥2.

(21)

Here, we utilize ηt ⩽ ηt0 for t ≥ t0 and E∥∇Fk(θ
t
i , ξ

t
i)∥2 ⩽ G2 for i = 1, 2, ..., N . We ηt0 ⩽

2ηt0+E ⩽ 2ηt for t0 ⩽ t ⩽ t0 + E.

Let△t = E∥θ̄t − θ∗∥. From equation 18, equation 19, and equation 20, it follows that

△t+1 ⩽ (1− ηtµ)△t + η2t

N∑
i=1

σ2

p2i
+ 6Lη2tΓ + 8η2t (E − 1)2G2

⩽ (1− ηtµ)△t + η2t (

N∑
i=1

σ2

p2i
+ 6LΓ + 8(E − 1)2G2)︸ ︷︷ ︸

B

(22)

For a diminishing stepsize, ηt = κ
t+γ for some κ > 1

µ and γ > 0 such that η1 ⩽ min{ 1µ ,
1
4L} =

1
4L and ηt ⩽ 2ηt+E . We will prove △ ⩽ v

γ+t by induction, where v = max{ κ2B
κµ−1 , (γ + 1)△1}.

Firstly, the definition of v guarantees its applicability for t = 1. Assuming the conclusion holds for
some t, it follows that

△t+1 ⩽ (1− ηtµ)△t + η2tB

⩽ (1− κµ

t+ γ
)

v

t+ γ
+

κ2B

(t+ γ)2

=
t+ γ − 1

(t+ γ)2
v + [

κ2B

(t+ γ)2
− κµ− 1

(t+ γ)2
v]

⩽
t+ γ − 1

(t+ γ)2
v +

κ2B

(t+ γ)2
− κ2B

(t+ γ)2
− κµ− 1

(t+ γ)2(γ + 1)△1︸ ︷︷ ︸
⩽0

⩽
v

t+ γ − 1

(23)
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Then by the L-smoothness (ASSUMPTION 1) of F ,

E[F (θ̄T )]− F ∗ ⩽ (θ̄T − θ∗)T ∇Fi(θ
∗)︸ ︷︷ ︸

=0

+
L

2
∥θ̄T − θ∗∥22

=
L

2
△T

⩽
L

2

v

γ + T

(24)

We let κ = 2
µ , γ = max{8L

µ , E} − 1. In the lines 1293, we have

v = max{ κ2B

κµ− 1
, (γ + 1)△1}

⩽
κ2B

κµ− 1
+ (γ + 1)△1

⩽
4B

µ2
+ (γ + 1)△1

(25)

Substituting equation 25 into equation 24, we obtain

0 ⩽ lim
T→∞

E[F (θ̄T )]− F ∗ ⩽ lim
T→∞

[
L

γ + T
(
2B

µ2
+

γ + 1

2
△1)] = 0 (26)

Therefore, lim
T→∞

E[F (θ̄T )]− F ∗ = 0.

C ALGORITHM

Algorithm 1 FedRAC

1: Input: The global model θg , the local submodel θi, submodels’ performance AKi
, the number

of local update steps E, learning rate ηt, number of clients N , amplification factor α, hyper-
parameter β, client’s contribution c, neuron frequency table f

2: Initialize the global model parameters θ0g and neuron frequency table f0

3: for round t = 0, 1, . . . , T − 1 do
4: Compute the normalized contribution Cn

i (2) and the intermediate variable tmpti (4)
5: Calculate the reputation rti of client i: rti = Ci + (Acctg − tmpti) ∗ Cn

i /100

6: Submodel i’s mask in round t: mt
i (6a) and upgrade frequency table f t (6b)

7: Calculate Submodels θti of clients i in round t: θti = quantity(γi,
∑

i∈S At
Ki

)
8: for each client i ∈ N do
9: for each iteration j = 0, 1, . . . , E − 1 do

10: θi,j+1 ← θi,j − ηt∇Fi(θi,j)
11: end for
12: end for
13: The server aggregates the received submodels: θt+1

g =
∑

i∈S θt
i∑

i∈S mt
i(θ

t
i ,θ

t−1
g )

14: end for
This is the pseudo code of FedRAC.The algorithm first initializes the global model parameters and
the neuron frequency table, followed by executing the subsequent steps in each training round:
computing standardized reputation based on clients’ contributions to ensure that high-contribution
clients receive higher reputation while enabling low-contribution clients to obtain appropriate re-
wards in the early stages of training; subsequently, generating submodel masks and updating the
neuron frequency table to guarantee balanced allocation of all neurons in the global model; then,
each client performs multiple local training iterations on their local data to update submodel param-
eters; finally, the server updates the global model parameters through weighted aggregation of the
clients’ submodels.
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D ADDITIONAL EXPERIMENTS

D.1 DATA SPLITS

POW (Power-law data volume). We apply a power-law distribution to randomly assign the entire
dataset to multiple clients, ensuring imbalanced data volume. For example, in CIFAR10 with 20,000
samples distributed across 10 clients, clients with larger data volumes are expected to achieve better
predictive performance.

CLA (Class imbalance). We vary the number of classes while keeping the total data volume un-
changed. In a five-client setup using CIFAR10, Clients 1, 2, 3, 4, and 5 are assigned local training
data containing 1, 3, 5, 7, and 10 classes, respectively.

DIR (Dirichlet imbalance). We adopt a Dirichlet distribution DIR(α) to provide each client with
data of varying volumes and classes. Specifically, we sample pli ∼ DIR(α) from a Dirichlet distri-
bution with parameter α, and assign class l to client i according to the sampled proportions pli.

D.2 BASELINE DESCRIPTIONS

We provide detailed descriptions of all baseline methods considered in our experiments. FedAvg
distributes the same model to all clients at each communication round. CFFL computes a reputation
score based on local accuracy and data size (or label diversity), allocating more gradients to clients
with higher reputations. CGSV rewards clients whose local model gradients are more similar to
the global gradient. FedAVE compares the similarity between local and ideal data distributions,
assigning more gradients to clients with higher similarity. IAFL allocates more gradient updates
to highly contributive clients while distributing a reference model randomly to all clients. FedSAC
evaluates neuron importance in the global model and assigns more important neurons to clients with
higher contributions. Standalone denotes the case where each client trains its model independently
without federated aggregation. To ensure fairness, we require all algorithms to allocate rewards
according to client contributions, rather than relying on their original reputation-based mechanisms.

D.3 HYPERPARAMETER SETTINGS

Scene POW DIR(3.0) DIR(7.0)

FedRAC (β = 0.5) 50.11 53.15 54.37
FedRAC (β = 1) 49.34 53.01 54.06
FedRAC (β = 2) 48.99 52.89 54.02
FedRAC (β = 3) 48.91 52.45 53.67

Table 4: Comparison results of FedRAC
with different β values on various scenes.

In Table 4, we present the performance of Fe-
dRAC under different values of β across the POW,
DIR(3.0), and DIR(7.0) scenarios of CIFAR10. The
experimental results show that as β increases, the
maximum test accuracy gradually decreases. This
is because as β decreases, the size of the submodels
downloaded by clients increases. When β is small,
the submodels of low-contribution clients contain
more neurons, enabling effective training to enhance the performance of all local models.

D.4 OVERALL PERFORMANCE IN COLLABORATIVE FAIRNESS
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Figure 4: CIFAR10’s visualization results of fairness, accuracy, and rate.
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Figure 5: SVHN’s visualization results of fairness, accuracy, and rate

Fairness

Ac
cu

ra
cyRate

-0.5

0

0.5

1.0

0

0.5

1.0

0

0.5

1.0

EMNIST-POW
Fairness

Ac
cu

ra
cyRate

-0.5

0

0.5

1.0

0

0.5

1.0

0

0.5

1.0

EMNIST-CLA
Fairness

Ac
cu

ra
cyRate

-0.5

0

0.5

1.0

0

0.5

1.0

0

0.5

1.0

EMNIST-DIR(3.0)
Fairness

Ac
cu

ra
cyRate

-0.5

0

0.5

1.0

0

0.5

1.0

0

0.5

1.0

EMNIST-DIR(7.0)

FedAvg CFFL CGSV FedAVE IAFL FedSAC Ours

Figure 6: EMNIST’s visualization results of fairness, accuracy, and rate

The above three figures illustrate the visualization results of fairness, accuracy, and rate across dif-
ferent datasets: CIFAR10, SVHN, and EMNIST. Each dataset presents the performance of various
methods (FedAvg, CFFL, CGSV, FedAVE, IAFL, FedSAC, and Ours) under four different data splits
(POW, CLA, DIR(3.0), and DIR(7.0)). In CIFAR10, fairness, accuracy, and rate distributions across
scenarios show that FedRAC consistently maintains high performance. SVHN yields similar results,
particularly in extreme cases such as DIR(7.0), while EMNIST further corroborates FedRAC’s su-
periority. These visualizations provide an intuitive comparison of different methods across multiple
dimensions.

D.5 ABLATION STUDY

In the SVHN dataset, we analyzed the performance under four different splits: POW, CLA,
DIR(3.0), and DIR(7.0). For each split, three key metrics were recorded: accuracy, fairness, and
rate. Specifically, the accuracy in SVHN varied across scenarios. For example, under the DIR(7.0)
scenario, accuracy dropped from 82.52% to 70.56%. Fairness showed only slight fluctuations, re-
maining relatively stable with values of 95.87% in DIR(3.0) and 99.01% in DIR(7.0). The rate
varied more noticeably across splits, ranging from 0.7 to 1.0, reflecting differences in performance
across scenarios.
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Figure 7: The ablation study in CIFAR10.

In the CIFAR10 dataset, similar trends were ob-
served. For the splits POW, CLA, DIR(3.0), and
DIR(7.0) in CIFAR10, accuracy, fairness, and rate
were calculated. In the DIR(3.0) scenario, the ac-
curacy was 50.22%, and fairness decreased from
98.71% to 88.17%, indicating a larger impact on
fairness when the Dynamic Reputation Calculation
module was removed. For the rate, CIFAR10 per-
formed optimally under the DIR(7.0) scenario with
a value of 1.0. Additionally, FedRAC consistently
achieved the best results across all splits and sce-
narios, particularly in the CIFAR10 POW scenario,
where accuracy reached 49.34%, fairness achieved
99.34%, and the rate was 1.0, clearly outperforming
both w/o reputation and w/o allocation.

These ablation studies confirm that both core modules in FedRAC are indispensable. The Dynamic
Reputation Calculation module is essential for maintaining fairness and accuracy, while the Rolling
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Submodel Allocation module further enhances performance and stability, allowing FedRAC to sig-
nificantly outperform all baselines in both fairness and accuracy.

E USE OF LLMS

In this research, we used large language models (LLMs) such as GPT-5 to assist with text refinement
and improve the clarity and readability of the manuscript. The LLMs were primarily employed
for grammar correction, style suggestions, and rephrasing of sentences, ensuring the manuscript’s
language quality. It is important to note that the use of LLMs was limited to enhancing the language
and presentation, and all research ideas, results, and analysis were independently conducted by the
authors. No LLMs were used to generate content or make any intellectual contributions to the core
research.
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