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ABSTRACT

In pursuit of data privacy, federated learning (FL) collaboratively trains a global
model by aggregating local models learned from decentralized data. However, FL
heavily depends on high-quality labels, which are often impractical in the real
world, leading to the federated label-noise (F-LN) problem. Unlike traditional
noisy labels, F-LN problem is exacerbated by the inherent heterogeneity of FL,
where clients experience varying levels and types of label errors. In this study, we
observe that the global model of FL exhibits slow memorization of noisy labels,
suggesting its ability to maintain reliable predictions and robust representations in
FL. Based on this insight, we propose a novel method termed Global Reviser for
Federated Learning with Noisy Labels (FedGR) to improve the robustness of FL
against F-LN problem. Specifically, FedGR first leverages the label-noise-robust
characteristics of the global model to filter and refine the noisy labels on each
client using the sieving-and-refining module. Then, it regularizes local model
training with the assistance of the global model through following two modules:
the globally revised exponential moving average (EMA) distillation module and
the global representation regularization module. Extensive experiments on three
widely used F-LN benchmarks demonstrate the superior performance of FedGR,
outperforming seven state-of-the-art baselines even in complicated label-noise and
data heterogeneity. The code will be released upon acceptance.

1 INTRODUCTION

Federated learning (FL) facilitates privacy-preserving collaborative training across clients for ap-
plications like healthcare (Kaissis et al.l [2020) and recommendation systems (Sun et al., [2024).
Despite promising performance (McMahan et al., [2017; [Li et al., [ 2020b; Meng et al.| [2024])), FL
heavily relies on high-quality annotated data. However, precisely annotating decentralized datasets is
impractical (Irvin et al.| [2019), inevitably leading to the federated label noise (F-LN) problem (Yang
et al., 2022} Xu et al., [2022)). Unlike centralized label-noise (C-LN) problem (Han et al.l 2018} [Li
et al.,[2020a)), F-LN is more challenging due to label-noise and data heterogeneity, encompassing
diverse noise patterns (e.g., varying ratios/types) and data heterogeneity causing class imbalance (Wu
et al.| [2023; |L1 et al., 2022} |Q1 et al., 2023} [2025)). This heterogeneity significantly hinders the direct
application of centralized learning with noisy labels (C-LNL) methods (L1 et al., 2022} |Wei et al.}
2021). Thus, it is highly expected to customize a federated learning with noisy labels (F-LNL)
approach to tackle the F-LN problem.

Existing F-LNL approaches often involve client-specific and independent sample selection (Wang
et al.| 2022; Ji et al.| [2024) by modeling client-specific noise patterns (Rolnick et al.|[2017; [Li et al.,
2024). However, the label-noise heterogeneity (Wu et al.| 2023 [Kim et al., [2022; Ji et al., [2024))
and data (Kim et al.,[2022; [Tam et al., 2023)) heterogeneity can lead to unreliable sample selection
which further limits the label-noise robustness. Recent studies aggregate client-level data proxies
like class centers (Rolnick et al.,|2017) and probability density functions (Li et al.,2024) for global
noise parttern modeling and sample selection. While effective, these proxy-based methods risk
privacy exposure (Yang et al.| [2022; [Kim et al., |2022), thus struggling to find a balance between the
effectiveness of noise modeling and the privacy protection requirement of FL. Contrary to previous
studies (Arazo et al., 2019; L1 et al., |2024), this study tackles the F-LN problem from a novel
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Figure 1: (a) Slower Memorization Effect: On CIFAR-10, the global FL. model memorizes <30%
of noisy labels, while significantly lower than that of centralized training. (b) Preservation of Test
Performance: The global model in FL avoids the test performance degradation typically observed in
centralized training under noisy labels. Results on CIFAR-100 in appendix also evidence above.
Please see appendix for more discussion.

perspective. Specifically, as illustrated in Figure[I] we observe that the global model of FL exhibits
less label-noise overfitting compared to that of centralized training, which we refer to as the intrinsic
label-noise robustness of FL. Thus, harnessing this previously unrecognized characteristic enables us
to enhance the label-noise robustness of FL in a self-contained and privacy-preserving fashion.

Based on the above observation and discussion, we propose a novel method termed Global Reviser
for Federated Learning with Noisy Labels (FedGR). To be specific, FedGR comprises three modules
and takes advantage of the global model in two aspects: noisy labels correction and local model
regularization. First, FedGR introduces a sieving-and-refining module to partition clean and noisy
samples for each client and subsequently refine noisy labels. To address the quality and quantity
issues of refined labels under the dual-heterogeneity of the F-LN problem, FedGR introduces a
globally revised exponential moving average (EMA) distillation module and a global representation
regularization module to further regularize the local training. To sum up, the contributions of this
study are outlined as follows:

* This study provides an insightful observation that the global model of FL has a slower
tendency to overfit noisy labels, which we refer to as the intrinsic label-noise robustness
of FL. To the best of our knowledge, this phenomenon has not been explored in previous
works, and motivates us to enhance the label-noise robustness of FL in a self-contained and
privacy-preserving manner.

» Leveraging the above unrecognized property, we propose a novel method called FedGR,
which shows that a global-model-centric interaction leads to a superior label-noise robust-
ness. Specifically, FedGR employs three modules, namely the sieving-and-refining module,
global revised EMA distillation module, and global representation regularization module, to
enhance the label-noise robustness of FL under the dual heterogeneity of the F-LN problem.

» Comprehensive experiments on three public F-LN benchmarks, under diverse noise lev-
els and federated settings, show that FedGRconsistently surpasses seven state-of-the-art
baselines, delivering substantial gains in both accuracy and robustness.

2 RELATED WORK

Centralized Learning with Noisy Labels. To address the C-LN problem, most existing C-LNL
studies leverage the memorization effect (Arpit et al.,|2017)) to design robust training strategies for
sample selection (Han et al., 2018 [Yu et al.| [2019) and noisy label correction (Li et al., [2020a;
Berthelot et al., 2019; [Xiao et al., 2023} Zhang et al., 2024)). However, due to the following two
reasons, it is undesirable for FL to directly adopt these C-LNL methods to tackle the F-LN problem.
On the one hand, the data heterogeneity (Li et al., 2022)) of FL makes the class-balanced assumption
used by almost all the C-LNL approaches unattainable (Wei et al.,[2021} |Li et al., 2020a)). On the
other hand, these methods induce sophisticated learning algorithms, such as two peer networks (Han
et al 2018 [Yu et al.,[2019; [Li et al., [2020a), which involve high computation and communication
overhead for FL. In contrast, FedGR performs sample sieving on the server instead of each client
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itself, which mitigates the adverse impacts of the dual heterogeneity and only introduces moderate
computation and communication overhead. [T
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Figure 2: The proposed FedGR. First, the sieving-and-refining module introduces a federated sieving
(FS) approach, wherein the server performs label noise pattern modeling and sample sieving, while
the client generates noise-distinguishable data proxies with the assistance of the label-noise robust
global model. Then, label refining (LR) rectify the sieved noisy samples with the assistance of the
global model. To mitigate the quality and quantity issues of the refined labels caused by the dual
heterogeneity of label noise and data distribution, each client will take a global model revised local
EMA model as teacher to perform knowledge distillation, namely, globally revised EMA distillation.
To further regularize the local model learning from cumulative errors of EMA, we propose a global-
to-local representation distillation, namely global representation regularization, which uses the global
model to provide a local representation regularizer. See appendix for the algorithm pseudo codes.

Federated Learning with Noisy Labels. Label-noise modelling techniques (Arazo et al., [2019)
are commonly employed to detect noisy labels within each client (Wang et al.| 2022} Ji et al.| 2024}
Cheng et al.| 2021} Jiang et al., 2024} Kim et al., [2022; [Tam et al.l 2023} |[Yang et al., 2022; Li
et al., 2024} [Fang & Ye} 2022} 2025)) and to identify clients whose data labels are corrupted (Xu
et al.| 2022} Lu et al.| [2024; [Wu et al.;[2023)). Additionally, recent studies adopt local regularization
to achieve label-noise robustness, such as the mixup (Jiang et al., 2022) or local noise transition
matrix estimation (Zhou & Wang, 2024; |Li et al., 2021). However, these F-LNL approaches exhibit
several limitations. To be specific, both label noise pattern modeling within the client and noise client
detection, which relies on the memorization effect (Ji et al.l [2024; [Wang et al., |2022; [Jiang et al.,
2022), proves unreliable for clients presenting label-noise heterogeneity. Moreover, techniques that
aggregate data information of clients pose potential privacy risks, as they necessitate the transmission
of sensitive information (Yang et al.| [2022; |Kim et al.| 2022} [Tam et al.| [2023). In contrast, we
leverage the intrinsic label-noise robustness of the global model to promote the label-noise robustness
of the FL, which is privacy-preserving. The effectiveness of our proposed FedGR is substantiated
through comprehensive experimental evaluations.

3 METHOD

3.1 PROBLEM DEFINITION

A typical FL system (McMahan et al.,2017; Xu et al., [2022) maintains a server for model parameters
aggregation and K clients which train their local models on its local low-quality dataset D;, =
{(xi, :) i, where §J; and ny, represents the one-hot vector of the label and the size of the local

'Please see appendix for analysis.
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dataset on client k, respectively. The local objective of client k with a loss function ¢(-,-) on Dy, at
t-th round could be:

Ly =Ep, [€(p,0:)] st pi=(hof)(xiswh),keS(t), (1)

where p! is the logits output by the head h/(; wi, ,) and backbone f(-;wj ) with the local model

t il t t fats 7
parameters wj, = {Wk7 b Wi f}. The global model parameters w, at communication round tare

computed as the importance-weighted average of the aggregated local model parameters:

w;: Z akwtk s.t. Z ar =1, 2)
)

keS(t keS(t)

where S(t) is the set of selected clients at round ¢ and ax = ng/ Y ;¢ 5(;) M is the corresponding
importance weight. Finally, the global objective £ of F-LNL can be formulated as:

nv},in L(wg) = Z arLr(wg) st Z ap =1, 3)

keS keS

where S is the set of all clients and ||S|| = K.

3.2 OVERVIEW OF FEDGR

As shown in Figure [I] the global model of FL exhibits a slower propensity to overfit noisy labels,
indicating its ability to maintain reliable predictions and robust representations during training.
Building upon this observation, we propose FedGR, which incorporates three specialized modules
for local training in FL to enhance the label-noise robustness, as shown in Figure 2] In breief, FedGR
first leverages the label-noise robust characteristic of global model to sieve and refine the noisy labels
of each client with the sieving-and-refining module. It then regularizes local model training through
globally revised EMA distillation module and global representation regularization module, with the
help of the global model. By combining the objectives of these three modules, the local learning
objective of the FedGR can be:

Li = LT+ \sBr + ARy, )

where £ER, By, and Ry, correspond to the sieving-and-refining objective, globally revised EMA
distillation, and global representation regularization, respectively. The hyperparameters Az and Ag
control the relative importance of each term. The following will elaborate on each module.

3.3 SIEVING-AND-REFINING

Briefly, the sieving-and-refining module consists of two components: Federated Sieving (FS) and
Label Refining (LR). In FS, the server employs a Gaussian Mixture Model (GMM) to model the label-
noise patterns using aggregated instance-level data proxies (e.g., loss). Based on this modeling, FS
partitions each client’s data proxies into clean and noisy subsets and estimates the client’s label-noise
ratio ;. Then, these partitioning results are transmitted back to the clients, where LR is adopted
to refine the noisy samples identified by FS, guided by the estimated 7. In the following, we will
introduce the objective of the sieving-and-refining module and then elaborate on the FS and LR.

According to the memorization effect (Arpit et al.,[2017), the global model will undergo a o rounds
warm-up phase before the LR is activated. Thus, the local learning objective of sieving-and-refining
could be divided into two phases. For the first « rounds, the local objective of client k is to perform

vanilla supervised learning on its local dataset Dy, ie.,
LR =Ep [H(p},9:)],ift <a, )

where p! and #(-) are the output logits and cross entropy loss. To resist the overfitting to noisy
labels (Nishi et al.| [2021)), we adopt strong data augmentation on the input to get the logits, i.e.,

p. = py° = (ho f) (x{;wh) . (6)

>Communication round and round are used interchangeably.
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Next, after o rounds, client k& would adopt LR to refine the noisy labels detected by FS and the refined
dataset Dy, will be subsequently used for the local training, i.e.,

L3P =Ep, [’H (pﬁ’s,gi)} ift > a. 7)

To sum up, the objective of sieving-and-refining module is

Ep, [H(p}%0:)], t<a

Lyt = :
Ep, [#(pi%.5:)]. t=a

®)

Federated Sieving. The FS comprises two steps: client-side instance-level data proxy computation
and server-side noisy sample partitioning. To be specific, for the first step, client k € S(¢) would
adopt the label-noise robust global model Wg_l to compute a noise-distinguishable data proxy for

each sample x; € Dy, at the beginning of local training in each round. In order to preserve privacy,
we define the data proxy of sample x; € Dy, as its mean inference loss in the previous t rounds.
To compute it, the client & will first maintain a loss observation set for each sample and the loss
observation set L = {gi,p}§i1 of sample x; at round ¢ is updated by following:

b, = H (P!, 9:) st.p) = (hof) (xi;wp '), ©)

where T}, represents the number of selected times for client k in previous ¢ rounds. Subsequently, the
mean inference loss of sample x; in the previous ¢ rounds can be obtained as follows:

1 &
it = T: > lip. (10)
p=1

Then, the client & would upload its local parameters w, and instance-level data proxies {(d; i, ££)} 7%,
to the server at the end of local training, where d; , denotes a global unique identifier for sample x;
on client k. In the second step of FS, the server would aggregate these data proxies from all selected
clients S(¢) and model their distribution using a two-component GMM. By setting partitioning
threshold for the the posterior probability g; ; (Li et al., |2020a) of sample x; € ﬁk belonging
to the “clean” GMM component, the server can partition the identifiers into clean/noisy subsets.
Subsequently, the client’s noise ratio r; can also be derived from the above partition. Finally, the
partitioning results of client k£ and the aggregated global model parameters will be returned to it
when it is selected for collaborative training in subsequent rounds. To obtain the partitioning results
of all clients, FS follows (Xu et al., 2022) to adopt random sampling without replacement in the
first o rounds (Xu et al.,|2022)), deviating from the standard FL setup. After that, standard FL client
sampling (McMahan et al.l|2017) is used.

The benefits of FS can be two-fold. On the one hand, the proposed FS is a more reliable sample
sieving under the dual heterogeneity of the F-LN problem, as it leverages larger-scale training
dynamics (e.g., loss) than any single client can provide for label-noise modeling. On the other hand,
FS is privacy-preserving, as it only transmits the information irrelevant to the data distribution.E]

Label Refining. At the beginning of local training on client k € S(t) during the ¢-th round, the client

can divide its local dataset Dy, into a clean subset Dy and a noisy subset 75” based on the returned
partition results. Then, client k£ can employ LR to generate pseudo labels that correct the labels

of the noisy subset @Z Notably, due to the dual heterogeneity of the F-LN problem, we propose
a label refinement strategy that is conditioned on the estimated r; to obtain reliable refined labels.

Specifically, the refined label g; of sample x; € Dy, is defined as follows:

gh re < ﬂ and x; € ﬁi.
Ui = @ixds + (1= qip)y!™, re < Bandx; € D}l an
s re> 8

3Loss is irrelevant to the distribution of (x,y), thus it is privacy preserving. See appendix for discussion.
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where y*¢ is the pseudo label and £ is the label-noise ratio threshold. According to the observation
on the global model, we adopt FixMatch (Sohn et al., |2020) on the global model to generate the

reliable pseudo label y”*® for sample x;.

7

The above strategy is predicated on the following two considerations. Firstly, for clients exhibiting
simple label-noise patterns, the partitioning results are deemed relatively reliable. Therefore, we
refine the noisy label set by leveraging the clean probability g; derived from the GMM, following the
methodology outlined in (Li et al.,|2020a)). Secondly, for the clients suffering from high label-noise
ratios (e.g., T, > [3) or complex label-noise types (e.g., asymmetric), we consider all their provided
labels to be untrustworthy and only use the pseudo labels as the refined labels.

3.4 GLOBALLY REVISED EMA DISTILLATION

Although the global model is relatively robust to noisy labels, it struggles to fit the local data
distribution of each client due to dual heterogeneity. Thus, it often fails to produce a sufficient number
of reliable pseudo labels for each client. Whilst the local model can fit the local distribution, but is
easily corrupted by noisy labels, especially on high-noise clients, resulting in unreliable predictions.
To address such a conflict between the global and local models under dual heterogeneity, we propose
a globally revised EMA distillation module. Such a module resorts to two types of models, i.e.,
the global model and the local EMA model, to regularize the local model training via knowledge
distillation.

To be specific, as EMA inherently has sta-
bility and early-training robustness in learn-

t
. . . 9 1—7, 1—v
ing with noisy labels (Morales-Brotons et al.} Wil S~ o Wt NG
: : - ema Wik, ema o k, ema Wk,
2024} Zhou et al.| [2021)), each client will main- " W " o o o :
tain a local EMA model wi _  during the ——" ~ J
) Globally Revised EMA Step Usual Local EMA Step

local training. To mitigate the cumulative ef-

fect of noisy lab.e l.s on ktlhe llocall E&/Iﬁ moc(ljell, Figure 3: Global model revised EMA update: The
we hprgposle ;eIVlsmé; ltbe foca distill model 15cal EMA model, firstly revised by the global model
with the global model before distilation, as i, momentum decay 7, then undergoes its stan-

the global mode! is more robust to noisy la- 4,4 gpA update with momentum decay ; on client
bels. As shown in Fig.[3] for the ¢-th round, % at round ¢

the revising and usual updating step for the lo-
cal EMA model w}, .., on client k at my-th
local training step could be:

12)

k,ema —

t—1m t—1 _
tmy VoWhema + (L= 7g)wg ", mp =0
tom—1 t,
YW o T (L =)W my > 1

where my, and vy, ; denote the local training step and the momentum decay for the global revised EMA
step/local EMA step, respectively. Then, the proposed globally revised EMA distillation module
would adopt the revised local EMA model (h o f) <~; w};’gm a) as teacher to distill the knowledge to

the local model (h o f) (-; w},) and the objective of it on client k can be formulated as:

pl_e,w pl_,s
B =Ep lKL (T T)] , (13)
le/l,w

where p, , KL, and 7 denote the output logits of revised local EMA model/local model on weakly
augmented data, the Kullback-Leibler divergence loss, and the temperature, respectively. Notably,
the logits predicted by the revised local EMA model is

P = (o f) (x5 Wi ) (14)

where x; refers to the weakly augmented x; € Dj,. The benefit of distilling logits from the revised
EMA model instead of the online EMA model (h o f) (-; WZT:;; a) could be two-fold. On the one

hand, it lowers the forward computation cost, as the teacher’s logits are computed only once at the
beginning of local training. On the other hand, it improves the resilience of logits to the accumulated
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adverse effect of noisy labels and incorrect refined labels. The ablation in Table f] also demonstrates
that such a mechanism is more effective.

Similar to the label refinement strategy, v, of each client should be conditioned on the r;, and the
results of sieving-and-refining module due to the dual heterogeneity of the F-LN problem. For
instance, after warm up phase, if the client k € S(t) suffers from high label-noise ratio (r;, > )
or fails to obtain a sufficient number of samples, the local EMA model is deemed unreliable and
should be entirely replaced by the global model, i.e., 74 = 0. Otherwise, the local EMA model will
be revised by the global model with momentum decay y,. Formally, v, could be adjusted as follows:

797 t Z (8]
i

where f)z denotes the data subset with relatively reliable hard labels after LR which is initialized to @,
ie.,

15)

Y9 =

0, ri, > B and <plort<a’

o

DY = Dy UDS U {yP*[yP* #0 Vi=1,--- ,ng}, (16)

K2 K2

H@fc / ‘ Dy H refers to the proportion of the samples with reliable labels and p is the corresponding

threshold. Additionally, in order to not affect quality of the FS via regularization, the globally revised
EMA distillation will be activated after « rounds i.e., A\g = 0if t < .

Table 1: Results on CIFAR-10. The 1st/2nd-best results are in a gray box w/. and w/o. boldface.

Data Partition | 1LILD | Non.LLD-Dirichlet (0.3)
Noise Type | Clean | Sym Asym Mixed | Clean | Sym Asym Mixed
P | 00 | 06 | 10 | 06 | 10 | 06 | 10 | Ag | 00 | 06 | 10 | 06 | 10 | 06 | 10 | A
U(pmins praz) | 0000 | 0.5-10 | 0.5-1.0 | 02-0.4 | 02-0.4 | 0204 | 0.2:04 | [00:00 | 05-1.0 | 05-1.0 | 0.2-0.4 | 0204 | 0204 | 02:04 |
FedA 92.55 61.60 23.89 83.46 70.44 81.90 70.66 | 65.33 | 87.05 39.46 17.32 69.98 53.74 66.10 51.92 | 49.75
cdAve +0.14 +373 362 089 £180 +£073 069 | £191 | 145 £3.02 4107 4158 4161 +2.09 +170 | 4184
FedP: 90.75 56.57 23.02 79.78 64.44 77.94 65.23 | 61.16 | 86.86 36.94 16.69 69.19 52.68 64.08 49.77 | 48.22
cdrrox +0.16 +427 £2.90 £1.00 L164 +061 £083 | £188 | 058 1242 +132 +0.98 £0.60 £150 £100 | £130
. 66.43 47.28 87.40 82.61 86.51 83.99 | 75.70 44.42 33.49 76.20 72.93 74.40 7242 | 62.31
FL-Coteaching
4265 +5.03 +058 +075 +0.43 054 | +166 211 +1.00 +1.99 +1.93 +1.67 +156 | £171
. . 76.54 68.47 85.46 86.23 84.76 85.19 | 81.11 58.94 38.35 73.13 71.45 70.18 68.86 | 63.49
FL-DivideMix
+0.42 +3.00 +021 +036 +031 +048 | +080 +1.19 +4.45 +171 +147 +137 +129 | £191
FedCorr 92.55 92.04 55.12 83.76 83.06 84.15 84.00 | 80.36 | 77.14 78.85 29.42 5791 55.67 83.33 67.85 | 62.17
[CVPR22] +071 +0.17 4155 +0.74 +136 £052 017 | +075 | 844 +474 243 +8.15 +681 143 375 | +455
FedNoRo 63.30 33.98 71.83 63.29 71.07 63.24 | 61.12 51.64 18.60 58.99 41.18 57.09 43.99 | 4525
[uCAR3] +093 471 +033 112 032 £030 | £129 +£207 £112 +2.07 29 +157 £130 | £184
FedDiv 90.36 33.14 93.67 92.86 93.43 92.36  82.64 20.76 14.22 26.85 26.28 35.71 23.20 | 24.50
AAALA] 057 42183 2004 +0.19 007 £009  +380 +776 +365 +249  £1131 +623 +628 | 4629
FedFixer 66.49 30.18 83.29 70.65 85.52 77.50 | 68.94 52.37 22.53 72.24 57.30 74.83 63.72 | 57.17
AAALA] +1.03 +29 +0.28 +111 +095 115 | +124 +343 +254 +2.18 +1.20 +3.02 +230 | +245
FedGR 93.95 92.09 83.91 93.38 91.64 93.13 9227 91.07 | 86.22 82.04 63.64 86.79 83.67 86.50 84.65 | 81.22
[Ours] £0.10 +025 132 £030 £038 +£032 018 046 | 197 +223 £539 +2.68 502 +236 +238 | +3.43

3.5 GLOBAL REPRESENTATION REGULARIZATION

Though the globally revised EMA distillation module can effectively regularize the local training,
the local model on the high label-noise ratio client is still inevitably overfitting the noisy labels. In
light of the representation learning (Chen & He} 2021; Lubana et al.,2022) and our observation, we
further introduce a global representation regularization module to regularize the local learning of
the local model. To be specific, we adopt an instance discriminative-like task, extiti.e., the global
representation of a weak augmented image should be consistent with the local representation of the
strong augmented image, as the goal of regularization. Formally, the objective of regularization on
k-th client at ¢-th round could be

7 (xeswt ) 7 (xiwhy)
KL oJ S . (17)

)
T T

Ry =Ep,
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Table 2: Results on CIFAR-100. The 1st/2nd-best results are in a gray box w/. and w/o. boldface.

Data Partition | LLD | Non.LLD-Dirichlet (0.3)
Noise Type | Clean | Sym | Asym Mixed | Clean | Sym Asym Mixed
¢ | 00 | 06 | 10 | 06 | 10 | 06 | 10 |Ag| 00 | 06 | 10 | 06 | 10 | 06 | 10 | Aw
Ulpmins prmaz) | 0000 | 0.5-10 | 05-10 | 02-04 | 0.2-0.4 | 0.2-0.4 | 0.2-0.4 | [0.0-0.0 | 0510 | 0.5-1.0 | 0.2:04 | 0.2-0.4 | 02-0.4 | 02:04 |
FedA 64.85 33.97 13.00 54.51 44.18 52.37 43.02 | 40.18 | 63.86 29.04 10.23 51.74 41.36 49.29 39.16 | 36.80
cdave +0.33 +182 +1.85 +0.83 +1.72 +0.40 +044 | £LI8 | +061 +1.64 +127 +0.60 +1.16 +0.68 +160 | £1.16
FedP: 56.85 30.22 11.94 45.97 37.83 45.08 36.82 | 34.64 | 58.83 26.19 9.31 46.12 36.86 44.26 3540 | 37.77
edrrox +055 +1.68 +191 092 +076 £050 £047 | £104 | 063 £152 +127 +0.87 +1.16 +0.80 +123 | +098
. 41.19 25.98 58.84 50.56 58.13 53.42 | 48.02 36.64 24.81 57.70 50.71 56.80 52.35 | 46.50
FL-Coteaching <
+1.04 +1.87 +0.63 +126 £036 068 | £102 £160 £103 +0.54 +095 £0.40 +121 | +096
- . 49.48 35.35 59.26 55.12 59.40 57.53 | 52.69 44.25 27.29 57.93 52.53 57.70 5547 | 49.20
FL-DivideMix N
+052 +115 +025 +031 +025 £020 | +045 +0381 +250 +035 +133 +023 +095 | +103
FedCorr 70.77 58.29 27.54 67.04 59.58 66.56 61.41 | 56.74 | 64.46 55.83 19.02 61.29 52.18 61.45 53.94 | 50.62
[CVPR22] 211 +1.30 +2.04 +049 +0.70 +0.67 £103 | £104 | 4354 +0.40 +1.52 +0.90 +1.61 +1.88 +069 | £117
FedNoRo 29.61 16.00 35.48 30.57 34.56 30.81 | 29.50 26.66 12.43 34.00 27.00 32.64 27.02 | 26.63
[ICAI3] ° +0.40 039 027 +052 £036 £098 | £049 +057 £061 037 061 022 033 | 045
FedDiv 37.14 4.13 69.37 60.26 66.65 62.64 59.21 10.18 1.11 39.49 39.59 32.72 33.20 | 27.19
[AAAL24] +420 +3.25 +0.42 £156 +066 +042  £125 £105 £0.18 +7.41 £5.80 +9.67 4533 | 042
FedFixer 34.46 13.93 53.17 44.11 53.86 46.08 | 40.94 29.26 11.61 51.43 43.01 51.67 43.63 | 38.44
AAALA] +1.03 +0.60 +056 +033 +098 007 | +060 +022 +034 +071 +058 +130 +038 | +059
FedGR 71.64 63.19 35.28 69.10 62.97 68.73 64.56  60.64 | 69.38 57.76 30.30 65.57 56.49 65.57 59.68 | 55.90
[Ours] +022 +0.91 +147 +0.20 +0.44 +0.46 032 £063 | +052 +0.54 +0.96 +0.65 +049 +0.64 +040 | +0.61

Table 3: Results on Clothing]1 M. The 1st/2nd-best results are in a gray box w/. and w/o. boldface.

Methods ‘ FedAvg | FedProx | FL-Coteaching | FL-DivideMix | FedCor | FedDiv | FedFixer | FedGR
[cVPR22] [AAALY] AAAI] [Ours]

11D | 69.60027 | 69.692025 | 694810m | 69.03:02 | 6984102 | 6771205 706ls02s 71192042

Non.LLD-Dirichlet (0.3) | 67.90+131 | 68.18+113  68.16+052 | 63.88+121 | 60.424723 | 65.79+277 | 65162095  68.52+1.11

4 EXPERIMENTS

We conduct experiments against eight baselines under I.I.D. and Non-L.I.D. FL settings with various
label-noise levels and types to evaluate the effectiveness of the proposed FedGR. Then we perform
ablations on the three main modules to investigate their effects and further analysis to show the
superiority of the proposed FS. Please refer to the appendix for the more experimental details,
results, analysis, discussion, and data visualization.

Datasets & F-LNL setups. The experiments are conducted on CIFAR-10/100 and the real-world
label-noise benchmark Clothing1M (Xiao et al.,[2015) under various F-LNL settings. To simulate the
label-noise heterogeneity, we first partition the CIFAR10, CIFAR100, and Clothing1M into 100, 100,
and 500 FL clients under L.I.D and extreme Dirichlet-Non.LL.D (L1 et al.l 2022)settings, respectively.
Subsequently, we perform a noise label synthetic process. Specifically, ¢ is introduced to control
the proportion of clients affected by noise label. Next, the parameter p,,;, and p,,q, are used to
bound the a uniform distribution U (psmin, Prmaz ) Where the client-k’s label-noise ratio is sampled. In
addition to the label-noise ratio, the label-noise type (Song et al.,2023)), i.e., symmetric, asymmetric,
or a mixture of thereof, is also controlled. For instance, the Mixed in Table[T} [2]and[4] denotes that
the noise type of each client is randomly assigned as either Sym or Asym. Consequently, the I.I.D and
Non.LLD. in all Tables in this study also denote the label-noise heterogeneity and dual heterogeneity
involving both label-noise and data distribution, respectively.

Baselines. The experimental comparison employs eight baselines, which are divided into three
groups: 1) the classic FL methods, i.e., FedAvg (McMahan et al., 2017 and FedProx (L1 et al.,
2020b); 2) the typical C-LNL methods implemented in FL, i.e., FL-Coteaching (Han et al., 2018)
and FL-DivideMix (Li et al.,[2020a); 3) the most recent F-LNL approaches, i.e., FedCorr (Xu et al.,
2022)), FedNoRo (Wu et al., 2023)), FedFixer (J1 et al., [2024)), and FedDiv (L1 et al.,[2024).

Implementation Details. We report the mean test accuracy over the last 10 rounds instead of the
best test accuracy, demonstrating the capability for preventing the overfitting of noisy labels and
mitigating the substantial fluctuations. All the experiments are conducted three times with different
random seeds and the mean and standard deviation are reported. For Non.L.I.D. data partition, we
follow (Li et al.} 2022) to use the Dirichlet distribution to partition the data where ag;richier = 0.3.
As for the data augmentation, we adopt RandAugmentation (Cubuk et al.||2020) and the augmentation
in (Xu et al.| |2022)) as the strong and weak data augmentation, respectively. Following (Xu et al.|
2022), we adopt SGD as optimizer with a constant learning rate and use ResNet-18, ResNet-34, and
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pre-trained ResNet-50 as the backbone for CIFAR-10, CIFAR-100, and Clothing1M, respectively.
The local epochs are set to 10 and 2 for CIFAR-10/100 and Clothing1M, respectively. Az and A are
set to 1.0 and 0.2 as default, respectively. For CIFAR-10, we decrease Ar to 0.1, as the dataset is
relatively simple.

Comparison with State-Of-The-Arts. We conduct experiments against eight baselines under diverse
F-LNL setups, including the label-noise and data heterogeneity (Kim et al.| 2022} [Li et al., 2022)),
and the results are shown from Table[T|to[3] In brief, the proposed FedGR achieves eye-catching
performance and outperforms all the baselines by a considerable margin. Specifically, on CIFAR-10
and CIFAR-100, whenever the data is I.I.D. or Non.L.L.D., the proposed FedGR could achieve the
smallest performance gap to that of models trained without noisy labels, if there are clean clients in a
FL system (¢ = 0.6). As shown in Table[T]and Table 2} the proposed FedGR does not fail like the
FedNoRo, FedDiv, and FedFixer in the most difficult setups (i.e., Sym, ¢ = 1.0, and ¢/(0.5, 1.0)).
Notably, under the most challenging setting of F-LN problem, extiti.e., dual heterogeneity whose both
the data distribution and label noise scenratio are skewed, the proposed FedGR outperform baselines
a considerable margin. Surprisingly, the proposed FedGR even outperforms FedAvg trained with
clean data in some setups (e.g., Mixed, ¢ = 0.6, and 2/(0.2, 0.4)). The reason could be that FedGR
introduces regularizations. However, importantly, the magnitude of this effect is relatively small in the
clean setting, whereas on noisy labels, the gains of FedGR over FedAvg are much more pronounced.
This indicates that the primary benefit of FedGR indeed comes from its ability to handle label noise
rather than regularization. Going beyond, the results in Table [3] verify the effectiveness of the FedGR
on a large-scale real-world label-noise dataset Cloting1M El The F-LNL-oriented baselines, such as
FedCorr, FedDiv, and FedFixer, do not achieve superior results than the proposed FedGR , especially
on the extreme Non.L.LI.D. In conclusion, the proposed FedGR achieves the a new state-of-the-art
label-noise robustness.

Table 4: Ablation studies. Table 5: Further analysis.

LILD | Non.LLD-Dirichlet (0.3)

— - Data Partiti
Data Partition | LLD | Non.LLD-Dirichlet (0.3) ata Partition |
- " - Noise Type | Sym | Asym | Mixed | Sym | Asym | Mixed
Noise Type | Sym | Asym | Mixed | Sym | Asym | Mixed
¢ [ 10 | 10 | 10 | 10 | 10 | 10
) | 10 | 10 | 10 | 10 | 10 | 10
U(pmin; Pmaz) | 05-1.0 ] 02-0.4 | 0.2-0.4 | 0.5-1.0 | 0.2-0.4 | 0.2-0.4
U(pmins Pmaz) ‘ 0.5-1.0 ‘ 0.2-0.4 ‘ 0.2-0.4 ‘ 0.5-1.0 ‘ 0.2-0.4 ‘ 0.2-0.4
FedGR 83.91 91.64 92.27 63.64 83.67 84.65
FedGR ‘ 83.91 91.64 92.27 ‘ 63.64 83.67 84.65 © 4132 4038 0.8 1539 1502 La3s
+132 £038 +0.18 +539 £5.02 +£238 ) » 5573 8993 9037 | 2532 7248 73.54
wo. FS ‘ 5459 8749 9171 ‘ 4548 8345 8401 wio. weak aug +12.97 £029 +0.20 +436 £6.03 +422
+3.04 +0.12 =0.13 +781 +4.49 +031 o srome o 3451 8053 7872 | 1843 3974 5860
wo. LR ‘ 7523 9042 90.46 ‘ 5048 8292 8321 sstongaug | o0 T el T e
) +2.86 +0.13 +0.10 +5.85 +343 +1.89 . - 82.80 91.34 92.04 62.18 82.50 83.56
8149 9122 9184 | 5823 8180 8270 Online EMA distlt ‘ Hla F021 20 ‘ £ a5 86
wlo. Ry ‘ +£1.07 +£034 £030 ‘ +4.08 232 +0.63 Randomly
78.14 91.54 91.24 51.07 30.07 79.44 sample clients 82.56 91.21 92.08 62.03 82.91 83.19
w/o. By, ‘ e o4 ons ‘ o6 336 279 w/. replacement £11s +0.46 +£022 £585 223 +252

in warmup

Table 6: Hyperparameter analysis for A\g & Ag. Table 7: Hyperparameter analysis for v, & ;.

Data Partition | LLD | Non.LLD-Dirichlet (0.3) Data Partition | LLD | Non.LLD-Dirichlet (0.3)
Noise Type | Sym | Asym | Mixed | Sym | Asym | Mixed Noise Type | Sym | Asym | Mixed | Sym | Asym | Mixed
9} [ 10 | 10 | 10 | 10 | 10 | 10 [ ] 10 | 10 | 10 | 1.0 | 10 | 10
U(Pmin, Pmaz) | 0.5-1.0 | 0.2-0.4 | 02-0.4 | 0.5-1.0 | 0.2-0.4 | 0.2-0.4 U(pmin, Pmaz) | 0.5-1.0 | 0.2-0.4 | 0204 | 0.5-1.0 | 0.2-0.4 | 0.2-0.4
Ag =1.0 83.91 91.64 9227 | 63.64 | 83.67  84.65 Yy =0.9 83.91 91.64 9227 63.64  83.67 84.65
Ar =0.1 +132 +0.38 +0.18 +5.39 +£5.02 +2.38 v = 0.99 +1.32 +0.38 +0.18 +5.39 +5.02 +2.38
A =10 73.16 9132 9226 | 2449 | 8244 8384 g = 0.95 80.97  90.82  91.79 62.18 82.07  81.82
Ar =02 +11.26 +0.40 +0.17 +4.04 +433 +3.39 v = 0.99 +0.49 +0.57 +0.22 +4.51 +4.90 +3.92
Az =1.0 52.74 91.87 9253 | 3294 | 8210 8447 g = 0.99 79.87  90.61 91.60 | 61.71 81.65 80.57
Ar =05 +933 +0.20 +0.17 +557 +4.83 +2.93 v = 0.99 +0.56 +0.38 +0.17 +4.93 +4.79 +4.03
Az =0.5 83.18 9093  91.73 | 6222 | 79.60  79.59 Y9 =0.9 80.13 9094  91.75 61.83 81.19  80.09
Ar =0.1 +0.80 +2.40 +0.20 +4.32 +4.95 +341 7 =09 4038 +0.38 4025 +4.72 +4.57 +3.85
A =1.0 83.91 91.64  91.73 | 63.64 | 83.67  84.65 Yy =0.9 83.91 91.64  91.73 63.64  83.67  84.65
Ar =0.1 +132 +0.38 +0.20 +5.39 +5.02 +2.38 v = 0.99 +1.32 +0.38 +0.20 +5.39 +£5.02 +£2.38
A =20 83.68 91.08  92.13 | 49.62 | 83.66 8523 Y =0.9 8485 9239  92.14 | 50.86  79.00  81.28
Ar =0.1 +0.45 +0.30 +0.14 +6.36 +5.87 +3.13 4 = 0.999 +0.57 +0.23 +0.14 +4.13 +3.87 +3.34

*Due to the inaccessible clean labels, the partition of Clothing1M in this paper is less faithful to the realistic
F-LN problem than our synthetic CIFAR-10/100 setups: all clients share exactly the same label noise pattern,
extiti.e., the same noise transition matrix. See appendix for discussion.
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Figure 4: The (a) is the pearson coefficient analysis of the {ry|k € S}. The (b) is the clients’ F-score
distributions of different methods. The F-LNL setup: CIFAR-10, Sym, ¢ = 1.0, and 2/(0.5, 1.0).

Ablations & Further Analysis. In this section, we present ablation studies and hyperparameter
analyses on CIFAR-10 to assess the contribution of each module and the sensitivity to different
hyperparameter settings. The corresponding results are summarized in Tables We fisrt elaborate
on the ablation studies. To evaluate the efficacy of the FS, we use the local model wz for loss
observation inference and perform GMM independently on each client. For LR, we adopt a vanilla
strategy that trains locally only on the estimated clean set. We further set A\, = 0 and A\, = 0 to
examine the contributions of Ry, and By, respectively. As reported in Table[d] FedGR achieves the
best overall performance. The success of sample sieving, i.e., the use of FS, is particularly critical in
challenging F-LNL settings (e.g., Sym with ¢ = 1.0 and 2/(0.5, 1.0)). The LR component further
improves performance by rectifying noisy labels. In addition, when leveraging the global model, both
global representation regularization and globally revised EMA distillation yield further performance
gains. Next, we conduct additional analyses to study the effects of data augmentation, the online EMA
distillation for the globally revised EMA distillation module, and the client sampling strategy during
warm-up (i.e., whether all clients are guaranteed to be sampled at least once). As shown in Table[3]
weak-strong augmentation substantially mitigates overfitting to noisy labels in FL. Using online EMA
distillation in the globally revised EMA distillation module and removing the requirement that all
clients be sampled at least once during warm-up slightly degrades performance. We then perform
a hyperparameter analysis to investigate the impact of Az, Az, 74, and ~y;. As shown in Table|§|,
Ar should not be too large, as excessively strong regularization leads to performance degradation,
while A5 must balance regularization strength against overfitting to label noise. As the choices of v,
and -y, it should satisfy v, < ; since it is designed to resolve the conflict between the global and
local models under dual heterogeneity. The detailed sensitivity analysis about them are shown in
Table and FedGR is quite robust to the choice of 7; when 4; > 0.9, while using a larger v, tends to
degrade performance. Finally, we analyze the quality of FS. Figure ] shows that FedGR can more
accurately capture the relative noise ratios across clients (Pearson correlation > 0.9) and perform
effective sample selection compared with FedCorr and FedFixer.

5 CONCLUSION

This study introduces FedGR, a novel approach for addressing the F-LN problem, inspired by that
the global model in FL exhibits a reduced propensity for label-noise overfitting, which has not been
explored to our best knowledge. By strategically leveraging the global model through our proposed
sieving-and-refining, globally revised EMA distillation, and global representation regularization
modules, FedGR effectively enhances label-noise robustness while respecting the privacy constraints
of FL. The comprehensive experiments across diverse and realistic F-LNL scenarios underscore the
significant effectiveness of FedGR compared to existing state-of-the-art methods. In future work,
we plan to provide a deeper theoretical analysis of the intrinsic label-noise robustness of the global
model in FL.
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A APPENDIX

A.1 LLM USAGE

We used a large language model (LLM) as a writing assistant to improve clarity and to detect grammar

and style issues. The tool did not perform idea generation and data analysis.

A.2 OVERVIEW OF APPENDIX

In the following sections, we present the notation tables of this paper, additional experimental
comparsion with baselines under the best test accuracy metric, more detailed observation experiments
on CIFAR-10 and CIFAR-100, the implementation details of the proposed FedGR, the hyperparameter
configurations of the proposed FedGR and the baselines, the privacy preservation statement, the

complexity analysis, and the visualization of the FL data partition.

A.3 NOTATIONS

For your reference, we summarize all the mathematical notations in TableBl andEl

Table 8: Table of Notations: Part I.

Symbols | Section | Definition
S | 3.1 | The set of clients.
K | 3.1 | The number of clients.
t | 3.1 | t-th communication round.
k | 3.1 | k-thclient.
S (t) | 3.1 | The set of selected clients at ¢-th round.
o) | 3.1 | Loss function.
L | 3.1 | Global training objective of F-LNL.
Ly | 3.1 | Local training objective of k-th client.
Dy, = {(x4,9:) ™, 3.1 The local dataset of k-th client, where x;,
7; and nyj, represents the data, the one-
hot noisy label, and the size of the local
dataset.
p! 3.1 Output logits w.r.t the x; and the local
model parameters w}, of k-th client.
fewhp) 3.1 The backbone network of k-th client at
t-th round, where w? ¥ denotes the pa-
rameters.
h(:;wh 1) 3.1 The classification head network of k-th
client at ¢-th round, where w} , denotes
the parameters.
wi, = {W}.,, Wi ;} 3.1 The local model parameters of k-th client
at ¢t-th round.
wg 3.1 The global model parameters at t¢-th
round.
ar =np/ Y e S(t) M 3.1 The corresponding importance weight for

FedAvg at ¢-th round.
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Table 9: Table of Notations: Part II.

Symbols | Section | Definition

Cf R 3.2 The objective of sieving-and-refining module on k-th
client.
By 32 The objective globally revised EMA distillation mod-
ule on k-th client.
R 32 The objective global representation regularization mod-
ule on k-th client.
A5 | 3.2 | The coefficient of Bj.
Ar | 32 | The coefficient of Ry.
a | 3.3 | The number warmup rounds.
pé’s 33 The output logits of strong augmentated data x; on
k-th client at ¢-th round.
Ui»9.°° | 3.3 | The refined and pseudo label of data x; on k-th client.
4, 3.3 The loss observation of data x; on k-th client at ¢-th
round, where T} represents the number of selected
times for k-th client in last ¢ rounds.
Lt 33 The mean inference loss of data x; on k-th client at
t-th round.
dir | 3.3 | The global unique identifier of data x; on k-th client.
Qi k 33 The “clean” GMM posterior probability of data x; on
k-th client.
Th | 3.3 | The estimated noise ratio of k-th client.
De, D" 33 The partitioned clean and noisy data subset on k-th
client.
Jé; | 3.3 | The label-noise ratio threshold.
Yg» M 34 The momentum coefficient for global-model-revised
EMA step and usual local EMA step.
my | 34 | The number of local training steps on k-th client.
wﬁ,ema 3.4 The parameters of local EMA on k-th client at ¢-th
round.
ie/ b 34 The local EMA model/local model output logits of
weak augumentated data x;° on k-th client at ¢-th
round.
KL(-,-) | 34 The Kullback-Leibler divergence loss.
T | 3.4 | The temperature of knowledge distillation.
15; 34 The data subset with relatively reliable hard labels after
LR.
I ‘ 34 The threshold for the data subset with relatively reli-

able hard labels.
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A.4 EXTRA EXPERIMENTAL COMPARISON RESULTS

To better reflect label-noise robustness and the ability to avoid memorizing noisy labels, we report
the average test accuracy over the last 10 rounds as the metric in main paper. The reasons could be
following.

* In practice, however, one cannot rely on oracle early stopping based on the test set to halt
exactly at that single best round, as no one knows whether continuing the training would
actually improve or worsen the performance.

e In F-LNL, the test accuracy curves of many methods exhibit substantial fluctuations, as
shown in Fig[5] And some baselines reach a very sharp peak at an intermediate epoch and
then deteriorate as they start memorizing noisy labels.

In this section, we still report the best test accuracy for reference. From Table [I0]to[T2] it can be seen
that the proposed FedGR still achieve strong performance on CIFAR-10/-100 and Clothing1 M. This
confirms that the performance gains of FedGR are not an artifact of the particular evaluation protocol.

Table 10: The mean of the best results, averaged across three trials on CIFAR-10. The 1st/2nd-best
results are in a gray box w/. and w/o. boldface.

Data Partition | LILD | Non.LLD-Dirichlet (0.3)

Noise Type | Clean | Sym | Asym | Mixed | | Clean | Sym | Asym | Mixed |
P | 00 | 06 | 10 | 06 | 10 | 06 | 10 | Ag | 00 | 06 | 10 | 06 | 10 | 06 | 10 | A

U(pamins pmaz) | 0000 | 0.5-10 | 0.5-1.0 | 02-0.4 | 02:0.4 | 0204 | 0.2:04 | [0000 | 0510 | 05-1.0 | 0.2-0.4 | 0204 | 0204 | 02:04 |
FedA 92.69 70.93 32.92 85.98 73.89 82.98 72.36 | 73.11 | 89.57 50.64 22.97 75.05 57.49 70.70 55.03 | 60.21
cdAve £008 | £040  +086  +021 £040  £069 026 | £041 | £039 | £167  £155  £005  £095  £03  £101 | 087
FedProx 90.80 65.68 35.25 82.05 68.29 79.31 67.51 | 69.84 | 87.69 48.99 24.24 73.94 56.73 67.51 54.19 | 59.04
£019 | o7 £214 2049 2064 £031 £003 | £064 | £053 | £203  £206  £053  £004  £045 2021 | 08¢
. 70.90 51.54 88.38 84.37 87.12 84.65 | 77.83 51.30 38.10 80.45 75.78 77.80 74.28 | 66.29

FL-Coteaching - - -

+049  £283  £027  £018 4016 £033 | £071 +£054 127 £023  £100  £062  +089 | +£076
FL-DivideMi 77.20 69.85 85.78 86.59 84.87 85.49 | 81.63 61.78 42.72 74.99 73.23 72.09 70.94 | 65.96
-Pivideix B +027  £212 £019 051 +£036  £039 | +064 +£052  £306  +160  +089  +031 +054 | +1L1s
FedCorr 92.73 92.43 59.00 86.18 86.38 85.77 86.15 | 82.65 84.35 33.76 64.11 63.11 86.34 74.87 | 67.76
[CVPR22] £054 | £042  +118 £021 £152 £11 £031 | 074 - £051 £279  £825 657 £108 050 | £328
FedNoRo 63.75 36.90 7251 65.11 71.47 64.11 | 62.31 53.57 21.44 61.22 44.32 59.41 4723 | 47.87
[uCAR3] ° £096  £422 2010 £119  £019 2035 | £117 ° L1622 149 151 £232 2106 £104 | £151
FedDiv 90.62 37.17 93.93 93.07 93.63 92.56 83.50 46.61 22.12 80.83 72.87 76.05 52.71 | 58.53
AAALA] ° +065  £1955 2010 £017 013 £009 345 ° L1498 761 +£094  £665  £558  £I317 | £816
FedFixer 73.94 47.17 86.01 75.03 86.60 79.65 | 74.73 63.04 34.78 77.52 63.43 79.09 68.71 | 64.43
AAALA] ° +068  £206  £039  £129  +051 +068 | +£094 ) t162 288 157 201 £179 192 | £197
FedGR 94.21 92.40 84.66 93.62 92.06 93.34 92.55 91.83 | 88.93 85.68 65.70 89.71 87.77 89.58 87.65 | 85.00
[Ours] £008 | £012  £103  £029  £023  £023  £020 031 | 149 049 434 £026  E£1I12  £021  £056 | £121

Table 11: The mean of the best results, averaged across three trials on CIFAR-100. The 1st/2nd-best
results are in a gray box w/. and w/o. boldface.

Data Partition | LLD | Non.LLD-Dirichlet (0.3)
Noise Type | Clean | Sym Asym Mixed | | Clean | Sym | Asym | Mixed |
3 | 00 | 06 1.0 0.6 1.0 0.6 10 | Avg | 00 | 06 | 1.0 | 06 | 10O | 06 | 10 | Avg
Upmins praaz) | 0000 [ 0.5-10 | 0.5-1.0 | 02-0.4 | 02-0.4 | 0204 | 0.2-04 | [ 0.0-0.0 | 05-1.0 | 0.5-1.0 | 0.2:04 | 0.2-0.4 | 02-0.4 | 02-0.4 |
FedAve 65.17 37.57 16.48 55.79 46.03 53.17 44.12 | 4548 | 6451 33.85 12.70 53.70 42.28 50.73 40.14 | 42.56
cdAve £020 | 074 £065 +075 +041 Lol £027 | 045 | +048 +046 L0065 £071 £069 2063 118 | 069
FedP: 57.24 33.10 15.37 47.20 39.31 45.80 37.74 | 39.39 | 59.38 30.47 11.38 47.97 37.84 45.52 36.28 | 38.41
cdrrox +029 £082 047 £038 +£046  £029  £009 | £040 | +038 +£033 +096 £068  +08s +£062 086 | +067
. 42.87 27.76 59.74 52.15 58.78 5391 | 49.20 39.15 24.90 59.02 50.78 57.48 5242 | 47.29
FL-Coteaching - -
+031 +123 +025 +093 L0014 £047 | £056 +£060  + LI +043  £139  £042  £082 | +£080
FL-DivideMi 49.61 36.30 58.17 54.29 58.02 56.54 | 52.16 46.29 29.28 57.42 51.47 57.11 54.26 | 49.31
-Divideix - + 118 +1.60 +142 +0.90 +1.40 149 | £133 : +039 +122 +0.75 +0.70 +0.34 +122 | £077
FedCorr 71.24 60.10 29.94 67.83 61.05 67.29 62.13  58.06 | 65.38 57.53 21.55 62.91 54.28 63.01 55.33 | 5244
[CVPR22] + 145 +132 155 +045 +067 £085  £080  £096 | 378 052 L1905 £098 181 £195  £070 | £132
FedNoRo 30.03 17.08 35.95 31.00 35.10 31.69 | 30.14 27.43 13.17 34.34 27.46 33.16 27.55 | 27.19
[uCAR3] B +£040  £053 +035 +£056  £036  £067 | +£048 ° +041 +o8s £030  £054  £010  £032 | £042
FedDiv 40.70 9.01 69.90 60.72 67.12 63.16 | 51.77 22.50 5.62 57.12 49.90 55.74 47.79 | 39.78
AAALA] ° +247 267 +031 £159  +081 +039 | +137 ° +141 tla2 260 137 £116 143 | £158
FedFixer 37.96 19.22 55.15 46.06 54.70 4720 | 4338 34.09 16.06 53.92 44.11 52.82 44.79 | 40.97
AAAIA] - £057 2041 £059 055 L1L03 £024 | 2057 ° 013 L0240 119 061 L1240 £036 | £063
FedGR 72.03 64.01 35.82 69.48 64.12  69.21 65.15 6283 | 70.36 59.07 31.89 6634 58.00 66.54 61.01 | 59.03
[Ours] £042 | 046 £143  £022  £000  £016  £016  £038 | 006 LOS8 L0490 £038 2067 2040 £042 | L£043
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Table 12: The mean of the best results, averaged across three trials on Clothing] M. The 1st/2nd-best
results are in a gray box w/. and w/o. boldface.

Methods ‘ FedAvg ‘ FedProx | FL-Coteaching | FL-DivideMix | 40T FedDiv FedFixer FedGR
[cVPR2] [AAAL4] [AAALY [ours)
LLD ‘ 70.24 o011 ‘ 70.21 006 ‘ 69.73 £0.15 ‘ 69.48 015 ‘ 70.11 £ 025 ‘ 67.97 035 7118 £033 ‘ TL71 016
Non.LLD-Dirichlet (0.3) | 7047 2055 | 7023 £03 | 6917 £02 | 64422135 | 6447 £875 | 66.62 248 | 69.65 £ 127 | 70.98 £ 023
Training Curve Comparison on Clothing1M (1.1.D) Training Curve Comparison on Clothing1M (Non.l.1.D)
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Figure 5: The (a) and (b) are the test accuracy curve of different methods on ClothingI M.

A.5 OBSERVATION EXPERIMENT

In this section, we provides more observation experiments on CIFAR-10 and CIFAR-100 and the
corresponding implementation details to support our claim that the global model of FL. memorizes
noisy labels slowly and is capable to maintain reliable predictions and robust representation.
Specifically, to investigate the memorization effect 2017) of the global model of FL, we
first analyze the difference in noisy labels overfitting between the centralized trained model and the
global model of FL under all possible F-LNL setups, including dual heterogeneity under extreme
data heterogeneity (Dirichlet-0.3). The results are shown in Figure[6] [7] [8] [0} [I0] and [I1] Then, to
show this phenomenon in more detail, we report the difference in the degree of overfitting between
the client’s local model and the global model of FL on the noisy labels of each client, showing in
Figure[T3] [T5] [T7}[14] [I6] and[I8] Additionally, we also provide the observation results under different
noise ratios (i.e., 50% and 80%) and different client scales (i.e., 20 and 100), showing in Figure@

Implementation details of the observations. The observation experiments are conducted on
CIFAR-10 and CIFAR-100 with ResNet18 as the backbone. For federated learning
(FL) (McMabhan et al., 2017}, we partition the data into 10 clients in I.I.D and Non.L.I.D. manner
(Dirichlet (Li et al., [2022), agrirchier = 0.3). And we adopt an SGD optimizer with a constant
learning rate of 0.01, weight decay of 5e-4, and momentum of 0.5. Then, we set the epochs of
centralized training and the communication rounds of FL to 200 and the random seed to 1. For
hyperparameter configurations of the observation experiments, please refer to Table[I3]to[T6]

Discussions. The observation experiments consolidate our claim that the global model of FL
memorizes noisy labels slowly and is capable to maintain reliable predictions and robust
representation under moderate noisy ratio. Specifically, we have the following observations:

* Showing from Figure [6] to [TT} under moderate noisy ratio, unlike the centralized trained
model, the global model of FL. memorizes less noisy labels throughout training and does not
suffer from a drop in test performance across different local epochs, client sample ratios,
and extreme data heterogeneity.

* Additionally, as shown from Figure[[3]to[I8] the global model of FL memorizes fewer label
errors than the client’s local model under diverse client sampling ratios.

* As shown in Figure[T2] when the noisy ratio is high (e.g., > 50%), the global model of FL
still memorizes noisy labels more slowly than the centralized trained model and does not

18



Under review as a conference paper at ICLR 2026

suffer from a drop in test performance. However, the global model of FL. may not achieve
the peak test performance of the centralized trained model.

Table 14: Other hyperparameter configurations of

Table 13: Shared hyperparameter configurations (1€ Observation experiments.

of the observation experiments.

. Centralized Federated
Scenario Learni -
earning Learning
. Centralized Federated .
Scenario Learning Learning Data Partition | - | LLD |  NonlLD
Data Partition | - \ LLD | NonLLD Local Epoch - 1 10 1 10
Sample Ratio - 0.2 0.2 0.2 0.2
Dataset CIFAR-10/100 | CIFAR-10/100 | CIFAR-10/100 Batch Size 64 32 32 32 32
i:‘ C'h‘[e“‘ - 10 o5 Noise Ratio (%) | 18.66/15.36 | 18.66 18.66 | 1536 15.36
irichlet - - -
Optimizer SGD SGD SGD Local Epoch - 1 10 1 10
SGD Momentum 0.5 0.5 0.5 Sample Ratio - 0.5 0.5 0.5 0.5
Weight Decay Se-4 Se-4 Se-4 Batch Size 160 32 32 32 32
Network ResNet18 ResNet18 ResNet18 Noise Ratio (%) | 18.66/15.36 | 18.66 18.66 | 1536 15.36
Learning Rate 0.01 0.01 0.01
Epochs/Rounds 200 200 200 Local Epoch - 1 10 1 10
Random Seed 1 1 1 Sample Ratio - 1.0 1.0 1.0 1.0
Batch Size 320 32 32 32 32
Noise Ratio (%) | 18.66/15.36 | 18.66 18.66 | 1536 15.36

Table 15: Shared hyperparameter configurations

of the observation experiments under different

label-noise ratios and client scales. Table 16: Other hyperparameter configurations
of the observation experiments under different
label-noise ratios and client scales.

. ‘ Centralized ‘ Federated
Scenario Learni -
earning Learning
Data Partition - LLD | NonllD Scenario Centralized Federated
Dataset CIFAR-10 | CIFAR-10 | CIFAR-10 Learning Learning
f of client - 20100 201100 Data Partition | - | LLD | Non.LLD
dirichlet - - .
Optimizer SGD SGD SGD Local Epoch - 1 1
SGD Momentum 0.5 0.5 0.5 Sample Ratio - 0.2 0.2
Weight Decay Se-4 Se-4 Se-4 Batch Size 64 32 32
Network ResNet18 | ResNetl8 | ResNetl8 . :
Learning Rate 0.01 0.01 0.01 Noise Ratio (%) 50/80 50/80 50/80
Epochs/Rounds 200 200 200
Random Seed 1 1 1

One possible explanation for this intriguing phenomenon is as follows. Both centralized learning and
FL, the model would first learn the pattern of clean data from the whole training data
. As training goes by, sooner or later, both of them will fit out all the noise labels. However, in FL,
the vanilla FedAvg can be interpreted as a weight-space ensemble over a collection of client-specific
optimization trajectories that repeatedly emanate from, and are re-synchronized at, a shared global
model. With moderate, heterogeneous noisy labels across clients, the gradients driven by the clean
patterns tend to be reasonably well aligned across clients, whereas the gradients induced by noisy
labels are highly client-specific and exhibit low cross-client correlation. Consequently, when the
server aggregates local updates, the coherent signal updates are systematically reinforced, while
the incoherent noise updates tend to cancel out in expectation. Moreover, the temporal dynamics
of FedAvg—periodically restarting local optimization from the current global model and constraining
the number of local update steps per communication round—induces an implicit early-stopping
mechanism: local models spend most of their training in the early-learning regime, where deep
networks preferentially fit shared, simple and clean data, and their subsequent tendency to memorize
idiosyncratic noisy labels is repeatedly truncated and smoothed by aggregation. Consequently, FL
seems to extend the early learning period, which memorizes less noisy labels.

A.6 IMPLEMENTATION DETAILS AND BASELINES

Implementation Details of FedGR . This study adopts a model consisting of a network backbone
f(-) and a linear classification head h(-) for all experiments. Due to the randomness of the data
partition, the experiments on CIFAR-10, CIFAR-100, and ClothingIM are carried out three times
with various random seeds (1, 13, and 42). The entire hyperparameter configuration that the proposed
FedGR adopted is listed in Table[T7} These hyperparameters are divided into three groups, namely
the parameters for FL setups, the optimization configurations of the client’s local training, and the

19



Under review as a conference paper at ICLR 2026

specific hyperparameters for the proposed FedGR . All the experiments have a batch size of 32 and
are supported by NVIDIA RTX 3090. The pseudo code of the proposed FedGR is described in
Algorithm[T]and Algorithm 2] Upon acceptance, the experimental code repository will be released.

Hyperparameters of Baselines. Our code repository implements the typical centralized learning
with noisy labels (C-LNL) approaches (FL-Coteaching (Han et al., 2018)), FL-DivideMix (Li et al.,
2020a)). For the robust label-noise F-LNL methods, we use their official implementations for
reproduction of results.Some common hyperparameters, such as the optimization configurations,
are shown in Table |17} We will briefly describe the specific hyperparameters these baselines use by
adopting the same mathematical notations used in their papers. Notably, all the baselines adopt the
same optimization configurations as FedGR.

* FedProx (Li et al.;[2020b) is proposed to tackle the data heterogeneity (Li et al., 2022) by
introducing a model parameter proximal term to the local learning objective with hyperpa-
rameter [i,,o.. In this study, we follow FedCorr (Xu et al.,[2022) to set fipro, = 1 for all
experiments.

* FL-Coteaching. Following the original settings (Han et al.,2018), we let the decay of the
client-specific sample drop rate be R(T") = 1—7-{T¢/T}, 1} withc = 1, T, = 25, where T
denotes the T'-th communication round and the client-specific noise level 7 is known to be the
expectation of the uniform distribution. Formally, we let 7 = E [pg|px ~ U (Pmins Pmaz)]
for the experiments on CIFAR-10/100. For ClothingIM (Xiao et al., 2015), we set 7 = 0.39,
as it contains natural label noise in a ratio of 39.46%.

¢ FL-DivideMix. The DivideMix (L1 et al., 2020a) is another milestone C-LNL method.
Following the original settings (Li et al.| 2020a), we let the sharpen temperature 7g;yidemiz
be 0.5, the Gaussian mixture model (GMM) posterior probability threshold be 0.5, the
weight of the unsupervised loss A, be 25, the hyperparameter of Mixup’s beta distribution
Bmizup be 4, and the warm-up rounds be 100 for all experiments.

* FedCorr (Xu et al.|, [2022) is one of the early efforts to achieve label-noise robustness in
FL. We use its official-released implementation and hyperparameter configurations to carry
out all the experiments except for the F-LNL setups, learning rate, batch size, local epochs,
SGD weight decay, and SGD momentum.

* FedNoRo (Wu et al}2023) is another label-noise robust F-LNL approach, which detects
the clients with noisy labels and rectifies them with soft labels. We also follow its official
implementation to perform all the experiments on CIFAR-10/100. Specifically, we let the
warm-up rounds be 100 and the F-LNL scenarios be the same as the proposed FedGR .

* FedFixer (Ji et al.|[2024). With the official implementation, we carry out all the experiments
with the originally reported hyperparameters (Ji et al., 2024} except for the F-LNL setups,
learning rate, batch size, local epochs, SGD weight decay, and SGD momentum.

* FedDiv (Li et al., 2024). We carry out all the experiments with the originally reported
hyperparameters (Ji et al.l 2024) except for the F-LNL setups, learning rate, batch size, local
epochs, SGD weight decay, and SGD momentum.
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Table 17: List of the hyperparameters used for FedGR.

Dataset CIFAR-10 CIFAR-100 ClothingIM | Remark

Size of Diygin 50,000 50,000 1,000,000 | -

# of classes 10 100 14 -

# of clients 100 100 500 -

# of rounds 500 500 200 -

Sample Ratio 0.1 0.1 0.02 Fraction of the participated
clients of each round

Qdirichlet 0.3 0.3 0.3 The hyperparameter of the
Dirichlet distribution

Backbone ResNet-18  ResNet-34 p}){r:;lt\rlzltr_l;: (c)l -

Optimizer SGD SGD SGD -

LR 0.01 0.01 0.01 Learning rate for the SGD opti-
mizer

SGD Momentum 0.5 0.5 0.5 Momentum for the SGD opti-
mizer

Weight Decay Se-4 Se-4 Se-4 -

Batch Size 32 32 32 -

Local Epoch 10 10 2 -

AB 1.0 1.0 1.0 Weight of the global revised
EMA distillation By,

AR 0.1 0.2 0.2 Weight of the global representa-
tion regularization Ry,

@ 100 100 50 Rounds of the label-noise snift-
ing

€ 0.9 0.9 0.9 Pseudo labeling confidence
threshold

B8 0.8 0.8 0.8 The threshold of the client’s
label-noise rate

Y 0.99 0.99 0.99 Momentum decay of the stan-
dard local EMA update

Vg 0.9 0.9 0.9 Momentum decay of the global
revised EMA update

T 0.5 0.5 0.5 Distillation temperature of the
By and Ry,

7 0.5 0.5 0.5 The threshold of the proportion
of successfully refined samples

Algorithm 1: Algorithm of FedGR

Input: Total round R
Output: w,

1 for
2
3

4

5

6
7

s end
9 Wg

round =0: R —1do
Sample a set of clients S(t);
for k£ € S(t) do

‘ (e, Wi, {(di i, 0£)}7*) < LocalTraining (wg_l, 7y, identifiers of 752 and 75,’;”) ;

end

Perform Central Sieving to obtain r;, and the sample identifiers of 25,2 and ZAD,?;

Wy 2 kes(r) ﬁft)nsz? > FedAvg Aggregation

R

(—Wg

10 Return w,
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Algorithm 2: LocalTraining of FedGR

g Tk identifiers of ﬁg and 152, AB, AR, o, t, B, 11, T, €, Yg, Vi, and local training
epochs B ~
Output: 1y, Wi, W} ... and {(di r, £;) }7*
Before local training:
Receive wi ™!, estimated noise ratio ry, and the sample identifiers of @,CC and @Z from the server;

9
Initial local model with w!~1;

Forward the model (h o f) (x;; w)™") on D;, to perform Label Refining by Eq in main paper,

Input: w1,

update L! by Eq9|in main paper, get representations { f (xf’; wg_fl) } k, and calculate the
' i

averaged loss {£¢}"* by Eq in main paper;

Globally Revise local EMA model by Eq! 12|in main paper and get the local EMA logits
{pl= )™ by Eqn in main paper;

Local training:

for epoch=0: E —1do

if t <= a then
SR _ . Ls ~\|.
N
else
l,s ~ .
EEN)!
end
> Sieving-and-Refining
le w l,s
B =Ep, [ ( , p; )} > Global Revised EMA Distillation
_ C f1 f(xf?“’;é,f) . : o
Ry =Ep, |KL — — ; > Global Representation Regularization
Ly = L%+ A\gBy + A Ris
wi + arg ming,: Li: > SGD Optimization
mema < EMA update by Eq in main paper;

end
Return n, wi, and {(di’k, E_f) }:““ to server;

A.7 PRIVACY PRESERVATION STATEMENT

The transmitted information of FedGR is similar to FedAvg. The additional transmitted information
in FedGR only contains two scalar value per local example: the running mean of its cross-entropy
loss, together with an opaque identifier, i.e., {(d; x,¢)};*,. The cross-entropy loss function is
many-to-one, so even a server that knows the current model cannot uniquely infer either the raw input
or the label from the loss value alone. Practically, existing “deep leakage from gradients” (Zhu et al.)
attacks rely on access to full gradients or parameter deltas, not on single scalar losses. Consequently,

FedGR maintains the same privacy-preserving properties as FedAvg.

A.8 CONVERGENCE ANALYSIS

FedGR performs standard FedAvg (McMahan et al., 2017) aggregation and uses gradients of Eq.
Hence, the only algorithmic difference with FedAvg is that each stochastic gradient is taken on a
different but smooth objective, and the convergence of FedGR is similar to that of FedAvg. For clarity
we first restate the optimisation problem induced by FedGR, list the additional assumptions that its
extra losses require, and then adapt the classical FedAvg proof to this augmented objective.

Problem Statement. We analyze FedGR under the classical client-averaging update

— (£)
W41 = Qar wk,t ,
kES(t)
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where each selected client performs E local SGD steps (epochs) with step-size 1 on its FedGR
objective
Gk(w) = Fk(w) + A Bk(w) + AR Rk(w).

Below we prove that FedGR enjoys the same non-convex convergence rate O(1/ \/T) as FedAvg.

Assumptions.

Assumption 1 (Smoothness). Each Gy, is L-smooth: ||VGi(u) — VG (v)|| < L||u —v||, Yu,v.
Assumption 2 (Bounded stochastic variance). For any stochastic gradient gl(:? computed on client
k at local step m of round t,

E[g) | w?] = VGi(w?),
E||g\™ — VGi(w)|* < o2

Assumption 3 (Client heterogeneity). Let G(w) = >, axGr(w). Then E||VGy(w)—VG(w)|?* <
¢2, V.
Assumption 4 (Regularizer gradients). ||VBg(w)|| < Mp, ||VRg(w)|| < Mg, Vk,w.

(18)

Assumptionimplies G, 1s still L-smooth for some L that absorbs A\gMp and Az M.

Key Lemma.

Lemma 1 (One-round descent). Under Assumptionsand choosing n < ﬁ

E[G(wii1)] <E[G(w)] — 2L E||VG(wy)
+772L2E2(0‘2 T CQ)

2
H (19)

Proof sketch. Apply L-smoothness of G, expand w1 — wy, take expectation conditioning on w;,
and bound the second moment by o2 + (2 exactly as in FedAvg (cf. Reddi et al., 2021). Regulariser
gradients are already contained in VG. O

Main Result.

Theorem 1 (FedGR convergence). Let Assumptions hold and choose 1 = @(1 /v ET). Then
after T' communication rounds

1= 2 1 o
z ; E||VG(w)|* = O(ﬁ ot nLC).

Hence FedGR attains the same O(1/v/T) rate as FedAvg for non-convex objectives.

Proof. Sum the inequality of Lemma [[jover ¢t = 0,...,T — 1, telescoping the left-hand side.
Rearrange and plug inn = ©(1/VET). O

Discussion. The regularization weights Ap, A only modify the smoothness constant L and the
bound on |VG(w)||, affecting constants but not the asymptotic rate. Therefore, FedGR is as
communication-efficient as FedAvg while providing superior robustness to noisy labels. O

A.9 COMPLEXITY ANALYSIS

As we discussed in related work, directly adopting the C-LNL methods to the local training of the FL
would introduce additional computational overhead. Here, we provide an intuitive computational
analysis, shown in Table @ In this comparison, the communication cost is split into two parts,
“server — client” and “client — server”, while the computation cost is split into three other parts,
“forward”, “backward”, and “other cost”. The “total cos” aggregates ‘“forward” and “backward” cost
and “other cost” denotes the computation overhead induced by diverse label-noise robust F-LNL
methods.
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Table 18: A qualitative analysis of communication and computational costs of each round. Specif-
ically, M represents the communication cost associated with model transmission and reception.
Computational costs of each client are delineated as follows: F' denotes the cost of forward propaga-
tion, B denotes the cost of backward propagation, £ denotes the number of local epochs per round,
and m denotes the times of data augmentations. The context of FL includes K clients, C' classes,
selected clients S(t) at round ¢, and a global dataset size of D. Beyond standard training and commu-
nication overhead, additional computational costs for label-noise robustness are quantified. These
include the overhead incurred by the Gaussian Mixture Model (GMM) and a k-nearest neighbors
(KNN)-like algorithm, denoted as GMM and KNN, respectively.

| Communication Computation of each client

\ \
Method | Srv—=Clt  Clt—Srv | Total Cost |  Forward Backward | Total Cost | Other Cost
FedAvg | M M | 2M | EF EB | EF + EB |
FedProx | M M | oM | EF EB | EF + EB \
FL-Coteaching | 2M 2M | 4M | 2EF 2EB | 2EF+2EB | -
FL-DivideMix | 2M 2M | 4M | (4m+2)EF  2EB | (4m+2)EF + 2EB | 2EGMM
FedCorr | M+ K M | K+2M | (E+1)F EB | (E+1)F+EB | (1+8(t)GMM +S(t)KNN
FedNoRo | M+C M | C+2M | (E+1)F EB | (E+1F+EB | GMM
FedFixer | 2M 2M | 4M | 2EF 2EB | 2EF+2EB | -
FedDiv. | M+2 M+2 | M+4 | (E+3)F EB | (E+3F+EB | S(t)GMM
FedGR | M+D M+D | 2D+2M | (E+3)F EB | (E+3F+EB | GMM
Discussions. According to Table|18| both FL-Coteaching and FL-DivideMix, which are the typical

C-LNL methods (Coteaching (Han et al., 2018)) and DivideMix (Li et al.,[2020a))) implemented under
FL, increase the additional communication and computation overhead. The label-noise robust FL
methods, such as FedCorr (Xu et al.l 2022)), FedNoro (Wu et al ., [2023)), FedFixer (Ji et al.,[2024) and
FedGR , are still inevitable to introduce extra communication and computation overhead. However,
these extra costs are much less than the typical C-LNL methods implemented under FL. Specifically,
the transmitted information and the number of forward and backward passes are much less. As for the
proposed FedGR , though it slightly increases the communication burden due to D > N and D > C'
and requires two more forward pass compared against FedCorr (Xu et al.|[2022)) and FedNoRo (Wu
et al.| 2023), it achieves the best label-noise robustness against the mentioned baselines.

A.10 VISUALIZATIONS

A.10.1 VISUALIZATIONS OF FL DATA PARTITION

In this section, we visualize of the data partition used by the proposed FedGR in Figure[19|and
following (Li et al.,[2022)). It is worth noting that the previous study FedCorr (Xu et al.,[2022)) has
proposed another data partition method for the Non.L.L.D. scenario and it is also adopted by (Ji et al.,
2024; Li et al., [2024). Nevertheless, the Non.L.I.D. scenario used by FedGR is more practical and
harder than that of FedCorr (Xu et al., 2022)), according to the visualizations in Figure @1 @ and @

A.10.2 VISUALIZATIONS FS PARTITION RESULTS

In this section, we visualize a case of the FS partition results of the proposed FedGR. As shown in
Fig.[23] the FS can generally distinguish between noisy labels and clean data. In fact, the proposed
FedGR does not require the GMM of FS to distinguish all four categories perfectly. It is sufficient
that the GMM achieves a reasonably high F1 score when separating data; the misassigned samples
are then handled by the LR (Label Refining), EMA distillation, and representation regularization
modules, which are explicitly designed to reduce their adverse impact.
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Figure 13: The difference between the overfitting degree of the client’s local model on the client’s
noisy labels and that of the global model on the client’s noisy labels. F-LNL setup: CIFAR-10, L.1.D,
client sample ratio 0.2, Sym, ¢ = 0.6, U(0.2,0.4), and overall noise ratio=18.66%
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Figure 14: The difference between the overfitting degree of the client’s local model on the client’s
noisy labels and that of the global model on the client’s noisy labels. F-LNL setup: CIFAR-10,
Non.LLD-Dirichlet (0.3), client sample ratio 0.2, Sym, ¢ = 0.6, 1/(0.2,0.4), and overall noise
ratio=15.36%
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Figure 15: The difference between the overfitting degree of the client’s local model on the client’s
noisy labels and that of the global model on the client’s noisy labels. F-LNL setup: CIFAR-10, L.I.D,
client sample ratio 0.5, Sym, ¢ = 0.6, 1/(0.2,0.4), and overall noise ratio=18.66%

27



Under review as a conference paper at ICLR 2026

S A (RME e
|7 i = s = /MMW*V':‘W Wiy =
(a) Client-0 (b) Client-1 (c) Client-2 (Clean) (d) Client-3 (e) Client-4 (Clean)

(Wb Y, e %

s 10 150 200 o 0 10 150 0 10 150
Centralized Epochs / FL Rounds Centralized Epochs / FL Rounds Centralized Epochs / FL Rounds

(g) Client-6 (Clean) (h) Client-7 (Clean) (i) Client-8

Figure 16: The difference between the overfitting degree of the client’s local model on the client’s
noisy labels and that of the global model on the client’s noisy labels. F-LNL setup: CIFAR-10,
Non.LLD-Dirichlet (0.3), client sample ratio 0.5, Sym, ¢ = 0.6, 1/(0.2,0.4), and overall noise
ratio=15.36%
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Figure 17: The difference between the overfitting degree of the client’s local model on the client’s
noisy labels and that of the global model on the client’s noisy labels. F-LNL setup: CIFAR-10, L.I.D,
client sample ratio 1.0, Sym, ¢ = 0.6, 1/(0.2,0.4), and overall noise ratio=18.66%
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Figure 18: The difference between the overfitting degree of the client’s local model on the client’s
noisy labels and that of the global model on the client’s noisy labels. F-LNL setup: CIFAR-10,
Non.LLD-Dirichlet (0.3), client sample ratio 1.0, Sym, ¢ = 0.6, 1/(0.2,0.4), and overall noise
ratio=15.36%
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Figure 19: Visualization of the I.I.D data partition for FedGR.

29



Under review as a conference paper at ICLR 2026

1566

1567

1568

1569

1570

1571

1572

1573

1574

1575

1576

1577

1578 3

1579

1580 3%

1581 8

1582 &

1583 8

1584 i

1585 ;g

1586 7

1587 &7

1588 o

1589 &

1590 5 - ciass 0

1591 g =g
52 . class 3

1592

= class 4
1593 P e class 6

Non-IID Distribution alpha=0.3

Client ID

2 =it

mm class 7
1594 5 = s
1595
1596
1597
1598
1599
1600
1601
1602
1603
1604
1605
1606
1607
1608
1609 “ S Rumberofsampes 10 e e
1610
1611
1612
1613
1614
1615
1616
1617
1618
1619

o
N
S
3

Figure 20: Visualization of the Non.L.I.D Dirichlet data partition for FedGR: o girichier = 0.3.
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Figure 23: Visualization of the FS partition results of FedGR. The F-LNL setup: CIFAR-10, Mixed,
¢ =1.0,and 24(0.2,0.4).
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