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ARTICLE INFO ABSTRACT

Keywords: Federated learning (FL) enables collaborative model training without centralising raw data, but its
Federated learning performance is susceptible to label noise from clients. A common mitigation strategy involves us-
Noisy labels ing a clean, labelled public dataset at the server to assess client reliability. However, this approach
Dawid-Skene model is impractical due to the unrealistic assumption of availability of a clean, labelled public dataset.

Client weighting To address this issue, we propose FedDS, a novel approach that brings the Dawid-Skene model

from statistical analysis to FL, which enables the estimation of the reliability of each client in FL
without requiring any labelled data at the server. This approach effectively mitigates the adverse
impact of heterogeneous label noise under a weaker and more practical assumption, offering a
robust aggregation strategy for real-world FL scenarios with label noise. The code is available at
https://github.com/Gia99999/FedDS.

1. Introduction

Federated learning (FL) has emerged as a promising paradigm for training machine learning models in a decentralised manner
while preserving data privacy [1,2]. In this distributional paradigm of machine learning, individual clients maintain their local datasets
and perform model training independently, sharing only the resulting individual model updates with a central server, and then this
server aggregates the updates to form a global model [3-5]. However, one of the primary challenges in FL is the presence of label
noise, which can arise from annotation errors or inherent ambiguities in the data [6,7]. Such noise can significantly deteriorate the
performance of the final global model, particularly as label-noise levels are unknown and heterogeneous across clients in FL [8-11].
This has led to increasing research interest in federated learning with noisy labels (FLNL) [12].

In FLNL, a common approach to mitigating the influence of unreliable clients is to estimate client reliability at the server using
a clean, labelled public dataset. Techniques such as client reweighting [13], pruning [14], and selection [15] rely on this dataset to
compute performance indicators or statistical divergences of clients, thereby steering aggregation toward the clients deemed more
trustworthy. However, the effectiveness of this approach depends on the often unrealistic assumption that the public dataset is entirely
clean and accurately labelled.

Fig. 1 showcases the limitation of this unrealistic assumption. We systematically varied the label noise ratio in the server’s public
dataset and evaluated the resulting global model accuracy. Across these three methods, namely client reweighting [13], pruning [14],
and selection [15], the accuracy exhibited a consistent downward trend as the label noise ratio increased, indicating that introducing
label noise into the server’s public dataset degrades global model accuracy. This decline arises because the corrupted labels distort
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Performance with Noisy Public Dataset
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Fig. 1. The impact of a label-noisy public dataset at the server on the test accuracy of global model. The performance of all three methods, FOCUS [13], ClipFL [14]
and Client Selection [15], degrades as the label noise ratio increases, highlighting the limitation of these methods due to their dependence on a clean dataset for the
evaluation of client reliability.
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Fig. 2. Overview of the proposed FedDS approach. It borrows the strength of the Dawid-Skene model to estimate the reliability of each client without requiring any
labelled public dataset at the server. The reliability estimates are then used to weight clients during global aggregation to mitigate the impact of noisy labels.

the estimates of client reliability, causing the server to misjudge client quality and make wrong aggregation decisions. In short, the
results highlight the weakness of the methods that depend on server-side public datasets for the estimation of client reliability.

In addition to the vulnerability to label noise, several practical factors further limit the feasibility of maintaining a clean, labelled
public dataset at the server. For instance, the construction of a clean, labelled dataset entails substantial annotation time and cost,
particularly in fields requiring expert annotation. Furthermore, such a public labelled dataset is vulnerable to security threats and
adversarial attacks, especially those inducing mislabelled samples, which can result in severe damage to the whole system of FL.

To overcome these limitations, we bring the Dawid-Skene model [16] to FLNL and propose a Dawid-Skene-model-based label-
noise mitigation method (FedDS) to address heterogeneous label noise between clients. The diagram of FedDS is shown in Fig. 2. The
Dawid-Skene model is a statistical model originally developed for aggregating various noisy annotations to recover the latent ground
truth. It estimates both the true labels of data and the annotator-specific confusion matrices through an expectation-maximisation
(EM) iterative process. In our setting, the various annotators are the heterogeneous label-noisy clients participating in FL. By borrowing
the strength of the Dawid-Skene model, we enable FLNL to operate without requiring any labelled public dataset at the server.

Specifically, instead of requiring a clean, labelled public dataset, our method only needs an unlabelled public dataset hosted
at the server. In each communication round, the Dawid-Skene model aggregates all individual client models’ predictions of these
samples to calculate client-specific confusion matrices. From each confusion matrix, we compute a reliability score for each client,
reflecting its general predictive performance, even under heterogeneous label noise at the client level. Statistically, the estimation
follows an EM procedure: in the expectation step, the posterior probabilities of the true labels for the public dataset are updated; in
the maximisation step, these updated probabilities are used to refine the client-specific confusion matrices; and these two steps are
iterated until convergence, producing a robust estimate of reliability for each client. These reliability scores are then used to weight
clients during the global aggregation, so that less reliable clients have smaller influence on the aggregated model update in each
communication round.

In summary, the core contributions of this paper are threefold from three perspectives. First, conceptually, we propose FedDS,
a novel FLNL approach that leverages the Dawid-Skene model to estimate client-specific reliability without requiring any labelled
public dataset at the server, by reformulating client model predictions on a server-side unlabelled public dataset as noisy annotations
within a probabilistic framework. Secondly, technically, by integrating the reliability estimates from the Dawid-Skene model into
the aggregation step of FLNL, our FedDS mitigates the adverse impact of noisy labels on the global model and provides a promising
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solution to FLNL under unknown, heterogeneous label noise across local clients in a plug-and-play manner, without modifying the
local training process. Thirdly, empirically, extensive experiments including ablation studies showcase the robustness and practical
effectiveness of our method under weaker assumptions on the availability of a server-side public dataset.

2. Related work
2.1. FLNL methods

To address label noise in FL, existing FLNL methods can be broadly divided into three categories. Sample-wise approaches operate
on individual clients to identify and handle noisy labels directly within their local datasets, for example, through sample selection [10,
17,18] or label correction [19-21]. Client-wise approaches focus on determining which clients should participate in training [22] and
how much each client should contribute to the global aggregation, often based on the estimated reliability or performance of each
client [11,23,24]. Model-wise approaches aim to enhance robustness by modifying the training procedure so that the model can better
tolerate noisy labels [25-28]. While each category of methods tackles the FLNL problem from a different perspective, all face their
own limitations and trade-offs, particularly when applied in heterogeneous and privacy-constrained federated environments. Table 1
summarises some of these representative FLNL methods from sample-wise, client-wise, and model-wise perspectives, highlighting
their research objectives and strategies.

2.2. Server-side public dataset in FL

Motivated by the need for assessing client behaviour without accessing private data in federated learning, a number of FLNL
methods rely on a server-side public dataset as an auxiliary reference, some representative approaches of which are summarised in
Table 2. Chen et al. [13] are among the first to propose using a clean, labelled public dataset to estimate client reliability without
accessing client data. They combine the cross-entropy losses of each client’s local model on the public dataset and its local data to
compute client credibility. In Tuor et al. [29], a labelled public dataset is used to filter noisy data by comparing the loss distributions
of client data with those of the public dataset. Clients whose data fall below a threshold are excluded from training, assuming the
public dataset is clean. Wu et al. [30] use a public dataset to generate a baseline footprint for the global model and compute the
Kullback-Leibler divergence between each client’s local footprint and the baseline, adjusting client participation based on similarity,
which similarly assumes that the public dataset is clean. Yang et al. [15] propose using a clean public dataset to infer the noise ratio
of each client by evaluating the accuracy of client models on clean labels, ranking clients based on their accuracy and using this

Table 1
Summary of some representative FLNL methods, categorised by the level at which label noise is addressed, including sample-wise, client-wise, and model-wise
approaches, along with their research objectives and strategies.

Category Reference Year Research Objective Strategy
Sample-wise ~ Han et al. [17] 2023  Identify clean samples from locally Use feature-difference scores from supervised
noisy data while avoiding the contrastive learning.
Jietal. [10] 2024  removal of hard but informative Select low loss samples using alternating local
instances. and global models.
Sun et al. [18] 2024 Incorporate samples from clean to noisy via
curriculum learning.
Xu et al. [19] 2022  Refine noisy labels to use noisy Replace with pseudo labels inferred from loss-
samples without propagating based GMMs.
Zeng et al. [20] 2023  incorrect supervision. Correct mixed noise by selectively replacing
closed-set noisy labels.
Li et al. [21] 2024 Collaboratively aggregate noise models across
clients.
Client-wise Giap et al. [22] 2025  Exclude unreliable clients to prevent harmful Identify unreliable clients by treating new or
updates. unstable clients as noisy and refining their
reliability over time.
Zeng et al. [11] 2024  Estimate client reliability under Assign weights based on parameter importance
heterogeneous label noise and discrepancies.
Xu et al. [23] 2024  adjust aggregation weights Assign weights based on similarity to a clean
accordingly. reference model.
Tsouvalas 2024 Assign weights based on energy scores derived
et al. [24] from model outputs.
Model-wise Yu et al. [25] 2025 Mitigate model overfitting to noisy Apply forward loss correction using a noise
labels caused by local transition matrix.
Pu et al. [26] 2025  memorisation under limited client Delay memorisation of noisy labels via early-
data. learning regularisation.
Ejigu et al. [27] 2025 Use relaxed contrastive learning with local-global
feature alignment.
Ejigu et al. [28] 2025 Employ feature regularisation and sharpness-

aware optimisation.
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Table 2
Summary of some FL methods that leverage a server-side public dataset to mitigate label noise, highlighting their reliance on clean labels, research objectives
and strategies.

Reference Year Label Research Objective Strategy

Chen et al. [13] 2020 Clean  Estimate client reliability. Compute client credibility using losses on clean public data.

Tuor et al. [29] 2021 Clean Filter noisy client data. Filter samples by comparing loss distributions with clean public data.

Wu et al. [30] 2023  Clean  Identify unreliable clients. Measure divergence between local and global outputs on clean public data.
Yang et al. [15] 2021 Clean  Select clients. Rank clients by accuracy evaluated on clean public data.

Morafah et al. [14] 2025 Clean  Prune noisy clients. Exclude clients based on accuracy on clean public data.

Lu et al. [31] 2024 No Identify severely noisy clients. Estimate client uncertainty using model predictions on public data.

Ouyang et al. [32] 2025 Clean  Weight clients. Assign weights by optimising global model performance on clean public data.

information for client selection. Morafah et al. [14] test client models on a clean public dataset and rank them based on accuracy to
identify noisy clients, which is used as a pruning criterion.

To reduce the dependency on clean labels, some research leverages model uncertainty. Lu et al. [31] use a public dataset to
calculate prediction uncertainty of client models and optimise the global model without requiring labelled data. Ouyang et al. [32]
also use a public dataset to assess client uncertainty without requiring labels; however, clean labels are still needed to evaluate model
performance when adjusting aggregation weights.

In summary, these methods demonstrate the effectiveness of public dataset-based strategies for mitigating label noise in FL. Despite
the importance of a public dataset at the server, most of these methods share the limitation that they require clean, labelled data,
which suffers from challenges such as high labelling costs and vulnerability to performance degradation when the public dataset
is noisy. As illustrated in Fig. 1, violations of this assumption can distort client reliability estimation and degrade global model
performance, motivating the task of reliably estimating client reliability from an unlabelled and noisy public dataset, which is the
focus of our work.

3. Method
3.1. Problem formulation

We consider an FLNL setting with J clients with unknown, heterogeneous label noise. Each client j holds a local dataset D; and
trains a local model f;(-; 8;) with parameters 6;. In each communication round, clients upload their updated model parameters 6; to
the central server, which aggregates them to obtain the global model parameters 0:

J
0= wo, ¢h)
j=1

where w") denotes the aggregation weight for client j. The aim of this paper is to develop a theoretically well-founded and empirically
superior method to estimate weights wY) without requiring any labelled public dataset at the server for FLNL.
Table 3 summarises the notation used in this section.

Table 3
Summary of notation.

Notation Meaning

J Number of clients

Jj Index of a client (j = 1,...,J)

D Local dataset held by client j

n; Number of samples in D;

f;(50;) Local model of client j

0, Local model parameters of client j

0 Aggregated global model parameters

wW Aggregation weight for client j

C Number of classes

2 Unlabelled public dataset at the server
N Number of samples in the public dataset
X; i-th public data sample

T, Latent true label of sample x,

39 Prediction of client j on sample x;

i
MY Confusion matrix of client j

m) Probability of predicting label / given true class ¢
%)S Reliability of client j

Pe Prior probability of class ¢

0,(c) Posterior probability that 7, = ¢

1{-} Indicator function
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3.2. Motivation

In FedAvg [33], the weights are proportional to the local dataset sizes:

"

Y
Z/:] n
where n; is the number of local samples at client j. However, in practice, the quality of client data can vary significantly, especially
when labels are corrupted by heterogeneous noise. Direct aggregation as in FedAvg [33] suffers from highly noisy clients, especially
those with large sample sizes, to adversely affect the global model. To address this issue, it is natural to propose assigning aggregation
weights based on each client’s reliability in the target task. However, it is non-trivial to accurately estimate the reliability for each
client, particularly as the level of label noise is unknown and heterogeneous across clients and there is only an unlabelled public
dataset available in practice to facilitate such an estimation.

Let us first establish the notation for such a situation. Suppose the unlabelled public dataset held by the server is denoted by

W) =

(2)

Dpup = {x1, %0, 0, xy by 3)

where the true label 7; € {1,...,C} for each sample x; is unknown. Nevertheless, for each client j, the server can use the locally
trained model f; to make predictions on the public data, yielding the estimated label for sample x; as

yWell....c), i=1,..,N. o)
If ground-truth labels are known for the public dataset, we can summarise the predictive performance of model f; for client j by
calculating its confusion matrix:

M) = [mw] ¢ Q)

eller=1’

where each entry of the confusion matrix is
mi{]):P(y(f):llT:c), Zmi{l)zl, 6)
=1

which characterises the probability that client j’s model f; predicts label / given that the true label is c.
Once the confusion matrix is obtained, we can define the reliability of client j as the average of the diagonal entries of its confusion
matrix:

C
G _ 1 j
wis =& 2, mh )
c=1

This quantity measures the client j’s mean accuracy across all classes.

However, since the public dataset is unlabelled, the ground-truth labels are unknown. Fortunately, as shown in Egs. (6) and (7),
we do not have to know the ground-truth labels, as we will only need the conditional probabilities P(y/) = I | T = ¢) for each client
Jj. To this end, we bring the Dawid-Skene model from statistical analysis to FL. The Dawid-Skene model enables us to first infer the
posterior distribution of the true labels for each public sample by aggregating the predictions of all individual client models, and
then the confusion matrix MY) can be estimated for each client. Finally, the estimated reliability scores w?’, can be used to perform
a reliability-aware weighted aggregation:

J )
o=y —D5 g ®)
J (ORI
=1 Xy Wp

)
DS

3.3. Dawid-skene-based estimation of client confusion matrices

. nC .
Let us recall that MY) = [mi’l)] - denotes the confusion matrix of client j (see Eq. (5)), and w(D’)S denotes its reliability estimate
o=

5 NJ . .

computed from the diagonal average (see Eq. (7)). Given predictions { yE’)}i=1J.=l of all clients on the public dataset Dy, at the

server, the Dawid-Skene model can be used to jointly estimate the posterior distribution of true labels for each sample and the

confusion matrices for all clients. Following the EM procedure, the Dawid-Skene algorithm alternates between estimating the posterior
distribution of the latent true labels in E-step and updating the confusion matrices in M-step.

E-step. At the r-th iteration, for each sample x; and each possible true class ¢ € {1,...,C}, the posterior probability of T; = ¢, also
called posterior responsibility, can be computed as

H17/ (), (1)
PE» Hj:| <m/ >

”’yij)

C (1) J G)s(®)
Zc’:] b, Hj=| <m ! )

E/,yl(/)

0"(c) =

(9)

where p” is the current estimate of the prior probability of class c. It follows that Zil Q?’)(c) =1 for each sample.
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M-step. The parameters (i.e., the confusion matrices and the class priors in Eq. (9)) are then updated to form the estimates for the
next (r + 1)-th iteration, as follows. For each client j and each (c, /) entry of its confusion matrix, we have

mij[),(t+1) _ Zi]il QEI)(C) ) l{yﬁj) = 1} . (10)
: S I 0% 1Y =11}
where 1{-} is the indicator function, and the class priors are updated as
+1) _ 1 S 10)
(=< 2000 an

i=1
The E-step and M-step are iterated until convergence.

After the convergence of the EM iterations, the updated reliability estimates w(z];)s are computed as in Eq. (5) from the estimated
confusion matrices and then applied in the global aggregation step described in Eq. (8). This ensures that clients with lower reliability
have reduced influence on the global model, mitigating the impact of heterogeneous label noise.

4. Theoretical properties

In this section, we provide theoretical guarantees of FedDS in the FL setting, including convergence and identifiability. The notation

iy
is consistent with that in Section 3. We note that, given the true label 7; of a public sample, the predictions { y?) }j= , from different
clients are assumed to be conditionally independent, as assumed in the EM algorithm for the Dawid-Skene model for Eq. (9); and
each client’s confusion matrix remains fixed during one EM estimation process.

4.1. Convergence

Under the Dawid-Skene model, the marginal probability of the observed predictions for a public sample x; is given by

o
(mc’yi’ )> ’ (12

The incomplete-data likelihood for all observed predictions is

(mij;u)>> ’ (13
J

(mm )) ) (14)
LA e

N c
(M9}, (p.1: 6F)) = Y log <zpc I1
i=1 c=1 j=
The E-step and M-step of the EM algorithm update the posterior responsibilities, confusion matrices, and class priors at each
iteration ¢ as defined in Egs. (9)-(11), respectively. The EM convergence property applies [34], guaranteeing that the log-likelihood
does not decrease at each iteration:

£ (MO (D) (0] ) 2 2 ((MOO), (0): (57)). (15)

C J

) D) —
P<y,- sees Y )—ZPCH
c=1 1

j=

. N c !
LM}, 1 69) = T <ch I1
i=1 \c=1 j=1

and the corresponding log-likelihood is

Since the log-likelihood function is bounded from above, the above non-decreasing sequence must converge. Consequently, the
sequence of parameter estimates {MY)(), pi’) } generated by the EM algorithm converges to a stationary point of the likelihood function,
which may correspond to a local maximum or a saddle point.

Therefore, under the Dawid-Skene model and the conditional independence assumption of the client predictions, the EM estimation
procedure adopted in this work is convergent. This provides a theoretical guarantee for the stability of the proposed confusion matrix

estimation.

4.2. Identifiability

In general, the Dawid-Skene model is not strictly identifiable. In a latent class model, a simultaneous relabelling of the latent
class index, together with a corresponding permutation of the rows of all confusion matrices and the class prior, leaves the joint
distribution of the observed predictions unchanged [16]. As a result, without additional constraints, there is in general no unique
parameter set {M", p.} that corresponds to a given joint distribution of observed labels { yf.j ) }.

Nevertheless, among the true-label-permuted estimates that correspond to the same joint distribution of observed labels { yﬁj it
is sensible to assume that the client confusion matrices that are diagonally dominant are more likely to be the correct ones [16]. By
diagonal dominance, we mean that for every class ¢ the confusion matrix of client j satisfies

mgfg >m?, Vi#e. (16)

e,l’

Here we shall show that, if the ground-truth confusion matrices of clients are truly diagonally dominant, these matrices can be
uniquely identified from the joint distribution of the observed predictions.

6
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We first establish the notation. Let {MY), p.} denote the true parameter set. We assume that there exists at least one client whose
confusion matrix is diagonally dominant. Assume client j is such a client satisfying Eq. (16). Consider any permutation ¢ of the class
index set {1, ..., C}, and the corresponding permuted parameter set {MY), 5,} denoted by

~ ~(j) ) ;
Pe = Doy Mgy =my, o Vel a7

Recall that this permuted parameter set induces the same joint distribution of observed labels { yﬁj )} as does the original one.

Then we show that, however, the permuted confusion matrix MY cannot also be diagonally dominant for any non-trivial permu-
tation o, where there exists at least one class ¢ such that o(c) # c. Recall from Eq. (17) that the ¢-th row of MY is obtained from the
o(c)-th row of MY):

ﬁijl) = ’"%),/’ vi. 18)
It follows that, when / = o(c),

ﬁi{i(c) = Moe)ot0) 19
In the meantime, by the diagonal dominance assumption in Eq. (16) for M), we have

m oo > M V# o). (20)
Hence, as ¢ # o(c), it follows Eq. (19), then Eq. (20) and finally Eq. (18), that

O NN )] ()R-} 21

co© — Moo ~ Motere c.c’

That is, the largest entry in the ¢-th row of MY is not on the diagonal, or say, MU is not diagonally dominant.

In short, under the joint estimation within the Dawid-Skene framework and the diagonal dominance assumption valid for at least
one client, the client confusion matrices can be uniquely determined by the observed joint distribution of the client predictions, and
hence are identifiable.

5. Experiments
5.1. Experimental setup

Datasets. We use three standard benchmark datasets in our experiments: MNIST [35], CIFAR-10 [36], and CIFAR-100 [36]. MNIST
contains 60,000 training images and 10,000 test images with ten categories. CIFAR-10 and CIFAR-100 both consist of 50,000 training
images and 10,000 test images with ten and one hundred categories, respectively.

In order to simulate the FL setting, we partition the dataset into three subsets. First, 10% of the original training data are held
out as a public dataset that is accessible to the server. This split is performed by using stratified sampling, ensuring that the public
dataset covers all classes present in the full training set while preserving the original class proportions. Second, the remaining 90%
of the training data are divided among a fixed number of clients. Finally, the original test dataset is retained at the server for global
model evaluation. We report the test accuracy of the global model, which is calculated as the average accuracy over the final 10
communication rounds of each experiment. To ensure a fair comparison, all methods evaluated in our experiments use the same data
partition that includes a public dataset.

Moreover, to investigate the impact of data heterogeneity, we design two data partitions to represent the independent and iden-
tically distributed (IID) scenario and the non-IID scenario. First, in the IID scenario, the training data is randomly shuffled and
partitioned equally among all clients. Second, in the more challenging non-IID scenario, we employ a Dirichlet distribution to assign
different proportions of class labels to each client [37]. We control the degree of heterogeneity by tuning the hyperparameter of the
Dirichlet distribution a. Specifically, we set « = 0.5 to simulate a highly heterogeneous scenario where each client likely possesses
samples from only a few classes and a = 10 to simulate a moderately heterogeneous scenario.

In addition, to simulate heterogeneous clients with varying data quality, we introduce symmetric label noise to each client’s local
training set. For a client with an assigned noise rate p, each data label has a probability of 1 — p of being correct and a probability
of p of being uniformly flipped to a random incorrect class. To model a diverse range of client reliability, the noise rates are drawn
from a discrete uniform distribution ranging from 0.1 to 1.0 with a step size of 0.1 across the clients.

Implementation details. ~ Following [23,32,33], we use distinct model architectures for different datasets. For MNIST, we employ a
simple convolutional neural network (CNN). For CIFAR-10, we use a VGG-style CNN [38]. For the more complex CIFAR-100, we adopt
a ResNet-18 architecture [39]. In the experiments, we consider a total of 100 communication rounds. Following the vanilla setting
of FL [33], the system comprises 100 clients, of which 10 clients are randomly selected in each round to perform local updates. Each
selected client is trained for 5 local epochs with a batch size of 64. We adopt stochastic gradient descent (SGD) as the optimization
method, with a learning rate of 0.01 and momentum of 0.9. All experiments are implemented in PyTorch and run on an NVIDIA Tesla
P100 GPU under a Linux-based environment.

5.2. Plug-and-play enhancement of FL methods originally not addressing label noise

To validate the effectiveness of our proposed FedDS as a plug-and-play module to boost the performance of mainstream FL methods
that do not address label noise, we integrate FedDS with FedAvg [33], FedProx [40], SCAFFOLD [41] and MOON [42]. In practice,
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Table 4
Test accuracy (%) comparison between several FL methods in their vanilla form and their FedDS-enhanced versions. The A row quantifies the absolute

performance improvement provided by our module across all datasets and data distributions. Values in grey are the FedDS-enhanced results, and values in
green are the corresponding improvements achieved by FedDS.

Baseline 1IID Non-IID (a = 0.5) Non-IID (a = 10)

MNIST CIFAR-10 CIFAR-100 MNIST CIFAR-10 CIFAR-100 MNIST CIFAR-10 CIFAR-100

FedAvg [33] Vanilla 95.57 55.15 22.45 91.73 37.24 20.08 94.04 40.42 21.71
+FedDS  96.98 59.68 31.54 94.96 43.02 28.03 96.34 50.98 30.43
A +1.41 +4.53 +9.09 +3.23 +5.78 +7.95 +2.30 +10.56 +8.72
FedProx [40] Vanilla 95.79 55.78 23.87 93.52 38.01 21.82 95.64 44.27 22.69
+FedDS  97.17 60.02 29.61 95.01 43.14 26.42 96.41 51.64 28.95
A +1.38 +4.24 +5.74 +1.49 +5.13 +4.60 +0.77 +7.37 +6.26
SCAFFOLD [41] Vanilla 92.70 53.45 22.96 91.18 36.75 20.14 91.59 42.21 22.23
+FedDS  95.78 60.55 34.64 94.17 43.05 28.56 94.86 51.06 33.02
A +3.08 +7.10 +11.68 +2.99 +6.30 +8.42 +3.27 +8.85 +10.79
MOON [42] Vanilla 95.28 36.32 27.39 80.42 27.96 23.56 95.09 33.19 26.34
+FedDS  96.51 48.39 35.51 92.23 32.69 27.79 96.35 43.87 34.06
A +1.23 +12.07 +8.12 +11.81 +4.73 +4.23 +1.26 +10.68 +7.72
Table 5

Test accuracy (%) comparison of all methods across different datasets and data distribution settings. « = 0.5: a highly heterogeneous scenario;
a = 10: a moderately heterogeneous scenario. The best is in bold, and the second best is underlined. Values in grey are the results achieved by the
proposed FedDS.

. IID Non-IID (a = 0.5) Non-IID (a = 10)
Baseline
MNIST CIFAR-10 CIFAR-100 MNIST CIFAR-10 CIFAR-100 MNIST CIFAR-10 CIFAR-100

FedAvg [33] 95.57 55.15 22.45 91.73 37.24 20.08 94.04 40.42 21.71
FOCUS [13] 96.24 59.39 32.51 92.47 33.07 27.58 95.84 43.33 31.83
Client Selection [15] 97.00 50.59 24.28 92.06 44.65 21.90 96.72 51.46 23.40
ClipFL [14] 95.70 54.42 22.27 83.58 29.99 19.74 94.83 38.97 21.31
FedDS 96.98 59.68 31.54 94.96 43.02 28.03 96.34 50.98 30.43

this requires no modification to the local training process of existing FL. methods, as FedDS is inserted only at the aggregation stage,
where it replaces the original aggregation weights with the weights estimated from our module. For each method, we compare its
original implementation against an enhanced version where our method is embedded. All methods are evaluated under identical
experimental configurations as shown in Section 5.1 to ensure a fair comparison.

As shown in Table 4, our FedDS method can clearly boost the accuracies of FL. methods under noisy labels, as the A rows confirm
a consistent performance boost for each FL method in every setting we test, showing the high compatibility of FedDS. The boost in
performance is especially large for SCAFFOLD [41] and MOON [42], which were severely affected by label noise. Integrating our
FedDS into these methods can increase their accuracy in all cases, often significantly by more than 7-12%. This can be attributed to
the fact that FedDS can act as a noise estimator during the aggregation stage, allowing FL. methods to work on a more reliable set of
updates. Therefore, our method can serve as a valuable enhancement module that gives FL methods the robustness needed to work
with the noisy labels commonly seen in real-world applications.

5.3. Comparison with SOTA FLNL methods

To further validate the effectiveness of our proposed Dawid-Skene-based weighted aggregation strategy, we also conduct a com-
parison with several SOTA FLNL methods that also leverage a public dataset. Our comparison includes the standard FedAvg [33] as a
baseline, which performs equal-weight averaging. We also compare against ClipFL [14], a client pruning method that removes under-
performing clients in the training process, and FOCUS [13], a client re-weighting algorithm that calculates client weights based on a
combination of the local model’s loss on the public dataset and the global model’s loss on the client’s local data. In our comparative
experiments here, all baseline methods except FedAvg [33] use clean, labelled public datasets containing no noisy labels, whereas
our approach uses an unlabelled public dataset. All methods are evaluated under identical experimental configurations as shown in
Section 5.1. Because the compared methods [13-15] rely on clean, labelled public datasets, the aim of this experiment is to examine
whether FedDS can achieve comparable performance to them when the requirement for clean, labelled public data at the server is
relaxed.

The experimental results presented in Table 5 validate the competitive performance of our proposed FedDS method across a diverse
range of datasets and data distributions. Among the nine scenarios listed in Table 5, FedDS achieves the highest accuracy in three
cases: on CIFAR-10 in the IID setting, and on MNIST and CIFAR-100 in the highly heterogeneous settings (Non-IID, « = 0.5), which
indicates its robustness under severe client heterogeneity. Moreover, we note that, in the other six settings including the moderately
heterogeneous settings (Non-IID, a = 10), our FedDS is still competitive, being the second best performer and within only a small
margin from the best method. It is also important to note that these competitive results of FedDS are achieved by using only an
unlabelled public dataset, whereas the other competing FLNL methods rely on clean, labelled public datasets to perform.
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(b) Performance Comparison with Asymmetric Noise

60 +— FedAvg 60 +— FedAvg
9 —— FedDS ; 9 —— FedDS
=50 ! =50 |
v v .+
e e
3 40 3 40
) 1)
< <
a i 30
@ 30 &
g g
©20 © 20
(U] o

10 10

0 20 40 60 80 100 0 20 40 60 80 100

Communication Rounds Communication Rounds

Fig. 3. Demonstrating the robustness of our proposed method to different types of label noise. The figure compares the test accuracy of our proposed method against
FedAvg on CIFAR-10 with (a) symmetric noise and (b) the more challenging asymmetric noise.

Nonetheless, we note that, on more complex CIFAR-10 and CIFAR-100 datasets than on simpler MNIST, all the accuracies of FedDS
and the compared FLNL methods remain much lower, as shown in Table 5. This pattern reflects the inherent difficulty of FL under
severe data heterogeneity, data scarcity, and label noise. Compared with MNIST, CIFAR-10 and CIFAR-100 have much higher visual
complexity and intra-class variation. Combined with heterogeneous and often high levels of label noise across clients and limited
local data for training, noisy gradients may heavily affect local training, limiting the amount of reliable discriminative information
that can be learned and the performance of subsequent aggregation of local models.

In summary, these results indicate that FedDS can work effectively under weaker and more realistic assumptions of the availability
of public data annotations, and equally importantly, that FedDS can offer a robust and practical solution to FL under label noise. That
said, there is still substantial room for FedDS and other FLNL methods to improve their performance on complex datasets.

5.4. Ablation studies

5.4.1. Effect of type of noise
The aim of this experiment is to assess whether the proposed method remains effective under different label noise structures. We

therefore consider both symmetric and asymmetric noise settings, and adopt FedAvg [33] as a baseline. Symmetric noise refers to
labels being randomly flipped to any other incorrect class, while asymmetric noise involves flipping to specific, confusable classes,
posing a greater challenge to model training. For our experiments on the CIFAR-10 dataset, we generate asymmetric noise by targeting
four pairs of semantically similar classes. Specifically, a certain percentage of labels are systematically flipped (Truck labels are
changed to Automobile, Bird labels to Airplane, Deer labels to Horse, and Cat labels to Dog). For each of these source classes, we flip
a proportion p of its samples to the corresponding target class, where p denotes that client’s assigned noise rate introduced earlier.
This type of structured noise poses a greater challenge to model training, as the mislabelling is not random but correlated with the
data’s features, potentially causing the model to learn incorrect patterns.

The resulting accuracy curves, shown in Fig. 3, clearly demonstrate that our proposed method consistently outperforms the baseline
in both environments. Under symmetric noise, the performance advantage of our proposed method widens as training progresses,
achieving an average accuracy of approximately 59.39% over the last 10 rounds, significantly higher than FedAvg’s 55.15%. In the
more challenging asymmetric noise environment, our proposed method maintains its lead, with its average accuracy over the final 10
rounds reaching 58.65%, surpassing FedAvg’s 53.77%. These results demonstrate the robustness of our method against various noise
structures: Whether the errors are random (symmetric) or systematic (asymmetric), our proposed method can effectively identify and
down-weight the contributions of unreliable clients, leading to a more accurate global model.

5.4.2. Effect of size of public dataset
To examine the impact of public dataset size on the performance of FedDS, we extract samples from CIFAR-10 at three proportions,

0.05, 0.1 and 0.2, respectively to construct three public datasets of different sizes, while keeping the training set size for clients
unchanged at 40,000 samples so that the factor of public dataset size can be isolated during the examination.

The performance of these three public datasets is plotted in Fig. 4, which shows that the performance improves as the size of
the public dataset increases: The average test accuracy increases from 37.31% at proportion of 0.05, to 37.94% at proportion of 0.1,
and further to 38.90% at proportion of 0.2. This trend implies that a larger public dataset provides more information for estimating
the confusion matrices, leading to more accurate reliability estimation. In practice, using a larger public dataset nonetheless means
higher computational overhead, since each client needs to make predictions on all public samples in every communication round.
Therefore, considering the trade-off between the performance gain and the computational overhead, we set the proportion to 0.1 as
a relatively balanced choice.

5.4.3. Effect of type of public dataset
The objective of this experiment is to investigate how the distributional characteristics of the public dataset, used for the Dawid-

Skene-based aggregation, influence the performance of the global model. The client data consists of the CIFAR-10 training dataset
with heterogeneous label noise, and the global task is the CIFAR-10 classification. With the client data and the global task fixed, the
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Fig. 4. Effect of public dataset size on global test accuracy, where the public datasets used for Dawid-Skene-Model-based aggregation are constructed at sampling
proportions of 0.05, 0.1 and 0.2, respectively, while the training set size is fixed for clients at 40,000 samples.
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Fig. 5. Effect of type of public dataset on global test accuracy, comparing CIFAR-10, CIFAR-100 and MNIST as the public dataset while keeping the client dataset and
the global task fixed.

performance of the global model is evaluated across three scenarios with distinct public datasets: CIFAR-10 which represents data
with an identical domain and class distribution to the primary task; CIFAR-100 which uses data that are out of distribution regarding
classes yet retains domain similarity; and MNIST which introduces a domain shift concerning visual features.

The results in Fig. 5 show the stability of performance when the public dataset maintains domain similarity to the client data. The
final mean accuracy is 56.1% for CIFAR-10 and is 59.0% for CIFAR-100, suggesting that the Dawid-Skene model’s capacity to identify
reliable clients is rather robust to differences in the label set of the public dataset, provided that the underlying visual domains are
consistent. The higher accuracy with CIFAR-100 may be due to its larger number of fine-grained categories offering more information
when estimating client reliability for the simpler target task of CIFAR-10 classification. In contrast, when MNIST is used as the public
dataset, the performance drops to 54.5%, which can be attributed to the significant domain shift from CIFAR-10. This observation
implies that FedDS prefers the unlabelled public dataset to be domain-relevant for precise estimation of client reliability.

In conclusion, the experiment demonstrates that the Dawid-Skene-based aggregation method remains effective when the public
data come from a domain the same as or relevant to the target task, even if the class distributions are not identical.

5.4.4. Effect of number of iterations

This experiment aims to explore the impact of the number of iterations in the Dawid-Skene algorithm on the aggregation effect of
the FedDS. Keeping other FL and local training parameters unchanged, we only change the iteration number in the FedDS algorithm,
with four values of 50, 100, 500 and 1000 evaluated, respectively.

As shown in Fig. 6(a), the number of iterations in the FedDS algorithm can affect final performance. Poor performance is observed
with a small number of iterations (iter =50), achieving only 56.06% mean accuracy, suggesting that the FedDS algorithm requires
sufficient iterations to converge to the clients’ true reliability. The performance of FedDS improves with iterations, achieving 60.46%
mean accuracy at iter=500. However, many more iterations (iter =1000) do not yield any performance gain, but instead result in
a slight drop to 58.98%. This observation may be attributed to overfitting to local label noise under limited public data by the EM
procedure in the Dawid-Skene algorithm [43,44].

To further examine this observation, we conduct an additional experiment with a larger public dataset at public proportion of
0.2. In this setting, FedDS with 1000 iterations outperforms FedDS with 500 iterations, as shown in Fig. 6(b). That is, with a larger
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(a) Effect of iterations with limited public data (b) Effect of iterations with larger public data
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Fig. 6. Effect of the number of FedDS iterations for client reliability estimation on global test accuracy. (a) Public proportion = 0.1, where performance is evaluated
under 50, 100, 500 and 1000 iterations. (b) Public proportion = 0.2, comparing 500 and 1000 iterations.

public dataset, more iterations can be preferred. However, we note that in such a case we should also consider a trade-off between
performance gain and computational overhead while making a balanced choice of iteration number.

5.5. Computational complexity and practical overhead

In each communication round, the dominant computational cost remains for the local model training at the client side, the same
as in FedAvg [33]. The additional computation introduced by FedDS occurs only at the server due to the Dawid-Skene procedure on a
small public dataset to estimate posterior label probabilities and confusion matrices of clients. The computational cost of this process
grows with the number of participating clients, the size of the public dataset, the number of classes, and the number of EM iterations.
In practice, the public dataset is small, the number of classes is limited, the number of EM iterations is moderate, and the Dawid-Skene
procedure involves only simple operations without requiring gradient computation. As a result, the additional server-side overhead
introduced by FedDS is light and does not affect the scalability.

5.6. Summary of experimental results

The experimental results demonstrate the effectiveness and robustness of FedDS for FL, especially under highly heterogeneous
label noise. The plug-and-play experiments show that FedDS can be easily integrated into mainstream FL methods, and across multiple
datasets and data distributions, FedDS can consistently improve their performance. Comparison with state-of-the-art FLNL methods
indicates that FedDS achieves competitive performance despite relying on only weaker assumptions of public data, with clearer
advantages shown in highly heterogeneous non-IID settings. Additional ablation studies further confirm that the performance of
FedDS is stable under different noise types and reasonable hyperparameter choices. Nevertheless, compared with that on MNIST,
the performance on CIFAR-10 and CIFAR-100 remains lower for FedDS and other competing FLNL methods, due to the increased
difficulty of FL under severe label noise, client heterogeneity, and limited local data.

6. Conclusion

In this paper, to address the challenge of heterogeneous label noise in FLNL, we introduce FedDS, a novel method that brings the
Dawid-Skene model to FL. FedDS can effectively estimate the reliability of each client under heterogeneous label noise and weight
clients based on their reliability estimates, without requiring any labelled public dataset at the server. Extensive experimental results
showcase the competitive performance of FedDS. We note that the performance of FedDS and other FLNL methods on complex
datasets remains low, and the main contribution of FedDS is in enhancing robustness and practicality of FLNL under weaker and
more realistic requirements for only an unlabelled dataset available at the server.

While FedDS significantly improves practicality by removing the requirement for clean, labelled data at the server, a natural
direction for future work is to develop a method that can eliminate the need for any public dataset, labelled or unlabelled, for
broader and stronger generalisation. This could be achieved by, for example, developing self-supervised methods for estimating
client reliability locally at the client side, or exploring generative techniques to synthesise clean data at the server to support robust
aggregation.
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