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Abstract
Federated noisy label learning (FNLL) is emerging
as a promising tool for privacy-preserving multi-
source decentralized learning. Existing research,
relying on the assumption of class-balanced global
data, might be incapable to model complicated la-
bel noise, especially in medical scenarios. In this
paper, we first formulate a new and more real-
istic federated label noise problem where global
data is class-imbalanced and label noise is hetero-
geneous, and then propose a two-stage framework
named FedNoRo1 for noise-robust federated learn-
ing. Specifically, in the first stage of FedNoRo,
per-class loss indicators followed by Gaussian Mix-
ture Model are deployed for noisy client identifi-
cation. In the second stage, knowledge distilla-
tion and a distance-aware aggregation function are
jointly adopted for noise-robust federated model
updating. Experimental results on the widely-used
ICH and ISIC2019 datasets demonstrate the superi-
ority of FedNoRo against the state-of-the-art FNLL
methods for addressing class imbalance and label
noise heterogeneity in real-world FL scenarios.

1 Introduction
Federated Learning (FL), allowing individual clients to train
a deep learning model collaboratively without data sharing,
has been widely studied in privacy-conscious occasions, e.g.
medical [Kaissis et al., 2020] and financial [Zheng et al.,
2021] applications. Most existing federated learning frame-
works are based on the paradigm of fully supervised learning
[McMahan et al., 2017; Li et al., 2020b], which implicitly as-
sumes that each participant’s data is labeled correctly. How-
ever, building a completely clean dataset with high-quality
annotation is costly in realistic medical scenarios, as label-
ing medical data is time-consuming and labor-intensive re-
quiring expertise. Consequently, it would unavoidably intro-
duce noisy labels when hiring non-professionals to label or
using automatic labeling techniques [Irvin and others, 2019].

∗Corresponding author
1Code is available at https://github.com/wnn2000/FedNoRo.

Therefore, it is more common that the labels of some clients
are clean while others are not in real-world FL scenarios.

Due to the existence of noisy clients, developing a noise-
robust FL framework is of great importance, where accurately
identifying the noisy clients is the first and the most cru-
cial step. Existing methods for noisy client detection pro-
pose to calculate an average indicator (e.g. loss) over all
samples of each client as its feature and filter out the clients
with abnormal features as noisy clients, which assumes clean
clients’ features are independent and identically distributed
(IID) while noisy clients’ are outliers following the small-
loss trick [Han et al., 2018]. Specifically, Xu et al. [2022]
calculated the average LID value [Houle, 2013] of each client
and identified the clients with larger average LID values as
noisy clients. Similarly, Wang et al. [2022] replaced the LID
value with the confidence score and identified noisy clients
with smaller confidence scores. Unfortunately, these indica-
tors can be less effective to deal with noisy clients in real-
world FL scenarios, due to the following observations:

1. Data is highly class-imbalanced from the global perspec-
tive [Wang et al., 2021; Shang et al., 2022]. Under
class imbalance, using a global indicator for all classes
is highly sensitive to clients’ label distributions which
may vary dramatically.

2. Data is heterogeneous across clients [Li et al., 2020b].
As each client collects its own data independently under
FL, there may exist severe data variations, affecting the
calculation of indicators across clients.

3. Label noise is heterogeneous across clients where the
heterogeneity of noise varies in both strength and pat-
tern. The former represents different noise rates across
clients, and the latter indicates various forms of label
noise related to clients’ local data distributions.

Suffering from class imbalance, the federated model in FL
can bias to the global majority classes [Kang et al., 2020;
Zhou et al., 2020; Cao et al., 2019; Menon et al., 2021], re-
sulting in large indicator variations across classes and making
noisy clients’ indicators less distinguishable. For instance,
in clinical scenarios, given one cancer-specialized hospital A
and one general hospital B, A would enroll more malignant
cases and B will enroll more healthy cases. Therefore, A is
more likely to produce an abnormal client-wise feature (e.g.,
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large loss values similar to noisy clients) due to class imbal-
ance (i.e., healthy ≫ malignant). In addition to data hetero-
geneity, the client-wise feature can also be affected by het-
erogeneous label noise, making noisy client detection harder.
For instance, in clinical scenarios, given two hospitals C and
D with different patient diversity (i.e., various label distribu-
tions), one benign case is more likely to be wrongly diag-
nosed as healthy by C and malignant by D. Though both la-
bels are wrong, the loss values (i.e., indicators for noisy client
detection) produced by C would be much smaller than D, due
to class imbalance (i.e., healthy ≫ malignant). In summary,
class imbalance would divert the client-wise feature from be-
ing only related to whether a client is noisy to being related to
both its local data distribution and label noise pattern, mak-
ing the above identification methods based on global indicator
struggle in realistic FL scenarios.

To address this, one straightforward way is to combine
class-balancing [Kang et al., 2020; Zhou et al., 2020; Cao
et al., 2019; Menon et al., 2021] with noisy label learning.
However, those methods can only mitigate the bias in class
prior probability while the bias in learning difficulty of class-
specific features [Yi et al., 2022] is unsolved. Due to rela-
tively limited training data, the class-specific features of mi-
nority classes would be more difficult to learn compared to
those of the majority classes, resulting in imbalance in the
feature space. When adopting feature learning [Karthik et
al., 2021; Yi et al., 2022] to alleviate the bias in learning
difficulty, it can be constrained by each client’s limited lo-
cal data and computing resources. Till now, how to address
class imbalance in federated noisy label learning (FNLL) is
under-explored.

In this paper, we first formulate a new FNLL problem to
model more realistic FL scenarios under class imbalance,
and then propose a two-stage framework FedNoRo for noise-
robust learning. Specifically, in the first stage, instead of us-
ing a global indicator, we propose to identify noisy clients
according to the client-wise per-class average loss values cal-
culated by a warm-up model trained by FedAvg [McMahan
et al., 2017]. As each class is considered independently, this
detection method will be less affected by class imbalance and
heterogeneity, leading to better detection performance. In the
second stage, different learning strategies are employed for
clean and noisy clients respectively, where cross-entropy loss
is adopted for training on clean clients and knowledge dis-
tillation (KD) [Hinton et al., 2015] is employed to minimize
the negative influence of noisy labels on noisy clients. In ad-
dition to client-level training, a distance-aware aggregation
function is proposed to better balance the importance of clean
and noisy clients for global model updating in the server. In
the local training phase of both the two stages, logit adjust-
ment (LA) [Menon et al., 2021] is imposed to fight against
data heterogeneity and class imbalance. The main contribu-
tions are summarized as follows:

• A new FNLL problem where both class-imbalanced
global data and heterogeneous label noise are considered
to model real FL scenarios.

• A new label noise generation approach for multi-source
data, where the synthetic label noise is heterogeneous

and instance-dependent.

• A two-stage FL framework, named FedNoRo, to address
both class imbalance and label noise heterogeneity. In
FedNoRo, noisy clients are identified based on abnormal
per-class loss values, and noise-robust training strategies
are used for effective federated model updating.

• Superior performance against the state-of-the-art FNLL
approaches on real-world multi-source medical datasets.

2 Related Work

2.1 Federated Learning

Federated learning (FL) has drawn great attention for privacy-
preserving applications [McMahan et al., 2017]. Existing
studies mainly focus on the challenges of FL applications, in-
cluding data heterogeneity [Li et al., 2020b; Karimireddy et
al., 2020; Li et al., 2021a; Li et al., 2021b; Yan et al., 2020;
Zhu et al., 2021; Li and Zhan, 2021], data quality [Liu et al.,
2021; Liang et al., 2022; Jiang et al., 2022a], privacy pro-
tection [Agarwal et al., 2018] and communication efficiency
[Konečnỳ et al., 2016; Sattler et al., 2019].

2.2 Noisy Label Learning

Noisy label learning is of great importance as it is diffi-
cult to collect a large number of high-quality clean labels
in real-world applications. Existing studies can be roughly
divided into two types: selection-based [Han et al., 2018;
Yu et al., 2019; Li et al., 2020a; Wei et al., 2022b; Zhao et al.,
2022; Yi et al., 2022] and selection-free [Wang et al., 2019;
Zhang et al., 2017; Wei et al., 2022a; Lukasik et al., 2020;
Lukov et al., 2022]. The former assumes that clean and noisy
samples behave differently in a certain indicator (e.g. loss
value) which can be used for identification. The latter focuses
on designing special loss functions or regularizations that are
robust to noisy labels.

2.3 Federated Noisy Label Learning

Federated noisy label learning (FNLL) is an emerging re-
search topic. Chen et al. [2020] and Yang et al. [2021] lever-
aged clean datasets to assist FNLL, which may be infeasible
in practice. RoFL [Yang et al., 2022] updated local models
with shared class-wise centroids to avoid inconsistent deci-
sion boundaries caused by noisy labels. FedLSR [Jiang et al.,
2022b] introduced regularization in the local training phase
to alleviate the effect of noisy labels. Fang et al. [2022] com-
bined FNLL with the heterogeneous model problem and pro-
posed a noise-tolerant loss function and a client confidence
re-weighting scheme. It treated all clients equally without
explicitly filtering out noisy clients. In contrast, FedCorr [Xu
et al., 2022] and FedNoiL [Wang et al., 2022] are selection-
based methods, which first select noisy clients through de-
signed indicators and then update the federated model by ap-
propriate training strategies. Unfortunately, assuming class-
balanced global data makes them less effective when dealing
with realistic FL scenarios with class imbalance.
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Figure 1: Graphical models of standard IDN and the proposed H-
IDN.

3 Problem Definition
3.1 Preliminaries
Given a multi-class image classification task where xi ∈ X
is the input image and yi ∈ Y = [C] is the correspond-
ing ground-true label. The goal is to use a training dataset
Dtr = {(xi, yi)}Ni=1 of size N which is assumed to be class-
imbalanced (i.e. ptr(y) ̸= 1

C ) to train a model f(·) for clas-
sification. In FL, Dtr can not be built directly due to pri-
vacy concerns, and it is divided into K non-overlapped sub-
sets distributed over K clients. For any private dataset Dk =
{(xi, yi)}Nk

i=1 of size Nk in client k ∈ [K], each image-label
pair (xi, yi) obeys the private joint probability distribution
pk(x, y) = pk(y)pk(x | y). Following [Shen et al., 2021;
Xu et al., 2022], we assume the conditional distribution
pk(x | y) is identical, while the local class prior pk(y) varies
across clients (i.e. pk1(y) ̸= pk2(y) for k1 ̸= k2) due to data
heterogeneity. To simulate noisy labels, the ground-true label
y in some clients is replaced by a noisy label y.

3.2 Noise Model
To realistically model label noise in multi-source data, we
construct a heterogeneous label noise model. In terms of the
strength of label noise, we first define the global noise rate
ρ as the proportion of noisy clients. Then, we assume local
noise rate ηi (i.e., the proportion of noisy samples) follows
the uniform distribution U(ηl, ηu) for any noisy client i as
[Xu et al., 2022]. For the pattern of label noise, we propose
heterogeneous instance-dependent noise (H-IDN) for better
modeling. As shown in Fig. 1 and Definition 1, local data
distribution is an additional factor to manipulate label noise
compared to standard instance-dependent noise (IDN) [Chen
et al., 2021].
Definition 1 (H-IDN). IDN is heterogeneous if noise transi-
tion probability is a function of local data distribution, i.e.,
Pr(Y = y | Y = y,X = x) = My,y,x(pi(x, y)), where
My,y,x denotes the noise transition matrix of instance x.

In this way, the proposed H-IDN is capable of modeling
more complicated and realistic label noise.

3.3 Noise Generation
To simulate the noise model in Sec. 3.2, we present a noise
generator to produce heterogeneous label noise from multi-
source clean data as described in Algorithm 1. Following
[Chen et al., 2021], neural networks are used as annotators to
simulate the noisy labeling process in noisy clients. Specifi-
cally, we first randomly select ρK out of K clients as noisy

Algorithm 1 Noise Generation.
Input: Number of clients K; clean local datasets {Dk}Kk=1;
global noise rate ρ; local noise rate distribution parameters
ηl, ηu.

1: I = Randomly select ρK elements from [K].
2: for i in I do
3: Initialize a network fi.
4: Train fi on the local dataset Di = {(xj , yj)}Ni

j=1.
5: Compute classification probabilities p(Y | x) ∈

[0, 1]Ni×C for all samples in Di.
6: Compute the misclassification probability p̃(x) ∈

[0, 1]Ni for each sample in Di (Eq. 1).
7: ηi ∼ U(ηl, ηu).
8: N = Randomly select ηiNi elements from [Ni] with

the probability p̃(x)/
∑

p̃(x). ▷ Normalization
9: for t in N do

10: yt = Randomly select a different label from Y with
the probability p(Y | xt).

11: Flip yt to yt. ▷ Add label noise
12: end for
13: end for
Output: Local datasets after adding label noise {Dk}Kk=1.

clients and independently train a neural network based on
each selected client’s original data (i.e., clean data). Then,
the trained neural network is used to produce the classifica-
tion probabilities of all samples belonging to the client. Given
each instance xj in the i-th noisy client and the corresponding
classification probability p(Y | xj) ∈ [0, 1]C , its misclassifi-
cation probability is determined by

p̃(xj) = 1− p(Y = yj | xj), (1)

and totally ηiNi samples would be chosen as noisy samples
based on the normalized misclassification probability p̃(x) ∈
[0, 1]Ni . According to Eq. 1, hard samples are more likely to
be selected as noisy samples. For each selected noisy sample
xj , it is assigned a noisy label y different from the original
clean label y from the probability distribution p(Y | xj). In
this way, noisy samples are more likely to be assigned with
wrong labels of higher prediction confidence. As the noise of
different clients is generated by different neural networks, it
fits the definition of a heterogeneous noise pattern. Following
the above generation process, generated noisy labels are more
reasonable and challenging.

4 Methodology
To address class imbalance and label noise heterogeneity, we
propose a two-stage framework named FedNoRo as illus-
trated in Fig. 2. In the first stage, a warm-up model is firstly
trained based on FedAvg (i.e. steps 1 and 2), which is used
to calculate the per-class loss values of each client (i.e. step
3). Then, client-wise per-class loss values are collected and
processed in the server and used to identify noisy clients by
Gaussian Mixture Model (GMM) (i.e. steps 4 and 5). Ac-
cording to the client identification results of the first stage,
different training strategies are employed for clean and noisy
clients respectively in the second stage. Specifically, the
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Figure 2: Overview of the proposed two-stage framework FedNoRo.

vanilla cross-entropy loss is adopted for clean clients while
knowledge distillation (KD) is employed for better noisy la-
bel learning for noisy clients. Moreover, a distance-aware
model aggregation function is defined to reduce the negative
impact of noisy clients on global model updating. It should
be noted that, in both stages, logit adjustment (LA) [Menon
et al., 2021] is introduced to local training to combat data
heterogeneity and class imbalance.

4.1 Stage 1: Noisy Client Detection
As discussed in Section 1, class imbalance destroys the law
that the client-wise average indicator (e.g. loss value) of clean
clients is independent and identically distributed (IID), caus-
ing failure to identify noisy clients with client-wise indica-
tors. To address this, the key is to re-find an IID indicator for
clean clients that can detect noisy clients as outliers.

For the identification of noisy clients, we first train a warm-
up model for T1 (will be discussed in 5.4) rounds by FedAvg

wg =
K∑
i=1

Ni∑K
j=1 Nj

wi, (2)

where wg and wi denote the weights of the global model
and the i-th local model respectively and K is the num-
ber of clients for aggregation. Then, in the local training
phase, vanilla cross-entropy loss is adopted to train the lo-
cal model combined with LA as f(·) + log π, where π rep-
resents the local class prior (i.e. label distribution). LA
is to make the local model treat each class equally rather
than being biased, regardless of the biased class prior in lo-
cal data (i.e. local class imbalance). In this way, differ-
ent local models with data heterogeneity are more homo-
geneous by pursuing a unified learning goal regardless of
their biased local class priors, which in turn helps model
aggregation. Furthermore, as all local models participating

in the aggregation are unbiased, the global model is more
likely to be unbiased. However, such an unbiased global
model is proved to be unsuitable for noisy client identifica-
tion through client-wise average indicators [Xu et al., 2022;
Wang et al., 2022]. It is because, though LA is helpful to al-
leviate the bias in class priors, the bias in learning difficulty
of class-specific features is unsolved [Yi et al., 2022].

To complement this, per-class indicators are calculated, in-
stead of using an averaged indicator for samples of all classes.
It is based on our observation in clinical practice that, though
inter-class samples are non-IID under class imbalance, intra-
class samples are more IID. That’s because medical imaging
data is captured strictly following standard protocols. Given
certain diseases, patients exhibit similar symptoms, and the
imaging equipment required for diagnosis is strictly fixed,
leading to images with the same or similar styles even at dif-
ferent hospitals. In other words, the IID assumption is sat-
isfied by separately focusing on each specific class c on each
client’s private data. Therefore, given any class c, clients con-
taining noisy samples in class c can be effectively identified
as outliers (e.g., larger loss values). In addition, under label
noise heterogeneity, noisy samples across clients may be dis-
tributed to different noisy labels, and relying on any single
class indicator is insufficient to identify noisy clients. Thus,
the average loss values of all classes on each client i denoted
as li = (l1i , l

2
i , ..., l

C
i )

T ∈ RC are used for identification.

Given K per-class average loss values L = [l1, ..., lK ],
noisy client detection is implemented in an unsupervised
learning way. Considering the class-missing problem in het-
erogeneous data, a specific class c may not exist in client i,
leading to a missing average loss value lci in li. Such miss-
ing values in L cannot be used for unsupervised learning and
must be filled. Actually, if class c is missing in client i, it will
surely have no noisy samples in c. According to the small-
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loss trick [Han et al., 2018], the cleaner a sample is, the eas-
ier it is to learn and the smaller its loss is. Therefore, lci is
simply replaced by the minimum value of class c across all
clients (i.e., minKi=1 l

c
i ). Given the bias of learning difficulty

of different classes, loss value ranges across classes can vary
dramatically, and the average loss values of all clients for any
class should be uniformly normalized to [0, 1] by

lci =
lci −mini l

c
i

maxi lci −mini lci
. (3)

To this end, all classes contribute equally to identifying noisy
clients instead of being dominated by certain classes. Then,
a two-component Gaussian Mixture Model (GMM) is de-
ployed onto the processed client-wise per-class loss vectors,
and K clients are partitioned into two subsets: Sc (i.e.,
clean clients corresponding to the Gaussian distribution with
a small norm mean vector) and Sn (i.e., noisy clients corre-
sponding to the Gaussian distribution with a large norm mean
vector). It should be noted that this noisy client detection
process is privacy-preserving as only average loss values are
uploaded to the server.

4.2 Stage 2: Noise-Robust Training
After noisy client detection, customized training and aggre-
gation strategies are proposed for clean and noisy clients re-
spectively for noise-robust federated learning. Similar to the
first stage, in the local training phase, LA is introduced to
both clean and noisy clients to address data heterogeneity
and global class imbalance. For clean clients, the vanilla
cross-entropy loss is adopted to train each local model based
on clean labels. For noisy clients, inspired by the label-
soften-based method which has shown great potential in
noisy label learning [Wei et al., 2022a; Lukasik et al., 2020;
Lukov et al., 2022], a knowledge distillation (KD) [Hinton
et al., 2015] based training method is applied. More specifi-
cally, given any x and its output logit from the global model
fG(x), a targeted probability distribution is calculated as

yG = softmax(
fG(x)

T
), (4)

where T is the temperature to control the uniformness of yG
and is set as 0.8 by default in this paper. Then, the total train-
ing loss for each local model in noisy clients is written as

L = λLKL(yp, yG) + (1− λ)LCE(yp, y), (5)

where yp represents the prediction results of the local model,
LKL is the Kullback-Leibler divergence, and λ is a trade-off
coefficient. Inspired by semi-supervised learning [Laine and
Aila, 2017], λ grows from 0 to λmax (set as 0.8 by default) us-
ing a Gaussian ramp-up curve. Considering the memorization
effect of neural networks on noisy datasets [Han et al., 2018;
Jiang et al., 2022b], this strategy would be robust for noisy
clients. In the early training stage, each local model tends to
learn simple patterns (more likely to be clean samples), and
the training process is dominated by the hard labels y and
the cross entropy loss. As the neural network begins to fit
complex patterns (more likely to be noisy samples), soft la-
bels yG gradually dominate the training process to avoid the
model overfitting to noisy labels.

In the model aggregation phase, models from clean and
noisy clients are of different importance. Hence, inspired
by [Liang et al., 2022], distance-aware model aggregation
DaAgg is proposed where a client-wise distance metric is de-
fined as

d(i) = min
j∈Sc

∥wi − wj∥2, (6)

wi denotes the weights of the i-th local model. This metric
measures the distance between a model wi and the nearest
model of clean clients. Note that d(i) is equal to 0 if client
i is clean. To ensure the boundness of d(i), it is further nor-
malized to [0, 1] as D(i) = d(i)

maxj d(j) . Then, local models are
aggregated to update the global model by

wg =
K∑
i=1

Nie
−D(i)∑K

j=1 Nje−D(j)
wi. (7)

In this way, the aggregation weight of any clean client i
is constant due to D(i) = 0, while the weights of noisy
clients are multiplied by a scaling factor in [0, 1]. More-
over, the weights would decrease as the model distance in-
creases, adaptively adjusting the contributions of noisy clients
in global model updating for noise-robust federated learning.

5 Experimental Results
5.1 Dataset and Evaluation Metric
Two widely-used datasets are included for evaluation:

1. ICH dataset [Flanders et al., 2020] consisting of 67969
brain CT slices for the diagnosis of five intracranial hem-
orrhage (ICH) subtypes. The dataset is pre-processed
following [Liu et al., 2021; Jiang et al., 2022a].

2. ISIC 2019 dataset [Tschandl et al., 2018; Codella and
others, 2018; Combalia et al., 2019] containing 25331
images for the classification of eight skin diseases.

Both datasets are randomly divided into the training and test
sets following a 7:3 split. As both datasets are highly class-
imbalanced, the divided training and test sets are also class-
imbalanced, satisfying the proposed setting. Considering the
imbalanced test sets, the official ISIC Challenge 2019 metric,
balanced accuracy (BACC), is adopted for evaluation.

5.2 Experimental Setup
Data Partition and Noise Generation
Following the previous work on FNLL [Xu et al., 2022],
we use Bernoulli distribution and Dirichlet distribution to
generate heterogeneous data partitions. Specifically, we set
αDir = 2.0,Φij ∼ Bernoulli(0.9),K = 20 and αDir =
1.5,Φij ∼ Bernoulli(0.99),K = 20 for the ICH and ISIC
2019 datasets respectively. For better visualization, we use
dot size to represent the amount of data and plot the data dis-
tributions as shown in Fig. 3. For evaluation under various
settings of label noise, ρ is set as 0.2, 0.3, 0.4, and 0.6, and
(ηl, ηu) is set as (0.3,0.5) and (0.5,0.7) for the ICH dataset,
while ρ is set as 0.4 and 0.6 and (ηl, ηu) is set as (0.5,0.7) for
the ISIC 2019 dataset.
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Category Methods ρ 0.0 0.2 0.3 0.4 0.6
(ηl, ηu) (0.0, 0.0) (0.3, 0.5) (0.5, 0.7) (0.3, 0.5) (0.5, 0.7) (0.3, 0.5) (0.5, 0.7) (0.3, 0.5) (0.5, 0.7)

FL

FedAvg Best 69.34 65.81 64.53 62.49 60.82 60.52 58.38 58.46 54.77
Last 68.92 65.33 63.97 62.10 60.23 60.05 56.79 56.88 50.35

FedProx Best 68.16 64.58 63.64 61.81 61.91 60.85 58.50 60.21 57.57
Last 67.29 63.80 62.65 61.46 61.00 59.99 57.85 59.35 56.63

FedLA Best 73.56 69.45 69.28 66.84 64.84 66.60 62.39 63.90 58.78
Last 73.07 68.82 68.45 66.20 64.03 63.90 60.51 61.86 54.99

Denoise FL

RoFL Best - 42.57 40.42 40.64 39.87 40.35 35.60 39.68 35.35
Last - 42.19 40.30 40.95 39.27 40.25 35.39 40.18 35.47

RHFL Best - 57.48 56.91 56.72 55.74 55.26 54.30 54.63 51.00
Last - 57.05 56.46 55.75 52.19 54.71 52.08 52.53 49.64

FedLSR Best - 55.99 55.28 54.44 52.27 52.48 48.20 50.89 43.30
Last - 55.69 54.77 53.95 51.70 51.92 46.77 49.96 39.81

FedCorr Best - 57.90 56.68 55.02 54.61 53.62 50.82 50.89 47.13
Last - 57.68 55.86 54.52 53.62 52.60 49.59 50.24 46.13

Joint FedCorr+LA Best - 64.78 64.29 62.58 62.78 62.19 59.58 57.88 54.53
Last - 63.99 63.55 61.90 61.87 61.30 60.06 57.17 53.92

Ours FedNoRo Best - 70.59 70.64 70.14 69.35 70.69 69.30 67.55 63.83
Last - 70.18 69.81 69.29 68.47 70.14 68.87 67.10 63.29

Table 1: Quantitative BACC (%) comparison results on the ICH dataset under different noise rates. The best results are marked in bold.
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Figure 3: Visualization of data distributions of the two datasets.

Implementation Details
ResNet-18 [He et al., 2016] is used as the backbone model for
the ICH and ISIC 2019 dataset (pre-trained by ImageNet).
In terms of federated settings, the maximal communication
round is set as 100 and the local epoch is set as 5 for the ICH
dataset while set as 300 and 1 respectively for the ISIC 2019
dataset. T1 for warm-up training is set to 10 and 20 on the
two datasets respectively. Other settings are the same for both
datasets, including an Adam optimizer with momentum terms
of (0.9, 0.999), a weight decay of 5e-4, a constant learning
rate of 3e-4, and a batch size of 16.

5.3 Comparison with SOTA Methods
A series of state-of-the-art methods are selected for com-
parison, including conventional FL methods (i.e., FedAvg
[McMahan et al., 2017], FedProx [Li et al., 2020b], and
FedLA [Menon et al., 2021]) and de-noise FL methods (i.e.,
RoFL [Yang et al., 2022], RHFL [Fang and Ye, 2022],
FedLSR [Jiang et al., 2022b], and FedCorr [Xu et al., 2022]).
We also combine LA with FedCorr for comparison.

Methods ρ 0.0 0.4 0.6
(ηl, ηu) (0.0, 0.0) (0.5, 0.7) (0.5, 0.7)

FedAvg Best 69.09 58.23 54.35
Last 65.44 61.83 49.88

FedProx Best 72.20 64.46 58.55
Last 69.60 60.13 49.87

FedLA Best 72.55 66.34 61.20
Last 68.72 61.18 56.11

RoFL Best - 28.45 28.86
Last - 27.79 28.29

RHFL Best - 46.06 46.67
Last - 44.04 45.09

FedLSR Best - 30.15 27.24
Last - 29.11 26.08

FedCorr Best - 42.54 38.40
Last - 41.12 37.17

FedCorr+LA Best - 60.38 55.40
Last - 59.16 54.27

FedNoRo (ours) Best - 68.59 66.00
Last - 64.67 60.65

Table 2: Quantitative BACC (%) results on the ISIC 2019 dataset
under different noise rates. The best results are marked in bold.

Quantitative results, including both the best BACC across
all rounds (denoted as Best) and the averaged BACC over
the last 10 rounds (denoted as Last), on the two datasets are
summarized in Tabs. 1 and 2. FedLA generally achieves the
best performance among conventional FL methods, benefit-
ing from alleviating class imbalance. Meanwhile, all conven-
tional FL methods would suffer from performance degrada-
tion with the increase in noise rate. Unfortunately, though de-
signed for noisy label learning, the four de-noise FL methods
fail to achieve performance improvement. Without a specific
solution to class imbalance, label noise learning will be se-
riously affected by class imbalance, resulting in even worse
performance compared to the baseline. It explains why in-
troducing LA to FedCorr is beneficial. But as analyzed be-
fore, class imbalance cannot be completely eliminated by LA,
simply combing LA with FedCorr is sub-optimal. Compara-
tively, FedNoRo consistently outperforms other methods by
a large margin. Furthermore, the performance of FedNoRo is
more stable with the increase in noise rate, demonstrating the
noise-robust nature of FedNoRo.
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Indicator LA Per-Class Norm. Re (%) Pr (%) MR (%)
ICH, ρ = 0.3, (ηl, ηu) = (0.3, 0.5)

LID % % % 100.00 54.54 0.00
Conf. % % % 16.66 8.33 0.00
Loss % % % 94.58 57.12 0.00
Loss ! % % 100.00 47.14 0.00
Loss % ! % 97.19 90.63 85.77
Loss ! ! % 99.48 97.78 96.93
Loss ! ! ! 99.70 98.76 98.28

ICH, ρ = 0.4, (ηl, ηu) = (0.3, 0.5)

LID % % % 87.50 63.63 0.00
Conf. % % % 37.50 25.00 0.00
Loss % % % 78.80 60.57 0.00
Loss ! % % 89.41 80.46 0.00
Loss % ! % 65.77 100.00 37.58
Loss ! ! % 81.10 100.00 47.09
Loss ! ! ! 90.23 100.00 88.82

Table 3: Ablation study of the first stage in FedNoRo.

5.4 Ablation Study
How Each Step in Noisy Client Detection Works
Additional experiments are conducted on the ICH dataset to
analyze how each step in the first stage of FedNoRo affects
noisy client detection as summarized in Tab. 3. Here, Per-
Class is to calculate certain indicators separately for each
class, and Norm. is to apply min-max normalization to the
Per-Class indicator according to Eq. 3. For a fair comparison,
the number of training rounds in the first stage of all methods
is the same as Sec. 5.2. Given certain client-wise indicators
under a specific setting, we repeatedly adopt GMM (10000
different random seeds) to identify noisy clients. Then, the
average recall (i.e., Re), precision (i.e., Pr), and matching ra-
tio (i.e., MR: ratio of successfully-identified noisy clients) of
10,000 times of identifications are used to measure whether
the method can effectively detect noisy clients.

As stated in Tab. 3, the first two methods from [Xu et
al., 2022] and [Wang et al., 2022], together with the third
one, completely ignore class imbalance, resulting in poor de-
tection results. Introducing LA to address class imbalance
is somewhat helpful for noisy client detection, leading to
slight performance improvement. But it fails to improve the
MR performance. Comparatively, when each class is consid-
ered independently, both noise heterogeneity and class imbal-
ance are further alleviated, leading to better MR performance.
When combing LA and Per-Class with min-max normaliza-
tion, namely FedNoRo, most noisy clients are effectively de-
tected, which lays a solid foundation for the second stage.

How Warm-Up Training Affects Noisy Client Detection
In the first stage, the global model warms up for T1 rounds
with FedAvg before noisy client detection. Due to the lack
of prior information on noisy clients in realistic scenarios, it
is hard to exactly determine T1 for optimal performance. To
evaluate the effect of T1, noisy client detection is conducted
under different settings of T1 on the ICH dataset (ρ = 0.4,
(ηl, ηu)=(0.3,0.5)) as shown in Fig. 4. It is observed that, af-
ter a certain number of warm-up training rounds, noisy client
detection performance becomes stable in a certain range. In
other words, the setting of T1 would not significantly affect

8 10 12 14 16 18 20 22 24 26 28 30
Communication Rounds

70

80

90

100

Recall (%)
Precision (%)
Matching Ratio (%)

Figure 4: Ablation study of T1 for warm-up training.

Noisy Clients De-Noise Strategy Type BACC (%)
LKL DaAgg ICH ISIC

! % %
Best 66.60 61.20
Last 63.90 56.11

% % %
Best 69.67 64.94
Last 68.07 59.17

! % !
Best 69.32 65.72
Last 68.18 58.60

! ! %
Best 64.53 60.79
Last 64.01 43.57

! ! !
Best 70.69 66.00
Last 70.14 60.65

Table 4: Ablation study of the second stage in FedNoRo. Set-
tings: ρ=0.4 and (ηl, ηu)=(0.3,0.5) for the ICH dataset; ρ=0.6,
(ηl, ηu)=(0.5,0.7) for the ISIC dataset.

FedNoRo’s performance.

How LKL and DaAgg Benefit Noise-Robust Training
Quantitative results of FedNoRo coupled with various de-
noise strategies are summarized in Tab. 4. Without de-noise
training, noisy clients with low-quality local models would
surely degrade the classification performance. Though re-
lying only on clean clients can get rid of label noise and
somewhat improve classification performance, it may miss
valuable information from other clients, making the perfor-
mance sub-optimal. With noisy clients, replacing FedAvg
with DaAgg effectively reduces the weights of noisy clients
for global model updating, leading to performance improve-
ment. With noisy clients, only adopting LKL in noisy clients
is less effective, as the global model may be severely affected
by noisy clients containing inaccurate soft labels. Compara-
tively, jointly using LKL and DaAgg can better explore valu-
able information from noisy clients while minimizing nega-
tive impact, outperforming the classification performance re-
lying only on clean clients.

6 Conclusion
This paper presents a new federated label noise model where
global data is class-imbalanced and label noise across clients
is heterogeneous. Compared to existing label noise models
assuming balanced global data, the proposed noise model
is more realistic and flexible to describe real-world FL sce-
narios. To address this, we further propose a novel two-
stage framework named FedNoRo for noise-robust federated
learning. Experimental results on publicly-available datasets
demonstrate FedNoRo’s superior performance against the
state-of-the-art FNLL approaches. We believe both the noise
model and the solution would inspire future work on devel-
oping applicable FL frameworks for real-world applications.
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