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Federated Learning with Noisy Labels (F-LNL)
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FL has emerged as a powerful framework for decentralized ML enabling multiple clients to 
collaboratively train models without sharing raw data, thus preserving privacy.

However, some of the labels can be wrong due to carelessness or lack of expert knowledge.

Degrading the generalization performance

Directly learning with such noisy labels

• Setting：

(1) Some clients are clean while others are not

(2) Each client has partially noisy data

Wrong knowledge
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Centralized Noisy Label Learning

• Method：

(1) Loss correction: aims to correct the loss by estimating the noise 
transition matrix, adjusting the example labels or weights. 

(2) Example selection: separate clean examples from noisy ones, and 
further treat the identified mislabeled examples as unlabeled data for 
semi-supervised learning or noisy-label correction.
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Limitations

• Data Privacy and Inaccessibility: the restricted size and insufficient diversity of the local 
datasets in clients dramatically degrade the effectiveness of noise processing methods.

• Data Heterogeneity: There are large differences in the distribution of client data. 
Traditional methods assume that the data is IID, which leads to the failure of noise 
detection and correction.

• Noise Heterogeneity: The difference in the proportion or type of noise between different 
clients is significant. The global unified noise processing strategy cannot adapt to all clients.
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Federated Noisy Label Learning

• Method：
(1) Loss correction 

(2) Noisy clients/samples selection-based method

① selection  ② correction ③ reweight
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Motivation

Figure 1: (a) Local noise filtering may have limited capabilities as each client develops its own 
local noise filter using its own private data only. Especially on clean clients, such filters would 
incorrectly identify a subset of clean samples to be noisy. (b) Collaborative noise filtering proposed 
by us significantly improves the performance of label noise filtering on each client as a federated 
noise filter is learned by distilling knowledge from all clients. PDF: Probability density function.

FedCorr, FedRN
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Overview of the Training Procedure
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Federated Noise Filter

Local filter training. A local GMM to model the local distribution of clean and noisy 
samples by fitting the per-sample loss distribution.

Per-sample cross-entropy loss:

Two-component GMM model:

Federated filter aggregation. After parameter uploading, the federated filter model can be 
constructed by aggregating the local filter parameters corresponding to all the clients.

is modeled as a Gaussian  distribution

g = 1 to represent the “clean” Gaussian component, i.e., the Gaussian component with a 
smaller loss, while g = 2 denotes the “noisy” one.
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Label Noise Filtering

The client receives the parameters of the global model and the federated filter model. The 
probability of being clean can be estimated through its posterior probability for the 
“clean” component 

We can divide the samples of        into a clean subset and a noisy subset by thresholding 
their probabilities of being clean with the threshold 0.5

Noisy Sample Relabeling

Noise level of the k-th client:

We relabel those samples with high prediction confidence (by setting a confidence 
threshold ζ) by assigning predicted labels from the global model

as a noisy client.
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Predictive Consistency Based Sampler

However, the complete elimination of label noise among clients during noise filtering and 
relabeling is unattainable; Relabeling inevitably introduces new label noise, causing 
instability in local model training.

Class-unbalanced local data would contribute to the cause of the local model bias towards 
the dominant classes.

De-bias:

PCS is used to re-select labeled training samples to perform local training, enforcing the 
consistency of class labels respectively predicted by global and local models.

We update the training dataset for optimizing the local model
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Objectives for Local Model Training

MixUp regularization:

Cross-entropy loss:

Regularizing the average prediction of a local model over every mini-batch using a 
uniform prior distribution is a viable solution to overcome the non-IID problem

The overall loss function：



13

Experimental Results

Performance Results
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Methodology
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Filter Noisy Data

On client k, the dual models are denoted the global model     and personalized model     .

When a batch    arrives, the personalized model and global model respectively select a 
small proportion of low loss samples out of the mini-batch     by sample selector

kw
kq

b%
b

The selected instances are fed into its peer model to generate the loss in the “Dual 
Model Update” module for alternate parameter updates.
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Regularizers

Confidence Regularizer: aims to guide the model towards better fitting clean datasets：

The personalized model θ is only updated solely based on the local client’s data, it is 
prone to overfitting due to the limited amount of data available.

Distance Regularizer:
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Experimental Results

Performance Results
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Methodology
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Preprocessing Stage

Co-teaching, 
Joint Optim

Add inferred labels. Let each client k execute CNLL locally to 
train local model   . Each sample    is assigned an additional 
inferred label      based on the predictions of this local model.
Local dataset:

kq
i
kx

i
ky

Select clean samples. We select the samples whose annotation 
labels and inferred labels are identical.
Clean samples:
Noisy samples:

Adaptive Sample Size-weighted Aggregation.

We train the global model over T1 rounds using these selected clean samples on all clients.

The weighting coefficients are determined by the size of the clean dataset selected by 
each client.



22

Label Noise Correction Stage

Sub-stage I: Correction dominated by inferred labels
For controversial samples (samples whose the annotation 
labels conflict with their inferred labels), we propose a 
collaborative per-sample loss:

The annotation label loss                    , measuring the 
discrepancy between the annotation label and the 
global model’s prediction.

The inferred label loss            ,  quantifying the 
misalignment between the sample’s annotation and its 
assigned inferred label. 

Only meaningful if the global model’s prediction is consistent with the inferred label.

If the model’s predicted label aligns with the inferred label, it indicates that the global 
model has effectively learned the pattern of the inferred label. The inferred label 
likely represents the true class of the sample or is closer to it.
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Sub-stage I: Correction dominated by inferred labels

Calculate the collaborative per-sample loss.

: corrected by inferred  labels

: disputed subset

Filter samples for correction.

We select the top  σ1-percent of samples from         that 
have the highest collaborative per-sample loss. These 
samples are then relabeled using the inferred label

GMM divide：

Adaptive Sample Size-weighted Aggregation.

The global model is improved using the corrected samples by updating the parameter 
over T2 rounds.
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Sub-stage II: Correction dominated by global labels

Calculate the per-sample loss.

Select samples for correction.
We identify the top σ2-percent of samples from        that have the highest loss

Adaptive Sample Size-weighted Aggregation.

We train the global model over T3 rounds using the corrected labels and the clean samples.

The global model may not be fully optimized during the initial training 
phase, there still be a small number of samples that are not corrected.

: noisy subset : clean subsetGMM divide：

The subset of samples to be re-labeled:
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Experimental Results

Performance Results
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