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Abstract: Due to the exceptional learning capabilities of deep neural networks (DNNSs), they continue
to struggle to handle label noise. To address this challenge, the pseudo-label approach has emerged
as a preferred solution. Recent works have achieved significant improvements by exploring the
information involved in DNN predictions and designing a straightforward method to incorporate
model predictions into the training process by using a convex combination of original labels and
predictions as the training targets. However, these methods overlook the feature-level information
contained in the sample, which significantly impacts the accuracy of the pseudo label. This study
introduces a straightforward yet potent technique named FPL (feature pseudo-label), which lever-
ages information from model predictions as well as feature similarity. Additionally, we utilize an
exponential moving average scheme to bolster the stability of corrected labels while upholding the
stability of pseudo-labels. Extensive experiments were carried out on synthetic and real datasets
across different noise types. The CIFAR10 dataset yielded the highest accuracy of 94.13% (Top1),
while Clothing1M achieved 73.54%. The impressive outcomes showcased the efficacy and robustness
of learning amid label noise.
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1. Introduction

Deep learning relies on extensive datasets and has garnered significant achievements
in domains like image classification [1], target detection [2], and image segmentation [3].
However, in real-world applications, annotating data can be prohibitively expensive. The
quality of annotated samples might be compromised by subjective biases in manual labeling
or tool limitations, resulting in label noise. The performance of DNNs in generalization
frequently suffers when trained on datasets containing noisy labels. In real-world situations,
training data are commonly gathered from various origins such as web searches [4] and
crowdsourcing [5] in biased datasets. Consequently, effectively training DNNs with such
noisy datasets poses a significant challenge within the realm of deep learning.

To tackle this challenge, numerous strategies have been suggested [6], falling into four
primary categories. The initial strategy revolves around robust loss functions. While con-
ventional loss functions such as cross-entropy (CE) [7] and mean squared error (MSE) [8] are
sturdy, they may falter when dealing with intricate datasets. Hence, robust loss functions
are formulated, incorporating supplementary steps and algorithms to enhance performance.
The second strategy revolves around importance weighting, where smaller weights are
allocated to potentially noisy samples while cleaner samples receive larger weights. This
diminishes the impact of noisy labels on classification accuracy without entirely disregard-
ing them. Moving to the third approach, loss correction operates under the assumption
that noisy labels represent corrupted versions of clean labels, attributable to an unidentified
noise transfer matrix. The objective of loss correction is to accurately learn this matrix to rec-
tify the labels. Lastly, the fourth approach termed the pseudo-label method, is dedicated to
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rectifying identified dubious noisy labels to their accurate values. Unlike merely assigning
higher weights to clean samples, the pseudo-label method delves into adjusting potentially
incorrect labels. Typical pseudo-label techniques guide the training procedure toward
the correct class by estimating the probability of rectifying the noise transfer matrix [9,10].
Alternatively, another approach entails employing the network to predict pseudo-labels
for directly generated noisy labels, e.g., the approach proposed by Reed et al. [11] involves
assigning a pseudo-label within the bootstrap loss, which constitutes a convex amalga-
mation of the original label and the predicted label, subsequently integrating it into the
training regimen.

Although these techniques can produce pseudo-labels for noisy labels, the accuracy
of such pseudo-labels might suffer if the classifier is inadequately trained. Additionally,
these methods often overlook the impact of feature noise on classification performance. To
tackle the aforementioned issues, this paper presents a method for generating feature labels
from the feature layer to rectify the noisy labels. More precisely, we cluster the features
extracted from the network, find the clustering center for each class, calculate its cosine
similarity with each sample feature, and subsequently assign the feature labels based on
the magnitude of the cosine similarity. Finally, we utilize a combination of the exponential
moving average of pseudo-labels from the previous iteration, predicted labels, and feature
labels to refine the accuracy of the pseudo-labels. The principal contributions of this study
can be summarized as follows.

e  We introduce a simplified pseudo-labeling method that amalgamates the exponential
moving average derived from the most recent round of pseudo-labels, predicted labels,
and feature labels to form refined pseudo-labels. This approach is adept at handling
datasets with differing noise types and levels.

e  We conducted thorough experiments on four benchmark datasets and one real dataset,
covering four diverse noise types and two distinct noise levels. Our results consistently
illustrate the superiority of our approach over prior methods, validating its efficacy.

2. Related Work

In this section, we aim to provide an overview of contemporary robust classification
techniques tailored for addressing noisy labels. We will delve into prevalent method-
ologies concerning robustness loss functions, sample reweighting, and loss correction.
Subsequently, our attention will transition towards examining pseudo-labeling methods.

A robust loss function ensures that the global minimum of the empirical risk mini-
mization loss under clean labels possesses an equal probability of misclassification as the
global minimum of the empirical risk minimization loss in a noisy dataset. For instance,
the generalized cross-entropy (GCE) [12] integrates with the mean absolute error, and the
inverse cross-entropy enhances the standard cross-entropy. Meanwhile, the symmetric
cross-entropy (cross-entropy) [13] addresses under-learning and overfitting issues asso-
ciated with noisy labels. The Taylor cross-entropy loss (TCE) [14] adjusts the fit of the
training labels by controlling the order of the Taylor series. These methods have undergone
extensive research and have demonstrated enhanced noise tolerance in the loss function.
However, it has been observed that these effective loss functions may be susceptible to
overfitting. To address this challenge, Ma et al. [15] proposed an active-passive loss (APL),
which synergizes two mutually reinforced robust loss functions to attain heightened ro-
bustness and performance.

The alternate technique concerns the reweighting of samples, geared toward alleviat-
ing the influence of noisy labels on classification precision by allocating lower weights. A
strategy embracing this concept is cooperative teaching (referenced as co-teaching) [16],
which employs a collaborative teaching strategy to concurrently instruct two networks.
Within this methodology, samples exhibiting lower loss are recognized as clean samples,
and these specifically chosen samples are exchanged during training. FSR (fast sample
reweighting) [17] is another method that addresses the sample reweighting problem with-
out requiring an additional reward dataset. It resolves the issue of nested optimization
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models and the computationally expensive nature of second-order weighting parameters.
MW-Net (meta-weight-net) [18] and CMW-Net [19] propose a meta-weighting network that
circumvents the need for manually pre-setting hyperparameters, as is typically required
in traditional sample weighting methods. These networks establish a mapping between
loss functions and weights, enabling them to adaptively learn weighting functions directly
from the data.

The third approach for tackling the label noise issue involves a method for correcting
losses. A newly suggested approach is the noise transfer matrix method, which posits the
presence of a probability matrix depicting the probability of a ground truth label transi-
tioning into a noisy one. Patrini et al. [10] presented a loss correction method relying on
a predictive forward or backward noise transfer matrix, derived from prior knowledge.
However, without prior knowledge, the noise transfer matrix may not be effectively learned.
Inspired by the traits of stochastic label corruption processes, Zhang et al. [20] suggested
acquiring the noise transfer matrix from corrupted labels employing total variation regu-
larization. Conversely, Wang et al. [21] employed meta-learning principles to introduce a
novel meta-transformation learning approach, aimed at directly acquiring the noise transfer
matrix from data within a meta-learning framework. This approach does not depend on
prior knowledge to estimate the noise transfer matrix T. Instead, it directly optimizes T
from the data, independent of any prior knowledge.

The primary objective of employing the pseudo-label method is to furnish model
training with more precise labels. This is accomplished by correcting noisy labels to their
accurate values through an extra inference step. Typically, certain pseudo-label methods
leverage network predictions for noise rectification. For example, Hu et al. [22] obtained
predictive distributions by augmenting samples with diverse strengths and weaknesses
to produce corrected pseudo-labels. Another method proposed by Karim et al. [23] uses
the average prediction of two different networks as corrected pseudo-labels. Moreover,
there exists the potential for integrating meta-learning into labeling correction methods.
Pham et al. [24] introduced a meta-pseudo-labeling method, which utilizes the teacher
network to guide the student network. This involves generating pseudo-labels on unlabeled
samples, with adjustments to the student’s performance on the labeled dataset made
through feedback. Another approach is meta-label correction, where Wu et al. [25] and
Zheng et al. [26] proposed meta-label correctors with different structures to map input
labels to corrected soft labels without relying on traditional predefined generation rules,
thus making the pseudo-labels generate process more flexible and adaptable to complex
realistic datasets with different types and levels of noise.

This paper presents a method for addressing noisy samples at the feature level. We
cluster these samples according to their extracted features to create pertinent feature labels.
Our approach is independent of prior knowledge and does not solely rely on predicted
labels as correction labels, avoiding potential oversight of crucial feature details.

3. Materials and Methods

Studying from noisy labels generally entails two data categories: modest datasets
with clean labels and extensive datasets with noisy labels. Because manual labeling is both
expensive and scarce, the quantity of samples for clean labeling is typically significantly less
than those for noisy labeling. Nevertheless, exclusively training on a limited precise set and
ignoring the image information encapsulated in the erroneous annotations compromises
the robustness and adaptability of the DNNs, consequently resulting in a decrease in the
overall training data volume. In response to these constraints, our proposition introduces
a technique utilizing pseudo-labels. This approach facilitates amalgamating clean labels
with pseudo-labels derived from rectified noisy labels throughout the learning phase. The
methodology reconstructs the training annotations by applying an exponential moving
average to the last round of corrected pseudo-labels, predicted labels, and feature labels.
Throughout the training process, the noisy labels have the potential to be rectified over
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time, leading to an augmentation in the number of clean samples accessible for training
purposes, consequently reducing the level of noise within the training dataset.

3.1. Preliminaries

DNN:Ss typically consist of two primary components: the feature extractor, denoted as
F, which processes input images and extracts their distinctive features, and the classifier,
denoted as G, which generates classification probabilities based on the extracted image
features provided by F. In the context of a K-class classification task, a dataset with noisy
labels can be represented as D = {(x;,7;) },, where N denotes the total number of samples
in the dataset, x; represents the i-th sample, i; € [C] signifies the noisy labels, and C denotes
the total number of classes. The feature extracted from the i-th sample by F is represented
as f; = F(x;), and the predicted labels for the i-th sample are denoted as p; = G(f;).

Promoting the model to correct noise labels requires a direct strategy to minimize the
cross-entropy loss between ground truth labels and prediction labels during the training
phase. Specifically, for a sample, (x;, ;) and its corresponding prediction, p;, the classifier,
f,is updated throughout training iterations by minimizing the cross-entropy loss between
yi and p;. This procedure can be described as follows :

1 & &
Lee=——) ) ¥ijlogpi (1)
i=1j=1

In this context, n denotes the batch size, signifying the number of samples participating
in the training process. Additionally, C symbolizes the total number of classes, with y;;
representing the individual element of the label y; for the i-th sample within the j-th class,
and p;; representing the corresponding element of the predicted label p; for the i-th sample
within the j-th class.

3.2. Problems with Generating Pseudo-Labels

The research indicates that even when the training set is heavily corrupted, DNNs
are capable of capturing and amplifying valuable information from noisy training data.
Therefore, integrating the network’s predictions of training samples during the training
phase for label correction can prove advantageous. The core pseudo-labeling approach
entails utilizing a weighted average of the original label and the predicted label as the
training objective, employing an exponential moving average mechanism denoted by
z; = ay;j + (1 — a)p;j. This exponential moving average mechanism helps alleviate the
instability issue associated with model predictions and enables our algorithm to fully adapt
the training labels when necessary, where z; € [0, 1]C, and ziT = 1. The corrected label, z;, is
employed alongside the predicted label, p;, for computing the cross-entropy loss, and it
can be expressed as follows:

1 C
Lep= -~ Y. Y zijlogpi 2)

i=1j=1

However, during the initial phases of training, the model’s predictive accuracy might
not reach a satisfactory level, leading to instability in the corrected labels. Additionally, in
cases where the original label, y;;, contains noise, the algorithm assigns a weight of 1 — a to
the actual predicted class. However, our ideal situation involves assigning full weight to
the correct class label. Consequently, this approach could potentially impact the model’s
classification accuracy.

3.3. Generate Feature Labels

To address the aforementioned issues, we suggest utilizing a blend of the exponential
moving average of the previous round of pseudo-labels, predicted labels, and feature labels
to generate corrected pseudo-labels at the feature level. The objective of this strategy is to
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address the instability observed in the corrected labels during the initial training phases
and ensure that the ground-truth class labels are appropriately weighted, even when the
original labels contain noise. Additionally, due to the incorporation of feature clustering in
our algorithm, there may be a slight increase in computational time.

Initially, features, f, are extracted from all samples using the feature extractor, F. Given
that the extracted features might vary in magnitude, we normalize the features based on
their respective classes to obtain normalized features, ﬁ

2 fi
J= 1A

This step is performed to facilitate the analysis of the raw feature data. We calculate
the feature center, O, for each class based on f;, as follows:

3)

N o
Zlclz

= (4)
IS A

Here, c takes values from the set {1,2,3,...,C}, denoting the specific class. C signifies
the overall count of classes, while N, denotes the total samples, where s; = ¢; this indicates
the count of samples with a pseudo-label class, c. j?l denotes the normalized feature of the
i-th sample within the respective class.

In addition, to acquire feature labels, we compute the cosine similarity between each
sample and the centroids of each feature class, denoted as COS;;.

OSl] = ﬁ ) Oj ®)

where j € {1,2,3,...,C} represents the corresponding class number. COS;; represents the
cosine similarity between the i-th sample and the feature centroid, O;, of the j-th class.

Following this, we establish the feature label, u;, for each sample by evaluating its
cosine similarity with the feature centers of each class. A greater cosine similarity suggests
that the sample pertains to the class housing the respective feature center. Thus, we define
the criterion as follows:

u; = argmax(COS;;, COSjp, COSj3 ... COS;.) (6)

In this case, argmax identifies the index of the highest value in a given set of operations.
For example, if the value of COS;3 is the highest, the returned value would be 3. In other
words, u; would be equal to 3.

For each sample, we compute its cosine similarity to the centroid of each class. The
higher the similarity to a centroid, the higher the probability of belonging to that class. By
extracting features and calculating similarities, samples are assigned pseudo-labels based
on the classification results, making the relationship between samples and their features
more pronounced, extending beyond simple sample label predictions.

To rectify noisy labels for a larger sample set and render them viable, we employ
pseudo-label updating. Through the utilization of an exponential moving average scheme,
we progressively rectify noisy labels by model predictions and feature labels. This strategy
aids in mitigating the volatility of model predictions, smooths the training process, and
facilitates the complete overhaul of labels for training samples when necessary. In gener-
ating pseudo-labels, we extract features, f, from a small data batch and feed them into a
classifier to derive predictions, p. Subsequently, the pseudo-labels, s;, are adjusted based
on the prediction outcomes and feature labels:

si = asi_1+ Bpi + Yu; (7)
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Here, a, B, and <y are hyperparameters, with the constraint thata + 5+ = 1. In
the next section of the experiment, we will provide different hyperparameter settings for
different datasets.

Based on the above, this paper also embraces a straightforward and efficient ap-
proach to sample reweighting. Defining the training target as ¢;, we set the weights, w;, as
w; = max; t;, and the sample weights, w;, € {%, 1} signify the confidence associated with
the respective samples. Additionally, during the pre-training phase, all samples receive
equal treatment. As the target undergoes updates, the FPL algorithm diminishes its fo-
cus on potentially noisy labels, shifting emphasis toward learning more from potentially
clean samples. This strategy enables noisy samples to regain attention only if they can be
confidently rectified.

Finally, the network’s parameters undergo updating via the cross-entropy loss compu-
tation between the predicted outcomes and the pseudo-labels assigned to the clean samples.
This updating process can be expressed as follows:

1

E = — Zi w; ; w; ;Si,j log pi,]' (8)

Following the completion of training, we proceed to output and preserve the trained
network model parameters. Algorithm 1 summarizes the essence of our proposed method-
ology. Additionally, as the DNNSs initially adapt to the features of the clean labels, we
initiate a warm-up phase. This warm-up phase enables the model to assimilate features that
facilitate fine-tuning across various tasks, thereby improving the performance and acceler-
ating the convergence of the model. Subsequently, we employ the proposed pseudo-label
method to train the model.

Algorithm 1 FPL

Require: Training set D, «, 3, v,Optimizer O
Ensure: Model parameters 6

1. fort =1t < Tdo

22 forb=1,b < %do

3: Fetch mini-batch B from D;
4: if t < Tyarm then
5: Leg = =3 Tiny Xy Ui log pij
6: Update 6
7: else R
8: Feature normalization using f; = H?izl\
Ne 7
9: Calculate the feature center for each class using O, = Ié"ﬁé fA"H
i=1J1
10: Calculate the cosine similarity using COS;; = ﬁ -Oj
11: Select feature label using u; = argmax(COS;;, COS;5, COS;3...COS; ;)
12: Update pseudo-labels using s; = as;_1 + Bp; + yu;
13: Update 6 using £ = — ﬁ Y w; Z]- Sij log Pij
14: end if
15:  end for
16: end for

4. Experiments and Discussion

To evaluate the effectiveness of our proposed approach, experiments were conducted
on four benchmark datasets and one real dataset. We introduced different types of noise
and varied noise rates, then proceeded to compare our findings with those obtained from
existing learning techniques for handling noisy labels.
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4.1. Experimental Setup
4.1.1. Datasets

Our proposed method was tested on simulated noisy datasets including SVHN [27],
MNIST [28], CIFAR10, CIFAR100 [29], and one real dataset, Clothing1M [30]. SVHN is de-
rived from real-world images featuring door numbers in Google Street View, encompassing
10 classes with images sized 32 x 32. It consists of 7325 images for training, 26,032 images
for testing, and an additional 531,131 less challenging samples for training data. The MNIST
handwritten digit dataset is a fundamental digital classification dataset, featuring 10 classes
of grayscale images sized 28 x 28. It comprises 60k digital images for training and an
additional 10,000 digital images for testing. CIFAR10 and CIFAR100 datasets are both com-
posed of images sized 32 x 32, featuring 60k training images and 10k test images. The key
distinction lies in the number of classes: CIFAR10 comprises 10 classes, whereas CIFAR100
encompasses 100 classes. ClothinglM comprises 14 classes of clothing images totaling
1M, sourced from various online shopping platforms, incorporating numerous mislabeled
samples. Furthermore, the dataset comprises 50,000 training images, 14,000 validation
images, and 10,000 testing images, all labels with accurate labels. Moreover, experiments
were conducted on a noisy dataset with a long-tailed distribution [31], wherein the training
data exhibited class imbalance following a long-tailed distribution pattern. To simulate this
distribution, the quantity of training samples for various classes was reduced. Both the
MNIST and SVHN datasets were employed for this setup. Furthermore, asymmetric noise
was introduced to generate a noisy long-tailed dataset. Table 1 outlines the dataset details
for all experiments conducted.

Table 1. Dataset statistics and classifier architectures used.

Dataset MNIST SVHN CIFAR10 CIFAR100 Clothing1lM
classes 10 10 10 100 14
Train 60k 7325 50k 50k 50k
Test 10k 26,032 10k 10k 14k
Size 28 x 28 32 x 32 32 x 32 32 x 32 224 x 224
Classifier 9-CNN Resnet34 Resnet18

4.1.2. Noise Types

We conducted multiple experiments with various noise rates and types. While Cloth-
inglM, being a real dataset, possessed naturally occurring noisy labels, no supplementary
noise was artificially introduced. Conversely, for MNIST, SVHN, CIFAR10, and CIFAR100,
label corruption was deliberately induced using four different types of noise: symmetric
noise, pair flip noise, tridiagonal noise, and instance noise. The composition of these
different noise types is detailed as follows:

1.  Symmetric noise: All samples have an equal probability of being mislabeled as other
samples. This approach follows the method described by Zhang et al. [32] and Tanaka
etal. [33].

2. Pair flip noise: Acquiring the pristine labels within each category involves randomly
flipping to adjacent classes with equal likelihood.

3.  Tridiagonal noise: This type of noise is created by performing two consecutive pair-
wise flips of two classes in opposite directions.

4. Instance noise: The likelihood of an object receiving an erroneous label depends on its
attributes or properties.

4.1.3. Baselines

This paper utilizes the original code version and default configurations; this study
reproduces the state-of-the-art technique and subsequently contrasts its performance
against FPL.
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1. GCE [12]: A novel GCE loss function integrates the robustness to noise characteristic
of the mean absolute error (MAE) loss function with the training expediency inherent
in the conventional cross-entropy loss function.

2. APL [15]: A framework is suggested for crafting a robust loss function, termed
active passive loss (APL). APL synergizes two interdependent robust loss functions to
enhance both robustness and performance.

3. ELR [34]: Takes advantage of early learning through regularization. Firstly, the semi-
supervised learning technique is used to generate the target probability according to
the model output. Secondly, a regularization term is designed to guide the model to
these targets, implicitly preventing the memory of false labels.

4. CDR[35]: This method categorizes parameters into critical and non-critical, employing
distinct update regulations for various parameter types.

5. MSLC: Introduces a meta-learning model designed to predict soft labels by implement-
ing a meta-gradient descent procedure guided by clean metadata, thereby efficiently
allocating pseudo-labels to noisy ones.

6.  PES[36]: Trains the network into different parts to counteract the effects of label noise.

7. MLC: The label correction process is considered a meta-process, where the label
correction network functions as a meta-model to generate corrected pseudo-labels for
noisy labels. Concurrently, the main model is trained to learn from these pseudo-labels
instead of the noisy labels. Introduces a fresh contrast regularization function for
acquiring representations in the presence of noisy data, mitigating the influence of
label noise.

8. CTRR [37]: Proposes a new contrast regularization function for acquiring representa-
tions in the presence of noisy data, relieving the influence of label noise.

4.1.4. Network Structure

To ensure fairness, we implemented all methods using PyTorch with default parame-
ters. All experiments were conducted on Nvidia Tesla RTX3090 GPUs (Nvidia, Santa Clara,
CA, USA). For the MNIST dataset, we used a 9-layer CNN. For the SVHN, CIFAR10, and
CIFAR100 datasets, we used the ResNet34 network structure. For the Clothing1M dataset,
we used the ResNet18 network structure.

In our experiments on SVHN, MNIST, CIFAR10, and CIFAR100 datasets, we employed
the Adam optimizer with a momentum of 0.9. The initial learning rate was fixed at 0.001,
and the batch size was set to 128. Models were trained for 200 epochs on each dataset. The
implementation details for the long-tail dataset were aligned with those of the experiments
conducted on the balanced noise dataset.

For the ClothinglM experiments, we utilized the Adam optimizer with a momentum
of 0.9 and set the batch size to 64. Throughout the training phase, we completed a total of
15 epochs. The learning rate was set to 8 x 10~ for the first 5 epochs, followed by 5 x 10~4
for the next 5 epochs, and finally 5 x 10~ for the remaining 5 epochs.

4.1.5. Parameter Analysis

«, B, and 7, respectively, represent the confidence proportion of the last round of
pseudo-labels after the update, the confidence proportion of the prediction labels after the
update, and the confidence proportion of the feature labels after the update. According
to the concept of exponential moving average, the sum of these three parameters should
equal 1. When the confidence of prediction labels and feature labels is high, the updated
pseudo-labels will overly rely on the overall model performance, increasing the risk of
overfitting in later training stages. In most scenarios, aside from the original clean labels,
there is no guarantee that the corrected pseudo-labels are accurate, underscoring the critical
importance of setting these three parameters thoughtfully. In this section, we will set three
sets of hyperparameters, namely « = 0.8, 3 =0.1, y =0.1; 0 = 0.9, = 0.09, v = 0.01; and
x =109, 8 =0.099, v = 0.001. Experiments were performed on the CIFAR100 dataset, and
the results of the experiments are shown in Table 2.
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According to the experimental findings, the highest test accuracy across the four noise
types is achieved when setting the parameters to « = 0.9, = 0.099, and y = 0.001. Due to
the vast number of classes in CIFAR100, the classifier requirements are relatively stricter
compared to other datasets, increasing the chance of feature learning errors. Hence, a
decreased ratio of coefficients associated with feature labels proves advantageous. However,
a lack of fine-tuning based on feature labeling can likewise lead to lower test accuracy.

Table 2. Average test accuracy (%) for the last 10 epochs with different hyperparameter settings on
CIFAR100. The best mean results are in bold.

Settings
« B v

Symmetric Pair flip Tridiagonal Instance

40% 20% 40% 20% 40% 20% 40%

08 0.1 0.1
09 009 0.01

7076 £0.05 66.64+0.09 73.14+012 71.89+010 73.19+0.06 7228+0.11 71.48+0.09 70.17+0.10
7151 +£0.06 67.73+0.07 7315+0.05 71.84+0.08 73.20+0.05 7255+0.06 71.37+0.06 70.28+0.05

09 0.099 0.001 71.55+0.08 67.84+0.04 73.43+0.09 72.35+0.09 73.2+0.03 72.62+0.07 71.49+0.05 70.34 +0.05

Based on the experimental settings mentioned above, we established the particular
parameter configurations for four baseline datasets and one real dataset, respectively. For
the MNIST dataset, we set « = 0.9, B = 0.09, and y = 0.01 for all four noise types. For
the SVHN dataset, we set « = 0.9, § = 0.099, and v = 0.001. For the CIFAR10 dataset,
we used the same parameter settings for symmetric noise, pair flip noise, and tridiagonal
noise, which were « = 0.9, B = 0.09, and y = 0.01. For instance noise on CIFAR10, we set
a =09, 8 =0.099, and y = 0.001. For the CIFAR100 dataset, we set « = 0.9, B = 0.099, and
v = 0.001. For the Clothing1M dataset, we used the parameter settings of &« = 0.8, § = 0.19,
and v = 0.01 for all four noise types. Finally, for both im-SVHN and im-MNIST datasets,
we used the same parameter settings of « = 0.9, f = 0.09, and v = 0.01 for all four noise
types. To provide a clearer representation, we organized the specific parameters in a table
format. Please refer to Table 3 for detailed information.

Table 3. The settings of three parameters for different noise types in different datasets.

Parameter o B 0%

Symmetric
Pair flip
Tridiagonal
Instance

MNIST 0.9 0.09 0.01

Symmetric
Pair flip
Tridiagonal
Instance

SVHN 0.9 0.099 0.001

Symmetric

Pair flip 0.9 0.09 0.01
Tridiagonal

Instance 0.9 0.099 0.001

CIFAR10

Symmetric
Pair flip
Tridiagonal
Instance

CIFAR100 0.9 0.099 0.001

Symmetric
Pair flip
Tridiagonal
Instance

Clothing1M 0.9 0.099 0.001
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Table 3. Cont.

Parameter o B 0%

Symmetric
Pair flip
Tridiagonal
Instance

im-MNIST 0.9 0.09 0.01

Symmetric
Pair flip
Tridiagonal
Instance

im-SVHN 0.9 0.09 0.01

4.2. Results and Discussion
4.2.1. Results on Simulated Noise Datasets

The average test accuracies of the last ten epochs for FPL and all baseline algorithms
across eight different settings are presented in Table 4. Regarding MNIST, SVHN, and
CIFAR10 datasets, the method proposed in this paper demonstrates a clear advantage
over all other comparison experiments. Moreover, the class accuracy is close to 100%
on the MNIST dataset, indicating the method’s effectiveness for MNIST. Additionally,
for the CIFAR10 dataset, the algorithm exhibits a significant advantage over the CTRR
algorithm in the case of Instance-40%, with a nearly 2% higher performance, suggesting
that the FPL algorithm performs well in scenarios involving Instance noise associated
with image features. For the pair flip-20%, the accuracy of the CIFAR100 dataset is lower
compared to that of the ELR algorithm. ELR, unlike FPL, does not directly correct the noisy
labels but instead hinders the model from memorizing them by incorporating a specially
crafted regularization term. Although both are in the field of label noise, these methods
approach the problem differently, resulting in different performances for different noise
types. Furthermore, the ELR approach only marginally outperforms FPL by 0.03%, leaving
room for chance factors to influence results. Besides, the FPL method demonstrates a
smaller difference between high and low noise rates compared to other methods in similar
noise types. For instance, the disparity between the 40% noise rate and the 20% noise rate
under the pair flip noise type is 1.08%, while the difference for the ELR method is 1.77%.
These results demonstrate that FPL yields better classification results at higher noise rates.
In summary, the method exhibits good convergence and stability across the four benchmark
datasets. Additionally, the FPL algorithm demonstrates a relatively small range of standard
deviation variation in the last 10 epochs, further indicating the robustness of the algorithm.

Table 4. Average test accuracy (%) on four simulated noise datasets over the last 10 epochs. The best
mean results are in bold.

Noise Type Symmetric Pair flip Tridiagonal Instance
Setting 20% 40% 20% 40% 20% 40% 20% 40%
CE 94.66 £0.12 79.15+0.30 89.07 £0.20 64.96 £0.29 91.67 +0.14 70.32+0.58 90.15+0.25 69.24 +0.41
GCE 98.99 £0.14 98.46+0.12 99.16 +0.11 98.75+0.13 99.12+0.09 99.03 +0.14 9828 +0.17 97.97 +0.21
APL 99.54 £0.03 99.21 £ 0.04 99.16 +0.04 84.27 +0.28 9948 +0.03 97.14+0.06 97.63+0.73 87.90 +1.94
ELR 99.22£0.13 9897 +0.16 99.09+0.1 9899 +0.14 99.09+0.09 99.06 +0.15 99.05+0.11 98.94 +0.17
MNIST MSLC 99.07 £0.11 98.85+0.14 9957 +0.10 99.33+0.10 99.64 +0.12 99.35+0.14 99.58 +0.14 99.41 +0.16
CDR 9427 £0.35 75.76+0.94 87.40+094 62.83+1.57 91.40+045 70.13+1.16 89.62+0.53 67.46 +1.59
PES 99.57 £0.04 9949 +£0.05 99.62+0.02 99.58 +0.03 99.69 +0.01 99.54+0.03 99.51+0.02 99.42 +0.04
MLC 98.80 £0.04 98.47 +0.07 9894 +0.05 97.36+0.06 98.91+0.01 98.54+0.03 98.94+0.03 98.42+0.05
CTRR 98.96 £0.24 98.16+0.34 99.29+0.52 99.06 £+0.47 99.01 £0.35 98.94+026 98.83+0.28 98.14 +0.32
FPL 99.71 £0.01 99.71£0.02 99.72£0.02 99.70 £0.02 99.73 £0.02 99.70 £ 0.02 99.6 £0.01  99.52 + 0.02
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Noise Type Symmetric Pair flip Tridiagonal Instance
Setting 20% 40% 20% 40% 20% 40% 20% 40%
CE 8744 +£0.34 67.09 056 83.42+0.43 60.86+0.37 86.08+0.24 67.21 +0.44 83.27 +0.45 59.55+0.64
GCE 76.57 £0.28 60.82 +0.30 77.83+0.24 6259 +0.35 78.06 +0.19 62.98 +0.27 75.87 +0.26 60.12 +0.34
APL 7746 £ 031 61.05+0.46 75.62+0.45 59.96 +0.47 76.06 +0.34 60.53 £0.41 75.27 +0.44 59.83 +0.45
ELR 7439+ 028 56.19 £0.23 76.94+0.22 5743 +0.26 75.94+0.28 57.16 +0.21 75.69 +0.32 58.16 + 0.27
SVHN MSLC 97.08 £0.17 9512 +0.14 96.97 £0.21 9524 +0.23 97.10+0.18 96.88 +0.20 97.09 = 0.23 96.95 + 0.25
CDR 82.46 £ 0.21 67.50+2.09 82.35+139 60.41+215 8479 +1.00 64.59 +1.44 81.96+2.30 60.71 +3.33
PES 87.63 £0.23 69.31+0.37 88.92+0.25 7026 +0.31 89.17+0.19 70.34+0.27 8549 +£0.21 67.38 +0.36
MLC 96.75 £ 0.06 95.96 £0.12 96.99 £ 0.11 96.06 + 0.10 96.43 +0.09 95.81 +0.11 96.38 +0.12 95.24 + 0.15
CTRR 96.21 £0.14 9557 £0.53 97.02+0.21 96.20+0.34 96.53 +0.44 96.06 + 0.45 96.17 £ 0.14 95.89 £ 0.11
FPL 97.14 + 0.02 96.87 £0.02 97.15+0.01 97.11+0.02 97.14+0.01 97.01+0.01 97.11+0.01 97.02 + 0.01
CE 83.81+£0.15 66.22+0.43 81.83+0.32 59.41+0.60 8297 +0.23 64.18 +0.41 81.65+0.42 59.02 = 0.42
GCE 89.7+0.23 87.62+035 89.83+0.19 87.61+048 90.35+0.04 86.63+0.06 89.45+0.29 82.28 +0.67
APL 88.15+0.09 81.51+0.17 86.07+0.09 51.66+020 77.34+0.23 32.66+026 7883 +211 60.00+1.71
ELR 89.42 £ 0.09 87.52+0.15 89.87+0.11 89.36+0.14 8896+0.1 88.48+0.17 89.78 +0.08 89.05=+0.17
CIFARI0 MSLC 93.20 £0.09 90.67 £0.17 94.09 £0.09 92.74+0.11 92.82+0.11 9244 +0.11 924601 91.93+0.14
CDR 82.79 £0.66 64.16 +0.74 81.25x096 60.17+0.94 82.14+0.60 64.13+1.13 81.11+0.80 62.69 +1.51
PES 92.48 £ 0.06 89.17 £0.13 92.14 +£0.03 88.77 £0.09 92.40 +0.05 88.70 +0.08 91.57 +0.07 89.27 +0.11
MLC 89.46 £ 0.12 86.53 +0.24 90.33+0.15 90.30 +0.14 90.31 £0.15 90.29 +0.13 89.74 +0.13 89.51 +0.14
CTRR 9297 £0.32 9216 £0.31 93.05+0.56 92.82+0.27 93.89 +0.39 93.04 +0.33 91.67 =0.25 90.16 + 0.51
FPL 93.55+0.03 92.92+0.04 94.13 +0.07 94.08 +£0.09 94.23 +0.06 93.71+0.06 93.70 £ 0.06 93.59 + 0.07
CE 56.78 £ 0.20 38.09 +0.25 58.27 +0.11 41.52+0.17 59.99 +0.13 44.25+0.33 55.10 £ 0.37 36.78 + 0.26
GCE 65.24 £ 0.56 58.94+0.50 66.21 £0.09 57.62+0.12 6479 +0.11 5835 +0.13 61.87 +0.39 47.66 + 0.69
APL 5413 +0.15 3744 +0.40 57.11+0.13 4292+024 57.75+0.11 42.86+044 51.91+0.50 44.68 +0.16
ELR 70.83 £0.19 6691 +£0.21 73.46+0.13 71.69+£0.17 72.6+0.16 7248+02 70.09+0.13 69.59 +0.19
CIFAR100 MSLC 7147 +020 6750 +£0.14 72.62+0.13 71.79 +0.24 72.33+0.08 71.71+0.12 70.82 +0.11 69.04 + 0.15
CDR 58.45+0.27 5256 +0.34 63.62 026 45.82+0.25 65.39+0.31 48.89+0.35 61.70+0.56 43.01 +0.85
PES 69.26 £ 0.07 6496 +0.14 70.67 +0.52 64.85+0.64 71.43+0.13 67.40+0.18 68.30 £ 0.07 66.27 +0.16
MLC 5092 +0.22 39.76 £0.13 58.85+0.23 48.88+0.14 58.85+0.23 48.87 +0.14 50.67 +0.17 47.72 £ 0.22
CTRR 70.09 + 045 65.32+0.20 72.88+0.34 66.75+0.28 73.12+0.42 6446 +0.17 70.15+0.23 64.53 +0.17
FPL 71.55+0.08 67.84 +£0.04 7343 +0.09 72.35+0.09 73.26 +0.03 72.62 +0.07 72.01+ 0.08 70.07 +0.07
4.2.2. Results on Real Datasets

The best and final results of the FPL for the Clothing1M dataset are presented in Table 5.

As it is a real dataset with labeling noise, there is no need to artificially introduce additional
noise. In contrast to other baseline methods, although this approach may not attain the
highest classification accuracy in terms of optimal results, the FPL method demonstrates
the highest classification accuracy at the last epoch. The difference between the best and
final outcomes of the FPL algorithm indicates robust stability and exceptional convergence
on real datasets.

Table 5. Test accuracy (%) on Clothing1M. The best mean results are in bold.

Method Last Best
CE 67.22 64.68
APL 56.01 55.63
ELR 73.27 74.53
MSLC 73.34 73.95
CDR 63.22 63.22
PES 72.37 73.64
MLC 73.28 75.61
CTRR 72.71 73.68
FPL 73.54 73.57
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4.2.3. Results on Imbalance Datasets

We assessed the performance of our model on noisy long-tailed number datasets
featuring four different noise rates. In contrast to other algorithms, the approach presented
in this paper displays a distinct advantage regarding classification accuracy. Moreover,
compared to alternative algorithms, our method showcases superior convergence, evi-
dent from consistently smaller variances during the last 10 epochs. These observations
indicate the competitiveness of our approach. Experimental results for the imbalanced
MNIST dataset are presented in Table 6, while those for the imbalanced SVHN dataset are
showcased in Table 7.

Table 6. Average test accuracy (%) on im-MNIST over the last 10 epochs. The best mean results are
in bold.

Noise Type Asym

Setting 20% 30% 40% 45%

CE 90.66 + 0.21 85.40 + 0.25 80.40 + 0.12 76.54 + 0.20

GCE 93.07 £ 0.11 87.94+0.13 84.06 + 0.12 78.84 £ 0.15

APL 98.44 + 0.05 98.02 £ 0.10 94.68 + 0.09 89.50 £ 0.22
im-MNIST ELR 95.66 + 0.09 93.50 +0.13 89.28 +0.15 87.61 +0.14

CDR 98.45 + 0.11 98.44 + 0.11 96.15 + 0.48 94.24 + 0.78

PES 97.60 + 0.08 96.42 + 0.10 95.03 +0.14 93.91 £ 0.15

CTRR 98.37 £ 0.15 97.17 £ 0.24 95.96 + 0.51 94.22 +0.26

FPL 98.55 + 0.05 98.55 + 0.05 98.53 + 0.06 98.58 + 0.04

Table 7. Average test accuracy (%) on im-SVHN over the last 10 epochs. The best mean results are
in bold.

Noise Type Asymmetric

Setting 20% 30% 40% 45%

CE 83.84 + 0.34 73.93 £ 0.49 59.44 + 0.40 54.17 + 0.50

GCE 85.62 +0.23 76.35+0.28 61.82 +0.31 57.22 +0.29

APL 82.44 £ 0.05 71.84 £ 0.08 59.93 £ 0.14 53.74 +0.15
im-SVHN ELR 80.73 £2.08 69.33 + 0.10 58.27 +0.15 54.62 +0.18

CDR 81.52 +2.08 72.58 +1.88 60.23 +2.74 55.10 +2.25

PES 87.77 £ 0.06 74.56 = 0.13 61.86 £ 0.18 56.64 + 0.16

CTRR 93.88 + 0.41 89.64 + 0.23 80.07 + 0.36 73.59 + 0.39

FPL 95.13 + 0.04 95.18 + 0.05 95.01 + 0.05 94.99 + 0.04

4.3. Ablation Experiments

To evaluate the effectiveness of feature labels and predictive labels, we conducted
ablation experiments. The settings and outcomes of the ablation experiment on the CIFAR10
dataset can be found in Table 8. All models employed in these experiments were derived
from the ResNet architecture.

The test accuracy of CIFAR10 across different epochs is depicted in Figure 1. In the ma-
jority of experimental settings, the test accuracy is lower when the feature tag is not utilized
compared to when it is employed. For Instance-20%, the classification accuracy is merely
0.02% higher than that of the FPL algorithm, which may be influenced by incidental factors.
In the scenario of Tridiagonal-20%, the impact of solely incorporating prediction labels is
notably more pronounced. Therefore, enhancements are required for the FPL algorithm in
this type of noise. Nonetheless, we also computed the average classification accuracy for
each ablation experiment configuration, revealing that our method consistently attained
significant advantages in average accuracy. Moreover, the method without predicted labels
exhibits a noticeable decline after 30 epochs, whereas our method remains more stable.
This pattern is especially conspicuous when confronted with higher noise rates, suggesting
that our proposed method excels under such circumstances.
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Table 8. Average test accuracy (%) of the ablation experiment on CIFAR10. The best mean results
are in bold. “P” represents the prediction label, “F” represents the feature label and “v'” represents

which module to apply.
Sym Pair Trid Ins
CE P F 20% 40% 20% 40% 20% 40% 20% 40% Mean
Ve 83.81 £0.15 6622 +043 81.83+032 5941 +060 8297+023 64.18+041 81.65+0.42 59.02+042 72.39
v 93.18+0.06 91.88+0.06 94.10+0.04 93.74+0.05 94.43+0.04 9290+ 0.04 93.72+0.04 9291 +0.02 93.36
v v 84.67+0.10 84.18+0.09 84.81+0.05 84.42+0.08 84.72+0.09 84.10+0.07 84.41+0.09 84.61 +0.03 84.50
vV v Vv 9355+£0.03 92.92+0.04 94.13+0.07 94.08 £0.09 9423 +0.06 93.71+0.06 93.70 +0.06 93.59 + 0.07 93.74
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Figure 1. Ablation experiments on CIFAR10.

4.4. Experimental Complexity Evaluation

The FPL algorithm’s superiority is emphasized by using training time as a criterion
for evaluating the experiment’s complexity. We applied a symmetric noise setting to
the CIFAR10 dataset, with a noise rate of 20%. Each comparison method underwent
200 training sessions under identical experimental conditions. Furthermore, to underscore
the duration of the feature clustering process, we conducted supplementary experiments
devoid of feature labels, designated as FPL (w/0), and their outcomes are displayed
in Table 9. Upon reviewing the table, it becomes apparent that our proposed method
demonstrates a reduced runtime compared to alternative benchmark algorithms, notably
surpassing the performance of the MLC and MSLC pseudo-labeling techniques. This
implies that our approach attains superior classification accuracy while retaining lower
complexity. Furthermore, we noted a mere 0.73 h reduction in training time after removing
the feature labels. This suggests that the feature clustering process has minimal impact on
the overall complexity of the training cycle.
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Table 9. Comparison of running times on the CIFAR10 dataset. The shortest running time is in bold.

Method Test Acc (%) Time (h)
MSLC 93.20 £ 0.09 3.93
MLC 89.46 + 0.12 3.7

CDR 82.79 + 0.66 20.44
FPL (w/0) 93.18 = 0.06 2.19

FPL 93.55 + 0.03 2.92

5. Conclusions

This paper presents a novel pseudo-label approach aimed at bolstering the robustness
of DNNSs in the presence of noisy labels. The core concept involves leveraging feature
clustering to compute cosine similarity, facilitating the acquisition of precise feature labels
for rectifying noisy labels. Our experimentation spanned multiple datasets, encompassing
MNIST, SVHN, CIFAR10, CIFAR100, and Clothing1M. The findings illustrate the superior
performance of our method, especially under high noise rate conditions. Furthermore, we
conducted ablation experiments to affirm the efficacy of our proposed feature labels.
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