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 A B S T R A C T

Sample selection is crucial in classification tasks with noisy labels, yet most existing sample selection methods 
rely on a single criterion. These approaches often face challenges, including low purity of selected clean 
samples, and underfitting due to an insufficient number of selected clean training samples. To address these 
challenges, this paper proposes GNet-SSLC, a novel multi-granularity network framework that integrates 
multiple criteria ensemble sample selection (SS) and multiple views label correction (LC). In the SS phase, 
this paper proposes a metric learning-based dual k-Nearest Neighbor (k-NN) sample selection method. This 
method first uses corrected soft labels from the initial k-NN round to guide the selection of clean samples 
in the subsequent k-NN round. To further enhance selection accuracy, we combine this dual k-NN approach 
with a small loss sample selection technique through a voting mechanism. This multiple criteria ensemble 
method addresses the issues of low purity and instability inherent in single criterion approaches. In the LC 
phase, this paper designs a multiple views label correction framework that generates high-quality pseudo-
labels for selected noisy samples. A key innovation of the framework is the design of a regularized contrastive 
learning loss, which optimizes the semi-supervised learning process by leveraging multiple views of training 
samples. The additional inclusion of training samples with high-quality pseudo-labels can effectively mitigate 
underfitting caused by a limited number of clean training samples. Experimental results on both synthetic 
and real-world noisy datasets indicate that GNet-SSLC enhances the purity and stability of the selected clean 
samples, and significantly improves classification performance. The enhancement is particularly notable with 
high noise rate dataset, such as CIFAR-100 dataset with 80% noise rate, achieving a 19.3% increase in 
classification accuracy compared to the baseline method.
1. Introduction

Image classification represents a fundamental yet challenging task 
in computer vision, attracting considerable attention in recent years
[1]. This task relies heavily on the availability of vast amounts of 
high-quality, labeled data. However, the process of obtaining such 
well-annotated data sets is not only resource-intensive but also time-
consuming, posing significant challenges [2]. To circumvent these 
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issues, cheaper alternatives like crowd-sourced annotations or web-
crawled data are often utilized. Nevertheless, these methods frequently 
lead to compromised data quality due to label noise, which stems from 
inaccuracies in annotations or unreliable labeling processes [3].

In response to these challenges, there has been a surge in research 
efforts aimed at developing robust learning methodologies to handle 
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 data mining, AI training, and similar technologies. 
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datasets with noisy labels. These strategies encompass a variety of ap-
proaches, such as model regularization techniques [4], the refinement 
of loss functions [5], and sample selection methods [6,7]. Notably, 
sample selection has become a particularly prominent method for 
addressing the challenges posed by noisy labels. This technique funda-
mentally involves separating clean samples (with correct labels) from a 
noisy sample dataset (with incorrect labels), and subsequently focusing 
the optimization process of the neural network on these clean samples 
to minimize the detrimental effects of the noisy data. Studies have 
identified a memory effect in neural networks, wherein clean samples 
tend to have smaller losses compared to noisy samples during the 
early stages of training, a phenomenon known as the small loss strat-
egy [7,8]. Leveraging this observation, several studies have adopted 
this strategy to select samples with lower loss values, presuming them 
to be clean [9,10]. However, this reliance on loss values as the sole 
criterion for sample selection has its drawbacks. It can often lead 
to inaccurate sample categorization, and this method’s effectiveness 
tends to diminish in the later stages of network training. Moreover, 
a significant limitation of many current sample selection algorithms 
is their tendency to completely disregard all samples deemed noisy, 
especially problematic in scenarios characterized by high noise levels. 
This often results in a scarcity of clean samples, insufficient for effective 
model training.

To further overcome these limitations, some researchers have ex-
plored the incorporation of metric learning techniques, which focus 
on sample selection from a feature standpoint [11,12]. However, this 
approach sometimes neglects the valuable insights that can be gleaned 
from loss values. Alternatively, other methods have integrated semi-
supervised learning frameworks, which utilize both clean and noisy 
samples [13,14]. Yet, these techniques often do not adequately address 
the reliability of pseudo-labels derived from noisy data. Consequently, 
the challenges of accurately identifying and optimally utilizing clean 
and noisy samples persist as critical research areas in the development 
of more robust sample selection methodologies.

This paper presents a novel network for sample selection and label 
correction. The proposed method adopts a multi-granularity ensemble 
strategy to address classification tasks with noisy labels. It enhances 
performance by integrating multiple selection criteria and incorporat-
ing diverse data views. The approach consists of two stages: (i) mul-
tiple criteria ensemble sample selection and (ii) multiple views semi-
supervised label correction. The ensemble sample selection method 
integrates a small loss-based and a novel metric learning-based method 
through a voting mechanism. This integration aims to address the low 
purity and instability in clean sample selection, which often arises 
from reliance on a single criterion. Building upon the results of sample 
selection and multiple views of training samples generated by various 
data augmentations, a novel semi-supervised noise label correction 
framework is designed. This framework generates superior pseudo-
labels for selected noisy samples, thus mitigating underfitting due to 
limited clean training samples.

More specifically, the paper first proposes a metric learning-based 
dual k-Nearest Neighbor (k-NN) sample selection method. This method 
utilizes the corrected labels from the first round of k-NN as soft labels, 
aiding the second round of k-NN for sample selection and allevi-
ating the impact of raw noisy labels. Then, we propose a multiple 
criteria ensemble sample selection approach, combining the proposed 
metric learning-based method with a small loss-based method. Both 
methods undergo multiple data augmentations, with the final clean 
sample selection executed through voting. Finally, the semi-supervised 
noise label correction framework is presented. This framework employs 
a regularized contrastive learning loss from the contrastive learning 
method CTRR [11] to optimize the semi-supervised loss from the 
semi-supervised learning method FixMatch [14]. This integration leads 
to more effective model iteration optimization, and the generation 
of high-quality pseudo-labels. Samples with pseudo-labels enable the 
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model to exploit valuable information from noisy training samples and 
prevent model underfitting, particularly in high noise scenarios.

In summary, this paper focuses on enhancing image classification 
performance with noisy labels through improved sample selection and 
label correction techniques. The significant contributions of our work 
are as follows:

• A novel metric learning-based dual k-NN sample selection ap-
proach: Differ from existing single k-NN methods, our approach 
first utilizes corrected soft labels from the initial k-NN round 
to guide the selection of clean samples in the subsequent k-NN 
round. This dual-phase strategy reduces the impact of raw noisy 
labels, effectively addressing the issue of low purity in clean 
samples selected by current methods.

• A novel multiple criteria ensemble sample selection method: By 
integrating various criteria, including both the traditional small 
loss-based technique and our proposed metric learning-based dual 
k-NN approach, this method offers a new perspective compared 
to conventional single-criterion techniques. The use of multi-
ple criteria significantly improves the stability of the selection 
process.

• A multiple views label correction method: We have designed 
a novel regularized contrastive learning loss based on multiple 
views, which optimizes the existing semi-supervised learning loss 
by leveraging diverse views of training samples. By incorporating 
samples with high-quality corrected pseudo-labels into the train-
ing process, this method mitigates the overfitting issue caused by 
the limited number of selected clean samples.

Overall, the paper presents a comprehensive investigation into sam-
ple selection-based noisy labeled image classification. It introduces 
innovative methods that address key challenges in sample selection and 
the effective utilization of noisy samples. The remaining sections are 
organized as follows: Section 2 provides an overview of related works. 
Section 3 focuses on explaining the proposed model. Section 4 presents 
experimental validation and analysis of the results to demonstrate the 
effectiveness of the proposed methods. Finally, Section 5 concludes the 
paper.

2. Related works

In this section, we present a comprehensive overview of existing 
literature pertinent to our research domain, with a specific emphasis 
on studies that align closely with the scope and objectives of our work.

2.1. Multi-granularity

Multi-granularity, a fundamental concept in granular computing
[15], involves analyzing, processing, or representing data at multiple 
levels of granularity or detail. This approach acknowledges that differ-
ent aspects of a problem may require solutions at different levels [16]. 
Consequently, this paper adopts multi-granularity as the theoretical 
foundation and proposes the multiple criteria ensemble sample selec-
tion and multiple views label correction method to deal with noisy 
labels at different levels.

Fig.  1 shows the visualization of the multi-granularity design.
Through upward and downward granulation operations, we can obtain 
data at different granularities. Downward refinement yields granular 
data containing finer features, while upward coarsening produces gran-
ular data with coarser features. These various granular data can be 
perceived and processed at multiple layers of abstraction and detail, 
allowing for more versatile approaches to problem-solving. Multi-
granularity recognizes that data is diverse. It means that different parts 
of a complex problem can be better solved at different levels of detail.

The concept of multi-granularity has gained significant attention 
in recent years [17–20], demonstrating its effectiveness in tackling 
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Fig. 1. Visualization of the multi-granularity design, illustrating upward and downward granulation operations to generate multiple views at various levels.
complex challenges in computer vision. Khoder et al. [17] proposes 
three variants of a novel ensemble learning approach. This method 
emphasizes the use of multiple extracted feature subsets, obtained 
from multiple learned linear embeddings, to enhance data representa-
tion. Instead of using a single classifier, these multiple feature subsets 
are concatenated into a single vector for more effective classifica-
tion. MG-CAP [18] presents a novel multi-granularity canonical ap-
pearance pooling method. It addresses visual-semantic discrepancies 
by employing a granular framework to learn multi-grained features 
and enhance feature discriminative power. MGDNet [19] introduces 
a multi-granularity decoupling network, addressing the challenge of 
imbalanced remote sensing scene training samples. It incorporates 
methods such as multi-granularity complementary feature represen-
tation and a diversity component feature loss function. MGLP [20] 
presents a multi-granularity-based semi-supervised label propagation 
method. Developed from a multi-granularity perspective, it enhances 
label accuracy for unlabeled data by leveraging diverse neighborhood 
sizes and multi-level neighborhood information granules in graph-
based semi-supervised learning.

This research provides a comprehensive examination of existing 
methodologies in computer vision, focusing specifically on multi-
granularity techniques. A significant gap in the literature is observed: 
most methodologies are not tailored for the crucial task of classifying 
images with noisy labels. These noisy labels, often due to factors like 
human error or misinterpretation of image content, pose substantial 
challenges for accurate classification.

This study aims to fill this gap by developing approaches specifically 
designed to address the challenges of image classification with noisy 
labels. Grounded in multi-granularity, we propose a multiple criteria 
ensemble sample selection and multiple views label correction method. 
By leveraging the principles of multi-granularity, our research seeks to 
enhance the robustness and accuracy of network models, particularly 
in the face of uncertainty and imprecision introduced by noisy labels.

2.2. Small loss sample selection

Research has shown that neural networks exhibit a memory ef-
fect [3,7], where clean samples often have smaller losses compared to 
noisy samples during the early stages of training. Based on a threshold 
𝜏, samples with loss values below this threshold are considered poten-
tial clean samples. Corresponding algorithm is presented in Algorithm 
1.

Various methods have been proposed based on the small loss strat-
egy to select samples with lower losses as clean [8–10]. MentorNet [8] 
reduces overfitting in deep neural networks by employing a secondary 
network, the teacher network, to guide the loss function of the main 
network, StudentNet. This approach dynamically adjusts the training 
curriculum based on data-driven insights, prioritizing samples with 
3 
Algorithm 1  Small loss-based sample selection algorithm.
Input: train dataset  =

{(

𝑥𝑖, 𝑦𝑖
)

, 𝑖 ∈ (1,⋯ , 𝑁)
}

, sample losses=
{

𝑙𝑜𝑠𝑠𝑖, 𝑖 ∈ (1,⋯ , 𝑁)
}

, threshold 𝜏.
Output: clean sample set 𝑐 , noisy sample set 𝑛. 
1: 𝑐 = 𝜙, 𝑛 = 𝜙
2: for 𝑖 = 1 𝑡𝑜 𝑁 do 
3: if 𝑙𝑜𝑠𝑠𝑖 ≤ 𝜏 then 
4: 𝑐 = 𝑐

⋃
{(

𝑥𝑖, 𝑦𝑖
)}

5: else 
6: 𝑛 = 𝑛

⋃
{(

𝑥𝑖, 𝑦𝑖
)}

7: end if
8: end for
9: return 𝑐 ,𝑛.

accurate labels and effectively managing loss. Co-teaching [9] intro-
duces a deep learning paradigm for handling noisy labels by training 
two neural networks simultaneously. Each network selects data with 
potentially clean labels and shares these selections with the other. 
They mutually determine the most reliable data in each mini-batch 
for training, updating themselves based on the data chosen by their 
peer to reduce the impact of noisy labels. O2UNet [10] presents a 
method for detecting noisy labels in deep neural networks without 
human annotations. It alternates a network’s hyperparameters between 
overfitting and underfitting states, tracking the losses of each sample 
during iterations. Samples with higher normalized average losses are 
more likely to have noisy labels.

Using loss values as the sole criterion for sample selection in neural 
network training has limitations. Initially, high loss values can identify 
challenging samples, beneficial for early training stages. However, as 
training progresses, especially in later stages, loss values become less 
indicative of sample complexity and representativeness. This reduced 
effectiveness can lead to suboptimal or erroneous sample selection, 
potentially causing overfitting to high-loss samples. Thus, it is crucial 
to integrate alternative approaches to sample selection. Incorporating 
diversity criteria, or techniques assessing the overall representative-
ness of samples can provide a more balanced and effective training 
strategy. This approach not only addresses the limitations of relying 
solely on loss values but also enhances the model’s performance and 
generalizability in computer vision tasks.

2.3. Metric learning sample selection

Metric learning and its variants have been developed for sample 
selection to address noisy labels. MOIT [21] combines metric learning 
with supervised contrastive learning loss to enhance model robustness 
against noisy labels by directly learning image representations. Building 
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on MOIT, [22] proposes the Sel-CL method, selecting highly confi-
dent sample pairs from noisy data to improve supervised contrastive 
learning robustness. Ref. [23] introduces a method that leverages label 
correlations without requiring anchor points or precise fitting of noisy 
class posteriors. It identifies the transition matrix by exploiting la-
bel correlation mismatches, solving a bilinear decomposition problem. 
From a constrained image feature perspective, CTRR [11] introduces a 
regularization method within the contrastive learning framework, using 
noisy image features as a regularization term to limit noisy label impact 
during training. Jo-SRC [12] employs a contrastive learning method 
that estimates clean sample likelihood, using joint loss with consistency 
regularization. JoCoR [24] proposes a robust learning paradigm to 
address noisy labels, emphasizing sample selection and metric learn-
ing. It reduces diversity between two networks during training by 
jointly updating parameters using small-loss examples, guided by a 
Co-Regularization joint loss. PNP [25] trains two networks to predict 
labels, identifying noisy samples with tailored loss functions for up-
dates. DMI [26] applies information-theoretic loss functions to train 
neural networks robust against label noise, focusing on sample selection 
and metric learning without auxiliary information or noise pattern 
estimation. LIMIT [27] introduces noise in gradient updates, employing 
an auxiliary network to predict classifier gradients, reducing label-noise 
memorization and enhancing generalization through sample selection 
and metric learning, independent of labels. APL (NCE+RCE) [28] com-
bines two robust losses, creating a framework for robust loss functions 
in deep neural networks with noisy labels, focusing on sample selection 
and metric learning to address underfitting and enhance training accu-
racy. SLN [29] presents a noisy label learning approach, emphasizing 
sample selection and metric learning. It demonstrates that SLN in SGD 
improves generalization by influencing the output landscape’s sharp-
ness and output probability confidence. INCV [30] presents a method 
linking test accuracy to dataset noise ratio, partitioning noisy data 
and removing high-loss samples during training, and applying cross-
validation for sample selection and Co-teaching for metric learning to 
train DNNs robustly against noisy labels.

Inspired by these studies, it is clear that sample features can effec-
tively represent the original samples, independent of their labels. There-
fore, this paper proposes a novel metric learning-based sample selection 
method from a multiple criteria perspective, incorporating metric learn-
ing into small loss-based sample selection to identify clean samples. 
Differ from existing methods, this paper initially combines multiple cri-
teria, including small loss-based and metric learning-based strategies, 
offering a fresh perspective compared to traditional single-criterion 
techniques.

2.4. Semi-supervised sample selection

The integration of semi-supervised learning techniques has been 
pivotal in harnessing the potential of unlabeled data for feature repre-
sentation learning. Recently, considerable attention has been directed 
toward improving semi-supervised learning methods through the inte-
gration of advanced sample selection strategies, aiming to better exploit 
noisy samples.

TCL [13] enhances deep learning with limited clean labels by using 
trusted data to generate reliable soft labels and jointly training the 
classifier and label aggregator. DMix [14] integrates semi-supervised 
learning by dividing data into clean (labeled) and noisy (unlabeled) 
sets using a loss distribution mixture model. It trains two diverged 
networks on both sets, enhancing semi-supervised learning with label 
co-refinement and co-guessing strategies. RoCL [31] employs a two-
stage strategy: supervised training on selected clean samples, followed 
by label correction for noisy samples through semi-supervised learning. 
SELF [32] progressively filters out samples with noisy labels from the 
training data using semi-supervised learning techniques, correcting the 
labels of correctable samples and involving them in network training 
along with samples with low losses. ELR [33] exploits early learning, 
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incorporating semi-supervised methods and specialized regularization 
to prevent false label memorization in noisy annotation scenarios. SSS-
Net [34] integrates loss-similarity-based clustering and shadowed-sets 
theory for adaptive clean sample selection, introducing a high-quality 
pseudo-label re-selection method via co-training two networks.

The use of semi-supervised methods in sample selection, particularly 
in noisy training samples, has shown superior performance over super-
vised approaches. This paper enhances the proposed ensemble learning 
sample selection method by integrating label correction to generate 
pseudo-labels for noisy samples. However, the effectiveness of these 
methods heavily depends on the accuracy of sample selection. To mit-
igate the impact of incorrect selections, this study further incorporates 
contrastive learning to correct noisy sample labels based on multiple 
views of the input data. Incorporating corrected noisy samples into 
the training process helps improve the model’s performance in noisy 
labeled image classification.

3. The proposed approach

In this section, we present a detailed introduction to the proposed 
Multi-Granularity Ensemble Sample Selection and Label Correction 
method (GNet-SSLC). As shown in Fig.  2, GNet-SSLC primarily consists 
of two stages: multiple criteria ensemble sample selection (SS) (the 
yellow section in Fig.  2), and multiple views semi-supervised label 
correction (LC) (the blue section in Fig.  2). The following subsections 
provide an in-depth explanation of these two key stages.

3.1. Multiple criteria ensemble sample selection

3.1.1. Overview
Existing sample selection methods, such as small loss-based [7] 

and metric learning-based [11] sample selection, can filter out clean 
samples from noisy datasets, thus avoiding the impact caused by noisy 
samples. However, the stability tends to decrease in the later stages of 
training, leading to incorrect selections.

To address these challenges, this study presents a multiple criteria 
ensemble sample selection method. As depicted in Fig.  2 Sample Se-
lection (SS), SS ensembles two criteria through a voting mechanism: 
the small loss-based criterion and the proposed metric learning-based 
dual k-NN criterion. More specifically, the procedural details of the 
small loss-based sample selection criterion are described in Algorithm 
1. Following this, a comprehensive explanation of the proposed metric 
learning-based dual k-NN sample selection approach is provided.

3.1.2. Metric learning-based dual k-NN sample selection
Ref. [35] analyzes the label distribution of each sample’s k-nearest 

neighbors based on feature similarity. It then uses this information to 
estimate the sample’s label and determine whether it is clean. However, 
the presence of label noise in the original samples can lead to incorrect 
label estimations based on these original sample labels. Consequently, 
this paper proposes a metric learning-based dual k-NN sample selection 
method, considering the use of soft labels 𝑦̂ obtained from the first 
round of k-NN. These soft labels replace the original hard labels 𝑦 in 
estimating the label distribution of samples, aiming to achieve a cleaner 
set of samples with higher purity.

The framework of the metric learning-based approach is illustrated 
in Fig.  3. Specifically, the feature set (𝑥) =

{

(𝑥𝑖), 𝑖 ∈ (1,… , 𝑁)
} of 

training sample (𝑥, 𝑦) =
{(

𝑥𝑖, 𝑦𝑖
)

, 𝑖 ∈ (1,… , 𝑁)
} is extracted using a 

neural network. For each feature (𝑥𝑖), the algorithm conducts a first 
round of k-NN to predict the label probability distribution 𝑝 (𝑡|𝑥𝑖

) and 
the soft label 𝑦̂𝑖 of 𝑥𝑖, based on Eqs.  (1) and (2). Eq.  (1) estimates the 
label probability distribution of sample 𝑥𝑖 by calculating the number of 
samples corresponding to each class within the local nearest neighbor 
of sample 𝑥𝑖, 

𝑝
(

𝑡|𝑥𝑖
)

= 1
|

( )

|

𝑁
∑

1
{

𝑦𝑗 = 𝑡, 𝑥𝑗 ∈ 𝑘
(

(𝑥𝑖)
)

}

, 𝑡 = 1,… , 𝐶 (1)

|

|

𝑘 (𝑥𝑖) |

|

𝑗=1
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Fig. 2. Overview of the multi-granularity ensemble sample selection and label correction (GNet-SSLC) method, consisting of two key stages: the multiple criteria ensemble sample 
selection (SS), and the multiple views semi-supervised label correction (LC).
Fig. 3. Flow chart of the metric learning-based dual k-NN sample selection method with two rounds of k-NN prediction.
where 𝐶 denotes the number of classes and label 𝑦𝑗 ∈ (1,… , 𝐶), 𝑁
represents the total number of samples. 𝑘

(

(𝑥𝑖)
) represents the k 

nearest neighbor samples of the feature (𝑥𝑖), and 1 {𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛} is an 
indicator function outputting 1 when the condition holds true, and 0
otherwise. Then, based on the estimated label probability distribution 
𝑝
(

𝑡|𝑥𝑖
)

(𝑡 = 1,… , 𝐶) obtained from the first round of k-NN, soft label 𝑦̂𝑖
of sample 𝑥𝑖 can be generated as follows. 

𝑦̂𝑖 = arg max𝑝
(

𝑡|𝑥𝑖
)

, 𝑡 = 1,… , 𝐶 (2)

This means when the predicted label probability distribution 𝑝 (𝑡|𝑥𝑖
)

(𝑡 = 1,… , 𝐶) reaches its maximum value, the value of the correspond-
ing parameter 𝑡 becomes the predicted label (class), denoted as 𝑦̂𝑖. 
Subsequently, a second k-NN search is then conducted based on the 
soft labels 𝑦̂ =

{

𝑦̂𝑖, 𝑖 ∈ (1,… , 𝑁)
} to re-estimate the label probability 

distribution of samples. This process helps mitigate the influence of 
estimation based on original noisy labels. The computation is carried 
out as follows. 

𝑝̂
(

𝑡|𝑥𝑖
)

= 1
|

|

|

𝑘
(

(𝑥𝑖)
)

|

|

|

𝑁
∑

𝑗=1
1
{

𝑦̂𝑗 = 𝑡, 𝑥𝑗 ∈ 𝑘
(

(𝑥𝑖)
)

}

, 𝑡 = 1,… , 𝐶

(3)
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For each sample 𝑥𝑖, the distribution difference between the predicted 
label distribution 𝑝̂ (𝑡|𝑥𝑖

) and the original label distribution 𝑞 (𝑡|𝑥𝑖
) is 

measured using cross-entropy loss, as shown in Eq.  (4). The distribution 
𝑞
(

𝑡|𝑥𝑖
) is generated based on the original label 𝑦𝑖 in the form of one-hot 

encoding. The smaller this distribution difference is, the more likely it 
is that sample 𝑥𝑖 is a clean sample. 

𝑑𝑖𝑠𝑎𝑔𝑟𝑒𝑒𝑖 = 𝐻
(

𝑞
(

𝑡|𝑥𝑖
)

, 𝑝̂
(

𝑡|𝑥𝑖
))

= −
𝐶
∑

𝑡=1
𝑞
(

𝑡|𝑥𝑖
)

𝑙𝑜𝑔 𝑝̂
(

𝑡|𝑥𝑖
)

(4)

The specific process of the proposed metric learning-based dual k-NN 
sample selection algorithm is illustrated in Algorithm 2. The dual k-
NN sample selection, based on metric learning, undergoes two rounds 
of k-NN prediction. In the first round, soft labels are generated as 
described in lines 2–7 of Algorithm 2, corresponding to the ‘‘First k-NN’’ 
stage illustrated in Fig.  3. In the second round, the label probability 
distribution is estimated based on these soft labels for clean sample 
selection, as described in lines 8–12 of Algorithm 2, corresponding 
to the ‘‘Second k-NN’’ stage in Fig.  3. Based on the obtained label 
probability distribution and Algorithm 1, the approach selects potential 
clean samples, detailed in Algorithm 2, lines 13–17.
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Algorithm 2 Metric learning-based dual k-NN sample selection 
algorithm
Input: train dataset  =

{(

𝑥𝑖, 𝑦𝑖
)

, 𝑖 ∈ (1,⋯ , 𝑁)
}

, features 
 =

{

(𝑥𝑖), 𝑖 ∈ (1,⋯ , 𝑁)
}

, original sample distribution 
𝑞 =

{

𝑞𝑖, 𝑖 ∈ (1,⋯ , 𝑁)
}

, threshold 𝜏.
Output: clean sample set 𝑐 , noisy sample set 𝑛. 
1: 𝑐 = 𝜙, 𝑛 = 𝜙
2: for 𝑖 = 1 𝑡𝑜 𝑁 do 
3: for 𝑡 = 1 𝑡𝑜 𝐶 do 
4: 𝑝

(

𝑡|𝑥𝑖
)

= 1
|

|

|

𝑘
(

(𝑥𝑖)
)

|

|

|

∑𝑁
𝑗=1 1

{

𝑦𝑗 = 𝑡, 𝑥𝑗 ∈ 𝑘
(

(𝑥𝑖)
)

}

5: end for
6: 𝑦̂𝑖 = arg 𝑚𝑎𝑥𝑝

(

𝑡|𝑥𝑖
)

// Generate soft labels
7: end for
8: for 𝑖 = 1 𝑡𝑜 𝑁 do 
9: for 𝑡 = 1 𝑡𝑜 𝐶 do 
10: 𝑝̂

(

𝑡|𝑥𝑖
)

= 1
|

|

|

𝑘
(

(𝑥𝑖)
)

|

|

|

∑𝑁
𝑗=1 1

{

𝑦̂𝑗 = 𝑡, 𝑥𝑗 ∈ 𝑘
(

(𝑥𝑖)
)

}

// Gener-
ate distribution from soft labels

11: end for
12: end for
13: for 𝑖 = 1 𝑡𝑜 𝑁 do 
14: 𝑑𝑖𝑠𝑎𝑔𝑟𝑒𝑒𝑖 = −

∑𝐶
𝑡=1 𝑞

(

𝑡|𝑥𝑖
)

𝑙𝑜𝑔 𝑝̂
(

𝑡|𝑥𝑖
)

15: 𝑐 = 𝑐
⋃

{(

𝑥𝑖, 𝑦𝑖
)

|𝑑𝑖𝑠𝑎𝑔𝑟𝑒𝑒𝑖 ≤ 𝜏
}

// Select potential clean 
samples 

16: 𝑛 = 𝑐
⋃

{(

𝑥𝑖, 𝑦𝑖
)

|𝑑𝑖𝑠𝑎𝑔𝑟𝑒𝑒𝑖 > 𝜏
}

17: end for
18: return 𝑐 ,𝑛.

3.2. Multiple views label correction

Clean samples are selected based on the proposed multiple criteria 
ensemble sample selection method introduced above. However, with 
a high noise rate, insufficient clean training samples prevent adequate 
model training. To exploit noise samples, the semi-supervised learning 
approach FixMatch [14] generates pseudo-labels for noise samples to 
avoid model underfitting. Nevertheless, these pseudo-labels heavily 
depend on the sample selection results.

This study further enhances the SS using a multiple views semi-
supervised label correction approach, as depicted in Fig.  2 Label 
Correction (LC). LC incorporates a contrastive regularization function 
𝑐𝑡𝑟𝑟 [11], to generate pseudo-labels for noise samples and mitigate the 
potential impact of erroneous sample selection. By learning features 
from multiple views, the model achieves a more stable correction of 
sample labels. More specifically, the weak data augmentation branch 
and the first strong data augmentation branch provide feature and 
loss values to the ensemble sample selection module for select clean 
samples. The LC considers the clean samples as labeled samples and 
uses them to compute the classification cross-entropy loss 𝓁𝑠, while 
the remaining noisy samples are treated as unlabeled samples and 
pseudo-labels are generated for them. Given a batch 𝐵 of clean samples 
 =

{(

𝑥𝑏, 𝑦𝑏
)

, 𝑏 ∈ (1,… , 𝐵)
}

, the standard supervised cross-entropy 
loss 𝓁𝑠 is computed as follows, 

𝓁𝑠 =
1
𝐵

𝐵
∑

𝑏=1
𝐻

(

𝑝𝑏, 𝑝
(

𝑦||
|

𝑥𝑏
))

, 𝑦 = 1,… , 𝐶 (5)

where 𝑝𝑏 is the original one-hot label distribution of clean samples 
and 𝑝

(

𝑦||
|

𝑥𝑏
)

 is the predicted label distribution for 𝑥𝑏 over label 𝑦. 𝐶
denotes the number of classes. When given a batch of noisy samples, 
denoted as  =

{

𝑢𝑏, 𝑏 ∈ (1,… , 𝐵)
}

, where noisy samples are considered 
as unlabeled, Fixmatch applies strong augmentation (⋅) and weak aug-
mentation 𝛼(⋅) to these unlabeled samples. The process then computes 
the predicted label probability distribution for the samples subjected to 
6 
weak augmentation. 

𝑞𝑏 = 𝑝
(

𝑦||
|

𝛼
(

𝑢𝑏
)

)

, 𝑦 = 1,… , 𝐶 (6)

Then, based on the estimated label probability distribution 𝑞𝑏, pseudo-
label 𝑞𝑏 of unlabeled sample 𝑢𝑏 can be generated as follows. 

𝑞𝑏 = 𝑎𝑟𝑔 𝑚𝑎𝑥(𝑞𝑏) = 𝑎𝑟𝑔 𝑚𝑎𝑥
(

𝑝
(

𝑦||
|

𝛼
(

𝑢𝑏
)

))

, 𝑦 = 1,… , 𝐶 (7)

When the predicted label probability distribution 𝑝
(

𝑦||
|

𝛼
(

𝑢𝑏
)

)

(𝑦 =
1,… , 𝐶) achieves its maximum value, the corresponding parameter 
𝑦 value represents the predicted label (pseudo-label), denoted by 𝑞𝑏. 
Following this, the one-hot label distortion of pseudo-labels and the 
label probability distribution of noisy samples in the two strong data 
augmentation (Strong Aug1 and Strong Aug2) branches form the basis 
for applying consistency regularization. This process results in the cor-
responding cross-entropy loss, denoted as 𝓁𝑢, as shown in the formula. 

𝓁𝑢 =
1
𝐵

𝐵
∑

𝑏=1
1
{

𝑚𝑎𝑥
(

𝑞𝑏
)

≥ 𝜏1
}

𝐻
(

𝑞𝑏, 𝑝
(

𝑦||
|


(

𝑢𝑏
)

))

(8)

Only noise samples with class probabilities greater than the given 
threshold 𝜏1 will be assigned pseudo-labels. The semi-supervised clas-
sification loss 𝑠𝑒𝑙 is obtained by weighting both clean samples losses 
and noisy sample losses according to Ref. [14], where 𝜆𝑢 represents the 
weight to the loss of noise samples. 
𝑠𝑒𝑙 = 𝓁𝑠 + 𝜆𝑢𝓁𝑢 (9)

Compared to supervised learning methods that update network parame-
ters solely based on clean samples, semi-supervised learning approaches 
combine the losses from noisy samples to update network parameters, 
resulting in more robust models.

However, semi-supervised methods heavily rely on the outcomes of 
sample selection. To mitigate the impact of erroneous sample selection, 
this study introduces a regularization contrastive loss, 𝑐𝑡𝑟𝑟, based 
on multiple views. Two strong data augmentation branches generate 
features through contrastive learning and compute the corresponding 
contrastive regularization loss 𝑐𝑡𝑟𝑟, 

𝑐𝑡𝑟𝑟(𝑥𝑖, 𝑥𝑗 ) =
(

𝑙𝑜𝑔
(

1 −
⟨

𝑞𝑖, 𝑧̃𝑗
⟩)

+ 𝑙𝑜𝑔
(

1 −
⟨

𝑞𝑗 , 𝑧̃𝑖
⟩))

1
{

𝑝𝑇𝑖 𝑝𝑗 ≥ 𝜏2
}

(10)

where 𝑥𝑖, 𝑥𝑗 are feature views of image 𝑥 obtained through strong 
data augmentations Aug1 and Aug2, as well as feature transformations 
encoder and projector. Other variables in this formula are derivable 
from 𝑥𝑖 and 𝑥𝑗 , with detailed computations referenced in [11] to 
prevent repetition. The final loss for model optimization is the weighted 
sum of the contrastive regularization loss 𝑐𝑡𝑟𝑟 and the semi-supervised 
classification loss 𝑠𝑒𝑙. 

 = 𝑠𝑒𝑙 + 𝜆𝑐𝑡𝑟𝑟 (11)

We follow the training setting described in Refs. [11,14] to optimize 
the entire network. After training, the classification performance of 
the model is validated on the test set based on the predictions ob-
tained from the encoder and classifier. To enhance understanding, the 
pseudocode for the label correction method is provided in Algorithm 
3. Initially, multiple views are generated, as detailed in lines 1–3 
of Algorithm 3. Subsequently, based on the first two distinct data-
augmented views, clean and noisy samples are identified using the 
ensemble sample selection algorithm, as illustrated in line 4 of Algo-
rithm 3 and depicted in the Sample Selection (SS) module with the 
yellow background in Fig.  2. The procedure for the multiple criteria 
ensemble sample selection algorithm is comprehensively discussed in 
Section 3.1. Following this, the losses corresponding to the clean and 
noisy samples, derived from the first two views, are calculated, as 
indicated in lines 6–9 of Algorithm 3. Finally, using the subsequent two 
strongly augmented views, the contrastive learning loss is computed 
according to the loss function in Eq.  (10). The final loss function used 
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Algorithm 3 Multiple views semi-supervised label correction algorithm
Input: train dataset  = ( ,) =

{(

𝑥𝑖, 𝑦𝑖
)

, 𝑖 ∈ (1,⋯ , 𝑁)
}

, sample losses, hyperparameters 𝜏, 𝜆, 𝜆𝑢.
Output: loss for model optimization.
1: 𝑖 = 𝑊 𝑒𝑎𝑘_𝐴𝑢𝑔()
2: 𝑗 = 𝑆𝑡𝑟𝑜𝑛𝑔_𝐴𝑢𝑔1()
3: 𝑘 = 𝑆𝑡𝑟𝑜𝑛𝑔_𝐴𝑢𝑔2()
4: 𝑐 ,𝑛 = 𝐸𝑛𝑠𝑒𝑚𝑏𝑙𝑒(𝑠𝑚𝑎𝑙𝑙_𝑙𝑜𝑠𝑠(𝑖), 𝑑𝑢𝑎𝑙_𝑘𝑁𝑁(𝑗 )) // Ensemble via voting mechanism
5: for  =

{(

𝑥𝑏, 𝑝𝑏
)

, 𝑏 ∈ (1,⋯ , 𝐵)
}

𝑖𝑛 𝑐 , =
{

𝑢𝑏, 𝑏 ∈ (1,⋯ , 𝐵)
}

𝑖𝑛 𝑛 do 
6: 𝓁𝑠 =

1
𝐵
∑𝐵

𝑏=1 𝐻
(

𝑝𝑏, 𝑝
(

𝑦|
|

𝑥𝑏
))

7: 𝑞𝑏 = 𝑝
(

𝑦||
|

𝛼
(

𝑢𝑏
))

8: 𝓁𝑢 =
1
𝐵
∑𝐵

𝑏=1 1
{

𝑚𝑎𝑥
(

𝑞𝑏
)

≥ 𝜏
}

𝐻
(

𝑎𝑟𝑔 𝑚𝑎𝑥(𝑞𝑏), 𝑝
(

𝑦||
|


(

𝑢𝑏
))

)

9: 𝑠𝑒𝑙 = 𝓁𝑠 + 𝜆𝑢𝓁𝑢 // Compute two views semi-supervised loss
10: end for
11: for 𝑗 =

{(

𝑥𝑖, 𝑝𝑖
)

, 𝑖 ∈ (1,⋯ , 𝐵)
}

,𝑘 =
{(

𝑥𝑗 , 𝑝𝑗
)

, 𝑗 ∈ (1,⋯ , 𝐵)
} do 

12: 𝑐𝑡𝑟𝑟 =
∑𝐵

𝑖=1,𝑗=1,𝑖≠𝑗 𝑐𝑡𝑟𝑟(𝑥𝑖, 𝑥𝑗 ) // Compute two views contrastive learning loss
13: end for
14:  = 𝜆𝓁𝑐𝑡𝑟𝑟 + 𝓁𝑠 + 𝜆𝑢𝓁𝑢 // Compute multiple views label correction loss 
15: backward
to optimize the entire network is presented in line 14 of Algorithm 
3, corresponding to the Label Correction (LC) module with the blue 
background in Fig.  2.

4. Experiments

In this section, we conduct experiments on three popular datasets 
for noisy label classification task to demonstrate the effectiveness of 
the proposed multi-granularity ensemble sample selection and label 
correction approach.

4.1. Experimental setup

4.1.1. Datasets
We validate the performance of the proposed method on synthetic 

noise datasets CIFAR-10 and CIFAR-100 [36], as well as real-world 
noise datasets CNWL [37].

• CIFAR-10 [36] contains 60,000 color images of size 32 × 32 with 
10 categories. The training set consists of 50,000 images, and 
testing set contains 10,000 images.

• CIFAR-100 [36] includes 60,000 color images of size 32 × 32 
with 100 classes. 50,000 images are used for training, and 10,000 
images are used for testing.

• Controlled Noisy Web Labels (CNWL) [37] consists of images ob-
tained from the web with a certain proportion of real-world noisy 
labels. We use the Mini-ImageNet dataset as the base dataset. 
Mini-ImageNet is a subset of the ImageNet dataset and consists 
of images of size 84 × 84 with 100 classes. 60,000 images for 
training and 5000 images from the validation set for testing.

Following the protocol described in Refs. [14,21], we artificially add 
symmetric noise at 20%, 40%, and 80% levels and asymmetric noise 
at 40% level to CIFAR-10 and CIFAR-100 datasets, respectively. And 
followed the settings described in Ref. [37] to add 20%, 40%, and 80% 
real-world web label noise to CNML. Symmetric noise is generated by 
randomly changing the labels of training data to incorrect class labels 
based on a noise level percentage. Asymmetric noise, on the other hand, 
involves replacing labels only with similar classes. Real-world noise 
refers to label noise that originates from the real world, commonly 
found in datasets collected through networks.

4.1.2. Implementation details
The baseline for this study is the CTRR network, as presented 

in Ref. [11]. The semi-supervised approach implemented is FixMatch
7 
[14]. All hyperparameters in this experiment are aligned with those 
of the baseline method, necessitating no additional hyperparameters 
tuning. Specifically, the training phase employs the SGD optimizer with 
a momentum of 0.9 and a weight decay of 10−4. The model is trained 
with a batch size of 256 over 550 epochs. The initial learning rate 
is set at 0.02, and a cosine learning rate decay strategy is applied 
throughout the training process. Strong data augmentation techniques, 
including Gaussian blur, color distortion, random flipping, and random 
cropping, are utilized to enhance representation learning through con-
trastive learning. For the computation of classification cross-entropy 
loss, weaker data augmentation methods, consisting of random flipping 
and random cropping, are employed. Additionally, consistent with the 
settings in FixMatch [14], the threshold 𝜏 for the semi-supervised 
module is fixed to 0.95, the parameter 𝜆 is set according to the noise 
ratio, and 𝜆𝑢 is assigned to 1.0. The computer equipment is as follows: 
a. Memory: 64 GB, b. CPU: 11th Gen Intel(R) Core(TM) i9-11900K @ 
3.50 GHz, c. GPU: NVIDIA GeForce RTX 3090*4, d. Operating System: 
Ubuntu 20.04.

4.2. Experiment results and analysis

4.2.1. Performance on synthetic noisy label datasets
In addition to the comparison with the baseline study [11], this 

paper also conducts comparisons with other state-of-the-art methods 
reported in the last five years. Synthetic noisy label datasets CIFAR-10 
and CIFAR-100 are generated with symmetric noise levels of 20%, 40%, 
and 80%, as well as asymmetric noise at a level of 40%.

As shown in Table  1, GNet-SSLC significantly outperforms other 
methods at all noise levels on CIFAR-10 under the same backbone, 
particularly at the higher noise rate of 80%. For instance, GNet-SSLC 
achieves a classification accuracy of 90.79%, which is 4.6% higher than 
the baseline method. Also, it achieves competitive results even though 
the comparison methods employ deeper networks, such as ResNet-26 
and ResNet-32, as their backbone. This improvement is primarily due 
to the dual k-NN sample selection method and the effective ensemble 
sample selection process, which together mitigate the impact of noisy 
labels and enhance the model’s generalization capabilities.

The results in Table  2 highlight that GNet-SSLC demonstrates re-
markable robustness in more complex datasets like CIFAR-100. Under 
80% noise, GNet-SSLC achieved a 19.3% improvement in classification 
accuracy compared to the baseline method, indicating its superior 
ability to handle high noise levels. This substantial improvement can be 
attributed to the robust label correction mechanism. Since CIFAR-100 
encompasses a broader array of categories, intensifying the challenge 
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Table 1
Comparison of test accuracy on CIFAR-10 dataset under different noise ratios with 
various methods.
 Method Backbone Sym Asym

 20% 40% 80% 40%  
 TCC-Net [38] 9-layer CNN 91.94 – 73.79 82.71 
 DMI [26] ResNet-18 88.33 83.24 43.67 83.99 
 SLN [29] ResNet-18 88.77 87.03 63.99 81.02 
 LIMIT [27] ResNet-18 89.63 85.39 58.71 83.56 
 Co-teaching [9] ResNet-18 92.05 87.73 44.16 77.78 
 Co-learning [39] ResNet-18 92.21 – 61.20 81.42 
 APL [28] ResNet-18 92.51 89.34 70.52 84.06 
 SPRL [2] ResNet-18 92.68 – 57.50 –  
 CTRR (baseline) [11] ResNet-18 92.56 90.98 86.16 85.51 
 INCV [30] ResNet-32 89.71 84.78 52.27 86.04 
 FINE [40] ResNet-34 91.0 – 69.4 89.5  
 MentorNet DD [8] ResNet-101 91.23 88.64 46.31 –  
 O2U-net [10] ResNet-101 92.57 90.33 37.76 –  
 DMix [14] ResNet-18 95.12 94.11 35.36 90.04 
 Sel-CL+ [22] – 95.5 – 89.2 93.4  
 SELF [32] ResNet-26 – 93.7 69.91 89.07 
 RoCL [31] ResNet-34 – 94.55 85.76 92.31 
 GNet-SSLC(ours) ResNet-18 93.89 93.46 90.79 91.92 

Table 2
Comparison of test accuracy on CIFAR-100 dataset under different noise ratios with 
various methods.
 Method Backbone Sym Asym  
 20% 40% 80% 40%  
 PNP [25] 7-layer CNN 64.25 – 31.32 60.25 
 TCC-Net [38] 9-layer CNN 68.93 – 18.82 54.63 
 SLN [29] ResNet-18 55.35 51.39 11.96 –  
 JoCoR [24] ResNet-18 53.01 – 15.49 32.70 
 Jo-SRC [12] ResNet-18 58.15 – 23.80 38.52 
 DMI [26] ResNet-18 58.82 53.22 20.3 46.2  
 LIMIT [27] ResNet-18 58.02 49.71 20.01 –  
 Co-teaching [9] ResNet-18 65.71 57.64 15.28 –  
 Co-learning [39] ResNet-18 66.58 – 35.45 47.62 
 APL [28] ResNet-18 68.09 63.46 20.0 52.8  
 CECL [41] ResNet-18 69.20 – 36.37 65.49 
 SPRL [2] ResNet-18 70.93 – 28.53 –  
 CTRR (baseline) [11] ResNet-18 71.03 66.6 43.69 52.85 
 FINE [40] ResNet-34 70.3 – 25.6 61.7  
 MentorNet DD [8] ResNet-101 72.64 67.51 30.12 –  
 O2U-net [10] ResNet-101 74.12 69.21 39.39 –  
 DMix [14] ResNet-18 71.39 70.83 49.52 50.99 
 Sel-CL+ [22] – 76.5 – 59.6 74.2  
 SELF [32] ResNet-26 – 71.98 42.09 53.83 
 RoCL [31] ResNet-34 – 74.64 53.89 73.28 
 GNet-SSLC(ours) ResNet-18 72.19 71.68 62.94 69.32 

in classifying subclasses within identical superclasses. This complexity 
necessitates a larger sample volume. GNet-SSLC, through the correction 
of labels for noisy samples and incorporating them into the model opti-
mization process, substantially augments the training samples, thereby 
strengthening the network’s training capacity.

4.2.2. Performance on the real-world dataset
The real-world applicability of GNet-SSLC is validated on the real-

world label noise dataset CNWL [37]. Table  3 displays the experimental 
results, with comparative method results primarily sourced from liter-
ature [21]. All methods implemented a basic network architecture of 
ResNet-18 on this dataset.

The results indicate that the proposed approach generally surpasses 
comparative methods. Notably, it attains a maximum improvement 
of approximately 9% and a minimum improvement of around 2% in 
classification accuracy. Among the methods compared, both DMix [14] 
and MOIT [21] engaged small loss-based sample selection and semi-
supervised learning algorithms. Additionally, MOIT [21] incorporated 
a contrastive learning framework. Nevertheless, the proposed method 
exceeded the performance of both. This finding highlights GNet-SSLC’s 
8 
Table 3
Comparison of test accuracy on CNML dataset under different real-world noise ratios 
with various methods.
 Method Backbone Noise rate
 20% 40% 80%  
 DMix [14] ResNet-18 50.3 50.94 35.42 
 FaMUS [42] ResNet-18 51.42 48.06 35.50 
 ELR [33] ResNet-18 58.1 50.62 41.68 
 InstanceGM [43] ResNet-18 58.38 52.24 39.62 
 MOIT [21] ResNet-18 63.14 60.78 45.88 
 MOIT+ [21] ResNet-18 63.1 61.16 46.78 
 GNet-SSLC(ours) ResNet-18 67.03 63.1 55.72 

capability not only in handling artificially synthesized label noise but 
also in demonstrating robust ability against real-world label noise (see 
Fig.  4).

4.3. Statistical analysis of classification performance

To evaluate the overall performance of the proposed GNet-SSLC 
framework compared to the baseline method, we calculated the P-
values for the classification accuracies obtained on the CIFAR-10 and 
CIFAR-100 datasets. The goal was to determine whether the observed 
differences in performance between the two methods were statistically 
significant. Given the small sample size and the potential non-normal 
distribution of the data, we employed the Wilcoxon signed-rank test, a 
non-parametric method suitable for paired sample comparisons.

The accuracy scores for the proposed method and the baseline 
method were as follows: Baseline Method: [0.9256, 0.9098, 0.8616, 
0.8551, 0.7103, 0.666, 0.4369, 0.5285]. GNet-SSLC: [0.9389, 0.9346, 
0.9079, 0.9192, 0.7219, 0.7168, 0.6294, 0.6932]. The calculated 𝑃 -
value for the Wilcoxon signed-rank test was 0.0078. This 𝑃 -value is 
below the conventional threshold of 0.05, indicating that the perfor-
mance differences between the proposed method and the baseline are 
statistically significant. This confirms that the observed improvements 
in classification accuracy achieved by the GNet-SSLC framework are un-
likely to have occurred by chance, thereby validating the effectiveness 
of our proposed method.

4.4. Ablation study

In this section, ablation studies discuss the impact of different com-
ponents on model performance. The proposed method comprises two 
primary components: Sample Selection (SS) and Label Correction (LC). 
Sample Selection encompasses two subcomponents: one emphasizes 
small loss-based (Loss) sample selection, while the other concentrates 
on metric learning-based (Feature) sample selection.

4.4.1. Performance contributions of different components of SS
To validate the effectiveness of various subcomponents of SS, ex-

periments were conducted on the CIFAR-10 and CIFAR-100 datasets. 
These experiments compared the purity of selected clean samples and 
the stability of the clean sample selection process using different con-
figurations: (1) Backbone + Loss; (2) Backbone + Feature; (3) Backbone 
+ Loss + Feature.

The purity variation of selected clean samples during the iterative 
training process on the CIFAR-10 and CIFAR-100 datasets, with 20%, 
40%, and 80% symmetric noise and 40% asymmetric noise, is depicted 
in Figs.  5 and 6. It is observed that the loss-based sample selection 
method leads to a higher noise rate in selected clean samples on 
the CIFAR-10 and CIFAR-100 datasets across different noise ratios. 
Furthermore, the fluctuation range of the noise rate for each iteration is 
significant, indicating instability. In certain scenarios, such as CIFAR-
100 with 80% symmetric noise, the loss-based method demonstrates 
a slight improvement in purity compared to other methods, yet its 
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Fig. 4. Visualization of label correction results (right) based on the proposed multi-granularity ensemble sample selection and label correction method on the CIFAR-10 dataset 
with a 40% symmetric noise ratio (left). Red borders indicate incorrectly labeled images.

Fig. 5. Changes in purity and stability of selected samples on the CIFAR-10 dataset. The terms ‘‘loss’’, ‘‘feature’’, and ‘‘both’’ correspond respectively to the small loss-based sample 
selection method, the metric learning-based dual k-NN method, and the ensemble of these two sample selection methods.
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Fig. 6. Changes in purity and stability of selected samples on the CIFAR-100 dataset. The terms ‘‘loss’’, ‘‘feature’’, and ‘‘both’’ correspond respectively to the small loss-based 
sample selection method, the metric learning-based dual k-NN method, and the ensemble of these two sample selection methods.
Table 4
The performance of different components of the proposed method on CIFAR-10 dataset 
under different noise ratio.
 Method Sym Asym

 20% 40% 80% 40%  
 Baseline 92.56 90.98 86.16 85.51 
 Baseline + SS 93.83 92.40 89.09 91.50 
 Baseline + SS + LC 93.89 93.46 90.79 91.92 

Table 5
The performance of different components of the proposed method on CIFAR-100 dataset 
under different noise ratio.
 Method Sym Asym 
 20% 40% 80% 40%  
 Baseline 71.03 66.6 43.69 52.85 
 Baseline + SS 72.17 71.32 48.96 58.96 
 Baseline + SS + LC 72.19 71.68 62.94 69.32 

stability remains markedly poor. The feature-based sample selection 
method, in contrast, exhibits superior performance in terms of both 
sample purity and stability, thereby affirming its effectiveness. More-
over, by integrating the feature-based and loss-based criteria in an 
ensemble approach, there is an enhancement in detected sample purity 
and a notable increase in stability. This underlines the superiority of 
the multiple criteria ensemble method over single criterion methods in 
terms of stability and sample purity.

4.4.2. Performance contributions of SS and LC
In order to evaluate the effectiveness of the SS and LC compo-

nents, comprehensive comparative experiments were carried out using 
the widely recognized CIFAR-10 and CIFAR-100 datasets with differ-
ent noise ratio. The primary objective of these experiments was to 
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Table 6
Comparison of computational efficiency (average training time) on CIFAR-10
dataset.
 Method Training time/Epoch 
 Supervised Baseline ∼35 s  
 Baseline+SS(ours) ∼46 s  
 
Semi-supervised

DMix ∼63 s  
 Baseline+SS+LC(ours) ∼88 s  
 Meta-Learning ∼103 s  

assess and compare the accuracy metrics across three distinct con-
figurations: firstly, the baseline model; secondly, the baseline model 
augmented with the SS component; and thirdly, the baseline model 
further enhanced by the integration of both SS and LC components.

The detailed results of these experiments are presented in Tables  4
and 5. These tables provide a clear and quantitative demonstration of 
the significant improvements in the performance metrics of the baseline 
model when augmented with the SS and LC modules. A noteworthy 
observation from the experimental data is the pronounced contribution 
of the LC module, especially under scenarios characterized by high 
noise rates in the data. This pronounced improvement can be primarily 
attributed to the LC module’s capability in generating accurate pseudo-
labels for samples with label noise. Since LC effectively augments the 
training dataset with cleaner, more reliable data, as extensively detailed 
in the comparative experimental section of our study.

4.5. Training time analysis

Table  6 shows a detailed comparative analysis of the computational 
efficiency exhibited by our approach against other prevalent method-
ologies. It is noteworthy that our method, due to its integration of 
techniques such as Sample Selection (SS) and Label Correction (LC), 
incurs a higher computational overhead. This increase in computational 
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resource consumption is an expected trade-off for the enhanced capa-
bilities. In the specific area of semi-supervised learning sample selection 
methods, our approach demonstrates slower performance compared to 
DMix [14] but is faster than Meta-Learning [38] in terms of training 
speed. Despite the increased computational demand, the enhanced 
accuracy of the model justifies the additional cost, making it a valuable 
contribution to computer vision research.

This detailed examination brings to light an essential aspect of 
our research: the balance between computational efficiency and model 
performance. Despite the increased computational demand, the marked 
improvement in accuracy achieved by our model stands as a testament 
to its efficacy. The trade-off between the computational cost and the 
accuracy gains is a common theme in the evolution of computer vision 
technologies. In this context, the enhanced accuracy and the robustness 
of our model not only justify the additional computational resources 
required but also underscore its significant contribution to the advance-
ment of research in the computer vision domain. This balance positions 
our approach as a valuable and innovative addition to the field, offering 
an understanding of the interplay between computational efficiency 
and model performance.

4.6. Results and discussion

The experimental results demonstrate that GNet-SSLC significantly 
enhances the purity and stability of selected clean samples, leading to 
substantial improvements in classification accuracy across both syn-
thetic and real-world datasets. The method’s ability to maintain high 
performance under high noise conditions is particularly noteworthy.

However, while GNet-SSLC has shown promising results, several 
limitations can be explored to further enhance its effectiveness and 
applicability. Firstly, investigating the computational complexity of 
the dual k-NN and multiple views label correction processes could 
lead to more efficient implementations. Future work could focus on 
exploring optimization techniques to reduce these computational de-
mands. Techniques such as model pruning, quantization, or distillation 
could be explored to reduce the model’s complexity without signifi-
cantly compromising accuracy. Additionally, the experiments mainly 
utilized ResNet-18 as the backbone network. Future research could 
explore integrating GNet-SSLC with more advanced architectures like 
Vision Transformers or EfficientNets, which might further enhance its 
performance, especially in complex classification tasks.

5. Conclusion

In this study, we proposed an innovative multi-granularity en-
semble methodology for classifying image datasets with noisy labels. 
By integrating multiple criteria and multiple views, our approach ef-
fectively overcomes the limitations typically associated with single-
criterion methodologies. A key strength of our method lies in its en-
hanced ability to accurately and stably select clean samples, achieved 
through the combination of our novel metric learning-based dual k-NN 
sample selection and a refined small loss-based technique. The inclu-
sion of semi-supervised learning paradigms and contrastive learning-
derived regularization techniques across multiple data representations 
further mitigates the issue of underfitting, particularly in scenarios with 
limited training data. This makes our method particularly valuable in 
machine learning contexts where large, well-annotated datasets are not 
readily available. Empirical validation across various datasets demon-
strates that our approach outperforms existing state-of-the-art methods 
in noisy label classification.

Moreover, it is important to acknowledge the limitations of our 
methodology, particularly regarding its computational demands, which 
may present challenges in scaling to extremely large datasets or in real-
time processing applications. Despite these limitations, our proposed 
methodology represents a significant advancement in noisy label clas-
sification, offering an effective solution that contributes to the ongoing 
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research in this field. Future work should focus on exploring the 
computational complexity of the dual k-NN and multiple views label 
correction processes, potentially leading to more efficient implementa-
tions. Additionally, we plan to investigate the integration of GNet-SSLC 
with advanced architectures like Vision Transformers, which could 
potentially enhance performance in more complex classification tasks.
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