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A B S T R A C T

Deep neural networks (DNNs) have made remarkable progress in image classification. However, since DNNs
can memorize all the label information in the training dataset due to their excellent feature learning ability,
the generalization performance deteriorates when they are trained on the noisy labeled dataset that can be
easily found in real-world problems. In this paper, we propose a multi-stage ensemble method with label
refinement to build an effective classification model under noisy labels. The proposed method iteratively refines
the dataset by re-labeling the samples at the end of each stage, which enables the models trained at each stage
to learn different features. By integrating these models, the proposed multi-stage ensemble method exerts
powerful generalization performance. Also, we suggest a novel dataset refinement method, demonstrating the
effectiveness of a robust function in distinguishing corrupted samples. Experimental results on the benchmark
and real-world datasets show that the proposed method outperforms the existing methods on the noisy labeled
dataset classification.
1. Introduction

Recent advances in deep neural networks (DNNs) have
enabled remarkable successes in image classification (Harkat, Nasci-
mento, Bernardino, & Ahmed, 2023; Lee & Son, 2022; Mehnatkesh,
Jalali, Khosravi, & Nahavandi, 2023). However, they easily overfit on
noisy labels due to their large capacity (Arpit et al., 2017; Zhang,
Bengio, Hardt, Recht, & Vinyals, 2021). This phenomenon worsens
the generalization performance of the model when it is trained on the
dataset containing corrupted labels. Since datasets with incorrect labels
can be easily found in the real-world (Fu, Zhang, & Wang, 2024; Liu, Li,
Chai, & Zheng, 2024; Song, Kim, & Lee, 2019; Xiao, Xia, Yang, Huang,
& Wang, 2015), learning algorithms robust to noisy labels are getting
more attention.

In response, various approaches have recently been proposed in
several directions, such as sample selection, label correction, and ro-
bust loss function-based methods. First, the sample selection methods
are the approaches that train the model with samples estimated to
have clean labels. Most of these methods regard instances with small
losses as clean samples. These approaches take advantage of the DNN’s
property, which first learns to classify clean labeled instances and then
overfits noisy labeled ones (Chen, Liao, Chen, & Zhang, 2019; Han
et al., 2018; Jiang, Zhou, Leung, Li, & Fei-Fei, 2018; Shen & Sanghavi,
2019). Some studies extract clean samples by noise filtering algorithms
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that use the information of both loss and latent features (Kim et al.,
2021; Wu, Zheng, Goswami, Metaxas, & Chen, 2020). Although these
methods showed promising performance, they use only a subset of
training samples. Therefore, when the dataset is highly contaminated,
the performance can be severely weakened as the number of clean
samples available for training the model becomes too small. Moreover,
some methods require additional information on the ratio of the noisy
label, i.e., noise ratio, which may not be known in the real-world (Han
et al., 2018; Yu et al., 2019).

Next, the label correction methods are the approaches that try to
improve the quality of raw labels. Some previous works corrected noisy
labels using a noise model that represents the relationship between
noisy and clean labels (Li et al., 2017; Vahdat, 2017; Xiao et al., 2015).
Although they proposed to construct noise models in various ways,
building a model that can reflect a complex nature of noise requires
a complicated process. Also, it struggles to accurately estimate the true
label when the noise ratio is high. To address these limitations, recent
studies adopted a re-labeling approach by exploiting the representation
learning ability of the DNNs (Mandal, Bharadwaj, & Biswas, 2020;
Yuan, Chen, Zhang, Tai, & McMains, 2018). Despite such attempts,
however, there were no significant advantages in classification perfor-
mance. In addition, some of the existing methods have a limitation in
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Fig. 1. The result of repeatedly training the model and refining the dataset on the
CIFAR-10 with asymmetric-40% noise. The red bar represents the noise ratio of each
stage dataset. The blue dashed line and solid line represent the accuracy of the single
model and ensemble model at each stage, respectively.

that they work only when some validated clean data are provided (Lee,
He, Zhang, & Yang, 2018).

Robust loss function-based approaches handle noisy labels by de-
signing loss functions that are robust to noisy labels. Since the cross
entropy (CE) loss is not designed for training on datasets with noisy
labels, various researchers have tried to replace it with a robust loss
function (Ghosh, Kumar, & Sastry, 2017; Wang et al., 2019; Zhang &
Sabuncu, 2018). For example, Ma et al. (2020) proposed active passive
loss (APL), which has a sufficient learning property that previous robust
loss functions did not have, making it possible to build a model robust
to various types and levels of noise. Unlike the sample selection and
label correction approaches that intentionally reduce the proportion
of noisy labels in the training dataset, the robust loss function-based
methods train the model on the raw noisy labeled dataset. Although this
direction achieved remarkable success only by simply using a robust
loss function, there still remains room to be improved by reducing the
noise ratio of the training dataset.

In this paper, we propose a multi-stage ensemble method with
label refinement for the noisy labeled dataset. Our method is based on
two key ideas: (1) the ensemble model shows powerful generalization
ability when combining models that learn different features, and (2)
each model can learn different features with iteratively refined datasets.
Thus, in this study, we propose a novel ensemble method under the
noisy labeled dataset by repeating the procedure of training the model
and refining the corrupted dataset with a trained model. In each stage,
we train the model with a robust loss function (Ma et al., 2020) to
make each model robust on noisy labels. After the iterative process,
we combine all the trained models to construct an effective ensemble
model. In Fig. 1, we conducted a simple experiment to support our
ideas, repeating the process of the training model and refining the
dataset for four stages. As the stage repeats, an ensemble model was
built by combining the trained models up to the stage where the
training was completed. As depicted in Fig. 1, the noise ratio of the
dataset gradually decreases due to the repetitive refinement. Trained
on the different datasets, each model shows different performance, that
is, they learn different features. Although there is a tendency that the
model trained with a more refined dataset shows better performance,
the ensemble model constructed by combining all the single models
outperforms the best single model because it could reflect various
features in classification.

In the proposed ensemble method, we inherit the property of the
robust loss function so that each model is trained to be robust to
noisy labels. However, unlike the existing robust loss function-based ap-
proaches, we propose to train individual models with different datasets,
derived by our dataset refinement method. Through our dataset re-
finement process, we enable multiple models to learn diverse features,
2 
thereby achieving noteworthy generalization performance when they
are integrated. Furthermore, utilizing the distribution of robust loss
values, our refinement method effectively corrects the contaminated
samples without requiring any additional information, such as vali-
dated clean samples and noise ratio of a dataset, which are difficult
to obtain in practice. Therefore, the proposed method can be applied
to real-world problems in a straightforward manner.

The main contributions of this paper can be summarized as follows:

• We propose an effective way to construct an ensemble model
under the noisy labeled dataset by learning and integrating the
heterogeneous models through dataset refinement, leading to
powerful performance.

• We propose a novel dataset refinement method to construct a
high-quality dataset exploiting the robust loss function, which en-
ables several models to capture diverse features based on distinct
refined datasets.

• Our re-labeling approach does not require any additional informa-
tion on the contaminated dataset, such as validated clean samples
and noise ratio of the dataset.

• The proposed method showed state-of-the-art performances on
noise-injected benchmark datasets and real-world noisy labeled
datasets.

The remainder of this paper is organized as follows: Section 2
describes literature reviews regarding robust classification methods
on noisy labels. Section 3 details the proposed multi-stage ensemble
method. Section 4 presents experimental results and analysis, followed
by the conclusion in Section 5.

2. Related work

In this section, we briefly review previous works that attempted to
construct a robust classification model on noisy labels. Most previous
approaches can be summarized into the following three categories.

Sample selection methods. These methods improved the robustness by
training the model only with the samples that are estimated to have
clean labels. Most of them utilize the sample selection criterion called
the small loss trick, which selects instances with small losses as clean
samples. This trick exploits the memorization effect, a property that
DNNs learn the clean pattern first and then overfit to the noisy pat-
tern (Arpit et al., 2017; Zhang et al., 2021). MentorNet (Jiang et al.,
2018) selected clean labeled samples with pre-trained networks and
Co-teaching (Han et al., 2018) trained two networks simultaneously
to minimize the sample selection bias that can occur when estimat-
ing clean samples using a single model. JoCoR (Wei, Feng, Chen, &
An, 2020) proposed a joint loss function based on the Co-teaching
network, which encourages the predictions from two networks closer.
There have also been proposed several methods by modifying the Co-
teaching concept (Chen, Shen, Hu, & Suykens, 2021; Mandal et al.,
2020; Yu et al., 2019). Recently, various sample selection methods
with a substantial theoretical background have been proposed (Kim
et al., 2021; Mirzasoleiman, Cao, & Leskovec, 2020; Wu et al., 2020).
CRUST (Mirzasoleiman et al., 2020) selected clean samples by identify-
ing subsets of input instances that closely cluster in the gradient space.
TopoFilter (Wu et al., 2020) filtered noisy samples using the k-nearest
neighborhood algorithm and Euclidean distance in the latent space. The
effective filtering algorithm FINE (Kim et al., 2021) was also proposed,
which filters noisy samples by assessing the alignment between class-
representative features, obtained through the eigen decomposition, and
the features of individual samples.
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Fig. 2. Overview of the proposed multi-stage ensemble method. Each color represents a different class; sold patterns and diagonal lines indicate clean and noisy labels, respectively.
Star shapes denote representative feature vectors. In the initial stage, a model is trained using a given noisy labeled dataset. Subsequently, training samples close enough to a
representative feature vector from another class are re-labeled. As iteratively repeating the process of training the model and re-labeling the dataset, the models are trained to
learn distinct features at each stage. Finally, an ensemble model is constructed by integrating all the trained models.
Label correction methods. Label correction methods aim to improve the
quality of the dataset by revising the incorrect labels. Most studies in
this category infer the true labels of noisy samples with a complicated
noise model and replace the labels with them. There have been various
attempts to construct the noise models (Li et al., 2017; Vahdat, 2017;
Xiao et al., 2015); recent approaches mainly exploited DNNs (Lee
et al., 2018; Veit et al., 2017). Tanaka, Ikami, Yamasaki, and Aizawa
(2018) proposed a joint framework to optimize the parameters of the
classifier and labels. Yuan et al. (2018) trained multiple networks with
different subsets of the dataset and corrected the labels for the samples
with mismatched predictions. Also, there is an approach performed
re-labeling based on the Co-teaching. Mandal et al. (2020) extracted
small loss and large loss samples from each mini-batch based on the
Co-teaching network and constructed per class mean feature with small
loss samples. Then, re-labeling was performed on the large loss samples
based on the distance between the feature of each sample and the
per class mean features. This re-labeling process seems similar to ours.
However, unlike our approach, their work is specialized to the Co-
teaching network and requires a noise ratio of the dataset. Moreover,
our approach is not affected by the randomness of the mini-batch of the
dataset because the loss distribution of the entire sample is considered
in the proposed re-labeling process.

Robust loss function. This direction designs robust loss functions to
address noisy labels. Ghosh et al. (2017) proved that the cross entropy
(CE) loss, generally used for classification models, is not robust to
noisy labels, whereas the mean absolute error (MAE) is robust. How-
ever, Zhang and Sabuncu (2018) showed that the model trained with
MAE converges slowly due to the gradient saturation. To address this
limitation, symmetric cross entropy (SCE) loss, which combines CE and
reverse cross entropy (RCE) together, and generalized cross entropy
(GCE) loss were suggested (Wang et al., 2019; Zhang & Sabuncu,
2018). Ma et al. (2020) found these loss functions are only partially
robust and proved that any losses could be robust through simple
normalization. They proposed active passive loss (APL), combining two
losses with different optimization behaviors based on the theoretical
background. Moreover, Ye et al. (2024) introduced the active negative
loss (ANL), which combines the normalized active loss in the APL (Ma
et al., 2020) with the proposed negative loss function. Additionally, Wei
et al. (2023) proposed LogitClip, which clamps to the norm of the logit
vector. They demonstrated that the models become more tolerant to
noisy labels when LogitClip is integrated with existing losses.
3 
3. Proposed method

This section introduces our multi-stage ensemble with refinement
for noisy labeled data classification. Section 3.1 introduces problem
setting, which describes the problem definition and the robust loss
function employed in the proposed method. Section 3.2 elaborates on
the dataset refinement method based on the initially trained model.
Then, in Section 3.3, we present the iterative process involving dataset
refinement and model training to develop an effective ensemble model
under the noisy labeled dataset. Finally, in Section 3.4, we discuss
the computational complexity of the entire pipeline of our proposed
method. Fig. 2 represents an overall process of the proposed method.

3.1. Problem setting

Problem definition. We consider a noisy labeled dataset of 𝑁 samples,
denoted as 𝑛𝑜𝑖𝑠𝑦 = {(𝒙𝑖, 𝑦𝑖)}𝑁𝑖=1, where 𝒙𝑖 is the 𝑖-th sample and 𝑦𝑖 ∈
{1,… , 𝐶} is the assigned label of 𝒙𝑖, which may not correctly match
with the true label 𝑦∗𝑖 . To indicate the noise level, we denote the class-
wise noise ratio from class 𝑗 to class 𝑘 as 𝜂𝑗𝑘, and the overall noise ratio
of 𝑛𝑜𝑖𝑠𝑦 as 𝜂 ∈ [0, 1]. In addition, we represent the number of samples
in the class 𝑐 as |𝑐 |, where ∑𝐶

𝑐=1 |𝑐 | = 𝑁 .
The objective of this study is to construct an ensemble model com-

prised of 𝑆 different models, Stage 0 to 𝑆−1 models, where 𝑆 is the total
number of stages. At Stage 𝑠, we train the classification model 𝑓𝑠 on the
iteratively refined dataset 𝑠

𝑛𝑜𝑖𝑠𝑦, and extract a feature representation
of a sample using a feature extractor 𝐹𝑠. Note that, at Stage 0, the
classification model 𝑓0 is trained on the initially given noisy labeled
dataset 0

𝑛𝑜𝑖𝑠𝑦, which has not been refined. Additionally, 𝐹0 denotes
the feature extractor in 𝑓0, utilized to extract feature representations
for each sample at this stage.

Active passive loss. Given a noisy labeled dataset, we train the classifi-
cation model with the NCE+RCE loss suggested in Ma et al. (2020),
which combines two robust losses, normalized cross entropy (NCE)
and reverse cross entropy (RCE). Let 𝒑 be the predictive distribution
of a classification model and 𝒒 be the one-hot label distribution over
different classes. NCE is calculated by dividing the CE by the sum of
CE of all possible label distributions and the predictive distribution of
the model, as shown in Eq. (1).

𝓁𝑁𝐶𝐸 =
∑𝐶

𝑐=1 𝑞(𝑐 ∣ 𝒙) log 𝑝(𝑐 ∣ 𝒙)
∑𝐶 ∑𝐶 . (1)
𝑗=1 𝑐=1𝑞(𝑦 = 𝑗 ∣ 𝒙) log 𝑝(𝑐 ∣ 𝒙)
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Fig. 3. NCE, RCE, and CE loss distributions sorted in ascending order for the first class
of the CIFAR-10. After injecting sym-60% noisy labels into the CIFAR-10, we trained
two models with NCE+RCE loss and CE loss. The first two rows show the values of
NCE and RCE losses using the model trained with NCE+RCE loss. The last row shows
the values of CE loss using the model trained with CE loss. In the figure, the yellow
and red lines represent the clean and noisy labels, respectively.

Table 1
The average clean ratio (%) in small loss samples for RCE, NCE, and CE losses across
all classes in the CIFAR-10 with sym-60% noise. The first two rows represent the results
of RCE and NCE loss cases using a model trained with NCE+RCE loss. The last row
represents the result of CE using a model trained with CE loss.

Loss type Small loss ratio

10% 20% 30% 40%

RCE 99.31 99.26 98.57 93.22
NCE 99.26 99.22 98.51 93.08
CE 56.41 56.97 56.87 56.55

RCE is calculated by flipping the label distribution and the predictive
distribution in CE, as shown in Eq. (2)

𝓁𝑅𝐶𝐸 = −
𝐶
∑

𝑐=1
𝑝(𝑐 ∣ 𝒙) log 𝑞(𝑐 ∣ 𝒙). (2)

The NCE+RCE loss 𝓁𝐴𝑃𝐿 is calculated by a weighted sum of 𝓁𝑁𝐶𝐸 and
𝓁𝑅𝐶𝐸 , as depicted in Eq. (3)

𝓁𝐴𝑃𝐿 = 𝑤1 × 𝓁𝑁𝐶𝐸 +𝑤2 × 𝓁𝑅𝐶𝐸 , (3)

where 𝑤1 and 𝑤2 are weights for balancing 𝓁𝑁𝐶𝐸 and 𝓁𝑅𝐶𝐸 . As a
weighted sum of two robust losses, 𝓁𝐴𝑃𝐿 is also proven to be robust
to the noisy label (Ma et al., 2020).

3.2. Dataset refinement with an initially trained model

The proposed multi-stage ensemble method includes several dataset
refinement processes. For the dataset refinement, we re-label the noisy
labeled dataset after constructing a representative feature for each class
with a trained model. Here, we provide a detailed description of the
re-labeling method based on the initially trained model and present
a property of the RCE we empirically found in the context of the
re-labeling.

In the beginning, we train a Stage 0 model 𝑓0 on the provided
noisy labeled dataset 0

𝑛𝑜𝑖𝑠𝑦 using the robust loss 𝓁𝐴𝑃𝐿. Subsequently,
we estimate probably clean samples in the noisy dataset and form a
representative feature for each class using the estimated samples. To
effectively encode uncorrupted semantic information in each repre-
sentative feature, the estimated clean samples should comprise a high
proportion of clean instances. To estimate probably clean samples, we
4 
Algorithm 1 Dataset refinement with a trained model
Input: trained model 𝑓𝑠 using 𝓁𝐴𝑃𝐿, noisy labeled dataset 𝑠

𝑛𝑜𝑖𝑠𝑦
Parameter: small loss ratio 𝜌, confidence threshold 𝛾
Output: refined dataset 𝑠+1

𝑛𝑜𝑖𝑠𝑦
1: for 𝑐 = 1,⋯ , 𝐶 do
2: 𝑅𝐶𝐸

𝑐 ← 𝓁𝑅𝐶𝐸 of the 𝑐-th class samples using the model 𝑓𝑠
3: Sort the values in 𝑅𝐶𝐸

𝑐 in ascending order
4: 𝑆𝑚𝑎𝑙𝑙

𝑐 ← ⌊|𝑐 | × 𝜌⌋ smallest 𝓁𝑅𝐶𝐸 values in the 𝑅𝐶𝐸
𝑐

5: end for
6: {𝜇}𝐶𝑐=1 ← Compute representative features by Eq. (4)
7: 𝑠+1

𝑛𝑜𝑖𝑠𝑦 ← Refine 𝑠
𝑛𝑜𝑖𝑠𝑦 by re-labeling criterion Eq. (5)

utilize the magnitude of the RCE values derived from the trained model
𝑓0.

Fig. 3 shows the sorted values of 𝓁𝑅𝐶𝐸 , 𝓁𝑁𝐶𝐸 , and CE values of the
first class in the CIFAR-10 training dataset, where 60% of labels are
corrupted. The first two rows show the 𝓁𝑅𝐶𝐸 and 𝓁𝑁𝐶𝐸 values from
the model trained with 𝓁𝐴𝑃𝐿. The last row shows the CE values from
the model trained with CE. When the model is trained with CE, a large
number of noisy samples have low loss values because the model is
overfitted to the noisy labels. That is, the model fails to distinguish
whether a training sample is clean or not by the magnitudes of loss
values. However, when the model is trained with the robust loss 𝓁𝐴𝑃𝐿,
both 𝓁𝑅𝐶𝐸 and 𝓁𝑁𝐶𝐸 can easily distinguish the samples with noisy
labels. Similar observations are found in the other classes. In addition,
Table 1 shows the average clean sample ratio in small loss samples
across all classes. In the ideal case, where all the clean samples exhibit
smaller loss values than the noisy ones, 40% of the small loss samples
are expected to consist of clean samples since there are 60% noisy
samples in the dataset. Although it is not ideal, small 𝓁𝑁𝐶𝐸 and 𝓁𝑅𝐶𝐸

values could be leveraged to extract samples with high purity. Among
them, 𝓁𝑅𝐶𝐸 is the most effective in estimating probably clean samples,
consistently assigning small loss values to clean samples compared to
other losses, irrespective of the number of samples considered as small
loss ones.

Motivated by the above results, we regard samples with small 𝓁𝑅𝐶𝐸

as probably clean samples. To identify such samples, using 𝑓0, we
construct a RCE loss set for each class, 𝑅𝐶𝐸

𝑐 = {𝓁𝑅𝐶𝐸
𝑐,𝑛 }|𝑐 |

𝑛=1 (𝑐 = 1,… , 𝐶)
by sorting the loss values in ascending order, i.e., 𝓁𝑅𝐶𝐸

𝑐,𝑛 is the 𝑛-th small
RCE loss in the class 𝑐. Then, by extracting samples with ⌊|𝑐 | × 𝜌⌋
smallest 𝓁𝑅𝐶𝐸 values for the class 𝑐, we obtain a small loss dataset for
each class {𝑆𝑚𝑎𝑙𝑙

𝑐 }𝐶𝑐=1, which determines probably clean samples. Here,
𝜌 (0 ≤ 𝜌 ≤ 1) is a small loss ratio, which is a hyperparameter that
controls the size of the small loss dataset.

Next, we construct a representative feature for each class based on
the small loss dataset and re-label the noisy labeled dataset 0

𝑛𝑜𝑖𝑠𝑦. The
representative features {𝜇}𝐶𝑐=1 are computed by the Eq. (4) using a
feature extractor 𝐹0 and the small loss datasets {𝑆𝑚𝑎𝑙𝑙

𝑐 }𝐶𝑐=1.

𝜇𝑐 =
1

|𝑆𝑚𝑎𝑙𝑙
𝑐 |

∑

𝒙𝑖∈𝑆𝑚𝑎𝑙𝑙
𝑐

𝐹0(𝒙𝑖), (4)

As the average features of the probably clean samples within each
class, the representative features can effectively reflect the class-specific
features with minimal interference from noisy samples.

Dataset refinement is performed by re-labeling a training sample
when its label does not match the class of the closest representative
feature. To figure out samples for re-labeling, we compute a distance
vector 𝑑𝑖 ∈ R𝐶 , where each component indicates the negative Euclidean
distance between an 𝑖-th sample and the representative feature of each
class in the feature space. A larger 𝑐-th component of 𝑑𝑖 means a closer
distance between the 𝐹0(𝒙𝑖) and the 𝜇𝑐 . Then, by passing 𝑑𝑖 to a softmax
function, we derive 𝑑 ∈ R𝐶 (

∑𝐶 𝑑 [𝑗] = 1). Finally, we re-label 𝑦
𝑖 𝑗=1 𝑖 𝑖
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Algorithm 2 Multi-stage ensemble with refinement
Input: noisy labeled dataset 0

𝑛𝑜𝑖𝑠𝑦
arameter: total number of stages 𝑆
utput: ensemble model 𝐻(𝒙)

1: for 𝑠 = 0, ..., 𝑆 − 1 do
2: train 𝑓𝑠 on the noisy labeled dataset 𝑠

𝑛𝑜𝑖𝑠𝑦
3: if 𝑠 not 𝑆 − 1 then
4: 𝑠+1

𝑛𝑜𝑖𝑠𝑦 ← dataset refinement by Algorithm 1
5: end if
6: end for
7: 𝐻(𝒙) ← ensemble {𝑓0,⋯ , 𝑓𝑆−1}

according to Eq. (5) and construct a refined dataset 1
𝑛𝑜𝑖𝑠𝑦, which will

be used for the training model in the next stage (Stage 1).

𝑦𝑖 =

⎧

⎪

⎨

⎪

⎩

𝑎𝑟𝑔𝑚𝑎𝑥
𝑗

𝑑𝑖[𝑗], if 𝑚𝑎𝑥
𝑗

𝑑𝑖[𝑗] > 𝛾

𝑦𝑖, otherwise,
(5)

here 𝛾 (0 ≤ 𝛾 ≤ 1) is a confidence threshold that can be tuned as a
yperparameter. As the 𝛾 increases, only samples closer to one of the
epresentative feature vectors can be re-labeled. In this way, we can
djust the re-labeling strategy to be either conservative or aggressive.

The proposed dataset refinement method can be expanded to apply
n any stage if there is a trained model using a robust loss 𝓁𝐴𝑃𝐿. The
lgorithm 1 represents the dataset refinement process.

.3. Iterative refinement and training for ensemble

The key of a successful ensemble is that each model therein needs
o be independent and learn different features (Allen-Zhu & Li, 2023).
o construct an effective ensemble model, we aim to acquire multiple
odels that capture distinctive features by repeating the process of

efining the dataset and training the subsequent model for a pre-defined
otal number of stages.

Specifically, at Stage 𝑠, we train a model 𝑓𝑠 on a dataset 𝑠
𝑛𝑜𝑖𝑠𝑦 and

onstruct a refined dataset 𝑠+1
𝑛𝑜𝑖𝑠𝑦 by the re-labeling method demon-

trated in Section 3.2. As the stage proceeds, we train each model
n a progressive manner. In other words, except for stage 0, we use
he trained model from the previous stage as a pre-trained model to
rain the subsequent stage model. At Stage 0, the model 𝑓0 is randomly
nitialized and trained on the provided dataset 0

𝑛𝑜𝑖𝑠𝑦. Meanwhile, for
tage 𝑠 (𝑠 ≥ 1), the model continues training from the weights of the
rained model at Stage 𝑠−1. In this way, each model can learn different
eatures compared to the previous model even without losing previ-
usly obtained knowledge. In the perspective of dataset refinement,
ome noisy samples may not get a chance to be corrected in the early
tages. However, they can be corrected in the later stages by the model
hat learns different features from the refined dataset.

Here, we also present that the expected loss of the trained model
ith the noisy dataset decreases compared to the previous stage as the

e-labeling is repeated, providing that the noise ratio of a certain stage
s not greater than the previous one and some other assumptions. In
ther words, the generalization performance of the classifier is expected
o be improved as the stage proceeds as in Fig. 1. The proof is provided
n Appendix.

roposition 1. Let 𝓁𝑛𝑜𝑟𝑚(𝑓 (𝑥), 𝑦) be a normalized loss function, that is
∑

𝑦′ 𝓁
𝑛𝑜𝑟𝑚(𝑓 (𝑥), 𝑦′) = 1, and 𝑅(𝑓 ) = E𝑥,𝑦∗𝓁

𝑛𝑜𝑟𝑚 and 𝑅𝜂𝑠 (𝑓 ) = E𝑥,𝑦∗𝓁
𝑛𝑜𝑟𝑚

be the risk of the classifier 𝑓 under the clean labels and the noisy labels at
Stage 𝑠, respectively. 𝜂𝑠𝑗𝑘 denotes the class-wise noise ratio from class 𝑗 to 𝑘
at the Stage 𝑠.

Let 𝑓 ∗ and 𝑓 ∗
𝜂𝑠 be global minimizers of 𝑅(𝑓 ) and 𝑅𝜂𝑠 (𝑓 ), respectively.

Given
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1. 𝑅(𝑓 ∗) = 0,
2. 0 ≤ 𝓁𝑛𝑜𝑟𝑚(𝑓 ∗(𝑥), 𝑗) ≤ 1

𝐶−1 ,∀𝑗,
3. 𝜂𝑠𝑗𝑘 < 1 −

∑

𝑙≠𝑗 𝜂
𝑠
𝑗𝑙 ,∀𝑗, 𝑘, and

4. 𝜂𝑠+1𝑗𝑘 ≤ 𝜂𝑠𝑗𝑘,∀𝑠 ≥ 0, then

𝑅𝜂𝑠+1 (𝑓 ∗
𝜂𝑠+1

) ≤ 𝑅𝜂𝑠 (𝑓 ∗
𝜂𝑠 ). (6)

It is also noteworthy that the claim holds for the symmetric noise
case without the conditions 1 and 2.

Finally, we construct an ensembled classification model by combin-
ing all the models trained in each stage as represented in Algorithm
2. In the proposed method, each stage model is trained on the dataset
with distinct label information. Thus, the models trained in each stage
become heterogeneous. If the models learn the same feature, we cannot
expect performance improvement no matter how many models are
ensembled. However, since we combine models that have learned dif-
ferent features, the proposed ensemble model reflects various features
of the input sample so that it can perform robust classification and
achieve superior performance to each stage model. Although there
might be a few defective models derived from our method, the com-
bined model is expected to work well due to the robust nature of
ensemble models (Polikar, 2006; Yan, Liu, Jin, & Hauptmann, 2003).
If additional techniques are required for effective performance, we can
employ additional techniques, such as a weighted ensemble (Bonab &
Can, 2019; Kim, Son, Lee, & Lee, 2016), to diminish the negative impact
of defective models.

3.4. Complexity of the multi-stage ensemble method

The proposed multi-stage ensemble method involves an iterative
process of model training and dataset refinement. Since we perform
dataset refinement in each stage, the proposed method requires addi-
tional computations compared to conventional ensemble methods. To
encourage a comprehensive understanding of these computations, we
provide the computational complexity of the training and inference
processes of our method separately.

In each stage, the time complexity of model training is 𝑂(𝑁𝑀𝑒),
where 𝑁 represents the number of samples, 𝑀 is the number of
learnable parameters in the model, and 𝑒 is the training epochs in one
stage. Subsequent to model training in each stage, the complexity of
dataset refinement is upper bounded by 𝑂(𝑁𝑀 + 𝑁𝑙𝑜𝑔𝑁 + 𝑁𝜌𝑑 +
𝐶𝑑), where 𝜌 is a small loss ratio, 𝑑 is the dimension of a feature

ector, and 𝐶 is the number of classes. Indeed, it can be considered
nto two parts, 𝑂(𝑁𝑀 + 𝑁𝑙𝑜𝑔𝑁 + 𝑁𝜌𝑑) and 𝑂(𝑁𝐶𝑑), which involve
he construction of representative feature vectors and computation of
egative Euclidean distances, respectively. In the first part, the term
(𝑁𝑀) is from the computing RCE losses for 𝑁 samples. After that,
ased on the Quick Sort algorithm, sorting the loss values requires a
omplexity of 𝑂(𝑁𝑙𝑜𝑔𝑁) in the worst case when the dataset is highly
mbalanced. Note that, for the best case when the number of instances
or each class are equal to 𝑁∕𝐶, it could be reduced to 𝑂(𝑁𝑙𝑜𝑔(𝑁∕𝐶)).
ext, to construct the representative feature vectors using small loss

amples in each class requires 𝑂(𝑁𝜌𝑑), as 𝑁𝜌 samples are involved in
veraging 𝑑-dimensional representative feature vectors. The remaining
art in the complexity of the dataset refinement, 𝑂(𝑁𝐶𝑑), involves the
omputation of the negative Euclidean distances between the feature
ectors of 𝑁 samples and the 𝐶 representative vectors, followed by the
e-labeling.

When we set 𝑆 as the total number of stages, the total computational
omplexity of the model training and dataset refinement over all stages
s bounded to 𝑂(𝑆𝑁𝑀𝑒 + (𝑆 − 1)(𝑁𝑀 + 𝑁𝑙𝑜𝑔𝑁 + 𝑁𝜌𝑑 + 𝑁𝐶𝑑)),
hich can be reduced to 𝑂(𝑆𝑁(𝑀𝑒 + 𝑙𝑜𝑔𝑁 + 𝜌𝑑 + 𝐶𝑑)). Since the
umber of samples, 𝑁 , and learnable parameters, 𝑀 , are much larger
han the other factors in general, 𝑂(𝑆𝑁(𝑀𝑒 + 𝑙𝑜𝑔𝑁)) dominates the
otal complexity. In general cases, the time complexity of training 𝑆
odels for conventional ensemble methods is 𝑂(𝑆𝑁𝑀𝑒), the additional
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Fig. 4. Example of clean and noisy label distributions for symmetric and asymmetric noise, respectively.
computation required by the dataset refinement process in the proposed
method is 𝑂(𝑆𝑁𝑙𝑜𝑔𝑁), mainly incurred by the alignment of loss values
over 𝑆 stages.

Meanwhile, during inference on 𝑘 input samples using our ensemble
model integrating 𝑆 models, the complexity of the proposed method is
𝑂(𝑘𝑆𝑀), consistent with conventional ensemble models. While training
multiple models with our method causes additional complexity, once
the training process based on the proposed method is completed,
we can persistently utilize our effective ensemble model in inference
without incurring extra computation costs.

4. Experiments

In this section, we validate our multi-stage ensemble with refine-
ment using the benchmark and real-world datasets with a widely
adopted setting for verifying learning algorithms under noisy labels
(Han et al., 2018; Kim et al., 2021; Ma et al., 2020; Xia et al., 2020).
Then, we perform an ablation study to analyze the effectiveness of re-
labeling and the total number of stages. Finally, we investigate the
sensitivity on the small loss ratio (𝜌) and confidence threshold (𝛾) in the
proposed method. In all experiments, the proposed method is denoted
as Ours.1

4.1. Experiment setting

Datasets. We validate the proposed method on three benchmark
datasets, label noise injected MNIST (Deng, 2012), F-MNIST (Xiao,
Rasul, & Vollgraf, 2017), and CIFAR-10 (Krizhevsky et al., 2009), and
two real-world noisy labeled datasets, Animal-10N (Song et al., 2019)
and Clothing1M (Xiao et al., 2015).

We considered symmetric and asymmetric noise to inject label
noise into the benchmark datasets. To generate symmetric noisy la-
bels, following Ma et al. (2020) and Wei et al. (2023), we selected
𝑁𝜂
𝐶 training samples from each class and randomly flipped their la-

bels to other classes, excluding the original ground-truth labels. The
asymmetric noise is generated by flipping labels within a specific
set of similar classes, following previous works (Han et al., 2018;
Xia et al., 2020): for MNIST, 2→7, 3→8, 5↔6, and for F-MNIST,
T-SHIRT→SHIRT, PULLOVER→COAT, SANDALS→SNEAKERS, and for
CIFAR-10, TRUCK→AUTOMOBILE, BIRD→AIRPLANE, DEER→HORSE,
CAT↔DOG. Fig. 4 shows examples of the label distributions for sym-
metric and asymmetric noise-injected datasets.

Also, we used Animal-10N (Song et al., 2019) and Clothing1M (Xiao
et al., 2015) datasets to verify that our method can work effectively on
real-world datasets, which intrinsically have noisy labels. Animal-10N
is a real-world dataset that contains human-labeled online images of

1 The code is available at https://github.com/chihyeon-choi/multi-stage-
ensemble.
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10 animals of similar appearance, where the noisy labels are naturally
generated by human mistakes. The dataset provides 50k training im-
ages with noisy labels and 5k testing images only with clean labels,
respectively. We used the same experimental setting following the setup
of Song et al. (2019). Clothing1M contains one million clothing images
with inherent noisy labels obtained from online shopping websites with
14 classes. There are also sets of images, with the sizes of 50k, 14k,
and 10k, manually verified as clean samples for training, validation,
and testing. Following Kim et al. (2021), we used a randomly sampled
pseudo-balanced subset with 120k images as a training set instead of
only using the clean one. For evaluation, we compute the classification
accuracy on the 10k clean instances for testing.

Implementation. Most previous studies on learning with noisy labeled
datasets employ various network architectures for different datasets
(Han et al., 2018; Kim et al., 2021; Ma et al., 2020; Wei et al.,
2020, 2023; Xia et al., 2020; Ye et al., 2024), leading to a lack of a
standard experimental setting we can follow. For instance, they utilized
a range of models from 4-layer CNN to ResNet-50 for benchmark
datasets, and from ResNet-18, VGG-19 to ResNet-50 for real-world
datasets. However, higher capacity models are consistently employed
as the dataset difficulty increases. Hence, following this convention, we
adopted higher-capacity models when we deal with more challenging
datasets. Additionally, to ensure fair comparisons, we conducted ex-
tensive hyperparameter searches for each comparison method across
various datasets. For MNIST and F-MNIST, we trained a 4-layer CNN
and an 8-layer CNN, respectively, for 50 epochs. For CIFAR-10, we
trained ResNet-34 (He, Zhang, Ren, & Sun, 2016) for 200 epochs.
Regarding real-world datasets, we used the same experimental setup
following previous works in Kim et al. (2021) and Song et al. (2019).
Specifically, for Animal-10N, we trained VGG-19 (Simonyan & Zis-
serman, 2015) for 200 epochs, and for Clothing1M, we employed
ResNet-50 pre-trained with the ImageNet (Deng et al., 2009) and
fine-tuned for 10 epochs.

To set the balancing weights of 𝓁𝐴𝑃𝐿, we conducted a hyperpa-
rameter search, and we found the tendency that as the classification
task becomes more challenging, the optimal weight of 𝓁𝑁𝐶𝐸 increases
and the weight of 𝓁𝑅𝐶𝐸 decreases as follows: MNIST-{1.0, 10.0}, F-
MNIST-{5.0, 0.1}, CIFAR-10-{5.0, 0.1}, Animal-10N-{5.0, 0.1} and
Clothing1M-{10.0, 0.1}. Finally, we vary the small loss ratio 𝜌 and
confidence threshold 𝛾 with the difficulty of classifying the dataset. For
the case of MNIST and F-MNIST, which are relatively easy datasets,
we set 𝜌 and 𝛾 as 0.1 and 0.7, respectively. Conversely, for more
challenging datasets such as CIFAR-10, Animal-10N, and Clothing1M,
we set 𝜌 and 𝛾 to 0.4 and 0.99, respectively. To compare the proposed
method and previous works, we set the total number of stages 𝑆
to five in all experiments. Consequently, we combined five models,
namely, 𝑓0,… , 𝑓4, to construct the proposed ensemble model for the
comparison.

https://github.com/chihyeon-choi/multi-stage-ensemble
https://github.com/chihyeon-choi/multi-stage-ensemble
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Table 2
Test accuracies (%) of the proposed method and single model for comparison methods on symmetric noise ∈ {0.2, 0.4, 0.6, 0.8} or asymmetric noise ∈ {0.1, 0.2, 0.3, 0.4} injected
enchmark datasets. The average accuracies and standard deviations over three trials are reported. Ours denote the proposed multi-stage ensemble method. The best and second-best
esults are denoted as boldfaced and underlined, respectively.

Datasets Methods Sym-20% Sym-40% Sym-60% Sym-80% Asym-10% Asym-20% Asym-30% Asym-40%

MNIST

CE 96.72 ± 0.09 92.20 ± 0.70 79.81 ± 1.41 41.19 ± 0.93 97.85 ± 0.65 95.83 ± 0.66 90.51 ± 1.88 83.55 ± 3.47
Co-teach 98.56 ± 0.12 97.99 ± 0.11 97.36 ± 0.27 86.23 ± 0.70 99.25 ± 0.05 98.95 ± 0.03 98.62 ± 0.17 97.11 ± 0.31
FINE 98.57 ± 0.06 97.99 ± 0.12 97.36 ± 0.17 81.83 ± 1.92 98.92 ± 0.08 98.75 ± 0.16 98.40 ± 0.34 97.54 ± 0.81
CDR 98.20 ± 0.01 97.57 ± 0.17 95.91 ± 0.17 75.30 ± 1.46 98.79 ± 0.03 98.34 ± 0.17 97.37 ± 0.20 90.37 ± 1.56
APL 99.05 ± 0.12 98.62 ± 0.07 98.07 ± 0.11 86.43 ± 1.05 99.17 ± 0.07 99.06 ± 0.04 98.82 ± 0.18 87.65 ± 1.74
JoCoR 98.39 ± 0.02 97.67 ± 0.08 96.26 ± 0.11 86.52 ± 5.85 99.07 ± 0.03 98.71 ± 0.02 98.41 ± 0.05 97.15 ± 0.14
LogitClip 98.80 ± 0.05 98.48 ± 0.15 97.06 ± 0.18 84.25 ± 2.70 99.07 ± 0.06 99.01 ± 0.08 98.76 ± 0.14 97.35 ± 0.16
ANL 98.88 ± 0.12 98.55 ± 0.06 98.25 ± 0.28 86.32 ± 1.37 99.05 ± 0.12 98.82 ± 0.12 98.79 ± 0.11 98.35 ± 0.31

Ours 99.30 ± 0.02 99.09 ± 0.07 98.80 ± 0.07 93.95 ± 0.11 99.37 ± 0.04 99.32 ± 0.09 99.18 ± 0.03 98.67 ± 0.21

F-MNIST

CE 86.78 ± 0.11 80.11 ± 0.51 65.34 ± 0.49 31.14 ± 0.30 90.59 ± 0.37 87.86 ± 0.12 83.63 ± 0.32 79.56 ± 0.58
Co-teach 89.55 ± 0.16 88.68 ± 0.11 87.07 ± 0.46 73.64 ± 0.39 90.23 ± 0.16 89.59 ± 0.12 87.86 ± 0.39 83.22 ± 1.11
FINE 89.67 ± 0.26 87.96 ± 0.26 86.26 ± 0.12 74.12 ± 1.05 90.91 ± 0.28 89.75 ± 0.51 88.59 ± 0.20 84.03 ± 0.85
CDR 89.66 ± 0.22 87.90 ± 0.24 85.75 ± 0.46 74.90 ± 0.31 91.18 ± 0.18 90.08 ± 0.15 87.71 ± 0.18 82.07 ± 0.77
APL 91.11 ± 0.21 89.71 ± 0.06 87.87 ± 0.18 77.50 ± 0.01 91.81 ± 0.04 90.70 ± 0.22 88.76 ± 0.30 80.79 ± 1.09
JoCoR 90.77 ± 0.08 89.91 ± 0.16 88.26 ± 0.20 77.06 ± 2.54 91.97 ± 0.08 91.15 ± 0.19 90.60 ± 0.07 88.96 ± 1.22
LogitClip 90.72 ± 0.30 89.68 ± 0.35 87.24 ± 0.71 78.47 ± 0.90 92.19 ± 0.24 91.40 ± 0.27 91.17 ± 0.30 88.23 ± 0.67
ANL 91.50 ± 0.20 90.36 ± 0.23 88.07 ± 0.27 77.44 ± 1.28 91.86 ± 0.31 91.31 ± 0.52 89.68 ± 0.51 87.68 ± 1.39

Ours 93.18 ± 0.12 92.06 ± 0.14 89.56 ± 0.49 81.41 ± 0.17 93.65 ± 0.17 93.10 ± 0.22 92.27 ± 0.38 90.46 ± 0.48

CIFAR-10

CE 79.17 ± 0.43 59.85 ± 1.85 39.49 ± 1.77 18.19 ± 0.45 91.48 ± 0.33 86.99 ± 0.43 84.74 ± 0.51 80.96 ± 0.92
Co-teach 88.89 ± 0.29 85.12 ± 0.21 68.93 ± 4.36 19.17 ± 3.13 92.64 ± 0.16 91.57 ± 0.16 89.36 ± 0.07 70.91 ± 0.23
FINE 91.13 ± 0.16 88.05 ± 0.24 81.07 ± 0.74 42.68 ± 2.65 92.72 ± 0.15 92.42 ± 0.27 91.81 ± 0.41 90.14 ± 0.71
CDR 89.47 ± 0.16 83.93 ± 0.36 83.24 ± 0.31 35.64 ± 1.35 92.10 ± 0.22 90.84 ± 0.03 89.71 ± 0.32 85.92 ± 0.80
APL 92.01 ± 0.07 89.17 ± 0.13 83.64 ± 0.29 48.39 ± 4.21 93.04 ± 0.20 91.94 ± 0.24 90.03 ± 0.25 86.07 ± 0.25
JoCoR 89.85 ± 0.23 87.34 ± 0.19 63.22 ± 1.14 35.60 ± 1.79 89.56 ± 0.19 89.24 ± 0.44 87.46 ± 0.19 82.87 ± 0.65
LogitClip 84.76 ± 0.11 80.21 ± 0.30 71.41 ± 0.09 43.02 ± 0.57 85.11 ± 0.31 84.49 ± 0.05 83.38 ± 0.38 77.89 ± 0.74
ANL 91.04 ± 0.13 87.66 ± 0.17 80.47 ± 0.20 40.21 ± 0.81a 91.83 ± 0.11 90.93 ± 0.30 88.40 ± 0.12 82.19 ± 0.98

Ours 94.01 ± 0.12 92.01 ± 0.16 87.09 ± 0.16 65.40 ± 0.41 94.28 ± 0.19 93.78 ± 0.12 92.52 ± 0.11 89.58 ± 0.38

a In the original reference (Ye et al., 2024), the accuracy for the case of CIFAR-10 Sym-80% was reported as 61.27%.
f
n
s
d
d
s
p
o
n

w
o
p
s
n
w
a
o
n
s
F
t
I

Comparison methods. To demonstrate the effectiveness of the proposed
method, we compared Ours with the following methods.

• CE is a model trained with CE loss without any further techniques
for noisy labels.

• Co-teach (Han et al., 2018) is a sample selection method that
selects probably clean samples based on two networks with the
same architecture to minimize the selection bias. It requires a
noise ratio to select small loss samples.

• FINE (Kim et al., 2021) is a sample selection method that filters
noisy samples utilizing the class-representative features obtained
through the eigen decomposition of latent representations for
each class.

• CDR (Xia et al., 2020) is a regularization-based method that
imposes penalties only on the parameters of the model that overfit
to noisy labels. It requires a noise ratio to impose penalties.

• APL (Ma et al., 2020) is a robust loss function-based method that
introduced active passive loss, which has a sufficient learning
property.

• JoCoR (Wei et al., 2020) is a sample selection method that em-
ploys a joint loss to select low-loss data. It requires a noise ratio
to select small loss samples.

• LogitClip (Wei et al., 2023) is a regularization-based method that
clamps the norm of the logit vector to ensure it is upper bounded
by a constant.

• ANL (Ye et al., 2024) is a robust loss function-based method that
utilizes a new class of robust passive loss functions to focus on
memorized clean samples and speed up the convergence of the
model.

Since the proposed method performs classification based on the ensem-
ble model, we experimented with both single and ensemble models of the
existing methods and compared them with the proposed method for a
fair comparison. For the ensemble model of the comparison methods,
we combined five individual models trained with randomly initialized
weights in order to enhance the independence of the models.
7 
Note that we do not include semi-supervised technique based meth-
ods (Li, Socher, & Hoi, 2020; Nguyen et al., 2020; Zhou, Wang, &
Bilmes, 2021) for comparison because they took advantage of existing
powerful representation learning approaches, such as consistency regu-
larization with various image augmentation techniques. We focused on
validating the efficacy of the proposed ensemble method based on the
dataset refinement without such techniques.

4.2. Experiment results

Results on benchmark datasets. Table 2 shows the classification accu-
racy of the proposed method and single models of comparison methods
or the benchmark datasets with noisy labels. When generating label
oise, we considered diverse degrees of noise ratios to evaluate various
cenarios. After training each model on the noisy labeled training
ataset, we evaluated the classification accuracy on the clean test
ataset. Table 2 shows that the proposed method achieved the best clas-
ification performance in all cases except for Asym-40% of CIFAR-10. In
articular, for all benchmark datasets, Ours significantly outperformed
ther approaches in the Sym-80% case, which contains the largest
umber of noisy labels in each dataset.

Further, as the proposed method is based on the ensemble model,
e compared the proposed method with the ensemble versions of the
ther methods in Table 3 to show that the performance gain of the
roposed method is not simply derived from the ensemble. As demon-
trated in Table 3, Ours achieved the best performance in all symmetric
oise cases except for F-MNIST Sym-60% and Sym-80%. For MNIST,
hich is a relatively less challenging dataset, most existing methods
chieved promising performance, even with a considerable amount
f noisy labels. However, in Sym-80%, all of the methods showed a
otable performance drop compared to Sym-60%. Among them, Ours
howed the least degradation as the accuracy decreased by 4.85%.
or F-MNIST and CIFAR-10, Ours achieved superior performance to
he other methods in most cases similar to the results of MNIST.
n particular, in the Sym-80% case of CIFAR-10, where almost all
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Table 3
Test accuracies (%) of the proposed method and ensemble model for comparison methods on symmetric noise ∈ {0.2, 0.4, 0.6, 0.8} or asymmetric noise ∈ {0.1, 0.2, 0.3, 0.4} injected
enchmark datasets. The average accuracies and standard deviations over three trials are reported. Ours denote the proposed multi-stage ensemble method. The best and second-best
esults are denoted as boldfaced and underlined, respectively.

Datasets Methods Sym-20% Sym-40% Sym-60% Sym-80% Asym-10% Asym-20% Asym-30% Asym-40%

MNIST

CE 98.45 ± 0.06 97.17 ± 0.03 91.44 ± 0.40 52.04 ± 0.59 99.11 ± 0.03 98.01 ± 0.18 93.93 ± 1.30 87.62 ± 1.72
Co-teach 98.97 ± 0.05 98.56 ± 0.02 98.15 ± 0.08 89.93 ± 0.09 99.42 ± 0.04 99.10 ± 0.12 99.03 ± 0.05 98.46 ± 0.10
FINE 98.78 ± 0.06 98.61 ± 0.11 98.69 ± 0.10 84.75 ± 0.59 99.22 ± 0.05 99.10 ± 0.04 98.93 ± 0.10 98.52 ± 0.22
CDR 98.68 ± 0.09 98.29 ± 0.02 97.09 ± 0.11 84.48 ± 0.69 99.15 ± 0.05 98.93 ± 0.05 98.35 ± 0.06 95.23 ± 1.17
APL 99.08 ± 0.33 99.03 ± 0.06 98.73 ± 0.08 88.22 ± 0.06 99.35 ± 0.05 99.18 ± 0.06 99.03 ± 0.09 93.29 ± 2.59
JoCoR 98.98 ± 0.02 98.58 ± 0.01 97.84 ± 0.07 89.92 ± 0.11 99.32 ± 0.02 99.16 ± 0.02 98.92 ± 0.02 98.34 ± 0.04
LogitClip 98.14 ± 0.02 98.79 ± 0.02 97.74 ± 0.03 87.12 ± 0.35 99.26 ± 0.04 99.30 ± 0.03 99.01 ± 0.03 98.34 ± 0.15
ANL 99.17 ± 0.03 99.04 ± 0.04 98.69 ± 0.04 87.96 ± 0.11 99.32 ± 0.02 99.22 ± 0.02 99.13 ± 0.04 98.63 ± 0.55

Ours 99.30 ± 0.02 99.09 ± 0.07 98.80 ± 0.07 93.95 ± 0.11 99.37 ± 0.04 99.32 ± 0.09 99.18 ± 0.03 98.67 ± 0.21

F-MNIST

CE 91.01 ± 0.21 88.02 ± 0.11 78.03 ± 0.15 40.87 ± 0.32 92.36 ± 0.25 90.54 ± 0.11 87.02 ± 0.46 81.33 ± 0.43
Co-teach 90.97 ± 0.00 89.86 ± 0.00 88.42 ± 0.00 79.31 ± 0.00 92.14 ± 0.00 91.07 ± 0.00 89.60 ± 0.00 85.80 ± 0.00
FINE 91.16 ± 0.17 89.45 ± 0.13 87.64 ± 0.30 80.14 ± 0.26 92.14 ± 0.10 91.48 ± 0.09 90.52 ± 0.08 88.20 ± 0.20
CDR 90.90 ± 0.08 90.02 ± 0.14 88.24 ± 0.36 79.98 ± 0.37 92.36 ± 0.07 91.50 ± 0.15 90.20 ± 0.17 84.61 ± 0.51
APL 92.04 ± 0.14 90.66 ± 0.29 88.74 ± 0.38 78.83 ± 1.49 92.48 ± 0.12 91.55 ± 0.08 90.04 ± 0.35 84.19 ± 0.13
JoCoR 92.05 ± 0.08 91.23 ± 0.02 90.00 ± 0.07 81.66 ± 1.00 93.28 ± 0.03 92.40 ± 0.10 91.16 ± 0.16 87.41 ± 0.51
LogitClip 92.23 ± 0.03 90.94 ± 0.07 89.43 ± 0.16 80.90 ± 0.18 93.28 ± 0.07 92.95 ± 0.02 91.99 ± 0.17 89.16 ± 0.45
ANL 92.64 ± 0.08 91.24 ± 0.02 89.36 ± 0.20 79.98 ± 0.28 93.19 ± 0.09 92.68 ± 0.03 90.78 ± 0.01 88.36 ± 0.34

Ours 93.18 ± 0.12 92.06 ± 0.14 89.56 ± 0.49 81.41 ± 0.17 93.65 ± 0.17 93.10 ± 0.22 92.27 ± 0.38 90.46 ± 0.48

CIFAR-10

CE 88.87 ± 0.32 76.29 ± 0.76 53.95 ± 0.47 22.78 ± 0.27 93.74 ± 0.07 90.34 ± 0.56 87.97 ± 0.11 83.34 ± 0.89
Co-teach 92.02 ± 0.00 88.72 ± 0.00 77.74 ± 0.00 28.29 ± 0.00 94.04 ± 0.00 92.78 ± 0.00 90.35 ± 0.00 71.67 ± 0.00
FINE 92.46 ± 0.17 89.78 ± 0.13 83.60 ± 0.30 45.01 ± 0.26 94.07 ± 0.10 93.73 ± 0.09 93.18 ± 0.08 92.10 ± 0.20
CDR 91.64 ± 0.08 87.80 ± 0.14 78.26 ± 0.36 41.68 ± 0.37 93.50 ± 0.07 92.66 ± 0.15 91.54 ± 0.17 88.47 ± 0.51
APL 93.37 ± 0.14 90.97 ± 0.29 85.56 ± 0.38 49.14 ± 1.49 94.11 ± 0.12 93.28 ± 0.08 91.43 ± 0.35 87.57 ± 0.13
JoCoR 91.63 ± 0.15 88.87 ± 0.08 67.21 ± 0.29 40.48 ± 0.49 90.84 ± 0.04 90.64 ± 0.15 88.97 ± 0.07 83.76 ± 0.61
LogitClip 87.28 ± 0.12 83.53 ± 0.21 75.81 ± 0.15 46.02 ± 0.27 87.64 ± 0.06 86.92 ± 0.20 85.68 ± 0.13 80.74 ± 1.47
ANL 92.67 ± 0.08 89.35 ± 0.11 83.39 ± 0.14 42.49 ± 0.40 93.23 ± 0.16 92.22 ± 0.11 90.05 ± 0.14 84.56 ± 0.05

Ours 94.01 ± 0.12 92.01 ± 0.16 87.09 ± 0.16 65.40 ± 0.41 94.28 ± 0.19 93.78 ± 0.12 92.52 ± 0.11 89.58 ± 0.38
Table 4
Test accuracies (%) of the proposed method and ensemble model for comparison methods on Animal-10N and Clothing1M dataset. The average accuracies and standard deviations
over three trials are reported. Ours denote the proposed multi-stage ensemble method. The best and second-best results are denoted as boldfaced and underlined, respectively.
The value in parentheses denotes the single model performance.

Methods CE Co-teach FINE CDR APL JoCoR LogitClip ANL Ours

Animal-10N 83.65 ± 0.13 78.05 ± 0.29 84.17 ± 0.24 84.41 ± 0.08 84.05 ± 0.24 76.96 ± 0.09 84.59 ± 0.27 84.19 ± 0.06 85.47 ± 0.28
(80.80 ± 0.38) (74.88 ± 0.46) (81.14 ± 0.03) (81.24 ± 0.55) (81.72 ± 0.02) (74.13 ± 0.70) (81.91 ± 0.15) (82.38 ± 0.25)

Clothing1M 72.46 ± 0.20 65.34 ± 0.15 72.30 ± 0.09 72.27 ± 0.10 73.06 ± 0.13 66.75 ± 0.13 72.45 ± 0.14 73.26 ± 0.23 73.79 ± 0.06
(70.15 ± 0.38) (65.17 ± 0.10) (70.73 ± 0.57) (71.73 ± 0.28) (71.73 ± 0.17) (66.47 ± 0.03) (71.76 ± 0.18) (71.47 ± 0.50)
t
r

O
s
c
D
t
a
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comparison methods struggled, Ours significantly outperformed the
others. In that case, none of the comparison methods achieved an
accuracy over 50%, while the proposed method exhibited a 65.40%
accuracy, demonstrating a remarkable improvement of 16.26% com-
pared to the second-best performance. Also, in the cases of asymmetric
noise, Ours showed effective performance as it achieved the best or
second-best performances in most cases. Since we forced each model
to learn different features through our dataset refinement method,
our ensemble model still works better than simple ensemble versions
of the existing methods. In summary, the proposed method showed
superior performance compared to both single and ensemble models
of the existing methods, and our multi-stage ensemble method with
refinement is validated to be effective in classification under various
types and levels of noisy labels.

Results on real-world datasets. To verify the proposed method on the
real-world datasets, we employed two datasets with intrinsic noisy
labels, Animal-10N (Song et al., 2019) and Clothing1M (Xiao et al.,
2015), in which the estimated noise ratios are around 8% and 38.5%,
respectively. Since Co-teach, CDR, and JoCoR require the noise ratio of
the dataset for model training, we set the noise ratios for them to match
the estimated noise ratios of the real-world datasets. Table 4 shows the
classification accuracy of the ensemble models on the clean test dataset
after training each model on the noisy training dataset. Similar to the
results of the benchmark datasets, Ours showed better classification
accuracy than the comparison methods in both datasets. Also, unlike
the methods that require the noise ratio of the dataset in advance,
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such as Co-teach, CDR, and JoCoR, the proposed method achieved the
best performance without any prior information on noise ratio, which
is challenging to identify in practice. Therefore, we confirmed that
our method could work effectively not only on synthetic noisy labeled
datasets but also on the real-world ones.

4.3. Ablation study

Using the CIFAR-10 dataset, we performed an ablation study to
examine the effects of the refinement process and the total number
of stages, and the results are demonstrated in Fig. 5. In Fig. 5, the
𝑦-axis on the right and left sides represent the accuracy of the Sym-
80% case and that of the others, respectively. In this experiment,
Ours denotes the ensemble model constructed by the proposed method,
while w/o refine represents the ensemble model without the refinement
process. Meanwhile, initial and progressive indicate the single model
rained in the initial stage and progressively trained until the last stage,
espectively.

First, when we compare the performance of Ours with w/o refine,
urs shows better performance than w/o refine in every case as the

tage proceeds. In particular, in both symmetric and asymmetric noise
ases, the higher the label noise, the larger the effect of re-labeling.
espite Sym-20% and Asym-10% being less corrupted cases among

he noise-injected datasets, the proposed refinement and ensemble
pproach still enables Ours to outperform the w/o refine. Moreover,
or the Sym-80% and Asym-40%, where the datasets contain a large
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Fig. 5. Results of the ablation study on the effect of the refinement process and the total number of stages. 𝑥 and y-axes represent the number of stages and classification
performance, respectively. Noise ratios and types are indicated by colors and markers on lines. The solid line depicts the results of Ours, while the dashed and dotted lines
represent those of the ensemble model without refinement and the single model, respectively. The cross mark represents the result of the single model trained in a progressive
manner until the last stage.
portion of noisy labels, Ours significantly improves w/o refine and initial
immediately after stage 0. However, in the Sym-80%, even though w/o
refine uses an ensemble approach, it performs worse than initial in some
stages. Thus, we can infer that it is difficult to learn appropriate features
without the refinement process when the dataset is severely corrupted.
We also analyze the performance of the progressive, which is a trained
model in a progressive manner until the last stage. With the help
of the dataset refinement, progressive achieves significantly improved
performance compared to single. Especially when there are considerable
noisy labels in the dataset, progressive performs better than the w/o
refine, which is an ensemble model. Although the proposed method
brings more benefits by integrating progressively trained models in
every stage that have learned diverse features, the results of progressive
also support the importance of the dataset refinement. Based on these
results, we found that the refinement process is essential in learning
different features for each stage model and constructing an effective
ensemble classifier under the noisy labeled dataset.

Next, we analyze the effect of the total number of stages in the
proposed method. In both symmetric and asymmetric noises, we can
see that the performance of Ours and w/o refine continues to increase
as the stage proceeds. For Ours, when the noise ratio is small, the per-
formance increases slowly at the beginning and achieves a reasonable
performance in the early stages. However, when the noise ratio is large,
the performance increases rapidly at the beginning and continues to
increase until almost the last stage set to be 10. Although we can expect
performance improvement regardless of the noise type and ratios as
the stage proceeds, our approach can achieve decent performance with
substantial performance gain over w/o refine unless the total number of
stages is too small.

4.4. Hyperparameter sensitivity analysis

The proposed method includes two important hyperparameters,
the small loss ratio (𝜌) and the confidence threshold (𝛾). Here, we
conducted sensitivity analyses on these hyperparameters using the
benchmark datasets. The small loss ratio controls the proportion of
the small RCE loss samples for each class, which consist of represen-
tative feature vectors. A lower small loss ratio allows us to construct
a representative feature vector using samples with lower RCE loss,
that is, a small number of samples with a large proportion of clean
labels, as demonstrated in Table 1. Conversely, a higher small loss
ratio enables the construction of a representative feature vector using
a larger number of samples with small RCE loss, even though the
proportion of clean labels might be reduced compared to the former
case. The confidence threshold adapts the strategy of the re-labeling
in the refinement phase. With a high confidence threshold, we can re-
label only for noisy samples very close to the representative feature
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vector for a particular class. Such a conservative strategy enables re-
labeling only for limited samples with high accuracy. In contrast, a low
confidence threshold allows for the re-labeling of a larger number of
samples. However, such an aggressive strategy may cause more samples
with incorrectly re-labeled. For the sensitivity analysis, we constructed
an ensemble model by combining the models of the stages 0 to 4
and investigated the performance by varying each hyperparameter as
follows: 𝜌 ∈ {0.1, 0.2, 0.3, 0.4, 0.5} and 𝛾 ∈ {0.7, 0.8, 0.9, 0.95, 0.99}.
Fig. 6 depicts sensitivity analysis results on both simple datasets MNIST
and F-MNIST, as well as the challenging dataset CIFAR-10.

Regardless of the difficulty of the dataset, the variations in the small
loss ratio and confidence threshold do not significantly influence on the
classification accuracy of the proposed method in most cases. However,
in the case of Sym-80% and Asym-40%, where the datasets contain
a substantial number of noisy samples, the hyperparameter should be
carefully chosen, taking into account the difficulty of the dataset.

For MNIST and F-MNIST datasets, the model performance tends to
improve as we set the lower 𝜌 and 𝛾 within the range explored during
the hyperparameter search. As shown in Fig. 6, the optimal hyperpa-
rameter of the small loss ratio and confidence threshold was identified
to be 0.1 and 0.7, respectively. When we deal with a simple dataset
with noisy labels, it is found to be effective to form a representative
feature vector with limited small loss samples and re-label with an
aggressive strategy for effective classification.

For the CIFAR-10 dataset, relatively high 𝜌 and 𝛾 improve the
classification performance in the Sym-80% and Asym-40% case. We
observed that the best performance is achieved for most noise-injected
datasets derived from CIFAR-10 when we set 𝜌 and 𝛾 as 0.4 and
0.99, respectively. The results indicate that, for the challenging dataset,
constructing representative feature vectors with a relatively higher pro-
portion of small loss samples and adopting a conservative re-labeling
strategy is effective.

5. Conclusion

We introduced a novel multi-stage ensemble with refinement for
noisy label data classification. Our main idea is to force the models
trained in each stage to learn diverse features to construct an effective
ensemble classifier based on the noisy labeled dataset. To achieve
the goal, we proposed an iterative process that involves refining the
dataset and training the model progressively with the refined dataset.
The proposed approach enables each stage model to learn distinctive
features with the iteratively refined datasets, ultimately constructing
the successful ensemble classifier by combining them. Through the
experiments on both benchmark and real-world datasets, we validated
that the proposed method outperformed the ensemble models of the
existing methods. Moreover, the results of the ablation study supported
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Fig. 6. Sensitivity analysis results for the small loss ratio (𝜌) and confidence threshold (𝛾) on benchmark datasets. The first and second columns present the results for datasets
injected with symmetric and asymmetric label noise, respectively. In each figure, the top and bottom of the 𝑥-axis indicate the small loss ratio and confidence threshold, respectively.
Different colors in each figure indicate various levels of noise ratio. Asterisk marks denote optimal hyperparameters identified for each dataset.
that our key ideas are suitable for being applied to corrupted datasets.
Finally, we showed that the proposed method is not sensitive to the
hyperparameters in most cases. While some variations in classifica-
tion performance may occur as the selection of hyperparameters in
extremely corrupted datasets, we found that the effective ensemble
model can be constructed with an appropriate hyperparameter choice
according to the difficulty of the dataset.

Although the proposed multi-stage ensemble method shows promis-
ing results, there are some limitations and future research directions
for further investigations. First, we validated the proposed multi-stage
ensemble method on balanced datasets with similar levels of noisy
labels across different classes. Therefore, additional analysis might be
required for the datasets with different noise levels across the classes or
those exhibiting long-tailed class distributions, as well as other practical
challenges, to expand the applicability of the proposed method in
various real-world scenarios. Second, the proposed method entails a
time-consuming task of searching for appropriate hyperparameters,
especially for highly contaminated datasets to achieve effective gener-
alization performance. Since the optimal ones might differ depending
on the dataset, careful hyperparameter tuning is necessary. If the
guidelines for hyperparameter selection are provided depending on the
difficulty of the datasets in further study, it can facilitate the con-
struction of the effective ensemble model under the corrupted datasets,
avoiding the need for labor-intensive adjustment.
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Appendix. Proof of Proposition 1

Proof. According to Lemma 2 in Ma et al. (2020), 𝑓 ∗
𝜂𝑠 = 𝑓 ∗

𝜂𝑠+1
= 𝑓 ∗,∀𝑠 ≥

0 and

𝑅𝜂𝑠 (𝑓 ) = E𝒙,𝑦∗ (1 −
𝐶
∑

𝑗=1
𝜂𝑠𝑦∗𝑗 ) − E𝒙,𝑦∗ [

∑

𝑘≠𝑦∗
(1 − 𝜂𝑠𝑦∗𝑘 −

𝐶
∑

𝑗=1
𝜂𝑠𝑦∗𝑗 )𝓁

𝑛𝑜𝑟𝑚(𝑓 (𝒙), 𝑘)]

(A.1)

where 𝑦∗ is the true label of 𝒙. Then, from the definition of the
normalized loss function, 𝑅(𝑓 ∗) = 0, and 0 ≤ 𝓁𝑛𝑜𝑟𝑚(𝑓 ∗(𝑥), 𝑗) ≤ 1

𝐶−1 ,
we have 𝓁𝑛𝑜𝑟𝑚(𝑓 ∗(𝒙), 𝑘) = 1

𝐶−1 ,∀𝑘 ≠ 𝑦∗. Thus,

𝑅𝜂𝑠 (𝑓 ∗
𝜂𝑠 ) − 𝑅𝜂𝑠+1 (𝑓 ∗

𝜂𝑠+1
)

= E𝒙,𝑦∗ (1 −
𝐶
∑

𝜂𝑠𝑦∗𝑗 ) − E𝒙,𝑦∗ [
∑

(1 − 𝜂𝑠𝑦∗𝑘 −
𝐶
∑

𝜂𝑠𝑦∗𝑗 )𝓁
𝑛𝑜𝑟𝑚(𝑓 ∗

𝜂𝑠 (𝒙), 𝑘)]

𝑗=1 𝑘≠𝑦∗ 𝑗=1
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− E𝒙,𝑦∗ (1 −
𝐶
∑

𝑗=1
𝜂𝑠+1𝑦∗𝑗 ) + E𝒙,𝑦∗ [

∑

𝑘≠𝑦∗
(1 − 𝜂𝑠+1𝑦∗𝑘 −

𝐶
∑

𝑗=1
𝜂𝑠+1𝑦∗𝑗 )𝓁

𝑛𝑜𝑟𝑚(𝑓 ∗
𝜂𝑠+1

(𝒙), 𝑘)]

= E𝒙,𝑦∗ [
1

𝐶 − 1
∑

𝑘≠𝑦∗
(𝜂𝑠𝑦∗𝑘 − 𝜂𝑠+1𝑦∗𝑘 )] ≥ 0, (A.2)

which completes the proof. □
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