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Abstract

Label correction methods are popular for their simple ar-
chitecture in learning with noisy labels. However, they suf-
fer severely from false label correction and achieve subpar
performance compared with state-of-the-art methods. In this
paper, we revisit the label correction methods through theo-
retical analysis of gradient scaling and demonstrate that the
sample-wise dynamic and class-wise uniformity of interpo-
lation weight prevents memorization of the mislabeled sam-
ples. We then propose DULC, a simple yet effective label
correction method that uses the normalized Jensen-Shannon
divergence (JSD) metric as the interpolation weight to pro-
mote sample-wise dynamic and class-wise uniformity. Ad-
ditionally, we provide theoretical evidence that sharpening
predictions in label correction facilitates the memorization
of true class, and we achieve it by employing the augmen-
tation strategy along with the sharpening function. Extensive
experiments on CIFAR-10, CIFAR-100, TinyImageNet, We-
bVision and Clothing1M datasets demonstrate substantial im-
provements over state-of-the-art methods.

Code — https://github.com/kovelxyz/DULC.

Introduction
Deep neural networks (DNNs) have proven effective in var-
ious tasks (He et al. 2016; Song, Kim, and Lee 2019; Wang
et al. 2021; Srinivas et al. 2021; Song et al. 2021). The ef-
fectiveness relies heavily on the collection of datasets with
high-quality annotations. However, collections of datasets
and manual annotations are challenging and expensive. As
an alternative, most large-scale datasets focus on open-
source data that can be automatically annotated by inexpen-
sive strategies, such as adopting web crawling and lever-
aging search engines (Le and Yang 2015; Li et al. 2017).
These alternative methods inevitably introduce numerous
noisy samples. Prior art (Arpit et al. 2017) has revealed that
deep networks suffer from dramatic degradation in the gen-
eralization due to the tendency to overfit to noisy labels.

To tackle this problem, numerous methods (Arpit et al.
2017; Han et al. 2018; Li, Socher, and Hoi 2020; Wei et al.
2020; Li et al. 2022; Lu and He 2022; Karim et al. 2022;
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Liu, Cheng, and Zhang 2023; Wei et al. 2023; Zhang et al.
2021) have been proposed for learning with noisy labels.
These approaches focus on label correction. Part represen-
tative group of methods (Patrini et al. 2017; Hendrycks
et al. 2018; Liu, Cheng, and Zhang 2023) propose to re-
verses noisy labels to clean ones with estimation of the noise
transition matrix, which is challenging for high numbers of
classes and in high noise scenarios. Another group of label-
correction-based methods (Reed et al. 2014; Arazo et al.
2019; Lu and He 2022) propose to generate soft targets by
performing a convex combination of noisy labels and pre-
dictions according to interpolation weight. The core of these
methods lies in the construction of the weight for interpo-
lation. Bootstrapping (Reed et al. 2014) employs a static
weight without accounting for sample differences. In subse-
quent works (Arazo et al. 2019; Lu and He 2022), dynamic
weights are introduced to evaluate different samples. These
dynamic weights are usually formulated based on loss cri-
teria (e.g., CE loss) and, as a result, may be non-uniform
by differences in the distribution of losses between easy and
hard classes (Karim et al. 2022).

The design of interpolation weights lacking dynamic and
class uniformity is susceptible to false corrections as the
hard samples and classes are less likely to be corrected.
Consequently, label correction methods have gradually lost
their competitiveness against semi-supervised methods rely-
ing on the clean sample selection (Li, Socher, and Hoi 2020;
Karim et al. 2022; Lu and He 2022; Li et al. 2022; Hu et al.
2023; Feng, Ren, and Xie 2023). Then the questions natu-
rally arise: Can carefully designed dynamic weights rejuve-
nate interpolation schemes?

In this paper, we first revisit the interpolation scheme
in label correction from the perspective of gradient scal-
ing. The core idea behind gradient scaling is to promote
the memorization of true classes and diminish the impact
of mislabeled samples on gradients. The theoretical anal-
ysis demonstrates that the interpolation weight should ad-
here to two properties in order to prevent memorization of
the mislabeled samples: i) sample-wise dynamic that indi-
cates the weight is dynamic for each sample and aligned
with its label cleanliness; ii) the class-wise uniformity, em-
phasizing that the weight of samples from different classes
should be aligned to reduce the inconsistent gradients caused
by class difficulty. Besides, we provide theoretical evidence
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to demonstrate that sharpening predictions in label correc-
tion can further facilitate the memorization of true classes.

We then propose a Dynamic and Uniform Label Correc-
tion (DULC) method which enjoys simplicity and effective-
ness. Specifically, we measure the Jensen-Shannon diver-
gence (JSD) between the predictions and noisy labels as the
interpolation weight and demonstrate its sample-wise dy-
namic and alignment with label cleanliness. Then, we adopt
max-min normalization on JSDs within the classes to pro-
mote class-wise uniformity. We finally sharpen the predic-
tion for the combination with noisy labels by employing
the augmentation strategy and sharpening function. DULC
outperforms state-of-the-art (SOTA) selection-based semi-
supervised methods with much lower complexity under var-
ious noise settings, even in the presence of very high label
noise (see Table 1). Our contributions are summarized as
follows:

• We are the first to revisit the interpolation scheme for
label correction from the perspective of gradient scal-
ing. We provide theoretical evidence for two properties
of an ideal interpolation weight: sample-wise dynamic
and class-wise uniformity. Besides, we theoretically en-
sure the effectiveness of prediction sharpening in label
correction.

• We propose a simple yet effective label correction
method named DULC, utilizing the normalized Jensen-
Shannon divergence (JSD) to measure the interpola-
tion weight in label correction, ensuring sample-wise
dynamic and class-wise uniformity. Furthermore, we
sharpen the prediction through the augmentation and
sharpening function.

• By providing comprehensive experimental results, we
show that DULC, with a much simpler architecture, sig-
nificantly outperforms SOTA methods on both simulated
and real-world noisy datasets. Furthermore, extensive ab-
lation studies are conducted to validate the effectiveness
of different components in DULC.

Related Work
A variety of methods have been proposed to improve the
robustness of DNNs on noisy datasets. Here, we mainly in-
troduce label correction relevant to our work and sample se-
lection, which becomes the SOTA baseline.

Label correction is mainly based on noise transition ma-
trices or model predictions. The former category of meth-
ods (Patrini et al. 2017; Hendrycks et al. 2018; Liu, Cheng,
and Zhang 2023) try to estimate the transition matrix from
noisy labels to clean labels but are often limited in high noise
ratios. The latter category of methods (Tanaka et al. 2018;
Zhang et al. 2021; Zheng, Awadallah, and Dumais 2021;
Reed et al. 2014; Arazo et al. 2019; Lu and He 2022) grad-
ually adjusts the assigned label based on the model’s pre-
diction. Bootstrapping (Reed et al. 2014) proposes to gener-
ate the new labels by convexly combining model predictions
and assigned labels with fixed weights. M-correction (Arazo
et al. 2019) uses instead dynamic weights defined in terms
of the sample’s training loss values. Follow-up work (Lu and

He 2022) proposes to use of the ensemble prediction of mul-
tiple epochs to avoid the possible bias of correction. How-
ever, although dynamic weight design (Arazo et al. 2019; Lu
and He 2022) makes sense compared to fixed weight (Reed
et al. 2014), these methods still lack the careful design of
weights without consideration of the class-wise uniformity,
which we discuss later.

Sample selection identifies the noisy samples, e.g., us-
ing a small-loss selection to separate them from the clean
ones. Early works (Han et al. 2018; Wei et al. 2020; Yao
et al. 2021; Xu et al. 2023) perform small loss selection to
filter out clean samples with a known noise ratio and train on
them. Follow-up methods (Li, Socher, and Hoi 2020; Karim
et al. 2022; Li et al. 2022; Hu et al. 2023; Feng, Ren, and Xie
2023; Zhang et al. 2024; Wang, Fu, and Sun 2024) remove
the dependence on the noise prior and design a more precise
division scheme to divide the dataset into clean and noisy
subsets. The clean set is typically used for conventional su-
pervised learning and the noisy samples are treated as un-
labeled data for semi-supervised learning (Berthelot et al.
2019). Crosssplit (Kim et al. 2023) does not separate clean
and noisy samples, but randomly divides the dataset and
still performs semi-supervised training. To prevent overfit-
ting to noisy samples, the co-training strategy of peer net-
works is usually applied (Li, Socher, and Hoi 2020; Karim
et al. 2022; Hu et al. 2023; Kim et al. 2023). Label correction
can be leveraged in sample selection methods (Li, Socher,
and Hoi 2020; Karim et al. 2022; Kim et al. 2023) to alle-
viate the repercussions of incorrect selection. However, it is
not deployed to the entire dataset but exclusively to a subset.

Other deep learning methods including: 1)regulariza-
tion (Zhang et al. 2017; Liu et al. 2020); 2)robust loss (Lu,
Bo, and He 2022; Wei et al. 2023); 3)contrastive learn-
ing (Kim et al. 2021; Ortego et al. 2021); 4)representation
learning (Iscen et al. 2022; Tu et al. 2023). Compared with
them, label correction methods exhibit a simpler structure
that is efficient and easier to deploy.

Our objective is to elevate label correction to the level
of competitiveness seen in SOTA methods relying on sam-
ple selection, making it not only simple but also effective.
We formulate sample-wise dynamic and class-wise unifor-
mity for interpolation weight from the perspective of gradi-
ent scaling and then propose our DULC that ensures them.

Preliminaries
Classification with Noisy Labels Consider the K-class
classification task in the noisy-label scenario, the ground
truth (clean) label y is unobservable. We only have a noisy
training set D = {xi, ỹi}Ni=1, where xi is an input and
ỹi ∈ {1, · · · ,K} is the corresponding noisy label. We de-
note ỹi ∈ {0, 1}K as one-hot vector of noisy label ỹi. A
DNN Nθ maps an input xi to a K-dimensional logits zi and
then feeds the logits to a softmax function to obtain the pre-
dictions pi of the conditional probability of each class. θ
denotes the parameters of the DNN and zi ∈ RK×1 denotes
the logits. We have zi = Nθ(xi) and pi = softmax(zi).
Our task is to obtain a classifier that is robust to label noise
without knowing joint probability distribution P (x, y).
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Early Learning Phenomenon When training DNNs with
the typical cross-entropy (CE) loss in noisy-label scenar-
ios, it has been observed that the DNNs preferentially fit
easy (clean) samples before overfitting hard (noisy) sam-
ples (Arpit et al. 2017). Since the memorization of DNNs
has a preference for easy (clean) samples, the predictive
power of a sample’s representation aligns with its label
cleanliness in the early training stage.

Label Correction Methods Label-correction methods
utilize the early learning phenomenon as the model tends
to generate clean predictions for each sample. They typi-
cally try to generate soft targets by interpolating between the
noisy labels and model prediction for each sample xi by:

ŷi = αip̂i + (1− αi)ỹi (1)

where αi ∈ [0, 1] is the interpolation weights. p̂i is obtained
by performing certain operations (e.g., copy or ensemble)
on pi and its gradient is typically frozen. Thus the empirical
training cross-entropy loss becomes:

Lce = − 1

N

N∑
i=1

ℓce(ŷi,pi) = − 1

N

N∑
i=1

ŷ⊤
i log (pi) (2)

The key to the label correction methods lies in the design of
interpolation weights α in Equation (1).

Dataset CIFAR-10 CIFAR-100

Noise ratio 92% 95% 92% 95%

UNICON 90.08 85.94 32.24∗ 19.37∗
DULC 92.94 92.04 45.32 25.61

Table 1: Performance under extreme label noise on CI-
FAR10 and CIFAR100. (*) denotes the results we obtain by
rerunning their publicly available code.

Revisit the Interpolation via Gradients
In this section, we introduce a gradient analysis of Eq.(2) to
motivate our scheme of interpolation weight. Despite sim-
plifying the actual model and training process, the analysis
leads to some interesting implications and provides insight
into how the interpolation weight should be set.

For clarity of explanation, we denote the true label of
sample x as y ∈ {1, · · · ,K}. We then denote the dis-
tribution over ground-truth labels for sample x as q(y|x),
and

∑K
k=1 q(k|x) = 1. Similarly, the prediction probabil-

ity is defined as p(k|x) and
∑K

k=1 p(k|x) = 1. In the case
of a single ground-truth label y, we have q(y|x) = 1 and
q(k|x) = 0 for all k ̸= y. For notation simplicity, we denote
pj , qj , qy as abbreviations for p(j|x), q(j|x) and q(y|x),
where j represents j-th entry. Based on the early learning
phenomenon, We assume that samples tend to have a higher
posterior probability p(y|x) of ground-truth labels in the
early training stage. We then derive the following theorem
and the proof is offered in Appendix A.1:

Theorem 0.1. Given the cross-entropy loss Lce in Eq.( 2),
we rewrite the sample-wise loss ℓce = −

∑K
k=1(αp̂k + (1−

α)qk) log pk. Its gradient with respect to zj is

∂ℓce
∂zj

=

{
α(pj − p̂j) + (1− α)(pj − 1), qj = 1 (3a)
α(pj − p̂j) + (1− α)pj , qj = 0 (3b)

where α ∈ [0, 1] and zj is the j-th entry of logits z.
Theorem 0.1 indicates that learning on true class persists

when training with Eq.(2) and the gradient of two terms in
ℓce is scaled by a positive multiplier term α. In addition,
Theorem 0.1 has the following interpretations:

• Sharpening on pi. The gradient term pj − p̂j in Eq.(3a)
and Eq.(3b) is independent of qj and becomes 0 if p̂j is
a copy of pj . Simply setting this term to 0 is not advis-
able as we notice that the true class typically has a higher
posterior probability (i.e., py > pj for j ̸= y). This fact
inspires us to apply sharpening operation on pi, making
p̂y > py and p̂j < pj for j ̸= y. Thus, the gradient of
pj−p̂j is negative in true class and positive in other class,
effectively promoting memorization of the true classes.

• Sample-wise dynamic of α. For the samples with true
class j, the gradient term pj − 1 of clean samples in
Eq.(3a) tend to vanish after the early learning stage, caus-
ing mislabeled samples in Eq.(3b) to dominate the gradi-
ent. The multiplier 1−α should be sample-wise dynamic
and we expect α to reflect the label cleanliness of sam-
ple xi under prediction pi: α → 0 for clean samples
and α → 1 for mislabeled samples. Thus by multiplying
1 − α, it counteracts the effect of gradient dominating
by mislabeled samples. For the samples that j is not the
true class, the gradient term pj −1 in Eq.(3a) is negative,
and pj in Eq.(3b) is positive. Multiplying the dynamic
1 − α effectively reduces the magnitudes of coefficients
on mislabeled samples, thereby mitigating their impact
on the gradient.

• Class-wise uniformity of α. It should also be consid-
ered that the distribution of prediction pj over different
classes is uneven. Higher prediction probability pj tends
to be skewed towards easier classes, as clean samples
from hard classes (e.g.,cats and dogs in CIFAR10) may
not have been memorized yet (Karim et al. 2022). In ad-
dition to the inherent bias in gradients across classes in
Eq.(3a) and Eq.(3b), the non-uniformity of predictions
pj leads to the inter-class bias of α because the dynamic
α is related to pj , which further exacerbates the bias of
gradients on different classes. Therefore, we recommend
incorporating a mechanism of class-wise uniformity in α
to align the gradient scaling of different classes.

Despite their importance, the dynamic and uniformity
have hardly been considered or substantiated by theoreti-
cal analysis in previous methods. Bootstrapping (Reed et al.
2014) overlooks the sample-wise dynamic and applies the
static weight (e.g., α = 0.6) to all samples indiscriminately.
M-correction (Arazo et al. 2019) makes α dynamic by BMM
estimation on standard CE losses of all samples without con-
sideration of class-wise uniformity. Besides, SELC (Lu and
He 2022) assigns the same weight to all samples within one
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epoch, emphasizing accurate ensemble predictions by aggre-
gating predictions over multiple epochs using exponential
moving averages, while overlooking sample-wise dynamic.

We propose DULC to achieve both sample-wise dynamic
and class-wise uniformity, which is a simple and effective
label correction method. Details of DULC are presented in
the following section.

Our Algorithm: DULC
Augmentation and Sharpening
As the discussion for Theorem 0.1, the prediction pi should
be sharpened to promote memorization of the true classes.
In other words, the prediction p̂i involved in label correction
should be more confident than the prediction pi in gradient
backpropagation. In this paper, We adopt two mechanisms
to achieve this.

Firstly, we utilize the “Weak and Strong Augmentation”
strategy to alleviate this problem, which is widely used in
semi-supervised learning task (Berthelot et al. 2019; Sohn
et al. 2020) and label noise learning (LNL) methods (Li,
Socher, and Hoi 2020; Kim et al. 2023). Trivially, we gener-
ate strong and weak augmentation sets of the entire dataset,
denoted Ds and Dw respectively. DULC exploits predictions
on weak augmentation set Dw for label correction and train
the network on strong augmentation set Ds. The network
produces more confident predictions on the weak augmented
set than on the strong augmented set (Cubuk et al. 2018), re-
sulting in sharpening predictions. Besides, we apply a sharp-
ening function with temperature coefficient T on the predic-
tion pi on Dw directly reduce its temperature:

p̂j = pj
1
T

/ K∑
k=1

pk
1
T , for j = 1, 2, · · · ,K. (4)

JSD metric for Sample-wise Dynamic
In DULC, we seek to utilize a new metric to dynamize α.
Jo-SRC (Yao et al. 2021) and UNICON (Karim et al. 2022)
propose to adopt the Jensen-Shannon divergence (JSD) to
quantify the difference between prediction probability dis-
tribution pi and the noisy labels distribution ỹi. JSD is natu-
rally bounded in [0, 1], and we derive the following Theorem
to prove that JSD can serve as an ideal metric of α:

Theorem 0.2. Given the noisy label of sample x as ỹ ∈
{1, · · · ,K}. We denote the prediction and one-hot label as
p and ỹ ∈ {0, 1}K , respectively. Then the JS-divergence
between the p and ỹ becomes:

JSD(ỹ,p) =
1

2
pỹ log pỹ −

1

2
(1+ pỹ) log(1 + pỹ) + 1 (5)

Where pỹ is the abbreviation of p(ỹ|x).
Theorem.0.2 shows that in a single-classification sce-

nario, the JSD value between ỹ and p is monotonically de-
creasing on pỹ . As the network tends to have a larger poste-
rior probability on true class y, pỹ → 1 or 0 indicates that
the sample x is more likely to be clean (i.e., ỹ = y) or misla-
beled (i.e., ỹ ̸= y). To verify the effectiveness of JSD metric
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Figure 1: The distribution of interpolation weight α on
CIFAR-10 with Sym-50% and Sym-90% label noise using
PreAct ResNet-18, and the α is achieved throught normal-
ized JSD metric.

in discriminating the mislabeled samples from clean sam-
ples, we empirically analyze the JSD value distribution of
clean and mislabeled samples with symmetric noise. Fig-
ure 1 shows the results on CIFAR-10. We observe that the
JSD values of clean samples exhibit a peak close to 0, while
the mislabeled samples are mostly significantly approaching
1, verifying the effectiveness of JSD metric. Thus the JSD
metric satisfies the sample-wise dynamic of α we discussed
before. We then perform label correction by linearly com-
bining the noisy label ỹi with the sharpening prediction p̂i,
guided by αi = JSD (ỹi,pi),

ŷi = JSD (ỹi,pi) p̂i + (1− JSD (ỹi,pi)) ỹi (6)

JSD Normalization for Class-wise Uniformity
DULC utilizes αi = JSD (ỹi,pi) and ensures the sample-
wise dynamic in label correction. However, as we analyzed
before, the standard JSD still metric lacks class-wise unifor-
mity as it relies on the posterior probability of noisy class ỹi
in Eq.(6). Figure 2(a) shows that the JSD metric exhibits a
broader range in easy classes (e.g., class 8 and 9) compared
to difficult ones (e.g., class 2,3 and 5). To this end, we em-
ploy the normalization on standard JSD to align the range of
JSD values of each class.

At the beginning of each training epoch, we compute the
maximum and minimum JSD values within a class c, which
can be expressed as,

JSDmax
c = max

{i|ỹi=c}
JSD(ỹi,pi)

JSDmin
c = min

{i|ỹi=c}
JSD(ỹi,pi)

(7)

Then we perform min-max normalization for each sample
(xi, ỹi) with Equation (7):

JSDnorm(ỹi,pi) =
JSD(ỹi,pi)− JSDmin

ỹi

JSDmax
ỹi

− JSDmin
ỹi

(8)

Through min-max normalization, we align the interpolation
weight αi of the samples in each class to [0,1]. Nevertheless,
the interpolation weight αi for samples from hard classes
(especially in high noise ratios) should not be set as high as
1, as their predictions pi are not entirely reliable in the early
stages. We further adopt a linear decay strategy to constrain
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Figure 2: The results on the CIFAR-10 with symmetric-
90%-noise. Plot (a) shows the JSD value range of the 10
classes before normalization (yellow: median, green: mean).
Plots (b) show the fraction of mislabeled samples of correct
prediction (green), noise fitting (i.e. the prediction equals the
wrong label, shown in blue), and the incorrect predictions
that are neither true nor noise labels (red).

the JSD values to a smaller range in the early stage, [a, b]
(e.g., [0.2,0.8]). The final label correction function in Equa-
tion (1) becomes:

ŷi = αipi + (1− αi) ỹi (9)

αi = (1− β)JSDnorm (ỹi,pi) + γβ (10)

where γ is the scaling factor and β is the coefficient that
decay linearly with current training epochs t as follow:

βt = I{t≤N}a

(
1− t

N

)
(11)

The linear decay strategy allows us to maintain a cer-
tain proportion of prediction weight in the early stages. We
perform ablation experiments and provide more details in
the Appendix B.4. we further combines MixUp augmen-
tation (Zhang et al. 2017) and contrastive learning loss
Lc (Karim et al. 2022) to mitigate noisy label memorization.
The overall training objective is expressed as

L = Lce + λLc (12)

where λ is the contrastive loss coefficient and Lce is the
cross-entropy loss in Eq.2.

Experiment
Datasets and Implementation Datails
Extensive experiments are conducted on three manu-
ally corrupted datasets with different noisy types (i.e.
CIFAR-10/100 (Krizhevsky, Hinton et al. 2009) and Tiny-
ImageNet (Le and Yang 2015)) and two real-world noisy
datasets (i.e., WebVision (Li et al. 2017) and Cloth-
ing1M (Xiao et al. 2015)), to demonstrate the effectiveness
of DULC. Both CIFAR-10 and CIFAR-100 contain 50K
training images and 10K test images. Tiny-ImageNet is a
subset of the ImageNet, featuring 200 classes, each with
500 images, totaling 100K images at a size of 64×64. We-
bVision comprises 2.4 million images sourced from Flickr

and Google, categorized into the same 1,000 classes as Im-
ageNet ILSVRC12. Consistent with previous studies (Li,
Socher, and Hoi 2020; Karim et al. 2022), we utilize the ini-
tial 50 classes from the Google image subset as the training
data. Clothing1M is an unbalanced real-world noisy dataset
that contains 1M images with about 38.46% noisy labels for
training and 10K images with clean labels for testing, and
its most populated class contains almost 5 times more in-
stances than the smallest one. For CIFAR-10/100, we con-
duct two types of commonly simulated noisy labels: sym-
metric noise (Patrini et al. 2017) rates of 20%, 50%, 80%,
and 90%1 and asymmetric noise (Li et al. 2019) rates of
10%, 30%, and 40%. Symmetric noise is generated by uni-
formly flipping the label to the opposite class. Asymmetric
noise simulates fine-grained classification, with label flip-
ping limited to similar classes (e.g., dog → cat). For CIFAR-
100, label flips are applied within each class to transition to
the next one within the super-classes. For Tiny-ImageNet,
we consider the symmetric noise rates of 20% and 50%.

We use the PreAct ResNet-18 (He et al. 2016) archi-
tecture for CIFAR10/100 and TinyImageNet in line with
other methods. For WebVision and Clothing1M, we take a
ResNet50 (He et al. 2016) instead of a more complex In-
ceptionResNetV2 network (Szegedy et al. 2017) in other
methods. To obtain strongly augmentated images, we fol-
low the Auto-augment policy described in (Cubuk et al.
2018). For CIFAR10, CIFAR100 and TinyImageNet, we
apply CIFAR10-Policy. For WebVision, we use ImageNet-
Policy. Additional details of training and parameter setting,
as well as more experimental results and discussions, can be
found in the Appendix.

Results
CIFAR-10/100: Tabel 2 shows the average test accuracies
for CIFAR-10 and CIFAR-100. DULC consistently outper-
forms the baseline methods in a wide range of noisy ratios.
We observe that DULC achieves significant improvements
in all noise ratios except for CIFAR-100 with symmetric-
50% and asymmetric-40% noise ratios. For the exception,
one possible explanation could be that CIFAR-100 has fewer
single-class samples (i.e., 500), and the equal number of
noisy and clean samples has a higher tolerance for biased
division of the dataset, thus bringing greater benefits to the
sample selection methods. In particular, we achieve a larger
improvement over the SOTA for asymmetric noise. In this
more challenging noise ratio, the class labels of the dataset
become unbalanced and more consistent with the real sce-
nario. Additionally, following UNICON (Karim et al. 2022),
we perform a T-SNE visual comparison on the features
learned by the classifier in Appendix C.2. The results show
that the features learned by DULC are not more discrim-
inative than UNICON but still promise the SOTA effect.
This is due to the smooth transition between interpolated
classes, and we provide more discussion in Appendix C.2.
It is worth mentioning that DULC can be used as a MixUp-

1We follow the same settings as DivideMix (Li, Socher, and
Hoi 2020) and 90% symmetric noise means 90% of the samples
are randomly allocated.
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Dataset CIFAR-10 CIFAR-100
Noise type Symmetric Asymmetric Symmetric Asymmetric
Methods/Noise ratio 20 50 80 90 10 30 40 20 50 80 90 10 30 40
Standard CE 86.8 79.4 62.9 42.7 88.8 81.7 76.1 62.0 46.7 19.9 10.1 68.1 53.3 44.5
MixUp (2017) 95.6 87.1 71.6 52.2 93.3 83.3 77.7 67.8 57.3 30.8 14.6 72.4 57.6 48.1
ELR (2020) 95.8 94.8 93.3 78.7 95.4 94.7 93.0 77.6 73.6 60.8 33.4 77.3 74.6 73.2
DivideMix (2020) 96.1 94.6 93.2 76.0 93.8 92.5 91.7 77.3 74.6 60.2 31.5 71.6 69.5 55.1
JPL (2021) 93.5 90.2 35.7 23.4 94.2 92.5 90.7 70.9 67.7 17.8 12.8 72.0 68.1 59.5
MOIT (2021) 94.1 91.1 75.8 70.1 94.2 94.1 93.2 75.9 70.1 51.4 24.5 77.4 75.1 74.0
Sel-CL (2022) 95.5 93.9 89.2 81.9 95.6 95.2 93.4 76.5 72.4 59.6 48.8 78.7 76.4 74.2
UNICON (2022) 96.0 95.6 93.9 90.8 95.3 94.8 94.1 78.9 77.6 63.9 44.8 78.2 75.6 74.8
MILD (2023) 93.0 88.7 79.1 - - - 89.8 67.3 36.0 - - 69.9 - -
OT-Filter (2023) 96.0 95.3 94.0 90.5 - - 95.1 76.7 73.8 61.8 43.8 - - 76.6
HMW (2024) 93.5 95.2 93.7 90.7 93.5 94.7 93.7 76.6 75.8 63.4 43.4 76.7 76.3 72.1
K-SPR (2024) 95.4 - 84.6 - - 94.5 93.6 77.5 - 30.5 - - 76.3 73.9
Bootstrapping (2014) 86.8 79.8 63.3 42.9 - - - 62.1 46.6 19.9 10.2 - - -
M-correction (2019) 94.0 92.0 86.8 69.1 89.6 92.2 91.2 73.9 66.1 48.2 24.3 67.1 58.6 47.4
SELC (2022) 95.0 - 78.6 - - - 92.9 76.4 - 37.2 - - - 73.6
DULC (ours) 96.6 96.0 95.0 93.5 96.7 95.5 95.2 79.4 76.4 67.7 52.8 79.2 77.8 75.8

Table 2: Comparison with state-of-the-art methods in test accuracy (%) on CIFAR-10 and CIFAR-100 with symmetric noise.
The best scores are boldfaced, and the second best ones are underlined.

Noise (%) 20 50

Method Best Avg. Best Avg.

Standard CE 35.8 35.6 19.8 19.6
F-correction (2017) 44.5 44.4 33.1 32.8
MentorNet (2018) 45.7 45.5 35.8 35.5
Co-teaching+ (2019) 48.2 47.7 41.8 41.2
M-correction (2019) 57.2 56.6 51.6 51.3
NCT (2021) 58.0 57.2 47.8 47.4
OT-Filter (2023) 58.1 57.7 50.9 50.1
UNICON (2022) 59.2 58.4 52.7 52.4
DULC (ours) 58.9 58.5 52.9 52.1

Table 3: Test accuracies (%) on Tiny-ImageNet dataset un-
der symmetric noise settings. We report the results for other
methods directly from (Karim et al. 2022) with the Best and
the average (Avg.) test accuracy (%) over the last 10 epochs.

like scheme to benefit the standard classifier, as DULC can
achieve higher accuracy than standard CE on clean datasets
(a.k.a, with 0 noise ratio), which we conduct more experi-
ments and discussions in the Appendix B.5.

TinyImageNet: We conduct experiments in 20% and
50% symmetric noise ratios. Table 3 presents the perfor-
mance comparison of DULC and other methods. We count
the test accuracy both with the best and average accuracy
over the last 10 epochs. The results show that we achieve
the best or suboptimal performance on all noise ratios. For
the suboptimality of DULC (decreased by the average of
0.3%), our analysis is that the TinyImageNet dataset has
more categories and fewer samples per class (500), which
leads to more serious prediction confusion in the early stages
of the network, resulting in increased errors in label correc-
tion. In this scenario, the selection-based method (i.e., UNI-
CON) can alleviate the memorization of noisy labels rela-
tively well.

Dataset WebVision ILSVRC12
Method Top1 Top5 Top1 Top5
MentorNet (2018) 63.0 81.4 57.8 79.9
Co-Teaching (2018) 63.6 85.2 61.5 84.7
Iterative-CV (2018) 65.2 85.3 61.6 85.0
DivideMix (2020) 77.3 91.6 75.2 90.8
ELR (2020) 77.8 91.7 70.3 89.8
MOIT (2021) 78.8 - - -
UNICON (2022) 77.6 93.4 75.3 93.7
RCAL+ (2023) 79.6 93.4 76.3 93.7
HMW (2024) 78.0 93.1 71.9 92.2
K-SPR (2024) 78.0 92.3 74.7 92.9
DULC (ours) 79.9 93.7 76.9 93.9

Table 4: The results on WebVision and ILSVRC12. All
methods are trained on WebVision while evaluated on both
Webvsion and ILSVRC12 validation set.

WebVision: We present our experimental results on this
dataset in Table 4. All comparison methods use Inception-
ResNetV2 as the backbone, while DULC adopts a simpler
network ResNet50. The results demonstrate Top-1 and Top-
5 test accuracy on WebVision and ILSVRC12. Despite We-
bVision’s increased complexity as a real-world dataset, we
outperform all baselines, achieving 0.3% (top-1) and 0.2%
(top-5) improvement over the suboptimal approach. With a
simpler ResNet50 backbone, DULC attains superior perfor-
mance compared to other methods, affirming the effective-
ness of our design.

Clothing1M Tabel 6 presents performance comparison
on this real world noisy labeled dataset. We achieve 0.11%
performance improvement over UNICON (Karim et al.
2022). Clothing1M dataset is unbalanced with greater chal-
lenge. The superior result demonstrates that the design of
the two criteria to enhancing the robustness of the model for
unbalanced datasets.
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Noise type Symmetric Asymmetric

Noise ratio 20% 50% 80% 90% 10% 30% 40%

DULC w/o weak&strong Aug. 95.6±0.05 94.8±0.14 93.8±1.89 82.3±2.64 95.9±0.06 94.6±0.21 90.4±0.78

DULC w/o sharpening (T=1) 96.2±0.03 95.8±0.12 86.7±0.18 74.7±2.12 96.5±0.06 94.8±0.23 93.4±0.78

DULC w/o JSD metric 95.9±0.06 95.2±0.15 78.6±2.64 60.7±3.69 90.3±0.16 94.6±0.23 93.1±0.23

DULC w/o JSD normalization 95.2±0.06 90.9±0.04 80.3±0.14 24.6±0.09 96.3±0.11 92.3±0.12 91.5±2.55

DULC w/o linear decay 96.5±0.02 95.9±0.04 94.8±0.3 93.6±0.23 96.6±0.17 92.9±0.37 92.2±0.84

DULC 96.6±0.02 96.0±0.04 95.0±0.03 93.5±0.24 96.7±0.16 95.5±0.34 95.2±0.67

Table 5: Ablation study for DULC on CIFAR-10: Test accuracy (%) of different noise ratios. The best scores are boldfaced,
and the second best ones are underlined.

Method Accuracy(%)

Cross-Entropy 69.21
JPL (Kim et al. 2021) 74.15
DivideMix (Li, Socher, and Hoi 2020) 74.76
ELR (Liu et al. 2020) 74.81
SELC (Lu and He 2022) 74.01
UNICON (Karim et al. 2022) 74.98
OT-Filter (Feng, Ren, and Xie 2023) 74.50
DISC (Li et al. 2023) 74.79

DULC (ours) 75.09

Table 6: Test accuracies (%) on Clothing1M dataset.

Ablation Study and Discussions
To study the impact of each component in DULC, we use
CIFAR-10 for the ablation studies. Here, we mainly perform
studies on the following components: weak and strong aug-
mentation; dynamic JSD metric, JSD normalization and lin-
ear decay. For contrastive learning, we examine and discuss
them in Appendix B.6. Table 5 shows the contribution of
each component into DUCL.

Discussion of augmentation and sharpening. We first
study the effect of augmentation and the sharpening func-
tion as they both sharpen the prediction according to our
analysis. For augmentation, we perform both label correc-
tion and training on weakly augmented datasets as ablation.
The result shows a degradation of overall performance. We
can observe a 11.2% drop (from 93.5% to 82.3%) in the case
of symmetric-90%-noise and a 4.8% drop (from 95.2 %to
90.4%) in the case of asymmetric-40-noise. For sharpening,
we set T = 1 to remove. The result shows a significant per-
formance decline, particularly at symmetric-90-noise (from
93.5% to 74.7%). We analyze the reason that in high-noise
scenarios, the model needs to focus more on learning true
classes (i.e., the gradient term pj− p̂j in Theorem 0.1) rather
than suppressing memorization of mislabeled samples.

Discussion of dynamic JSD metric. The α weight of
label correction in DULC adjusts dynamically according
to the memorization (JSD metric) of each sample. we use
the ensemble strategy in SELC for ablation research, where
t[k] = αkŷ +

∑k
j=1(1 − α)αk−jp[j] and α is fixed (e.g.,

0.9). The results showed similar results to SELC. We ob-

serve severe performance degradation of 32.8% in the case
of symmetric-90-noise. In high noise ratios, increased dif-
ferences between samples highlight the deficiency of a static
weight design, compromising class-wise uniformity and ad-
versely affecting label correction.

Discussion of JSD normalization. We perform label cor-
rection by Equation (6) without normalizing the JSD. The
result shows that under high noise ratios (symmetric-90%-
noise and asymmetric-45%-noise), the performance drops
by as much as 68.9%. The significant decline in performance
is a result of heightened non-uniformity among classes in
high noise ratios. In this case, hard classes become even
harder to rectify, leading to a notable rise in the count of
false label corrections. Subsequently, these inaccurate cor-
rections frequently spill over to affect other related classes
and create a ripple effect. In contrast, DULC can perform
successful label correction and avoids the memorization of
noisy labels (see Figure 2(b)).

Discussion of linear decay. We fix β=0 in Equation (10)
to remove the linear decay. The results show varied per-
formance degradations, especially severe under asymmetric
noise. Specifically, we observe a 3% drop in asymmetric-
40%-noise. This is because the class imbalance under this
noise ratio leads to lower prediction accuracy for samples
in difficult classes. Still, their weights are amplified due to
JSD normalization, resulting in false correction. Linear re-
laxation enables label correction to retain more information
about assigned labels during the early stage of low predic-
tion accuracy. We provide more discussion in Appendix B.4.

Conclusion
In this paper, we revisit the interpolation scheme for label
correction from the perspective of gradient scaling and pro-
vide theoretical evidence for two properties of an ideal inter-
polation weight: sample-wise dynamic and class-wise uni-
formity. We then use normalized JSD metric as the interpo-
lation weight to meet the two properties and propose a sim-
ple yet effective label correction method DULC. Besides,
we theoretically ensure the effectiveness of prediction sharp-
ening in label correction and and successfully implemented
it. We demonstrate the SOTA performance of DULC with
extensive experiments on multiple noisy datasets. Further-
more, we conduct an ablation study to illustrate the individ-
ual contributions of each component to DULC.
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