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Abstract

Statistically consistent algorithms have been widely employed for dealing with noisy labels.
Their objective functions are designed so that minimizing the expected risk on noisy data
leads to the same minimizer as minimizing the expected risk on clean data. From the
weak law of large numbers, penalizing the variance of losses would reduce the discrepancy
between the average loss and the expected risk on the clean data when there is a finite
training sample, and the estimation error in the model’s parameters can be reduced. In-
terestingly, we found that the variance of losses needs to be encouraged for label-noise
learning. Specifically, encouraging a large variance of losses would boost the memorization
effect and reduce the harmfulness of incorrect labels. Regularizers can be easily designed
to encourage a large variance of losses and be plugged into many existing algorithms. Em-
pirically, the proposed method by encouraging a large variance of losses could improve the
generalization ability of baselines on both synthetic and real-world datasets.

Keywords: Variance of losses, the memorization effect, label-noise learning

1. Introduction

Learning with noisy labels can be dated back to the 1980s (Angluin and Laird, 1988). It
has recently drawn a lot of attention (Li et al., 2019, 2021; Garg et al., 2023; Wang et al.,
2024c; Englesson and Azizpour, 2024; Garg et al., 2025) because large-scale datasets used in
training modern deep learning models can easily contain label noise, e.g., ImageNet (Deng
et al., 2009) and Clothing1M (Xiao et al., 2015). The reason is that it is expensive and
sometimes infeasible to accurately annotate large-scale datasets. Meanwhile, many cheap
but imperfect surrogates such as crowdsourcing and web crawling are widely used to build
large-scale datasets (Vijayanarasimhan and Grauman, 2014; Welinder and Perona, 2010).
Training with such data can lead to poor generalization abilities of modern deep learning
models because they will overfit noisy labels (Han et al., 2018b; Zhang et al., 2021).

Generally, the algorithms of learning with noisy labels can be divided into two major
categories: heuristic-based algorithms and statistically consistent algorithms. Methods in
the first category improve models’ robustness by designing heuristics, such as selecting
reliable examples to train model (Han et al., 2018b; Malach and Shalev-Shwartz, 2017;
Jiang et al., 2018; Li et al., 2019; Zheltonozhskii et al., 2022; Zhang et al., 2024; Xu et al.,
2025), correcting labels (Ma et al., 2018; Kremer et al., 2018; Tanaka et al., 2018; Reed
et al., 2014; Guo et al., 2023; Wang et al., 2024a; Sheng et al., 2024; Su et al., 2026), and
adding regularization (Han et al., 2018a; Guo et al., 2018; Veit et al., 2017; Liu et al., 2020).
Those methods empirically perform well. However, it is not guaranteed that the classifiers
learned from noisy data are statistically consistent, i.e., the classifiers learned from the noisy
data will converge to the optimal ones learned from clean data.

To address this problem, many researchers explore algorithms in the second category.
Those algorithms aim to learn statistically consistent classifiers (Liu and Tao, 2015; Pa-
trini et al., 2017; Liu et al., 2020; Xia et al., 2020; Bae et al., 2024; Nguyen et al., 2024).
Specifically, these algorithms mostly first model the statistical relationship between clean
class posterior and noisy class posterior using the transition matrix (Patrini et al., 2017;
Xia et al., 2019; Li et al., 2021). Then, by leveraging the transition matrix, the noisy data
can be linked to clean data. In such a way, their objective functions are specially designed
to ensure that minimizing their expected risks on noisy data is equivalent to minimizing
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the expected risk on clean data. Thereby, the minimizer of the expected risk on noisy data
obtained by using statistically consistent algorithms is identical to that on clean data1.

However, in real-world settings, it is infeasible to calculate the expected risk on noisy
data. Instead, the empirical risk, calculated as the average of sample losses, is employed
as an estimator. This step introduces an estimation error, defined as the discrepancy be-
tween the empirical and expected risks on noisy data. Importantly, the estimation error
is influenced by the variance of losses. Specifically, according to the Weak Law of Large
Numbers, a larger variance of losses leads to a looser upper bound on the estimation error
(Mohri et al., 2018), potentially resulting in a large estimation error. Consequently, when
the estimation error is large, the minimizer of the empirical risk on noisy data obtained
using statistically consistent methods may dramatically deviate from the minimizer of the
expected risk on clean data. This implies that the classifiers learned from limited noisy data
using statistically consistent methods can significantly differ from the optimal classifiers on
clean data. This suggests that high variance in training losses can be harmful.

In this paper, we propose that maintaining high variance is crucial for statistically
consistent algorithms in practice. This implies that, during a model’s training process, we
should encourage a large variance of training losses to prevent it from becoming too small.
The reason is that encouraging a large variance of training losses boosts the memorization
effect that we have found to be beneficial for statistically consistent algorithms. Specifically,
the memorization effect refers to the tendency of neural networks to learn simple patterns
first before gradually memorizing more complex ones (Arpit et al., 2017; Zhang et al., 2017).
When training examples contain noisy labels, neural networks typically memorize correctly
labeled examples before incorrectly labeled ones. This occurs because incorrectly labeled
examples usually exhibit more complex relationships and are harder to fit compared to
correctly labeled examples (Han et al., 2018b). As a result, the loss for incorrectly labeled
examples is generally larger than that for correctly labeled examples. By encouraging a
large variance in training losses, we can prevent the loss for incorrectly labeled examples
from decreasing, which boosts the memorization effect.

We note that boosting the memorization effect is important for statistically consistent
algorithms in practice. According to statistical consistency, an optimal classifier can be
learned when the number of training noisy examples is infinite. In this setting, the noisy
examples can be treated as clean examples by leveraging the transition matrix, which elim-
inates the effect of label noise. However, in practice, the number of training examples is
finite, meaning that noisy examples cannot be fully treated as clean, and the side effects
of noisy labels still persist. By boosting the memorization effect for statistically consis-
tent algorithms in practice, we can prevent the loss of incorrectly labeled examples from
decreasing, thereby reducing the risk of the model memorizing these incorrectly labeled ex-
amples. Consequently, encouraging a large variance of losses can improve the classification
performance of statistically consistent algorithms.

Empirically, as illustrated in Fig. 1, the change of the variance of losses does not have
much influence on the average training loss of instances with correct labels but makes the
average training loss of instances with incorrect labels very different. Specifically, penalizing
the variance of losses leads to the average training loss of instances with incorrect labels

1. We assume uniqueness up to risk equivalence. That is, any two classifiers achieving the same minimal
expected risk on clean data are considered identical in our analysis.
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(a) Penalizing variance of losses
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(d) Penalizing variance of losses
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Figure 1: To analyze the effect of different strategies in controlling the variance of losses,
we visualized the average training loss of instances with correct labels (represented by blue
dashed lines) and instances with incorrect labels (represented by orange solid lines). The
standard deviation for the training losses in each figure is shaded. We employed the Forward
algorithm (Patrini et al., 2017) to train a classifier with and without data augmentations,
specifically random crop and random horizontal flip. Sub-Fig. (a)-(c) present the results
with data augmentations, while Sub-Fig. (d)-(f) show the results without data augmenta-
tions. In (a) and (d), the variance of losses was penalized; in (b) and (e), the original loss was
employed; and in (c) and (f), the variance of losses was encouraged. The experiments were
conducted on the CIFAR-10 dataset with symmetry-flipping label noise, where the noise
rate was set to 0.5. A ResNet-18 is a backbone, and the transition matrix T was provided
and did not require estimation. The experimental results demonstrate that encouraging a
large variance of losses effectively prevent the model from memorizing incorrectly labeled
instances.

decreasing fast, which will encourage the model to memorize instances with incorrect la-
bels. Therefore, the classification accuracy decreases. On the contrary, encouraging a large
variance of losses can prevent the average training loss of instances with incorrect labels
from decreasing, as shown in Fig. 1c and 1f. Therefore, the memorization effect is boosted.
As a result, the test accuracy is improved significantly by encouraging a large variance of
losses.

The remaining sections of this paper are organized as follows. In Section 2, we provide
an overview of the related work in the field. Section 3 presents our proposed method
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and highlights its advantages. In Section 4, we evaluate the classification performance
of the proposed method using both synthetic and real-world datasets. We also analyze
the impact of the proposed method on clean and noisy class posterior distributions and
examine the robustness of our method. Additionally, we conduct the sensitivity analysis
of the hyperparameter. We also include an ablation study that investigates the effect of
the hyperparameters schedule strategy. In Section 5, we discuss the observed memorization
effect and explore the influence of the proposed method on clean examples. Finally, we
conclude our findings and contributions in Section 6.

2. Related Work

Heuristic-based algorithms. Some methods are proposed to reduce the side-effect of
noisy labels using heuristics, e.g., using the small-loss trick to select the confident examples
(Han et al., 2020; Yao et al., 2020a; Yu et al., 2019; Jiang et al., 2018; Huang et al.,
2025). Specifically, when the dataset contains label noise, the network will memorize clean
labels first and memorize noisy labels gradually (Han et al., 2018b); thus, the losses with
respect to incorrectly labeled examples are usually larger than the losses with respect to
correctly labeled examples. The networks are only trained on the confident examples.
The learning of neural networks and the selection of confident examples are processed
alternatively. The performance of the networks improves over iterations, and then the
quality of confident examples is improved. More recently, Semi-Supervised Learning is
employed to learn noise-robust classifier (Li et al., 2019; Zheltonozhskii et al., 2022; Lin
et al., 2023; Huang et al., 2023). The first step in these methods is also selecting confident
examples as the labeled set and the remaining examples as the unlabeled set. By employing
the Semi-Supervised Learning techniques, the unlabeled set can be used to train the classifier
and lead to the improvement of classification performance (Berthelot et al., 2019; Li et al.,
2019; Garg et al., 2023). Zheltonozhskii et al. (2022) further introduces Self-Supervised
Learning to initialize the weights of the network, which could help the model identify
confident examples better. To better separate clean examples and noisy examples, Kim
et al. (2025) propose SplitNet, which is a method that automatically learns to distinguish
clean examples based on prediction history and observed labels. Alternatively, to mitigate
the bias of loss-based metrics in long-tailed distributions, Wei et al. (2026) propose a small-
distance criterion, which identifies confident examples by measuring the distance between
sample features and their corresponding class centroids. Beyond selecting clean examples,
Shu et al. (2019) proposed Meta-Weight-Net to learn an explicit weighting function via
meta-learning. While effective, such approaches typically rely on a clean validation set to
guide the bi-level optimization, which limits their applicability in scenarios where clean
labels are unavailable. Those methods empirically perform well. However, most of them do
not provide statistical guarantees for the learned classifiers on noisy data.

Transition matrix-based algorithms. Some methods try to model the underlying noise
structure to guarantee the consistency of classifiers. Intuitively, the clean distributions can
be inferred through the noisy distributions when the underlying noise model is known.
Thus, the consistency of classifiers can be guaranteed. The label noise transition matrix
T (x) ∈ [0, 1]C×C , where C is the number of classes, has been widely employed to model
the underlying noise structure (Liu and Tao, 2015; Patrini et al., 2017; Xia et al., 2020; Li
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et al., 2021; Nguyen et al., 2024). Let the clean class posterior P (Y |X = x) := [P (Y =
1|X = x), . . . , P (Y = C|X = x)]⊤. It can be inferred by employing the noisy class posterior
P (Ỹ |X = x) and the transition matrix T (x), where Tij(x) = P (Ỹ = i|Y = j,X), i.e.,
P (Y |X = x) = [T (x)]−1P (Ỹ |X = x). Then, the expected risk of a function f(X,Y )
modeling P (Y |X) can be formulated as the expected risk of a function g(X, Ỹ ) modeling
P (Ỹ |X) multiplied by T (X), i.e., R(f(X,Y )) = R([T (X)]−1g(X, Ỹ )). In practice, the
expected risk R([T (X)]−1g(X, Ỹ )) can not be calculated. Existing methods approximate
the expected risk with the average loss over the noisy training examples. Patrini et al.
(2017) uses the transition matrix to correct the predicted clean labels to the noisy labels.
Natarajan et al. (2013) designs a proxy loss whose sample average can converge to the
expected risk on the clean data. Van Rooyen and Williamson (2018) further generalize
this method. They use the invertibility of the transfer matrix to construct the unbiased
estimator. Importance reweighting (Liu and Tao, 2015; Xia et al., 2019) uses the transition
matrix to calculate the weights of loss with regard to each example.

Graphical model-based algorithms. Beyond transition matrix-based approaches, an-
other important line of research leverages graphical models to represent dependencies be-
tween observed variables and latent variables. Classical approaches adopt the Expecta-
tion–Maximization (EM) framework to jointly infer the latent clean labels and estimate the
parameters of the graphical model (Vahdat, 2017). More recent work uses graphical models
with structured probabilistic or causal assumptions to explicitly model the generative pro-
cess of noisy data. CausalNL (Yao et al., 2021) employs a structural causal model to help
the learning of classifiers by leveraging anti-causal learning (Schölkopf, 2022). InstanceGM
(Garg et al., 2023) further improves CausalNL by introducing the semi-supervised learning
technique MixMatch (Berthelot et al., 2019). Bae et al. (2022) introduce a generative cali-
bration model to recover true labels from noisy predictions given by trained classifiers. Lin
et al. (2024) propose to learn a latent causal graph to model the generative process of noisy
labels. This approach allows the model to estimate instance-dependent noise transition
matrices without relying on predefined similarity assumptions about transition matrices.

Robust loss functions. A major line of research focuses on designing loss functions that
are inherently robust to label noise. These approaches can be divided into two categories,
depending on whether they guarantee that the minimizer for the expected risk on noisy
data is identical to the minimizer for the expected risk on clean data.

The first category provides such a guarantee. For these methods, the expected risk
on noisy data can be expressed as an affine transformation of the expected risk on clean
data, which guarantees that the two expected risks share identical minimizers. For example,
Ghosh et al. (2015, 2017) show that the loss satisfying the symmetric condition is inherently
robust to symmetry-flipping label noise. Similarly, Van Rooyen et al. (2015) introduced the
unhinged loss, which is robust to symmetry-flipping label noise, because the contributions of
incorrectly labeled positive examples and incorrectly labeled negative examples can cancel
out in expectation. Furthermore, Menon et al. (2015) demonstrate that certain performance
metrics, such as balanced error rate (BER) and area under the ROC curve (AUC), are robust
to label noise, which can thus be used for optimization in the presence of label noise.

The second category does not guarantee the identical minimizers, but instead focuses
on designing loss functions that reduce the influence of incorrect labels. The generalized
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cross-entropy (GCE) loss (Zhang and Sabuncu, 2018; Li et al., 2023) interpolates between
cross-entropy and mean absolute error (MAE), thus balancing the optimization stability
of cross-entropy and the robustness of MAE. Symmetric cross-entropy (SCE) loss (Wang
et al., 2019) combines cross-entropy loss with its reverse counterpart and has been shown
to improve robustness in practice. Feng et al. (2021) analyze cross-entropy via a Taylor
expansion and derive a bounded surrogate that enhances robustness to label noise. More
recently, Wang et al. (2024b) propose ϵ-Softmax, a modified softmax transformation that
approximates one-hot target vectors within a controllable approximation error, and prove
that integrating it into existing objectives can further improve robustness to label noise.

3. Enhancing Variance of Losses for Label-Noise Learning

In this section, we propose our method, i.e., loss-Variance Regularization for label-Noise
Learning (VRNL). We reveal how the proposed method reduces the side effect of label noise
by boosting the memorization effect. We also illustrate how our regularizer can be generally
applied to existing statistically consistent algorithms.

3.1 A Loss-Variance Regularization for Label-Noise Learning (VRNL)

The proposed method demonstrates its effectiveness in preventing the model from memoriz-
ing incorrect labels. Thus, the classification performance can be improved. Intuitively, by
encouraging a large variance of losses, the proposed method prevents the losses of incorrectly
labeled examples from decreasing while promoting the reduction of losses for correctly la-
beled examples, as illustrated in Fig 1. From a theoretical perspective, the proposed method
assigns small weights to gradients of large-loss examples, which are likely to be incorrectly
labeled, and assigns large weights to the gradients of small-loss examples, which are likely
to be correctly labeled. Consequently, the model places more trust in small-loss examples
and gives them a greater influence on parameter updates. This reduces the harmful impact
of incorrectly labeled examples by reducing their influence on the learning process.

In the rest of this section, we first introduce a general form of VRNL. Then, we analyze
the influence of VRNL. Next, we describe the induced robustness–fitting tradeoff. We also
provide a variance view of existing methods. Finally, we discuss the advantages of VRNL.

A general form of VRNL. Let Var[.] denote the variance of a distribution. For a
random variable X, Var[X] = E[X2] − E2[X]. Let C denote the number of classes. Let
fθ : X → ∆C−1 be a mapping parameterized by θ (e.g., a neural network), where ∆C−1

denotes a probability simplex. Generally, the expected risk w.r.t. noisy data is formulated
as E(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )], where ℓ(·) is the loss function employed. We propose to add a

variance regularizer to the losses. Specifically, the risk function of our method is

RG(fθ) = E(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )]− αVar(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )], (1)

where Var(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )] is a regularization term, and α is an adjustable hyper-
parameter to control the strength of the regularization effect. Unlike conventional regu-
larizers that explicitly encourage simplicity of models, e.g., by penalizing large parameter
norms, our variance regularization term does not directly constrain model complexity. In-
stead, it induces an inductive bias on the optimization process by encouraging a large
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variance of loss, which can prevent models from memorizing high-loss examples that are
more likely to be incorrectly labeled when the dataset contains label noise.

In practice, α is set to a small positive value so that the regularizer can encourage a
large variance of losses but does not dominate the original objective. Empirical analyses
in Sec. 5.2 demonstrate that our regularizer only has a small impact on the statistical
consistency of the algorithms. Since the accuracy of models on noisy data is consistent
with the accuracy on clean data through the statistically consistent algorithms, a suitable
value for α can be selected by employing the noisy validation set. For further details and
discussions on this matter, please refer to the experiment section of the paper.

Influence of VRNL. To provide a theoretical grounding for our method, we exploit the
influence of our designed regularizer with respect to the update of parameter θ by deriving
the gradient of the risk function with respect to θ, i.e.,

RG(fθ)

∂θ
=

∂E(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )]

∂θ
− α

∂Var(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )]

∂θ

=
∂E(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )]

∂θ
− α

∂E(X,Ỹ )∼D̃[ℓ
2(fθ(X), Ỹ )]

∂θ
−

∂E2
(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )]

∂θ


= E(X,Ỹ )∼D̃[

∂ℓ(fθ(X), Ỹ )

∂θ
]− α

{
E(X,Ỹ )∼D̃

[
2ℓ(fθ(X), Ỹ )

∂ℓ(fθ(X), Ỹ )

∂θ

]

−2E(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )]E(X,Ỹ )∼D̃

[
∂ℓ(fθ(X), Ỹ )

∂θ

]}

= E(X,Ỹ )∼D̃

[(
1 + 2αE(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )]− 2αℓ(fθ(X), Ỹ )

) ∂ℓ(fθ(X), Ỹ )

∂θ

]

= E(X,Ỹ )∼D̃

[
W

∂ℓ(fθ(X), Ỹ )

∂θ

]
, (2)

where

W = 1 + 2α
(
E(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )]− ℓ(fθ(X), Ỹ )

)
.

The Eq. 3.1 demonstrates that VRNL is mathematically equivalent to an explicit gra-
dient reweighting mechanism: For a specific example (x, ỹ), its corresponding gradient is

w ∂ℓ(fθ(x),ỹ)
∂θ , where the weight w is w = 1 + 2α(E(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )] − ℓ(fθ(x), ỹ)). In

our experiments, α is selected to be small, which implies most of w is positive. The above
equation shows that 1) if the loss of the example (x, ỹ) is smaller than the expectation

of the losses E(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )],
(
E(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )]− ℓ(fθ(x), ỹ)

)
will be positive,

and the weight w associated with its gradient is larger than 1. Then the example (x, ỹ) con-
tributes more to the update of the parameter θ. 2) If the loss of the example (x, ỹ) is larger

than the expectation of the losses,
(
E(X,Ỹ )∼D̃[ℓ(fθ(X), Ỹ )]− ℓ(fθ(x), ỹ)

)
will be negative.

The weight w associated with its gradient is small. Then the example (x, ỹ) contributes less
to the update of parameter θ.

The VRNL can decrease the influence of incorrectly labeled examples by assigning small
weights for the gradients of incorrectly labeled examples. Due to the memorization effect,
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deep neural networks tend to learn easy (clean) patterns first and gradually learn hard
(noisy) patterns (Bai et al., 2021; Han et al., 2018b; Arpit et al., 2017). In learning with
noisy labels, large-loss examples are more likely to have incorrect labels and should not
be trusted. By employing the proposed method, the gradients of examples with incorrect
labels are assigned with small weights W . In such a way, incorrectly labeled examples would
have less contribution to the update of the parameter θ, which prevents the model from
memorizing incorrect labels. Therefore, the classification performance can be improved.

A variance view of existing methods. We show that existing sample selection and
reweighting methods (Han et al., 2018b; Ren et al., 2018; Li et al., 2019) encourage a large
variance of losses implicitly. Intuitively, these methods aim to guide the model to focus on
learning correctly labeled examples while ignoring incorrectly labeled examples during the
training. This process results in small losses for correctly labeled examples and large losses
for incorrectly labeled examples. Consequently, these methods inherently promotes a large
variance in the overall loss distribution.

Specifically, the loss functions of these methods can be unified as follows:

RU (fθ) = E(X,Ỹ )∼D̃[M(X, Ỹ )ℓCE(fθ(X), Ỹ )], (3)

where ℓCE is the standard cross-entropy loss, and M(X, Ỹ ) represents the weight assigned
to the loss of each training example.

To mitigate the impact of label noise, existing methods aim to assign smaller weights
(M(X, Ỹ )) to incorrectly labeled examples and larger weights to correctly labeled exam-
ples, which inherently encourages a large variance of losses. For example, sample selection
methods (Han et al., 2018b; Li et al., 2019) use the small-loss trick to distinguish confi-
dent (likely correct) examples from unconfident (likely incorrect) ones. They assign binary
weights: M(X, Ỹ ) = 1 for confident examples and M(X, Ỹ ) = 0 for unconfident examples.
Similarly, reweighting-based methods (Ren et al., 2018) leverage a small clean validation
set to compute weights. These weights are continuous and determined by minimizing the
validation loss, assigning larger weights to examples likely to have correct labels.

For both methods, examples with smaller weights contribute less to parameter updates,
resulting in smaller reductions in their corresponding losses during training. Conversely,
examples with larger weights contribute more significantly to parameter updates, lead-
ing to greater reductions in their losses. As a result, after optimization, the losses of
correctly labeled examples tend to be small, while the losses of incorrectly labeled ex-
amples remain large. This process encourages a large variance of losses, quantified as
Var(X,Ỹ )∼D̃[ℓCE(fθ(X), Ỹ )].

The advantages of VRNL The first advantage of VRNL is that it does not rely on
a clean validation set for hyperparameter selection. In contrast, the sample reweighting
method (Ren et al., 2018) requires a clean validation set to compute weights that correct
the gradient directions during training. Theoretically, these weights are calculated based on
the difference between the clean and noisy data distributions. Specifically, Ren et al. (2018)
optimize weights {wi}ni=1 (where n is the mini-batch size) by employing a clean validation
set to match the gradient direction of the noisy training loss to that of the clean validation
loss, thereby mitigating the impact of label noise. In contrast, VRNL introduces only one
hyperparameter, α, which can be selected using a noisy validation set. This is because
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VRNL is designed for statistically consistent algorithms, and its influence on statistical
consistency is small. Further details are provided in Section 4.4.

Our method also offers computational efficiency in calculating gradient weights. The
sample reweighting method proposed by Ren et al. (2018) requires optimizing weights to
minimize the loss on a clean validation set, which involves additional optimization steps. As
stated in their paper, this process increases training time by 3 times compared to regular
methods. In contrast, VRNL implicitly assigns weights to gradient losses by encouraging a
large variance of losses, eliminating the need for extra optimization steps, and significantly
improving computational efficiency.

Furthermore, our method can effectively leverage information from the entire training
dataset. Unlike the existing sample selection methods (Jiang et al., 2018; Han et al., 2018b;
Cheng et al., 2022) that aim to discard incorrectly labeled examples, our method does not
discard any training examples since discarding them introduces several limitations. First,
completely ignoring certain examples creates a significant distribution gap between the
training and test sets, which is well-known to negatively impact classifier performance. For
example, to address the distribution gap, Cheng et al. (2020) employs human annotators and
utilizes active learning. Second, some discarded examples can be hard but correctly labeled
examples, which should be leveraged for training. Third, although discarded examples
have incorrect labels, applying the transition matrix can make use of them. Specifically,
the transition matrix models the relationship between clean and noisy labels, allowing the
algorithm to estimate the true label distribution from the noisy labels. By leveraging this
relationship, the noisy labels can still provide valuable information about the clean labels.
This partial recovery of label information still makes these examples beneficial for training
rather than discarding them entirely.

3.2 Integrating VRNL into Statistically Consistent Algorithms

In practice, since the expected risk RG(fθ) in Eq. 1 can not be calculated, the average loss
is employed as an approximation. Let n be the number of training examples. Generally,
the objective loss of our method is as follows:

R̂(fθ) =
1

n

n∑
i=1

ℓ(fθ(xi), ỹi)− α

 1

n

n∑
i=1

ℓ(fθ(xi), ỹi)
2 −

(
1

n

n∑
i=1

ℓ(fθ(xi), ỹi)

)2
 .

We further illustrate specific forms and settings of our designed regularization working
with existing methods, i.e., Forward (Patrini et al., 2017), Importance Reweighting (Liu
and Tao, 2015), and VolMinNet (Li et al., 2021). Empirically, our method improves their
classification accuracy.

Work with Forward. Forward correction (Patrini et al., 2017) exploits the noise
transition matrix T to infer the clean class posterior distribution, i.e., P (Y |X = x) =
[T (x)]−1P (Ỹ |X = x). We use the same method in the original paper (Patrini et al., 2017)
to estimate the transition matrix. The objective loss function by combining our method
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with Forward can be formulated as follows:

R̂Forward(fθ, T̂ ) =
1

n

n∑
i=1

ℓCE(T̂ fθ(xi), ỹi)

− α

(
1

n

n∑
i=1

ℓCE(T̂ fθ(xi), ỹi)
2 −

(
1

n

n∑
i=1

ℓCE(T̂ fθ(xi), ỹi)

)2
 ,

where ℓCE is the cross-entropy loss, T̂ is the estimated transition matrix, fθ models the
clean class-posterior distribution, T̂ fθ models the noisy class-posterior distribution.

Work with Importance Reweighting. Importance Reweighting uses the weighted
expected risk on the noisy data to estimate the expected risk on the clean data, i.e.,
E(X,Y )[ℓ(fθ(X), Y )] = E(X,Ỹ )[

P (X,Y )

P (X,Ỹ )
ℓ(fθ(X), Ỹ )] = E(X,Ỹ )[

P (Y |X)

P (Ỹ |X)
ℓ(fθ(X), Ỹ )] (Liu and

Tao, 2015). In practice, the average loss is used to estimate the expected risk. To cal-
culate the weight of the loss, both noisy class-posterior distribution P (Ỹ |X) and clean
class-posterior distribution P (Y |X) need to be estimated. The objective loss function by
combining our method with Important Reweighting can be formulated as follows:

R̂IR(fθ) =
1

n

n∑
i=1

β̂iℓCE(fθ(xi), ỹi)

− α

(
1

n

n∑
i=1

β̂2
i ℓCE(fθ(xi), ỹi)

2 −

(
1

n

n∑
i=1

β̂iℓCE(fθ(xi), ỹi)

)2
 ,

where β̂i =
P̂D(yi|xi)

P̂Dρ (ỹi|xi)
, D is the clean distribution, Dρ is the noisy distribution. The gradient

of R̂IR w.r.t. an example (xi, ỹi) is as follows:

∇R̂IR(fθ, (x, ỹ)) =
1

n

n∑
i=1

ŵi

(
ℓCE(fθ(xi), ỹi)

∂β̂i
∂θ

+ β̂i
∂ℓCE(fθ(xi), ỹi)

∂θ

)
,

where

ŵi = 1 + 2α

 1

n

n∑
j=1

β̂jℓCE(fθ(xj), ỹj)− β̂iℓCE(fθ(xi), ỹi)

 .

The ℓCE(fθ(x), ỹ)
∂β̂i

∂θ + β̂i
∂ℓCE(fθ(x),ỹ)

∂θ is the gradient of the original Importance Reweighting

loss. When the label ỹi is incorrect, the reweighted loss β̂iℓCE(fθ(xi), ỹi) is usually larger
than the average loss 1

n

∑n
j=1 β̂jℓCE(fθ(xj), ỹj). Then their difference is negative, which

leads the weight ŵi to be small because the hyper-parameter α is positive. As a result,
the instance with an incorrect label has a small contribution to the update of parameter θ,
thereby preventing the model from memorizing the incorrect labels.

In the implementation, the early stopping technique is used for the approximation of
the clean class-posterior distribution. Specifically, the model fθ is trained on noisy data
with 20 epochs, and we feed the model output to a softmax function, then use the output of
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the softmax function g(x) to approximate the clean class-posterior distribution. The noise
transition matrix T has also been estimated by using the same approach as in Forward
correction. Then, the model fθ is further optimized by both weighted loss and regularization
for the variance of losses as follows:

R̂IR(fθ) =
1

n

n∑
i=1

[
ℓCE(fθ(xi), ỹi)

gỹ(xi)

(T̂ g)ỹ(xi)

]
− ασ̂2

θ ,

here

σ̂2
θ =

1

n

n∑
i=1

(
ℓCE(fθ(xi), ỹi)

gỹ(xi)

(T̂ g)ỹ(xi)

)2

−

(
1

n

n∑
i=1

ℓCE(fθ(xi), ỹi)
gỹ(xi)

(T̂ g)ỹ(xi)

)2

.

Work with VolMinNet. VolMinNet is an end-to-end label-noise learning method that
learns the transition matrix and the clean class-posterior distribution simultaneously (Li
et al., 2021). It optimizes two objectives: 1). a trainable diagonally dominant column
stochastic matrix T̂ by minimizing the determinate log det(T̂ ); 2). the parameter θ of
the model by the cross-entropy loss between the noisy label and the predicted probability
by the neural network. In experiments, our VRNL only regularizes the parameter θ by
calculating the variance of cross-entropy losses. The objective of combining our method
with VolMinNet can be formulated as follows:

R̂vol(fθ, T̂ ) =
1

n

n∑
i=1

ℓCE(T̂ fθ(xi), ỹi) + λ log det(T̂ )

− α

(
1

n

n∑
i=1

ℓCE(T̂ fθ(xi), ỹi)
2 −

(
1

n

n∑
i=1

ℓCE(T̂ fθ(xi), ỹi)

)2
 ,

where λ > 0 is an adjustable hyper-parameter, we set λ = 0.0001 in all experiments. The
transition matrix T̂ should be differentiable, diagonally dominant and column stochastic.

Our method could help the state-of-the-art transition matrix estimation method VolMin-
Net (Li et al., 2021) to better estimate the transition matrix and the clean class-posterior
distribution. Specifically, VolMinNet requires the clean class posteriors to be diverse, which
is called the sufficiently scattered assumption (Li et al., 2021). By encouraging a large vari-
ance of the loss, the diversity of the estimated noisy class posteriors is encouraged, so the
estimated clean class posteriors are also encouraged. Then, the transition matrix can be
better learned, which leads to the clean class-posterior distribution being better estimated.

4. Experiments

In this section, we present the empirical results of VRNL. We begin by showing the clas-
sification performance of VRNL on both synthetic and real-world noisy datasets. Next,
we analyze the impact of VRNL on the clean and noisy class posteriors. Additionally, we
conduct a sensitivity analysis of the hyperparameter α. Finally, we perform an ablation
study to assess the effects of different schedule strategies for α.

Datasets. We evaluate the performance of the proposed method on three manually
corrupted datasets: Fashion-MNIST (Xiao et al., 2017), CIFAR-10 (Krizhevsky et al., 2009),
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Figure 2: Change of losses by increasing training epochs for Reweighting. (a) and (b)
illustrate CE losses of P (Y |X) without or with encouraging a large variance of losses; (c)
and (d) illustrate CE losses of P (Ỹ |X) without or with encouraging a large variance of
losses, respectively. The standard deviation for the training losses in each figure is shaded.
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Figure 3: Change of losses by increasing training epochs for VolMinNet. (a) and (b) illus-
trate CE losses of P (Y |X) without or with encouraging a large variance of losses; (c) and
(d) illustrate CE losses of P (Ỹ |X) without or with encouraging a large variance of losses,
respectively. The standard deviation for the training losses in each figure is shaded.

and CIFAR-100 (Krizhevsky et al., 2009). Additionally, we assess its effectiveness on three
real-world noisy datasets: CIFAR-N (Wei et al., 2022), Clothing1M (Xiao et al., 2015) and
WebVision (Li et al., 2017). CIFAR-N contains human-annotated noisy labels for CIFAR-
10 and CIFAR-100 datasets. For CIFAR-10, CIFAR-N provides five types of noisy labels:
“Worst”, “Aggregate”, “Random 1”, “Random 2” and “Random 3”. The dataset is referred
to as CIFAR-10N. For CIFAR-100, CIFAR-N provides one type of noisy label: “Noisy Fine”.
The dataset is referred to as CIFAR-100N. Clothing1M (Xiao et al., 2015) consists of 1
million images with real-world noisy labels, including 50,000, 14,000, and 10,000 images
with clean labels for training, validation, and testing, respectively. WebVision contains 2.4
million images obtained from the internet, each associated with a real-world noisy label.
Following the approach of previous work (Chen et al., 2019), we select the first 50 classes
of the Google image subset as the training set. The trained model is then evaluated on the
WebVision validation set and the ILSVRC12 validation set. It is worth noting that existing
methods such as Forward (Patrini et al., 2017) and T-revision (Xia et al., 2019) use the
50,000 clean data for initializing the transition matrix and validate their performance on
the 14,000 clean data. However, we assume that access to the clean data is unavailable,
and therefore, we do not use the clean data for training and validation. For all datasets, we
reserve 10% of the training examples as a noisy validation set.
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Table 1: Means and standard deviations (percentage) of classification accuracy on Fashion-
MNIST under class-dependent label noise. Results with “∗” mean that they are the highest
accuracy. The symbol “•” indicates the improvements are statistically significant.

Fashion-MNIST

Sym-20% Sym-50% Sym-80% Sym-90% Pair-20% Pair-45%

CE 92.22 ± 0.07 89.95 ± 0.22 81.52 ± 0.26 74.26 ± 0.85 92.78 ± 0.15 82.44 ± 3.85
Decoupling 90.23 ± 0.10 87.76 ± 0.71 78.65 ± 0.79 15.79 ± 7.95 91.52 ± 0.40 90.15 ± 0.27
MentorNet 92.28 ± 0.18 90.42 ± 0.10 78.90 ± 0.61 50.21 ± 4.20 92.07 ± 0.13 89.28 ± 0.18
Co-Teaching 93.63 ± 0.09∗ 91.84 ± 0.17∗ 81.15 ± 0.50 58.34 ± 3.31 93.64 ± 0.04∗ 91.38 ± 0.53
T-Revision 91.27 ± 0.61 85.35 ± 1.45 75.54 ± 4.55 59.89 ± 9.02 92.42 ± 0.37 71.74 ± 11.99

Forward 90.71 ± 0.60 87.30 ± 0.56 76.89 ± 2.23 54.24 ± 4.27 91.58 ± 0.32 77.69 ± 13.81
Forward-VRNL 92.16 ± 0.27 • 90.38 ± 0.25 • 80.86 ± 1.90 • 63.52 ± 4.46 • 92.14 ± 0.55 • 79.50 ± 12.08 •
Reweight 91.36 ± 0.45 89.12 ± 0.59 82.55 ± 1.94 45.63 ± 24.18 91.04 ± 0.48 73.28 ± 4.78
Reweight-VRNL 91.73 ± 0.48 • 89.74 ± 0.48 • 85.26 ± 0.89∗• 77.74 ± 2.06∗• 91.35 ± 0.38 76.39 ± 5.56 •
VolMinNet 91.82 ± 0.38 88.88 ± 0.60 81.16 ± 1.21 67.46 ± 2.70 92.64 ± 0.18 92.98 ± 0.11
VolMinNet-VRNL 92.31 ± 0.21 • 90.52 ± 0.20 • 82.41 ± 0.79 • 69.86 ± 1.67 • 93.21 ± 0.20 • 93.14 ± 0.20∗

BLTM 91.63 ± 0.89 89.43 ± 0.51 82.08 ± 1.72 68.34 ± 5.66 92.61 ± 0.19 87.93 ± 6.14
BLTM-VRNL 92.28 ± 0.14 • 90.16 ± 0.17 • 84.15 ± 0.67 • 74.95 ± 2.71 • 92.90 ± 0.19 • 90.51 ± 0.19 •

Table 2: Means and standard deviations (percentage) of classification accuracy on Fashion-
MNIST under instance-dependent label noise. Results with “∗” mean that they are the
highest accuracy. The symbol “•” indicates the improvements are statistically significant.

Fashion-MNIST

IDN-20% IDN-30% IDN-40% IDN-50%

CE 92.49 ± 0.13 91.88 ± 0.05 89.76 ± 0.19 68.14 ± 1.67
Decoupling 90.64 ± 0.17 89.84 ± 0.05 89.21 ± 0.24 86.11 ± 0.61
MentorNet 92.38 ± 0.14 91.66 ± 0.04 90.64 ± 0.25 84.33 ± 1.12
Co-Teaching 93.78 ± 0.14∗ 93.06 ± 0.08∗ 92.33 ± 0.04∗ 83.59 ± 5.36
T-Revision 88.35 ± 0.68 86.00 ± 0.45 78.77 ± 3.16 63.92 ± 2.72

Forward 90.31 ± 0.47 87.85 ± 1.42 84.22 ± 1.96 64.99 ± 5.31
Forward-VRNL 91.78 ± 0.21 • 89.84 ± 1.70 • 85.47 ± 1.36 • 66.09 ± 6.24
Reweight 89.89 ± 0.45 88.08 ± 0.73 84.29 ± 1.37 71.03 ± 5.88
Reweight-VRNL 90.81 ± 0.84 • 89.25 ± 0.50 • 85.74 ± 1.24 • 74.85 ± 4.69 •
VolMinNet 92.04 ± 0.17 90.51 ± 0.23 87.73 ± 0.28 80.48 ± 5.97
VolMinNet-VRNL 92.18 ± 0.08 • 91.42 ± 0.18 • 88.31 ± 0.48 • 81.61 ± 6.24 •
BLTM 91.54 ± 0.37 90.02 ± 1.17 91.08 ± 0.55 89.71 ± 2.46
BLTM-VRNL 92.19 ± 0.15 • 91.80 ± 0.26 • 91.37 ± 0.51 91.21 ± 0.97∗

Baselines. The baselines used in our experiments: 1). CE, standard Cross-Entropy
loss; 2). Decoupling (Malach and Shalev-Shwartz, 2017) trains two models at the same time,
and only the instances that have different predictions from two networks are used to update
the parameter; 3). MentorNet (Jiang et al., 2018) pre-trains an extra model used to select
clean examples for the main model training; 4). Co-teaching (Han et al., 2018b) trains two
networks simultaneously, and each network is used to select small-loss examples as trust ex-
amples to its peer network for further training; 5). Forward (Patrini et al., 2017) estimates
the transition matrix in advance, then uses it to approximate the clean class posteriors; 6).
T-Revision (Xia et al., 2019) proposes a method to fine-tune the estimated transition matrix
to improve the classification performance; 7). VolMinNet (Li et al., 2021) is an end-to-end
label-noise learning method that can learn the transition matrix and the classifier simulta-
neously; 8). Reweight (Liu and Tao, 2015) uses the importance reweighting technique to
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Table 3: Means and standard deviations (percentage) of classification accuracy on CIFAR-
10 under class-dependent label noise. Results with “∗” mean that they are the highest
accuracy. The symbol “•” indicates the improvements are statistically significant.

CIFAR-10

Sym-20% Sym-50% Sym-80% Sym-90% Pair-20% Pair-45%

CE 84.12 ± 0.20 72.80 ± 0.75 47.39 ± 0.69 34.43 ± 0.75 85.60 ± 0.06 66.09 ± 0.96
Decoupling 80.90 ± 1.25 69.90 ± 2.37 36.64 ± 19.45 24.93 ± 10.81 79.09 ± 1.04 72.37 ± 0.43
MentorNet 84.84 ± 0.41 76.05 ± 0.98 25.39 ± 1.67 17.87 ± 1.82 84.19 ± 0.24 65.97 ± 0.87
Co-Teaching 88.74 ± 0.19 80.23 ± 0.81 29.57 ± 1.39 16.15 ± 4.37 87.92 ± 0.46 76.65 ± 2.97
T-Revision 87.83 ± 0.63 82.75 ± 0.73 57.61 ± 3.93 20.56 ± 4.26 88.49 ± 0.19 72.81 ± 7.01

Forward 88.43 ± 0.28 80.50 ± 1.46 47.41 ± 2.28 25.44 ± 3.92 90.04 ± 0.44∗ 71.59 ± 8.70
Forward-VRNL 90.16 ± 0.20∗ • 84.59 ± 0.47 • 53.58 ± 2.05 • 27.85 ± 4.38 • 89.98 ± 0.58 72.51 ± 8.14 •
Reweight 88.88 ± 0.28 84.04 ± 0.36 51.70 ± 4.27 24.96 ± 5.68 89.00 ± 0.32 69.38 ± 11.00
Reweight-VRNL 89.79 ± 0.15 • 85.37 ± 0.29∗ • 63.24 ± 4.10 • 34.20 ± 4.76 • 89.16 ± 0.36 70.60 ± 10.57 •
VolMinNet 89.48 ± 0.30 84.18 ± 0.28 56.37 ± 1.91 36.36 ± 1.36 89.26 ± 0.23 81.01 ± 1.43
VolMinNet-VRNL 89.74 ± 0.19 • 85.32 ± 0.30 • 66.65 ± 0.97∗ • 38.72 ± 2.35∗ 89.40 ± 0.12 85.30 ± 0.27∗ •
BLTM 76.71 ± 1.50 64.68 ± 1.55 38.97 ± 3.15 23.43 ± 2.97 77.62 ± 2.87 67.78 ± 1.38
BLTM-VRNL 78.19 ± 0.50 • 66.78 ± 0.58 • 43.14 ± 1.20 • 28.09 ± 1.48 • 79.66 ± 0.57 • 68.57 ± 1.44

Table 4: Means and standard deviations (percentage) of classification accuracy on CIFAR-
10 under instance-dependent label noise. Results with “∗” mean that they are the highest
accuracy. The symbol “•” indicates the improvements are statistically significant.

CIFAR-10

IDN-20% IDN-30% IDN-40% IDN-50%

CE 84.24 ± 0.35 81.06 ± 0.28 76.43 ± 0.46 59.56 ± 1.48
Decoupling 79.98 ± 1.84 77.62 ± 1.38 72.37 ± 1.17 10.00 ± 0.00
MentorNet 84.32 ± 0.13 81.03 ± 0.18 74.47 ± 1.18 49.48 ± 0.52
Co-Teaching 87.81 ± 0.21 85.75 ± 0.14 80.95 ± 0.52 56.56 ± 0.40
T-Revision 85.79 ± 0.38 82.64 ± 0.84 77.81 ± 0.42 63.23 ± 3.54

Forward 89.02 ± 0.29 87.12 ± 0.54 82.84 ± 2.16 69.05 ± 5.49
Forward-VRNL 90.16 ± 0.31 • 88.51 ± 1.53 • 84.67 ± 2.03 • 70.12 ± 5.97
Reweight 87.59 ± 0.45 85.18 ± 0.85 78.34 ± 3.32 68.41 ± 2.25
Reweight-VRNL 88.21 ± 0.38 • 85.34 ± 0.84 • 80.06 ± 2.62 • 68.91 ± 2.55
VolMinNet 90.29 ± 0.18∗ 89.31 ± 0.27 87.32 ± 0.51 64.90 ± 6.83
VolMinNet-VRNL 90.27 ± 0.12 89.50 ± 0.18∗• 87.55 ± 0.43∗• 71.34 ± 5.89 •
BLTM 77.03 ± 0.79 72.86 ± 2.49 69.81 ± 2.78 61.87 ± 5.65
BLTM-VRNL 77.71 ± 1.14 76.39 ± 1.56 • 74.33 ± 1.66 • 73.41 ± 2.19∗•

estimate the expected risk on the clean data; 9). BLTM (Yang et al., 2022) leverages Bayes
optimal labels to estimate the Bayes-label transition matrix, and the estimated transition
matrix is used to train a classifier by using the Forward algorithm. Note that the aim of
this paper is not to design a state-of-the-art noisy-label learning algorithm. We want to
explore whether the variance of training losses should be penalized for label noise learning.
We embed VRNL into baselines: Forward, Reweight, VolMinNet and BLTM. Experiment
results show that VRNL can improve their performance in most cases.

Noise Types. To generate a noisy dataset, we corrupted the training and validation sets
manually according to a special transition matrix T . Specifically, we conduct experiments
on synthetic noisy datasets with three widely used types of noise: 1). Symmetry-flipping
label noise (Sym-ϵ) (Patrini et al., 2017); 2). Pair-flipping label noise (Pair-ϵ) (Han et al.,
2018b); 3). Part-dependent label noise (IDN-ϵ) (Xia et al., 2020).
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Table 5: Means and standard deviations (percentage) of classification accuracy on CIFAR-
100 under class-dependent label noise. Results with “∗” mean that they are the highest
accuracy. The symbol “•” indicates the improvements are statistically significant.

CIFAR-100

Sym-20% Sym-50% Sym-80% Sym-90% Pair-20% Pair-45%

CE 53.68 ± 0.56 35.64 ± 0.46 14.57 ± 0.57 7.49 ± 1.02 55.96 ± 0.45 35.55 ± 0.32
Decoupling 51.66 ± 2.29 30.54 ± 0.84 12.98 ± 0.86 4.51 ± 2.55 52.27 ± 0.92 35.56 ± 1.97
MentorNet 57.21 ± 0.84 44.17 ± 0.30 12.95 ± 0.87 4.17 ± 0.29 54.87 ± 0.50 30.93 ± 0.43
Co-Teaching 64.02 ± 0.24 48.32 ± 1.07 11.54 ± 0.61 2.09 ± 0.68 60.38 ± 0.92 35.85 ± 0.96
T-Revision 59.84 ± 0.17 46.75 ± 1.27 5.29 ± 1.86 2.09 ± 0.52 59.88 ± 0.11 38.50 ± 0.26

Forward 59.87 ± 0.43 43.45 ± 0.94 17.19 ± 1.18 6.71 ± 0.59 65.13 ± 0.68 44.35 ± 1.05
Forward-VRNL 67.93 ± 0.39∗ • 56.49 ± 1.45 • 21.35 ± 0.84 • 7.84 ± 0.71 • 65.65 ± 0.38 • 44.47 ± 1.32
Reweight 60.70 ± 0.42 46.71 ± 1.95 6.47 ± 1.09 1.40 ± 0.50 63.30 ± 0.46 39.26 ± 0.87
Reweight-VRNL 66.97 ± 0.53 • 52.36 ± 1.10 • 18.53 ± 1.35 • 5.73 ± 1.83 • 63.57 ± 0.50 • 40.15 ± 1.36 •
VolMinNet 65.28 ± 0.61 54.35 ± 0.60 22.05 ± 0.85 9.62 ± 0.75 67.35 ± 0.57 59.27 ± 2.80
VolMinNet-VRNL 66.33 ± 0.85 • 57.11 ± 0.85∗• 25.41 ± 0.77∗• 10.37 ± 0.99∗ 67.59 ± 0.67∗ 60.97 ± 1.71∗•
BLTM 45.60 ± 0.90 30.56 ± 0.98 11.80 ± 0.81 5.32 ± 0.37 46.82 ± 1.50 33.06 ± 1.23
BLTM-VRNL 46.56 ± 0.31 • 31.32 ± 0.48 12.93 ± 0.39 • 6.04 ± 0.37 • 48.98 ± 0.55 • 34.32 ± 0.45 •

Table 6: Means and standard deviations (percentage) of classification accuracy on CIFAR-
100. Results with “∗” mean that they are the highest accuracy. The symbol “•” indicates
the improvements are statistically significant.

CIFAR-100

IDN-20% IDN-30% IDN-40% IDN-50%

CE 54.70 ± 0.43 50.42 ± 0.30 44.39 ± 0.35 34.79 ± 0.26
Decoupling 49.94 ± 1.90 46.64 ± 0.65 40.49 ± 3.47 35.29 ± 1.63
MentorNet 55.99 ± 0.55 51.33 ± 0.23 43.99 ± 0.61 34.05 ± 0.74
Co-Teaching 62.68 ± 0.56 57.60 ± 0.98 50.31 ± 1.08 39.02 ± 1.57
T-Revision 59.85 ± 0.54 53.28 ± 0.22 48.78 ± 3.43 37.57 ± 0.54

Forward 61.27 ± 0.37 56.39 ± 0.59 51.14 ± 0.41 42.18 ± 0.51
Forward-VRNL 63.48 ± 0.47 • 61.61 ± 2.93 • 58.44 ± 0.54 • 48.30 ± 1.20 •
Reweight 60.63 ± 0.43 55.60 ± 0.78 49.38 ± 0.50 40.81 ± 0.96
Reweight-VRNL 62.54 ± 1.69 • 57.00 ± 0.95 • 50.13 ± 0.56 • 40.88 ± 0.54
VolMinNet 68.79 ± 0.34 68.28 ± 0.56 66.99 ± 0.97 64.44 ± 0.82
VolMinNet-VRNL 69.04 ± 0.48∗ 68.75 ± 0.40∗• 67.66 ± 0.29 ∗• 65.73 ± 0.79∗•
BLTM 46.37 ± 0.77 42.15 ± 0.45 36.52 ± 1.29 28.73 ± 1.29
BLTM-VRNL 46.89 ± 0.83 • 43.20 ± 0.71 • 37.86 ± 0.75 • 31.28 ± 1.24 •

Network structure and optimization. We implemented the proposed methods and
baselines using PyTorch 1.9.1 and trained the models on an RTX 3090 GPU. For a fair com-
parison, we use the same model architectures for all baselines and the proposed method.
Specifically, we used a ResNet-18 network for FashionMNIST and CIFAR-10, a ResNet-34
network (He et al., 2016) for CIFAR-100, a ResNet-50 pretrained on ImageNet for Cloth-
ing1M, and an Inception-ResNet v2 (Szegedy et al., 2017) for WebVision. On synthetic
noise datasets, we employed stochastic gradient descent (SGD) to train the neural networks
with a batch size of 128, a momentum of 0.9, weight decay of 10−4, and an initial learning
rate of 10−2. The models were trained for 80 epochs, and the learning rate was divided
by 10 after the 30th and 60th epochs. When the dataset was Clothing1M and WebVision,
we used SGD with a batch size of 64, momentum of 0.9, and weight decay of 10−4 for the
Forward and Reweight methods. For VolMinNet, we used SGD with a batch size of 64,
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Table 7: Means and standard deviations (percentage) of classification accuracy on the real-
world dataset CIFAR-N.

CIFAR-10N CIFAR-100N

Worst Aggregate Random 1 Random 2 Random 3 Noisy Fine

CE 79.39 ± 0.35 87.91 ± 0.18 86.05 ± 0.13 86.12 ± 0.12 86.12 ± 0.16 50.97 ± 0.69
Decoupling 71.94 ± 1.58 82.05 ± 1.84 80.10 ± 0.21 79.74 ± 1.57 79.65 ± 1.82 48.55 ± 0.73
MentorNet 77.91 ± 0.38 75.56 ± 0.25 77.10 ± 0.25 77.06 ± 0.13 77.06 ± 0.13 53.32 ± 0.08
Co-Teaching 81.86 ± 0.40 82.45 ± 0.08 82.90 ± 0.46 82.95 ± 0.26 82.66 ± 0.12 57.08 ± 0.28
T-Revision 82.30 ± 0.96∗ 89.59 ± 0.14∗ 87.69 ± 0.47 87.33 ± 0.23 87.49 ± 0.12 53.07 ± 0.54

Forward 78.10 ± 1.25 89.05 ± 0.22 86.82 ± 0.22 86.91 ± 0.11 86.53 ± 0.32 53.59 ± 0.43
Forward-VRNL 79.45 ± 1.44 89.42 ± 0.27 88.71 ± 0.36 88.52 ± 0.28∗ 88.19 ± 0.36 55.45 ± 0.58
Reweight 79.68 ± 0.71 89.12 ± 0.32 87.32 ± 0.27 87.18 ± 0.44 87.05 ± 0.09 53.76 ± 0.18
Reweight-VRNL 80.96 ± 0.48 89.41 ± 0.21 88.33 ± 0.44∗ 88.03 ± 0.33 87.76 ± 0.09 54.14 ± 0.25
VolMinNet 80.53 ± 0.26 89.34 ± 0.14 88.21 ± 0.21 88.10 ± 0.44 88.06 ± 0.31 57.24 ± 0.70
VolMinNet-VRNL 81.21 ± 0.14 89.46 ± 0.35 88.32 ± 0.24 88.30 ± 0.24 88.32 ± 0.32∗ 57.44 ± 0.76∗

BLTM 68.27 ± 0.46 78.78 ± 0.98 76.94 ± 1.17 77.16 ± 0.85 77.10 ± 1.16 41.54 ± 0.85
BLTM-VRNL 68.79 ± 1.24 80.41 ± 0.75 77.20 ± 1.21 77.28 ± 0.23 77.38 ± 0.62 41.62 ± 0.61

Table 8: Classification accuracy(percentage) on Clothing1M. Only noisy data are exploited
for training and validation.

CE Decoupling MentorNet Co-teaching T-Revision DMI Dual T PTD

69.21 54.53 56.79 60.15 70.97 70.12 71.49 71.67

Forward Forward-VRNL Reweight Reweight-VRNL VolMinNet VolMinNet-VRNL BLTM BLTM-VRNL

71.27 72.43 71.62 72.14 72.29 72.66 71.37 72.03

Table 9: Test accuracy (percentage) on the WebVision validation set and the ImageNet
ILSVRC12 validation set.

WebVision ILSVRC12

top-1 top-5 top-1 top-5

Decoupling 62.54 84.74 58.26 82.26
MentorNet 63.00 81.40 57.80 79.92
Co-Teaching 63.58 85.20 61.48 84.70

Forward 73.36 91.04 68.24 89.80
Forward-VRNL 73.92 91.56 68.40 89.28
Reweight 73.88 90.48 67.84 88.76
Reweight-VRNL 74.16 91.08 68.76 88.80
VolMinNet 72.96 90.84 67.24 89.36
VolMinNet-VRNL 74.16 92.04 68.56 89.32
BLTM 59.65 82.91 54.43 82.16
BLTM-VRNL 60.48 84.10 56.76 83.70

momentum of 0.9, and weight decay of 10−3. For the BLTM algorithm, we followed the
experiment settings in the original paper (Yang et al., 2022).

The hyperparameter α was tuned as follows. On synthetic datasets, α was automati-
cally selected based on the accuracy on the noisy validation set (see Sec. 4.1 and Sec. 4.4
for details), incorporating a 5-epoch linear warm-up from 0 for VolMinNet. On real-world
datasets, α was set separately for each method. For Forward and Reweight, α was fixed at
0.1 on CIFAR-10N, Clothing1M, and WebVision, and at 0.05 on CIFAR-100N. For VolMin-
Net, α was linearly increased from 0 to 0.1 on CIFAR-10N and from 0 to 0.05 on CIFAR-
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Figure 4: Test accuracies of the models trained on Fashion-MNIST and CIFAR-10 by using
biased transition matrices. The error bar for standard deviation in each figure is shaded.
We increase the error of transition matrices manually. The proposed VRNL is robust to
the biased transition matrix.

100N; on Clothing1M it was fixed at 0.005, while on WebVision it was gradually increased
from 0 to 0.01 during the first 10 epochs. For BLTM, α was fixed at 0.1 on CIFAR-10N,
0.01 on CIFAR-100N, and 0.2 on Clothing1M, and was increased from 0 to 0.1 in the first
three epochs on WebVision.

For the Forward, Reweight and BLTM methods, the transition matrix T needed to be
estimated in advance. To estimate the transition matrix, we followed the experimental
settings described in their original papers (Patrini et al., 2017; Li et al., 2021; Yang et al.,
2022). The parameters of the model used to estimate the transition matrix were then
used to initialize the weights of the classifier. In the end-to-end methods, VolMinNet, the
transition matrix T and the classifier were learned simultaneously.
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4.1 Classification Accuracy Evaluation

We embed VRNL into existing statistically consistent algorithms, e.g., Forward, Reweight,
VolMinNet and BLTM which are named Forward-VRNL, Reweight-VRNL, VolMinNet-
VRNL and BLTM-VRNL, respectively.

In Tab. 1, 2, 3, 4, 5, and 6, we illustrate classification accuracies on datasets containing
symmetry-flipping label noise, part-dependent label noise and pair-flipping label noise. The
boldface entries in the table denote that the VRNL improves the performance. The hyper-
parameter α is automatically tuned on noisy validation sets. Specifically, since VRNL is
designed for statistically consistent algorithms and its influence on the statistical consistency
is small, the suitable hyperparameter α can be automatically tuned by using noisy validation
accuracy (more details are in Sec. 4.4). To tune the hyperparameter, α is selected from
the candidate set {0.001, 0.005, 0.01, 0.05, 0.1, 0.2} by choosing the value that achieves the
highest validation accuracy. Each experiment was repeated eight times.

To evaluate statistical significance, we conduct two complementary paired Wilcoxon
signed-rank analyses. First, at the seed level, for each benchmark setting (i.e., one dataset
under one specific noise type and noise rate), we compare the paired results of each baseline
method and its VRNL variant across the same 8 random seeds. This analysis evaluates
whether VRNL yields consistent improvements across repeated runs within the same set-
ting. Second, at the benchmark-task level, we treat each dataset-noise configuration as one
benchmark task, average the performance over the 8 seeds for that task, and then perform
a paired Wilcoxon signed-rank test across all benchmark tasks. This provides a cross-
benchmark statistical significance analysis of VRNL against its paired baseline. To account
for multiple comparisons among the four method pairs (Forward, Reweight, VolMinNet,
and BLTM), we further apply the Holm–Bonferroni correction (Holm, 1979; Demšar, 2006)
to the benchmark-task-level tests.

The results demonstrate that VRNL improves the classification accuracy of all the label-
noise learning methods across various datasets and noise types. In particular, VRNL im-
proves the test accuracy of Reweight by 32.11% on Fashion-MNIST under symmetry-flipping
label noise with noise rate 0.9. At the seed level, 84.16% of these performance improve-
ments are statistically significant (p < 0.05), indicating that VRNL consistently improves
the paired baseline across repeated runs within the same benchmark setting. Moreover, at
the benchmark-task level, all four method pairs remain statistically significant after Holm–
Bonferroni correction. Detailed statistics are reported in Appendix A.

In Tab. 7, 8 and 9, we illustrate the results on the real-world datasets CIFAR-N, Cloth-
ing1M and WebVision. VRNL improves the performance of existing statistically consistent
algorithms on real-world datasets. The performance of VolMinNet-VRNL outperforms all
other baselines.

4.2 The Influence on Clean and Noisy Class Posteriors

To analyze the influence of variance of losses on clean class posteriors and noisy class
posteriors, we conduct an experiment on CIFAR-10 with symmetry-flipping label noise
with a noise rate of 0.5. In Fig. 2 and Fig. 3, we visualize the change of cross-entropy losses
for instances with clean labels and instances with noisy labels during the model training,
respectively. The algorithms used are Reweight and VolMinNet. By comparing Reweight-
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Figure 5: Accuracy on the test set for different values of α. The error bar for standard
deviation in each figure is shaded.
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Figure 6: Accuracy on the noisy validation set for different values of α. The error bar for
standard deviation in each figure is shaded.

VRNL with Reweight and VolMinNet-VRNL with VolMinNet, the loss of noisy labels for
mislabeled examples is larger, but the loss of noisy labels for correctly labeled examples
is almost unchanged, as shown in Fig. 2c and Fig. 2d. Therefore, VRNL prevents the
model from memorizing incorrect labels and has little influence on learning correctly labeled
examples. By comparing Fig. 2b with Fig. 2a, the loss calculated by clean class posterior
and clean labels for mislabeled examples becomes smaller by employing our method. It
implies that our method helps the model learn clean class posteriors of mislabeled examples.

4.3 Performance with the biased Transition Matrix

In practice, the noise transition matrix generally is not given and is required to be estimated.
However, the estimated transition matrix could contain the estimation error. Therefore, we
investigate the performance of our regularizer when the transition matrix contains bias. To
simulate the estimation error, we manually inject noise into the transition matrix, i.e., T ρ =
T + γ|∆|, where ∆ ∈ RC×C sampled from the standard multivariate normal distribution,
and γ ∈ [0.01, 0.15]. Then we normalize the column of the transition matrix Tρ sum up to

1 by TN
ij = T ρ

ij/
C∑

k=1

T ρ
ik. The estimation error ϵT of a transition matrix is calculated by
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Table 10: Means and standard deviations (percentage) of classification accuracy on CIFAR-
10 and CIFAR-100 under class-dependent label noise.

CIFAR-10 CIFAR-100

Sym-00% Sym-05% Sym-10% Sym-00% Sym-05% Sym-10%

Forward 92.78 ± 0.30 90.74 ± 0.50 89.84 ± 0.49 72.35 ± 0.22 68.75 ± 0.24 65.51 ± 0.32
Forward-VRNL 92.71 ± 0.17 91.34 ± 0.32 91.40 ± 0.08 72.47 ± 0.15 70.70 ± 0.19 68.66 ± 0.37
Reweight 92.69 ± 0.19 91.08 ± 0.19 90.37 ± 0.32 72.21 ± 0.12 69.01 ± 0.23 65.72 ± 0.21
Reweight-VRNL 92.74 ± 0.08 91.77 ± 0.16 91.23 ± 0.22 72.31 ± 0.37 69.88 ± 0.25 67.57 ± 3.62
VolMinNet 91.85 ± 0.12 91.28 ± 0.17 90.60 ± 0.07 70.35 ± 0.86 69.48 ± 0.25 68.27 ± 0.44
VolMinNet-VRNL 92.04 ± 0.15 91.30 ± 0.14 90.77 ± 0.12 70.99 ± 0.53 69.61 ± 0.25 68.50 ± 0.40

employing the entry-wise matrix norm, i.e.,

ϵT =
∥T − TN∥1,1

∥T ∥1,1
.

The biased transition matrix TN is adopted to Reweight, Reweight-VRNL, Forward and
Forward-VRNL, respectively. Experimental results shown in Fig. 4 illustrate that the
methods with VRNL are more robust to the biased transition matrix compared with the ones
without VRNL. Specifically, for most experiments and different levels of bias ϵT , the test
accuracies of Reweight-VRNL and Forward-VRNL are higher than Reweight and Forward.
Additionally, the test accuracy of Reweight-VRNL drops much slower than Reweight with
the increasing of bias ϵT .

4.4 Sensitivity Analysis

As mentioned in the previous Section, VRNL is designed for statistically consistent algo-
rithms, and the variance regularizer only has a small influence on the consistency of these
algorithms. Thus, we claim that a suitable α can be chosen by employing the noisy val-
idation set. To validate it, we conduct a sensitivity analysis experiment on the synthetic
dataset, CIFAR-10, under symmetry-flipping label noise. The noise rate is 50%. We in-
crease the value of α from 0.001 to 0.2 and report the accuracy of the model on the noisy
validation set and test set. The experiment results are shown in Fig. 5 and 6. Overall, the
curve is smooth, and the VRNL is not sensitive to the hyperparameter. The tendency of
noisy validation accuracy is the same as test accuracy. Therefore, the validation set can be
used to determine a suitable value of α.

4.5 Performance under Low Noise Rates

To further evaluate the robustness of our approach, we investigate its behavior under low
noise rates and on clean data. This analysis is important because the noise rate could be
low in practice. It is crucial to ensure that the proposed method does not introduce negative
effects when labels are nearly clean.

We report results on CIFAR-10 and CIFAR-100 under symmetry-flipping label noise
with noise rates of 0%, 5%, and 10% in Table 10. Two observations can be made. First,
when the dataset is clean (0% noise), the VRNL variants achieve performance that is essen-
tially on par with their baselines, confirming that our method does not degrade accuracy
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Table 11: Test accuracy (%) on CIFAR-10 with constant α and warmup α under different
noise types.

(a) Symmetry and Pair flipping label noise

Method Sym-20% Sym-50% Sym-80% Sym-90% Pair-20% Pair-45%

VolMinNet 89.46 ± 0.18 84.14 ± 0.30 55.89 ± 0.76 35.58 ± 3.13 89.22 ± 0.17 80.73 ± 1.10
VolMinNet-VRNL (constant) 89.69 ± 0.19 84.85 ± 0.14 59.88 ± 1.15 34.79 ± 4.04 89.18 ± 0.12 80.69 ± 0.82
VolMinNet-VRNL (warmup) 89.64 ± 0.19 85.01 ± 0.19 61.23 ± 1.79 37.41 ± 1.64 89.39 ± 0.18 81.14 ± 0.92

(b) Instance-dependent (IDN) noise

Method IDN-20% IDN-30% IDN-40% IDN-50%

VolMinNet 89.81 ± 0.15 88.76 ± 0.21 87.53 ± 0.31 64.30 ± 7.02
VolMinNet-VRNL (constant) 90.17 ± 0.21 89.48 ± 0.19 87.15 ± 0.41 61.48 ± 7.32
VolMinNet-VRNL (warmup) 89.90 ± 0.08 88.94 ± 0.06 87.58 ± 0.38 64.94 ± 6.79

on the clean dataset (e.g., Forward-VRNL obtains 92.71% compared to 92.78% for Forward
on CIFAR-10). Second, under small noise rates (5% and 10%), the VRNL variants con-
sistently outperform the corresponding baselines. For instance, Reweight-VRNL improves
upon Reweight by 0.67% at 5% noise and by 1.85% at 10% noise on CIFAR-100.

These results demonstrate that our method is effective not only on large label noise
scenarios but also on low label noise scenarios.

4.6 Ablation study

In this subsection, we carry out the ablation study about the warmup strategy, which lin-
early increases the α from zero gradually, used in the experiment. The warmup strategy can
improve the performance of the network trained by using the VolMinNet-VRNL algorithm.
Since the parameters of the network are initialized randomly when using the VolMinNet
algorithm to train the network, the network might not be able to determine which exam-
ples should be large and which should be small. There is no memorization effect at the
beginning of training, and the loss of instances with incorrect labels may not be larger than
the correct ones. Therefore, the strength of regularization should be zero at the beginning
of the training processing and then increase gradually so that the gradients with respect
to the losses for correctly labeled examples would not be assigned small weights. For the
Forward-VRNL and Reweight-VRNL algorithms, the parameters of the network are ob-
tained through a network after early stopping, which is also used to estimate the transition
matrix. Thus, the memorization effect exists at the beginning of training, and the losses
for incorrectly labeled examples are usually larger than those for correctly labeled ones.
We conducted experiments on the CIFAR-10 dataset, where α was linearly increased from
0 to 0.1 across each mini-batch from epoch 1 to epoch 5. Adjustments to α were made
incrementally after each iteration step. The results of these experiments are detailed in
Tab. 11. Empirical evidence demonstrates that a warmup of α significantly enhances the
classification performance of VolMinNet-VRNL.
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Figure 7: The test accuracy of the model trained with Forward and Forward-VRNL on the
synthetic datasets with different sample sizes under symmetry-flipping label noise at a noise
rate of 0.8. The error bar for standard deviation is shaded. With the range from 0 to 0.4,
our regularizer only has a small influence on the statistical consistency of algorithms.

5. Discussions

In this section, we will first examine the sensitivity of our approach to the hyperparameter α.
Next, we analyze the influence of the regularizer on the statistical consistency of algorithms.
We then discuss the factors which can affect the memorization effect. Finally, we discuss
the influence of VRNL on hard examples.

5.1 Sensitivity Analysis for α

We perform a sensitivity analysis on synthetic data with different sample sizes and find that
our method is not sensitive to the hyperparameter α within a width range.

Specifically, we train classification networks using the statistically consistent algorithm
Forward with or without using our method on datasets with different sample sizes, respec-
tively. Following a previous work (Yao et al., 2020b), we generate these datasets by sampling
from a multidimensional Gaussian distribution involving 10 variables. The datasets contain
10 classes, each distinguished by unique mean values set at 0, 2, 4, 6, 8, 10, 12, 14, 16,
18, while employing identity matrices for their covariance structures. Theoretically, the
optimal accuracy, computed using the Gaussian density function, is 99.98%. To introduce
label noise, we applied symmetry flipping with a noise rate of 0.8. We trained a two-layer
Multi-layer Perceptron (MLP) for label prediction.

The experiment results are shown in Fig. 7, which show that our method is not sensitive
to the hyperparameter α within a width range (from 0 to 0.4).

5.2 The Influence on the Statistical Consistency

In this section, we analyze the impact of our regularizer on the statistical consistency of
algorithms. Empirical results indicate that the regularizer only has a small influence on the
statistical consistency. To evaluate this, we conducted experiments on synthetic datasets
with varying sample sizes. The noise type is symmetry flipping with a noise rate of 0.8.
A two-layer Multi-Layer Perceptron (MLP) was trained to classify the examples using the
Forward algorithm and Forward-VRNL algorithm.

The experimental results are presented in Figure 8. The results indicate that our regu-
larizer does not have a large impact on the statistical consistency of the algorithms. Specifi-
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Figure 8: The test accuracy of the model trained with Forward and Forward-VRNL on
datasets with different sample sizes under symmetry-flipping label noise and pair-flipping
label noise. When the sample size is large enough, the test accuracy for the method with
VRNL is consistent with that without VRNL, which shows that our regularizer only has
a small influence on the statistical consistency. The error bar for standard deviation is
shaded.

cally, as the training sample size increases, the test accuracies for both the Forward method
(without our regularization) and Forward-VRNL (with our regularization) approach the
theoretical maximum of 99.98% for the synthetic dataset. Specifically, at a training sample
size of 2000, Forward achieves an accuracy of 0.006 below the optimal, while Forward-
VRNL’s accuracy is 0.008 below the optimal. The performance discrepancy between the
algorithm without VRNL (Forward) and with VRNL (Forward-VRNL) is less than 0.002.

5.3 Discussions about the Memorization Effect

In the classification experiment, we found that the improvement of VRNL on pair-flipping
label noise is smaller than on symmetry-flipping label noise, and the improvement of VRNL
on CIFAR-100 is significantly larger than on CIFAR-10. Since the VRNL relies on the
memorization effect, we guess that the memorization effect is related to the noise type
and the number of classes. To verify them, we conduct an experiment. We use the 100
classes on CIFAR-100 to obtain datasets with a wide range of class numbers. Specifically,
we divide 100 classes into a certain number of classes, e.g., when the number of classes
is 2, the instances with labels ranging from 0 to 49 are labeled as 0, and the instances
with labels ranging from 50 to 99 are labeled as 1. We get a series of datasets whose class
number is from 2 to 7. We use symmetry flipping and pair flipping to corrupt the labels
manually. Then we train a ResNet-18 (He et al., 2016) using Forward algorithm (Patrini
et al., 2017) on these datasets. We visualize the change of cross-entropy losses for correctly
labeled instances and incorrectly labeled instances during the model training in Fig. 9. We
also visualize the discrepancy between correctly labeled instances and incorrectly labeled
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Figure 9: We increase the number of classes gradually, and the discrepancy between the loss
of instances with incorrect labels and the loss of instances with correct labels in symmetry-
flipping label noise are larger than the discrepancy in pair-flipping label noise. The dis-
crepancy are increasing gradually with the increase in the number of classes. The standard
deviation for the training losses in each figure is shaded.
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Figure 10: The discrepancy between the loss of instances with incorrect labels and the
loss of instances with correct labels in symmetry-flipping label noise and pair-flipping label
noise.

instances in Fig. 10. The results of the original Forward are titled “Original loss”, and the
results of Forward-VRNL are titled “VRNL”.

The experiment results show that the discrepancy between the loss of instances with
incorrect labels and the loss of instances with correct labels becomes larger with the increase
of class number in both symmetry-flipping and pair-flipping label noise, which indicates that
the strength of the memorization effect increases with class number. The experiment results
also demonstrate that the discrepancy between the loss of instances with incorrect labels
and the loss of instances with correct labels on symmetry flipping are larger than on pair
flipping, which indicates that the strength of the memorization effect on symmetry flipping
is larger than on pair flipping. The VRNL can make the discrepancy between the loss of
instances with incorrect labels and the loss of instances with correct labels become larger
on all datasets. Since the strength of the memorization effect on pair-flipping label noise is
weaker than on symmetry-flipping label noise, the improvement of VRNL on pair-flipping
label noise is smaller than on symmetry-flipping label noise.

Why is the strength of the memorization effect on symmetry-flipping label noise greater?
We thought that each noisy class on symmetry-flipping label noise contains the labels flip-
ping from all other classes. The randomness of flipping from different labels makes it difficult
for the model to memorize these examples. By contrast, the noisy labels in each class on
pair-flipping label noise are flipping from only a class. Thus, it is easy for the model to find
the common features and memorize these examples.

5.4 The Influence on Hard Examples

In practice, some examples are hard to be memorized but correctly labeled. It is challenging
for models to distinguish had examples from incorrectly labeled examples because the losses
of those examples often are usually high. The VRNL might have a negative effect on the
memorization of hard but correctly labeled examples for models because a small weight
would be assigned to the gradients with respect to the hard but correctly labeled examples.
There are two cases: 1). the loss of incorrectly labeled examples equals the loss of hard
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Figure 11: The influence of VRNL on hard examples. The training loss of incorrectly
labeled examples is larger than the training loss of hard but correctly labeled examples.
The standard deviation for the training losses is shaded.

but correctly labeled examples (i.e., these examples are entangled). It is hard to separate
hard but correctly labeled examples from incorrectly labeled examples. In such a case, all
existing small-loss-based sample selection and reweighting methods would have the same
problem; 2). the loss of incorrectly labeled examples is larger than the loss of hard but
correctly labeled examples (e.g., the number of hard but correctly labeled examples is more
than the number of incorrectly labeled examples), VRNL should not have a large negative
impact on hard but correctly labeled examples because VRNL can still separate hard but
correctly labeled examples from incorrectly labeled examples.

We conducted an experiment on Fashion-MNIST, CIFAR-10, and CIFAR-100 to inves-
tigate which cases occur in the real world. Specifically, we train a classification network
on the clean dataset for 50 epochs and sort the cross-entropy loss of all training exam-
ples. The top 30% large-loss examples are defined as hard examples. Then, we corrupt all
training examples manually by using 50% symmetry-flipping label noise and train a new
classification network using the Forward-VRNL algorithm. We visualize the losses of all
correctly labeled examples, the losses of incorrectly labeled examples, and the losses of hard
but correctly labeled examples. The visualized result is shown in Fig. 11. The experiment
result indicates that the loss of incorrectly labeled examples is larger than the loss of hard
but correctly labeled examples. Thus, the VRNL can still separate hard, correctly labeled
examples from incorrectly labeled examples and does not have a large negative impact on
the memorization of hard but correctly labeled examples.

6. Applicability and Limitations

Our regularization is mainly designed for statistically consistent algorithms. Within this al-
gorithmic scope, the effectiveness of our method relies on two conditions: 1). Existence of
the Memorization Effect: Our approach hinges on the widely observed phenomenon that
deep networks tend to learn simple patterns (correctly labeled examples) before memorizing
noise (incorrectly labeled examples) (Arpit et al., 2017; Han et al., 2018b). Consequently,
in learning with noisy labels, incorrectly labeled examples typically exhibit larger losses
than correctly labeled ones during the early stages of training. VRNL can boost the mem-
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orization effect by encouraging a large variance of losses, resulting in preventing the loss
for large-loss examples, which are likely incorrectly labeled, from decreasing. Thus, our
method can prevent the model from memorizing incorrectly labeled examples and improve
the performance. 2). Presence of Label Noise: VRNL is designed to mitigate the neg-
ative effects of label noise. Empirically, the performance gains are large when the dataset
contains a non-negligible amount of label noise. In scenarios with low or zero noise, the reg-
ularization is less essential. However, as demonstrated in our experiments, properly tuning
the strength α ensures that our method does not degrade performance in clean settings.

One limitation of our method is that it is time-consuming when tuning the hyperpa-
rameter α automatically on a noisy validation set. A grid search is required to determine
the suitable value. This procedure increases the computational cost.

7. Conclusion

In this paper, we study whether we should penalize the variance of losses for label-noise
learning. Interestingly, we found that encouraging a large variance of losses could be helpful,
as it can boost the memorization effect and reduce the harmfulness of incorrect labels.
Theoretically, we show that encouraging a large variance of losses can reduce the weights
of the gradient with respect to incorrectly labeled examples. Therefore, these examples
have a small contribution to parameter updates. A simple and effective method, VRNL, is
also proposed, which can be easily integrated into existing label-noise learning methods to
improve their robustness. The experimental results on both synthetic and real-world noisy
datasets demonstrate that VRNL can dramatically improve the performance of existing
label-noise learning methods. Empirically, we have shown that the proposed method can
help models better learn clean class posteriors. We have also illustrated that VRNL can
improve the classification performance of existing methods when the transition matrix is
poorly estimated, which makes our method be practically useful.
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Appendix A. Statistical Significance Analysis

To assess whether the observed improvements are statistically significant, we conduct two
complementary one-sided paired Wilcoxon signed-rank analyses. The Wilcoxon signed-rank
test is a non-parametric paired test and is suitable here because it compares matched results
without assuming that the performance differences follow a normal distribution.

Table 12: One-sided Wilcoxon signed-rank test p values under different noise levels
(Symmetry-flipping and Pair-flipping label noise).
Dataset Method Sym-20%-p Sym-50%-p Sym-80%-p Sym-90%-p Pair-20%-p Pair-45%-p

Fashion-MNIST

Forward 0.0039 0.0039 0.0039 0.0039 0.0195 0.0078
Reweight 0.0195 0.0195 0.0039 0.0039 0.0977 0.0391
VolMinNet 0.0078 0.0039 0.0391 0.0195 0.0039 0.0538
BLTM 0.0391 0.0039 0.0195 0.0039 0.0039 0.0391

CIFAR-10

Forward 0.0039 0.0039 0.0039 0.0078 0.8086 0.0391
Reweight 0.0039 0.0039 0.0039 0.0078 0.1914 0.0273
VolMinNet 0.0273 0.0039 0.0039 0.0547 0.0547 0.0039
BLTM 0.0078 0.0039 0.0117 0.0039 0.0195 0.1250

CIFAR-100

Forward 0.0039 0.0039 0.0039 0.0039 0.0391 0.3677
Reweight 0.0039 0.0039 0.0039 0.0078 0.0391 0.0273
VolMinNet 0.0117 0.0039 0.0039 0.0742 0.0547 0.0195
BLTM 0.0117 0.0547 0.0117 0.0078 0.0078 0.0273

Table 13: One-sided Wilcoxon signed-rank test p values under different noise levels
(Instance-dependent noise).

Dataset Method Ins-20%-p Ins-30%-p Ins-40%-p Ins-50%-p

Fashion-MNIST

Forward 0.0039 0.0039 0.0117 0.3203
Reweight 0.0090 0.0039 0.0391 0.0273
VolMinNet 0.0315 0.0039 0.0039 0.0039
BLTM 0.0039 0.0039 0.1562 0.0977

CIFAR-10

Forward 0.0039 0.0391 0.0039 0.1250
Reweight 0.0078 0.0117 0.0391 0.6797
VolMinNet 0.6289 0.0391 0.0315 0.0078
BLTM 0.1562 0.0039 0.0117 0.0039

CIFAR-100

Forward 0.0039 0.0039 0.0039 0.0039
Reweight 0.0391 0.0039 0.0273 0.3711
VolMinNet 0.1562 0.0391 0.0391 0.0039
BLTM 0.0391 0.0039 0.0195 0.0039

First, we perform a seed-level analysis. For each benchmark setting (i.e., one dataset
under one specific noise type and noise rate), we compare the paired results of each baseline
method and its VRNL variant across the same 8 random seeds. This analysis evaluates
whether VRNL yields consistent improvements across repeated runs within the same setting.
The corresponding p-values are reported in Tab. 12 and Tab. 13, where bold values indicate
statistical significance at the 5% level (p < 0.05).

Table 14: Benchmark-task-level paired Wilcoxon signed-rank tests across 30 dataset-noise
configurations, with Holm–Bonferroni correction over four paired comparisons.

Comparison Wins/Losses Raw p Corrected p Significant

Forward-VRNL vs Forward 29/1 1.86× 10−9 3.73× 10−9 Yes
Reweight-VRNL vs Reweight 30/0 9.31× 10−10 3.73× 10−9 Yes
VolMinNet-VRNL vs VolMinNet 29/1 1.86× 10−9 3.73× 10−9 Yes
BLTM-VRNL vs BLTM 30/0 9.31× 10−10 3.73× 10−9 Yes
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Second, we perform a benchmark-task-level analysis. Here, each dataset-noise configu-
ration is treated as one benchmark task. For each task, we first average the performance
over the 8 random seeds, and then conduct a paired Wilcoxon signed-rank test across all
benchmark tasks for each method pair. To account for multiple comparisons among the
four method pairs, we further apply the Holm–Bonferroni correction (Holm, 1979; Demšar,
2006). The detailed benchmark-task-level results are reported in Tab. 14.

Overall, the statistical significance analysis supports the effectiveness of VRNL at both
the seed level and the benchmark-task level. At the seed level, 84.16% of the paired compar-
isons yield significant p-values. At the benchmark-task level, all four method pairs remain
statistically significant after Holm–Bonferroni correction.

Appendix B. Results with Manually Preset α

Table 15: Means and standard deviations (percentage) of classification accuracy on Fashion-
MNIST under class-dependent label noise. Results with “∗” mean that they are the highest
accuracy.

Fashion-MNIST

Sym-20% Sym-50% Sym-80% Sym-90% Pair-20% Pair-45%

CE 92.22 ± 0.07 89.95 ± 0.22 81.52 ± 0.26 74.26 ± 0.85 92.78 ± 0.15 82.44 ± 3.85
Decoupling 90.23 ± 0.10 87.76 ± 0.71 78.65 ± 0.79 15.79 ± 7.95 91.52 ± 0.40 90.15 ± 0.27
MentorNet 92.28 ± 0.18 90.42 ± 0.10 78.90 ± 0.61 50.21 ± 4.20 92.07 ± 0.13 89.28 ± 0.18
Co-Teaching 93.63 ± 0.09∗ 91.84 ± 0.17∗ 81.15 ± 0.50 58.34 ± 3.31 93.64 ± 0.04∗ 91.38 ± 0.53
T-Revision 91.27 ± 0.61 85.35 ± 1.45 75.54 ± 4.55 59.89 ± 9.02 92.42 ± 0.37 71.74 ± 11.99

Forward 90.87 ± 0.32 87.54 ± 0.50 76.30 ± 1.42 54.65 ± 4.59 91.67 ± 0.27 62.76 ± 6.47
Forward-VRNL 92.26 ± 0.12 88.84 ± 0.44 78.37 ± 2.06 60.94 ± 4.49 92.19 ± 0.41 63.30 ± 5.52
Reweight 91.17 ± 0.45 88.43 ± 0.51 82.83 ± 1.54 58.15 ± 9.91 90.99 ± 0.39 76.38 ± 11.56
Reweight-VRNL 91.62 ± 0.37 89.65 ± 0.35 84.32 ± 1.09∗ 77.86 ± 1.70∗ 91.30 ± 0.41 79.22 ± 9.74
VolMinNet 91.95 ± 0.19 89.06 ± 0.51 81.48 ± 1.07 67.86 ± 2.11 92.50 ± 0.44 92.69 ± 0.39
VolMinNet-VRNL 92.16 ± 0.17 89.80 ± 0.28 82.24 ± 0.67 69.47 ± 2.77 92.63 ± 0.38 92.75 ± 0.38∗

BLTM 92.03 ± 0.24 89.47 ± 0.41 81.23 ± 1.94 68.23 ± 6.01 91.98 ± 0.10 90.04 ± 0.07
BLTM-VRNL 92.05 ± 0.16 89.23 ± 1.30 83.83 ± 0.79 69.52 ± 2.13 92.07 ± 0.10 90.27 ± 0.27

Table 16: Means and standard deviations (percentage) of classification accuracy on Fashion-
MNIST under instance-dependent label noise. Results with “∗” mean that they are the
highest accuracy.

Fashion-MNIST

IDN-20% IDN-30% IDN-40% IDN-50%

CE 92.49 ± 0.13 91.88 ± 0.05 89.76 ± 0.19 68.14 ± 1.67
Decoupling 90.64 ± 0.17 89.84 ± 0.05 89.21 ± 0.24 86.11 ± 0.61
MentorNet 92.38 ± 0.14 91.66 ± 0.04 90.64 ± 0.25 84.33 ± 1.12
Co-Teaching 93.78 ± 0.14∗ 93.06 ± 0.08∗ 92.33 ± 0.04∗ 83.59 ± 5.36
T-Revision 88.35 ± 0.68 86.00 ± 0.45 78.77 ± 3.16 63.92 ± 2.72

Forward 89.55 ± 0.66 87.22 ± 1.59 76.84 ± 3.51 63.40 ± 5.93
Forward-VRNL 91.40 ± 0.50 89.07 ± 0.84 79.05 ± 2.49 66.42 ± 7.41
Reweight 89.90 ± 0.26 85.73 ± 4.54 78.43 ± 5.51 63.61 ± 3.63
Reweight-VRNL 90.74 ± 0.19 87.63 ± 1.62 80.23 ± 5.53 67.10 ± 6.85
VolMinNet 91.92 ± 0.16 90.67 ± 0.35 84.25 ± 2.06 72.12 ± 5.10
VolMinNet-VRNL 92.01 ± 0.11 91.01 ± 0.19 85.20 ± 1.54 74.21 ± 3.63
BLTM 91.93 ± 0.19 91.08 ± 0.28 90.65 ± 0.56 88.84 ± 4.31
BLTM-VRNL 92.17 ± 0.19 91.60 ± 0.34 90.91 ± 0.30 90.05 ± 0.36∗
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Table 17: Means and standard deviations (percentage) of classification accuracy on CIFAR-
10 under class-dependent label noise. Results with “∗” mean that they are the highest
accuracy.

CIFAR-10

Sym-20% Sym-50% Sym-80% Sym-90% Pair-20% Pair-45%

CE 84.12 ± 0.20 72.80 ± 0.75 47.39 ± 0.69 34.43 ± 0.75 85.60 ± 0.06 66.09 ± 0.96
Decoupling 80.90 ± 1.25 69.90 ± 2.37 36.64 ± 19.45 24.93 ± 10.81 79.09 ± 1.04 72.37 ± 0.43
MentorNet 84.84 ± 0.41 76.05 ± 0.98 25.39 ± 1.67 17.87 ± 1.82 84.19 ± 0.24 65.97 ± 0.87
Co-Teaching 88.74 ± 0.19 80.23 ± 0.81 29.57 ± 1.39 16.15 ± 4.37 87.92 ± 0.46 76.65 ± 2.97
T-Revision 87.83 ± 0.63 82.75 ± 0.73 57.61 ± 3.93 20.56 ± 4.26 88.49 ± 0.19 72.81 ± 7.01

Forward 88.31 ± 0.23 80.70 ± 0.59 47.18 ± 4.63 23.60 ± 2.37 89.53 ± 0.81 76.76 ± 4.94
Forward-VRNL 90.05 ± 0.24∗ 83.81 ± 0.30 50.01 ± 5.26 25.90 ± 2.26 89.55 ± 0.69∗ 77.44 ± 5.28
Reweight 88.19 ± 0.33 80.31 ± 1.31 44.23 ± 3.60 26.77 ± 2.61 89.14 ± 0.33 70.66 ± 4.29
Reweight-VRNL 89.96 ± 0.14 83.66 ± 0.57 47.12 ± 4.14 28.91 ± 1.93 89.18 ± 0.32 70.73 ± 4.63
VolMinNet 89.46 ± 0.18 84.14 ± 0.30 55.89 ± 0.76 35.58 ± 3.13 89.22 ± 0.17 80.73 ± 1.10
VolMinNet-VRNL 89.64 ± 0.19 85.01 ± 0.19∗ 61.23 ± 1.79∗ 37.41 ± 1.64∗ 89.39 ± 0.18 81.14 ± 0.92∗

BLTM 76.54 ± 1.37 63.50 ± 1.78 39.28 ± 4.00 23.70 ± 3.36 76.97 ± 0.67 67.97 ± 1.45
BLTM-VRNL 77.68 ± 0.42 65.33 ± 1.95 40.41 ± 1.33 23.70 ± 3.21 76.25 ± 0.84 68.53 ± 0.76

Table 18: Means and standard deviations (percentage) of classification accuracy on CIFAR-
10 under instance-dependent label noise. Results with “∗” mean that they are the highest
accuracy.

CIFAR-10

IDN-20% IDN-30% IDN-40% IDN-50%

CE 84.24 ± 0.35 81.06 ± 0.28 76.43 ± 0.46 59.56 ± 1.48
Decoupling 79.98 ± 1.84 77.62 ± 1.38 72.37 ± 1.17 10.00 ± 0.00
MentorNet 84.32 ± 0.13 81.03 ± 0.18 74.47 ± 1.18 49.48 ± 0.52
Co-Teaching 87.81 ± 0.21 85.75 ± 0.14 80.95 ± 0.52 56.56 ± 0.40
T-Revision 85.79 ± 0.38 82.64 ± 0.84 77.81 ± 0.42 63.23 ± 3.54

Forward 88.71 ± 0.28 86.33 ± 0.99 83.94 ± 2.44 69.46 ± 12.83
Forward-VRNL 89.91 ± 0.17∗ 87.82 ± 0.57 84.87 ± 2.40 74.76 ± 5.89∗

Reweight 88.29 ± 0.64 84.12 ± 1.24 74.76 ± 4.43 61.48 ± 3.46
Reweight-VRNL 88.88 ± 0.35 85.41 ± 0.50 77.41 ± 3.91 62.75 ± 3.97
VolMinNet 89.81 ± 0.15 88.76 ± 0.21 87.53 ± 0.31 64.30 ± 7.02
VolMinNet-VRNL 89.90 ± 0.08 88.94 ± 0.06∗ 87.58 ± 0.38∗ 64.94 ± 6.79
BLTM 76.44 ± 1.06 73.07 ± 1.27 69.19 ± 1.77 64.68 ± 2.16
BLTM-VRNL 77.43 ± 2.15 74.67 ± 0.67 71.42 ± 0.43 66.28 ± 0.73

Automatically tuning the hyperparameter α using validation sets is time-consuming
since it requires grid search. Therefore, we also conduct experiments with manually preset
α. Empirically, VRNL with manually preset α still improves the performance of statistically
consistent algorithms.

Specifically, the hyperparameter α was set as follows. For the Forward and Reweight
methods, we kept the hyperparameter α constant at 0.1 on symmetry-flipping label noise
and part-dependent noise, and we kept the hyperparameter α constant at 0.01 on pair-
flipping label noise. For VolMinNet, we implemented a gradual increase in the hyperpa-
rameter α during the first five epochs for different types of noise. For symmetry-flipping
label noise, α was linearly increased from 0 to 0.1. For both pair-flipping label noise and
part-dependent noise, α was linearly increased from 0 to 0.01. Throughout this process, α
was adjusted incrementally after each iteration step. After the initial five epochs, the value
of α was held constant. For the BLTM method, we kept the hyperparameter α constant
at 0.1 on symmetry-flipping label noise and pair-flipping label noise, and we kept the hy-
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Table 19: Means and standard deviations (percentage) of classification accuracy on CIFAR-
100 under class-dependent label noise. Results with “∗” mean that they are the highest
accuracy.

CIFAR-100

Sym-20% Sym-50% Sym-80% Sym-90% Pair-20% Pair-45%

CE 53.68 ± 0.56 35.64 ± 0.46 14.57 ± 0.57 7.49 ± 1.02 55.96 ± 0.45 35.55 ± 0.32
Decoupling 51.66 ± 2.29 30.54 ± 0.84 12.98 ± 0.86 4.51 ± 2.55 52.27 ± 0.92 35.56 ± 1.97
MentorNet 57.21 ± 0.84 44.17 ± 0.30 12.95 ± 0.87 4.17 ± 0.29 54.87 ± 0.50 30.93 ± 0.43
Co-Teaching 64.02 ± 0.24 48.32 ± 1.07 11.54 ± 0.61 2.09 ± 0.68 60.38 ± 0.92 35.85 ± 0.96
T-Revision 59.84 ± 0.17 46.75 ± 1.27 5.29 ± 1.86 2.09 ± 0.52 59.88 ± 0.11 38.50 ± 0.26

Forward 59.98 ± 0.45 44.50 ± 0.96 16.00 ± 2.04 7.60 ± 0.56 65.46 ± 0.41 40.49 ± 4.65
Forward-VRNL 67.52 ± 0.78 54.28 ± 0.53 19.65 ± 1.67 8.28 ± 0.69 65.40 ± 0.41 42.14 ± 2.06
Reweight 59.64 ± 0.40 43.52 ± 1.41 17.58 ± 0.87 7.39 ± 0.95 63.21 ± 0.31 39.19 ± 0.42
Reweight-VRNL 67.66 ± 0.25∗ 53.69 ± 0.32 19.99 ± 0.94 7.82 ± 0.94 63.52 ± 0.33 40.16 ± 0.39
VolMinNet 65.51 ± 0.30 54.44 ± 0.36 23.03 ± 0.96 9.13 ± 1.06 67.58 ± 0.87∗ 59.04 ± 1.87
VolMinNet-VRNL 66.44 ± 0.74 56.77 ± 0.21∗ 24.80 ± 1.23∗ 10.85 ± 0.65∗ 67.57 ± 0.56 59.33 ± 0.35∗

BLTM 46.11 ± 1.19 30.47 ± 0.99 12.18 ± 0.50 5.37 ± 0.36 45.37 ± 0.65 33.45 ± 0.86
BLTM-VRNL 46.29 ± 0.74 29.92 ± 0.78 12.27 ± 0.35 5.88 ± 0.31 46.11 ± 0.79 33.63 ± 0.53

Table 20: Means and standard deviations (percentage) of classification accuracy on CIFAR-
100. Results with “∗” mean that they are the highest accuracy.

CIFAR-100

IDN-20% IDN-30% IDN-40% IDN-50%

CE 54.70 ± 0.43 50.42 ± 0.30 44.39 ± 0.35 34.79 ± 0.26
Decoupling 49.94 ± 1.90 46.64 ± 0.65 40.49 ± 3.47 35.29 ± 1.63
MentorNet 55.99 ± 0.55 51.33 ± 0.23 43.99 ± 0.61 34.05 ± 0.74
Co-Teaching 62.68 ± 0.56 57.60 ± 0.98 50.31 ± 1.08 39.02 ± 1.57
T-Revision 59.85 ± 0.54 53.28 ± 0.22 48.78 ± 3.43 37.57 ± 0.54

Forward 60.98 ± 0.47 55.34 ± 0.69 50.32 ± 0.72 42.91 ± 1.08
Forward-VRNL 65.41 ± 2.97 63.66 ± 1.16 58.82 ± 0.74 49.61 ± 1.25
Reweight 61.30 ± 0.30 55.31 ± 0.35 46.48 ± 1.50 37.67 ± 2.23
Reweight-VRNL 63.51 ± 0.35 56.71 ± 0.59 47.96 ± 1.31 39.99 ± 1.15
VolMinNet 68.91 ± 0.40∗ 68.12 ± 0.19 67.35 ± 0.47 65.49 ± 0.83
VolMinNet-VRNL 68.48 ± 0.38 68.53 ± 0.22∗ 67.40 ± 0.76∗ 65.90 ± 1.02∗

BLTM 45.44 ± 0.43 41.20 ± 1.01 35.48 ± 0.74 29.76 ± 0.79
BLTM-VRNL 45.81 ± 0.71 41.75 ± 0.16 35.20 ± 0.87 29.92 ± 0.81

perparameter α constant at 0.2 on part-dependent noise. We repeat the experiments five
times.

The experiment results are shown in Tab. 15, 16, 17, 18, 19, and 20, which demonstrates
that VRNL can still improve the classification performance when manually setting α.
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