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A B S T R A C T

The creation of large-scale datasets annotated by humans inevitably introduces noisy labels, leading to reduced
generalization in deep-learning models. Sample selection-based learning with noisy labels is a recent approach
that exhibits promising upbeat performance improvements. The selection of clean samples amongst the noisy
samples is an important criterion in the learning process of these models. In this work, we delve deeper
into the clean-noise split decision and highlight the aspect that effective demarcation of samples would
lead to better performance. We identify the Global Noise Conundrum in the existing models, where the
distribution of samples is treated globally. We propose a per-class-based local distribution of samples and
demonstrate the effectiveness of this approach in having a better clean-noise split. We validate our proposal
on several benchmarks — both real and synthetic, and show substantial improvements over different state-
of-the-art algorithms. We further propose a new metric, classiness to extend our analysis and highlight the
effectiveness of the proposed method. Source code and instructions to reproduce this paper are available at
https://github.com/aldakata/CCLM/
1. Introduction

Recent breakthroughs in Deep Learning (DL) have led to remarkable
achievements across various intricate tasks and have surpassed human-
level performances. The high performance of these models hinges on
high-quality large-scale datasets, which, however, involves substantial
cost and labour-intensive efforts [1]. Despite the substantial efforts,
mislabelling remains unavoidable due to the data complexity and
potential human annotation errors [2]. Weakly supervised approaches
such as crowdsourcing [3] and web-crawling [4] are particularly sus-
ceptible to label noise due to human participation. Introduction of noise
in the assigned labels thus becomes inevitable [5,6]. Training Deep
Neural Networks (DNNs) with noisy labels leads to a significant decline
in their generalization performance [7]. Over-parameterization [8] and
DNN’s strong memorization capability [9] often lead to over-fitting to
this label noise. Traditional regularization techniques, such as dropouts
or weight decay, fall short of effectively mitigating this problem [9].

Learning with Noisy Labels (LNL) has been a long-studied problem
ever since its inception in the last 1980s [10]. It holds a crucial
position within the DL community due to its critical role in developing
robust models capable of handling label noise. Several strategies have
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been proposed to create noise-robust DNNs [11]. Making loss func-
tion modifications [12,13], creating new robust loss functions [14,15],
adding regularization [16,17], reweighting samples [18,19], label cor-
rection [20,21], label aggregation [22], learning jigsaw puzzles [23],
and using topological structure information [24] have contributed to
alleviating the impact of label noise.

Sample selection-based methods are the most straightforward and
widely adopted LNL method. They work on identifying and select-
ing clean samples from the training samples and imposing different
schemes in order to reduce the interference of noisy samples. Different
criteria are used in sample selection-based methods, of which, the
small-loss criterion is a popular scheme [25,26]. In this criterion, the
small loss samples are treated as the clean samples [27]. The success
of sample selection methods depends on the quality of the clean-noise
separations and the criteria designed to configure the refined set [28].

Recent LNL methods have enhanced robustness by combining di-
verse semi-supervised learning strategies. DivideMix (DM) [26] is a
prominent LNL benchmark algorithm based on the modelling of sample
loss distribution. DM trained two ‘peer’ DNNs and modelled the loss
distribution of each model using a Gaussian Mixture Model (GMM) in
order to dynamically divide the clean and noisy samples. DM uses the
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Fig. 1. Empirical loss distribution of the clean samples and the noisy samples after the
warm-up phase (CIFAR-100 20% Sym. noise).

clean samples as a labelled set and noisy samples as an unlabelled set
and employs MixMatch [29] to learn the samples in a semi-supervised
manner. Contrast to Divide (C2D) [30], improved DM by applying
self-supervised pre-training. One of the important design questions
revolves around the effective selection of clean and noisy samples playing
an important role as it directly affects the subsequent tasks in the
training pipeline.

DNNs tend to learn the underlying patterns of the data first before
gradually memorizing the samples [7]. Small-loss-based methods as-
sume that the smaller loss samples have a lower likelihood of being
affected by label noise. However, not all samples are learned in this
fashion [31], which hinders noise detection in these methods, leading
to Global loss conundrum. In our previous work published in IbPRIA
2023, Class-Conditional Local noise Model (CCLM) [32], we studied
this global noise modelling and proposed a per-class label noise model.
In this work, we extend our work on CCLM in several dimensions: (1)
We provide an extended comprehensive review of the latest SoTA works
that are related to our proposal (Section 2). (2) We extend CCLM to
other SoTA LNL algorithms, namely, Contrast to Divide (Section 4). (3)
We further expand the evaluations to two real noise benchmarks [6]
along with the two synthetic noise benchmarks used in CCLM. (4)
We provide a deeper analysis by including new metrics and extend
the analysis of CCLM applied to both DM and C2D (Section 5.2). The
obtained results highlight the effectiveness of CCLM in label noise
modelling.

2. Related work

LNL is of significant research interest and several methods have
been proposed to tackle the problem of label noise [11]. Using noise
transition matrix [12,13], employing regularization methods such
adding dropouts [17], gradient clipping [16], progressive early stop-
ping [33], SANM [34] have alleviated the effect of label noise. Robust
loss functions such as Symmetric cross-entropy learning [35] and
Active Passive Loss [36] have increased the performance of models
in the presence of label noise. Recently, contrastive learning methods
have been used in the context of LNL algorithms. ChiMera [37],
UNICON [38] and TCL [39] have been successful in LNL training.
Additional knowledge, such as using uncertainty, help complement the
learning process [40,41].

Sample selection methods work on selecting clean samples
amongst the noisy samples and devise different strategies to reduce the
impact of the label noise. They work on the intuition that less noisy data
leads to more robust DNNs [7]. Different strategies exist in demarcating
clean and noisy samples of which small-loss selection [25,27] is the
most widely adopted. In this selection criterion, the small loss samples
are treated as clean samples [27]. A prevalent issue of sample selection
methods is the accumulation of errors by incorrect selection of samples.
‘Peer’ networks or multiple DNNs, such as Co-teaching [42], Co-
teaching+ [43] and JoCoR [44] were used to reduce this confirmation
bias.
240 
Different loss modelling strategies exist in the literature, such as
using a beta-distribution model [25] and using GMMs [25,26] to split
the training samples into clean and noisy samples. UNICON [38] used a
Jensen–Shannon divergence based criterion to maintain class-balancing
in selecting the clean samples. SSS-Net [45] combined shadowed-sets
theory with clustering based on loss-similarity to select the clean sam-
ples. Recent sample selection methods incorporated advanced strategies
based on the confidence of the models. DISC [46] incorporated confi-
dence of samples to devise a dynamic thresholding strategy. Gradient
Switching Strategy [47] used gradient direction as a weighting mech-
anism for the high-confidence and uncertain samples. CoDis [48] used
high discrepancy data to maintain the divergence of two networks
so as to enable the models to mine hard clean samples. Label Confi-
dence Incorporation framework [49] incorporated label confidence as
a measure of label noise and in turn prioritized the training samples.

One of the most widely recognized LNL multi-network bench-
mark algorithms in the context of sample selection methods is Di-
videMix [26]. DM trains two ‘peer’ networks to train each other by
modelling the per-sample loss distribution using GMMs. It uses an
improved MixMatch [29] algorithm to train the models using the clean
and noisy samples as labelled and unlabelled sets. Several methods
have been since developed highlighting the potential pitfalls in its
training pipeline and improving the potential drawbacks. Augment De-
scent [50] used two different augmentation schemes instead of a global
data augmentation pipeline. Contrast to Divide [30] proposed a self-
supervised pre-training to create better feature extractors during the
warm-up phase. ProMix [51] improved the small-loss sample selection
by also considering the confidence of the samples. SplitNet [52] used
an additional network to predict the samples being clean or noisy.
PNP [53] used different optimizations based on the type of the samples.
Manifold DivideMix [54] employed the 𝑘-nearest algorithm to remove
out-of-distribution samples and used an iterative method to find the
clean and noisy samples. Bayesian DivideMix++ [55] added several
components to the training pipeline to improve the robustness against
DNN memorization and utilized uncertainty metrics to further enhance
its effectiveness. ULC [56] used different uncertainty measurements in
label correction for imbalanced LNL problems.

One of the patterns observed during the training of DNNs is that
not all samples are learned in the same way. Class-based conditional
strategies have been used to better model the training data. CMW-
Net [57] used a metamodel to learn a weighting scheme based on
the training class. A dynamic class-conditional weighting was used to
improve the balance of losses in DivideMix [31]. CPC [58] considered
the loss distribution in a heterogeneous fashion and used class-aware
modulation to partition the clean and noisy data. LCCN [59] used a
Bayesian framework to parameterize the noise transition. SNSCL [60]
employed a stochastic noise-tolerated supervised contrastive learning
framework to learn representations in fine-grained classes. On this
front, CCLM [32] proposed a class-conditional label noise modelling
instead of the global noise modelling used in DivideMix. CCLM was able
to show how the local treatment of samples fared better with respect
to the global treatment of loss distribution. Following this, we extend
our findings of CCLM in this manuscript.

3. Rationale

The typical approach taken by the most performing algorithms in
LNL is to actively detect the potentially noisy samples and treat these
samples differently from the samples which are deemed clean [26]. A
common procedure is to apply semi-supervised learning techniques [1]
to make the most out of the information provided by samples (either
clean or noisy). Given the differentiated treatment applied to clean
and noisy samples, an accurate label noise detection is thus essential
for a successful learning procedure in the presence of noisy labels.
On the one hand, treating noisy samples as clean samples often leads
the model to learn (and thus, to memorize) wrong information, which
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can significantly hinder the final accuracy of the model. On the other
hand, treating clean samples as noisy can lead the model to discard
relevant (and correct) information, eventually introducing mistakes in
the learning process which degrade the learning outcome. To deal with
this problem, LNL-based algorithms usually rely on a noise model, the
goal of which is to capture a global statistical characterization of the
samples’ label noise. During training, this model is used to assign a
probability of being clean (or noisy) to each sample in the training
set, based on which the separation between clean and noisy samples
is made. Typically, the noise model relies on a noisy proxy metric
(i.e. the loss), leveraging the observation that noisy samples are harder
to learn and thus tend to have larger loss values [25]. We provide an
in-depth analysis of the global noise model approach and show that such
an approach is locally suboptimal.

3.1. Global noise modelling

When tackling the problem of label noise detection, many existing
approaches rely on the principle that noisy samples are more difficult
to learn [61]. Therefore, when a neural network is used to evalu-
ate the loss associated with each sample in the training set, noisy
samples are statistically expected to yield larger losses, thus enabling
the separation between clean and noisy samples. To formalize this
process, let us consider a dataset  of 𝑛 labelled samples such that
 = {(𝑥1, 𝑦1),… , (𝑥𝑛, 𝑦𝑛)}, with 𝑥𝑖 being the 𝑖th sample image and
𝑦𝑖 its corresponding one-hot encoded label. Let us also consider a
model 𝑚𝛩, where 𝛩 are the model parameters, and a loss 𝑙 function
such that the set  of individual losses 𝑙𝑖 for each sample 𝑥𝑖 ∈ 
is given by  = {𝑙𝑖 = 𝑙

(

𝑚𝛩(𝑥𝑖), 𝑦𝑖
)

}𝑛𝑖=1. An example of a histogram
of  considering the cross-entropy loss is shown in Fig. 1(a). We can
appreciate a clearly bimodal distribution, where the noisy samples,
shown in orange, exhibit a characteristic loss generally larger than that
of the clean samples, shown in cyan. Once the set  of all losses is
computed, it is fed to the global noise model to produce a probability
of a given sample being correctly (or wrongly) labelled. To this end, Li
et al. [26] fit a 2-component Gaussian Mixture Model (GMM) to .
Then, they retain the GMM component 𝑔 with smaller mode, and use
it to compute the clean probability of the 𝑖th given by 𝜔𝑖 ∶= 𝑝(𝑔|𝑙𝑖).
Lastly, the dataset  is partitioned into a clean 𝐶 and a noisy set 𝑁
given by:

𝐶 = {(𝑥𝑖, 𝑦𝑖)|𝜔𝑖 ≥ 𝜏}(𝑥𝑖 ,𝑦𝑖)∈, (1)
𝑁 = {(𝑥𝑖, 𝑦𝑖)|𝜔𝑖 < 𝜏}(𝑥𝑖 ,𝑦𝑖)∈,

with 𝜏 being a threshold over the clean probability 𝜔𝑖, and 𝑙𝑖 =
𝑙(𝑚𝜃(𝑥𝑖), 𝑦𝑖) as previously stated.

Drawbacks of global noise modelling. Modelling noise as a global process
relies on the hypothesis that the per-sample loss behaves consistently
across classes. Indeed, in this approach, the samples’ losses are as-
sumed to be i.i.d. realizations of a bi-modal loss distribution with 2
populations, where the population with a smaller mean corresponds
to the clean samples, and the other corresponds to the noisy samples.
Nevertheless, since different classes can have different characteristic
losses, noisy samples of a given class might have a characteristic loss
distributed differently from noisy samples of another class. This can
potentially cause noisy samples to have a loss that falls within the
limits of the low mean population, or, conversely, clean samples have
a loss value around the mean of the high-loss values population. This
observation is confirmed by comparing the per-sample loss distribution
for the ‘otter’ class (Fig. 1(b)) with that of the ‘road’ class (Fig. 1(c)).
Indeed, the loss distribution of both classes differs significantly from
the global loss distribution (Fig. 1(a)). Consequently, the global noise
model, although globally optimal, is clearly locally suboptimal regard-
ing each individual class. We identify this situation as an obstacle
to an accurate division between clean and noisy samples, which, in
turn, can have significant negative effects on the training outcome. We
241 
Fig. 2. CCLM partitions the dataset by the class labels and then fits a GMM on the
sample loss of each subset. Subsequently, the resulting distribution combined with an
adjustable threshold determines the Clean-Noisy partition.

Fig. 3. Empirical sample loss distribution for 25 random classes of CIFAR-100 with
Sym. 20% noise. The loss was computed at epoch 30 of the training procedure, using
the C2D algorithm.

hypothesize that better clean/noisy data partitions and increased model
accuracy can be achieved using a class-conditional approach to the
problem of noise label detection, therefore relaxing the aforementioned
strong i.i.d. assumption on the samples’ loss distribution. To test our
hypothesis, we propose a class-conditional noise label model, aimed
at overcoming the aforementioned limitations of global label noise
modelling.
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4. Proposed methodology

In this section, we propose a new label noise model which, as
opposed to the typical approaches in LNL, is able to locally adapt to the
particularities of the noise features of each class present in the dataset.
This is achieved by explicitly including the information brought by the
label class in the noise modelling process. As shown by our results, our
method, which we label Class-Conditional Local Noise Model (CCLM),
eads to a generalized improvement of the label noise detection task.
urthermore, CCLM can be coupled with widely used LNL algorithms
uch as DivideMix [26] or C2D [30]. Fig. 2 provides a global view of
ur proposed approach. The input noisy training set  is defined as
= {(𝑥1, 𝑦1),… , (𝑥𝑛, 𝑦𝑛)}, with 𝑥𝑖 being the 𝑖th sample image and 𝑦𝑖 its

orresponding one-hot encoded label. The dataset  is then partitioned
nto 𝐽 disjoint subsets, where 𝐽 is the total number of classes, such
hat  = ∪𝐽

𝑗=1
𝑗 . Once the data is divided into classes, a 2-component

MM is fit to the per-sample loss of each subset 𝑗 and, the GMM
omponent with a lower mode is used to model the clean probability
f the samples. Note that these results in a different distribution for
ach class, tailored to its specificity. Within each class, we then split
etween clean and noisy samples by thresholding the clean probability
uch that:

𝐶 = ∪𝐽
𝑗=1

𝑗
𝐶 = ∪𝐽

𝑗=1{(𝑥𝑖, 𝑦𝑖) |𝜔
𝑗
𝑖 ≥ 𝜏}(𝑥𝑖 ,𝑦𝑖)∈𝐷𝑗 (2)

𝑁 = ∪𝐽
𝑗=1

𝑗
𝑁 = ∪𝐽

𝑗=1{(𝑥𝑖, 𝑦𝑖) |𝜔
𝑗
𝑖 < 𝜏}(𝑥𝑖 ,𝑦𝑖)∈𝐷𝑗 ,

here 𝜏 is the same threshold used for all classes.
A comparison between our approach and the global noise modelling

trategy is shown in Fig. 3. The horizontal axis represents a subset
f 25 classes randomly chosen, while the vertical axis measures the
er-sample loss. Clean samples are depicted as cyan dots, whereas
oisy samples are depicted in orange. The split between clean and
oisy samples for the global noise model is given by the magenta
orizontal line (baseline): samples above the line are deemed noisy,
hereas samples below the line are considered clean. This results in
division with a single decision boundary for all classes, effectively

gnoring each class’ particular noise features. The split between clean
nd noisy samples for our model is given by the green vs white areas
orresponding to each class: samples within the green area are deemed
lean, whereas samples within the white area are considered noisy.
ote that, as opposed to the global noise model, our model provides
significantly different loss threshold for each class, even if the same

robability threshold 𝜏 is used for all classes. This is because each class
as its own clean probability function, so applying the same probability
hreshold for all classes results in a different loss threshold in practice.
s shown next, our locally adapted split yields improvements both

n the noise detection accuracy and in the final model classification
ccuracy when trained in the presence of noisy labels.

. Experiments

atasets. We evaluate the performance of CCLM on two synthetic noise
enchmarks – CIFAR-10 [62] and CIFAR-100 [62] at different noise
ates, as well as on two recent real noise benchmarks – CIFAR-10N [6]
nd CIFAR-100N [6]. All four benchmarks consist of 50,000 training
amples and 10,000 test samples, where each image is of size 32 × 32.
ollowing previous works [26,30], for the synthetic label noise, we
alidate our method on two types of noise — Symmetric (Sym) and
symmetric (Asym). Symmetric noise is introduced by substituting the

abels of a percentage of samples with random labels (all possible
lasses) drawn from a uniform distribution. Asymmetric noise is in-
roduced by replacing the labels with ‘‘similar’’ classes (For example,
Bird’ and ‘Airplane’ in CIFAR-10). We vary the amount of injected
oise (Sym. 20%, 50%, 80%, 90%, and Asym. 40%), following Patrini
t al. [63] that is used as a standard experimental setting [25,26,30].
IFAR-10N and CIFAR-100N use the training data of the corresponding
242 
IFAR datasets with human-annotated real-world noisy labels. CIFAR-
0N has five noisy label sets,3 whereas CIFAR-100N has fine and coarse
abels. We use the Noisy-Fine setting for our experiments. We evaluate
ll benchmarks using an 18-layer PreAct ResNet [64] as the backbone
rchitecture. The experiment settings are presented in the Supplement.

omparison methods. We compare the proposed CCLM against small-
oss, sample-selection multi-network benchmark algorithms, DivideMix
26] and C2D [30]. Both methods follow a global noise model ap-
roach. CCLM (DM) corresponds to CCLM on DivideMix, whereas
CLM (C2D) corresponds to CCLM on C2D. We compare CCLM against
ivideMix and C2D, as they are baseline frameworks for several algo-

ithms [50,51,53,55].

.1. Results

Following the experiments of DivideMix [26] and C2D [30], we
eport the best test accuracy (%) over all epochs (Best) and the average
f the last 10 epochs (Last). The test set is used to provide insights into
he generalization capabilities of the method. Long-time training may
ead to performance degradation [65] and therefore, ‘‘last’’ is used as a
easure of robustness [66,67]. Larger gaps between ‘‘best’’ and ‘‘last’’

orrespond to overfitting.

erformance on synthetic noise benchmarks. Table 1 shows the test accu-
acy of CIFAR-10 and CIFAR-100 with different noise ratios. On both
IFAR datasets, CCLM (DM) outperforms DivideMix in all symmetric
oise ratios. In the case of C2D, our method CCLM (C2D) works better
n low-noise settings. However, the difference is marginal in high-noise
ettings. One of the possible reasons could be that the self-supervised
re-training induces a lot of class biases. In the high noise levels, it is
ard to overcome such a strong trend with very few clean samples.

erformance on real noise benchmarks. We evaluate the performance of
CLM using two real-noise benchmarks, CIFAR-10N and CIFAR100-
(Table 2). In most noise levels of CIFAR-10N, CCLM fares better

han DivideMix, achieving a significant performance gain of 1.3% in
IFAR-100N. However, the difference between CCLM (C2D) and C2D

s marginal. Similar to the case of synthetic noise benchmarks, the
mall impact of CCLM on C2D can be explained by the effect of the
re-training phase used in C2D.

.2. Analysis

We further analyse the behaviour of CCLM using two different
etrics — Classiness and Noise Division Accuracy.

lassiness. Historically, statistical learning has been concerned with
valuation metrics and their potential for misinformation. For instance,
odel accuracy does not fare well in large class imbalances. We argue

hat LNL is one such vulnerable setting. As we can see in Table 1, on
IFAR-100 with 20% symmetric noise, DivideMix achieves a model
ccuracy of 77.3%. However, it is interesting to also understand the
ehaviour of LNL algorithms on different individual classes, as, not all
lasses are uniformly represented in a dataset (varying sample counts,
ample difficulties, etc.).

In order to track this phenomenon, we introduce a new metric,
alled classiness. Classiness is defined as the standard deviation of the
odel accuracy over the classes, with a lower bound of zero and an
nbounded upper bound. Let 𝑚 and  be the model and dataset under
valuation, respectively. The accuracy 𝜇 of model 𝑚 on the dataset 
s given by 𝜇 = Acc(𝑚,). Then the classiness of 𝑚 on  can be defined
s:

lassiness(𝑚,) =

√

√

√

√

√

1
𝐶

𝐶
∑

𝑗=1

𝑁 𝑗

𝑁
(

Acc(𝑚,𝑗 ) − 𝜇
)2 , (3)

3 Construction of label sets are detailed in CIFAR-N website.

http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
http://noisylabels.com/
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Table 1
Synthetic noise performance comparison (test accuracy (%) on CIFAR datasets under different noise types). Bold indicates best performance.

Method CIFAR-10 CIFAR-100

Symmetric Asym. Symmetric Asym.

20% 50% 80% 90% 40% 20% 50% 80% 90% 40%

DivideMix Best 96.1 94.6 93.2 76.0 93.4 77.3 74.6 60.2 31.5 72.2
[26] Last 95.7 94.4 92.9 75.4 92.1 76.9 74.2 59.6 31.0 72.4

CCLM (DM) Best 96.5 95.6 93.7 83.6 92.6 79.5 76.4 61.1 33.5 75.4
Last 96.3 95.3 93.6 82.4 91.5 79.1 75.9 60.9 33.0 75.1

Contrast2Divide Best 96.4 95.3 94.4 93.6 93.5 78.7 76.4 67.8 58.7 75.5
[30] Last 96.2 95.2 94.3 93.4 90.8 78.3 76.1 67.4 58.5 75.1

CCLM (C2D) Best 96.5 95.4 94.4 93.6 92.2 79.4 76.9 67.6 55.2 75.5
Last 96.4 95.4 94.1 93.2 90.8 79.2 76.6 67.1 55.0 73.2
Table 2
Real noise performance comparison (test accuracy (%) on CIFAR-N datasets under different noise types). Bold indicates best performance.
Baseline results are reproduced.

Method CIFAR-10N CIFAR-100N

Aggregate Random 1 Random 2 Random 3 Worst Noisy fine

DivideMix Best 95.3 95.6 95.6 95.6 93.2 69.4
[26] Last 95.3 95.6 95.0 95.2 92.9 68.8

CCLM (DM) Best 95.6 95.6 95.4 95.6 93.0 70.7
Last 95.4 95.5 95.2 95.4 92.9 69.9

Contrast2Divide Best 95.7 95.9 95.8 93.8 92.8 70.8
[30] Last 95.6 95.6 95.8 93.0 92.0 70.3

CCLM (C2D) Best 95.8 95.7 95.7 95.9 92.4 70.6
Last 95.5 95.6 95.3 95.7 92.0 69.7
Fig. 4. Model accuracy and Classiness on CIFAR-100 20% Sym. noise. The accuracy
drop is a result of the ending of the warm-up phase (at epoch 30 for DivideMix and
5 for C2D).

where Acc(𝑚,𝑗 ) is the accuracy of m on the 𝑗th class, 𝑁 is the
total number of samples and 𝑁 𝑗 is the number of samples in the 𝑗th
class. Moreover, the term 𝑁𝑗

𝑁 is a weight that extends the definition of
classiness to class-imbalanced datasets. Classiness measures the spread
of the model accuracy over the classes. Hence, low classiness is a
desired property.

The evolution of model accuracy and classiness using 20% sym.
noise of CIFAR-100 is shown in Fig. 4. The green and magenta lines
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Table 3
Model classiness (Eq. (3)) on CIFAR-100. Best reports the classiness of the model at
the epoch with the highest test accuracy. Average reports the average classiness of the
model across all the epochs.

Noise Method

DivideMix CCLM (DM)

Average Best Average Best

Train Sym.

20% 11.0 9.0 7.7 6.0
50% 14.3 12.7 10.9 8.8
80% 18.2 17.6 17.5 17.1
90% 18.1 18.8 17.1 17.1

Asym. 40% 17.3 14.9 14.1 11.2

Test Sym.

20% 16.0 14.0 13.6 12.0
50% 16.7 15.0 14.9 13.0
80% 20.0 19.0 19.4 19.0
90% 19.8 21.0 20.2 22.0

Asym. 40% 18.7 17.5 17.2 14.0

show the accuracy of our method and of the concurrent method, respec-
tively. For our method (concurrent method) the classiness is depicted
as a green (magenta) area around the accuracy. We can observe that
the training classiness is consistently smaller for the proposed CCLM
(Figs. 4(a) and 4(b)). This shows that CCLM is less class-biased during
training, yielding a better learning outcome. Finally, Table 3 shows the
average and the best training and testing classiness on CIFAR-100 for
the different noise levels, where the best epoch is chosen as the one
with the best test accuracy. We differentiate between train and test
classiness scores as the train classiness measures how much noise is
being learned, and the test classiness measures the spread of the model
accuracy on unseen data. It can be seen that CCLM has lower classiness
in low-noise settings and comparable classiness in high-noise settings
for both training and testing.

Noise division accuracy. To evaluate our label noise model, we check
the performance on the Clean-Noisy split, at the first epoch after warm-
up. We show the average (over two runs) division accuracy and the
class standard deviation in Fig. 5 on CIFAR-10 and CIFAR-100 for
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Fig. 5. Clean/Noisy split accuracy on CIFAR-10 (left) and CIFAR-100 (right) for all
the synthetic noise settings.

Table 4
Impact of clean/noise split threshold on final model accuracy using CIFAR-100 with
Sym. 80% and 90% noise. Bold indicates best performance.

Noise GMM thres. (𝜏) 0.5 0.6 0.7 0.8 0.9

80% DivideMix 60.2 59.7 59.1 58.7 54.7
CCLM (DM) 59.0 58.4 60.6 61.1 61.0

90% DivideMix 30.3 31.5 31.6 27.6 27.6
CCLM (DM) 30.6 31.1 32.6 33.5 30.8

different noise settings, right after the warm-up. Our proposed method
achieves a better accuracy on low noise levels, and a comparable accu-
racy in high noise levels. More importantly, we show how our method
consistently achieves a smaller standard deviation, which results in a
reduced bias towards easier classes.

Effect of clean-noise split threshold. We have highlighted the importance
of the Clean-Noise split thoroughly, especially focusing on how to
model label noise more sensibly. However, the Clean-Noise partition
is ultimately decided by a threshold parameter. Therefore, an essential
component of the analysis involves evaluating the influence of the
chosen threshold. To understand the effect of the split threshold, we
vary the GMM Threshold (𝜏) in DivideMix-based experiments. The
SSL pre-training of C2D enables the models to determine the noisy
examples with high confidence, making this study less relevant. As
shown in Table 4 on CIFAR-100 with 80% and 90% symmetric noise,
we observe that the model accuracy is consistent through the different
values of 𝜏. Fig. 3 presents the feature space that we aim to split. We
argue that a class-agnostic label noise modelling, with a high threshold,
would include less clean samples, whereas, with a low threshold, would
include more noisy samples. In contrast, CCLM is not susceptible to this
pitfall and is capable of handling higher thresholds.

6. Conclusions and future directions

Learning with Noisy Labels plays a pivotal role in data-centric deep
learning due to its wide applications. In this paper, we study the
division of clean-noisy samples in detail. Typical global noise mod-
elling relies on the assumption that data is independent and normally
distributed. We show that such a treatment is not always reasonable,
and propose Class-Conditional Local Noise Model (CCLM) that relaxes
these assumptions. In addition, we propose a new metric, classiness,
that is important both for its obvious desirability and as a tool to
understand training dynamics. Our future work focuses on analysing
the impact of these relaxed assumptions on other parts of the tested
algorithms. Tracking classiness for other datasets and, in particular,
for class-imbalanced datasets is also an interesting research avenue
since it can potentially open the path for further understanding of
the training dynamics with this type of dataset. Finally, studying how
other algorithms could benefit from this new label noise model is also
envisaged.
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