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Abstract
Data cleaning is important in learning and min-
ing with noisy labels. In this report, we first pre-
train deep neural networks on the noisy data dis-
tribution, then clean the dataset by removing the
wrong annotations detected with model represen-
tations. After cleaning, we can re-train the model
on the new dataset that includes both the labeled in-
stances left in the original dataset and the unlabeled
instances whose original labels are removed. Ex-
periments on CIFAR-N show the feasibility of our
method. Code is available at https://github.com/
dina-fdu/lmnl-submit.

1 Introduction
Noisy labels are common when we build datasets for real-
world applications [Krizhevsky et al., 2012; Zhang et al.,
2017; Agarwal et al., 2016; Wei et al., 2022]. During train-
ing, these noisy labels may confuse the model and direct the
model to some undesired local optima. Consequently, the
model performance would suffer from degradation.

Recent works build statistical models for analyzing the
property and effect of label noise, where the main assump-
tion is that the label noise only depends on its ground-truth
label, i.e., class-dependent label noise [Natarajan et al., 2013;
Patrini et al., 2017; Liu and Guo, 2020]. However, in real-
world scenarios, e.g., CIFAR-N [Wei et al., 2022] that col-
lects human annotations from human workers by a crowd-
sourcing approach, it is hard to control the noise to make
it satisfy the class-dependent assumption. Particularly, as
shown in CIFAR-N, the label noise is usually instance-
dependent for most classes in both CIFAR-10 and CIFAR-
100 [Krizhevsky et al., 2009] with convincing significant lev-
els. Thus the traditional class-dependent assumption would
not be sufficient and may cause some weight imbalances
across different groups [Zhu et al., 2021b; Wang et al., 2021].
Besides, it has also been proved that the challenging instance-
dependent label noise causes unwanted disparate impacts on
different sub-populations and requires disparate treatments
[Liu, 2021]. Therefore, it is important to address the instance-
dependent label noise.

∗Equal contributions in alphabetical ordering.

We follow the high-level intuition of data cleaning as
CORES [Cheng et al., 2021], where we first detect the wrong
annotations and remove them from the dataset, then perform
semi-supervised learning by treating the remaining data as
the labeled dataset and the filtered out part as the unlabeled
dataset.

Pipeline
Our report is mostly related to three works: DivideMix [Li et
al., 2020], SimiFeat [Zhu et al., 2021a], and CORES [Cheng
et al., 2021], where DivideMix acts as a pre-training module,
SimiFeat acts as a data cleaning module, and CORES acts as
the fine-tuning module after data cleaning.

Specifically, DivideMix [Li et al., 2020] acts as a pre-
training module that initiates the deep neural networks with
the noisy data. Then based on the representations given by
the pre-trained module, we use a data-centric method to de-
tect corrupted labels following SimiFeat [Zhu et al., 2021a].
This data cleaning module will split the dataset into two parts:
the labeled subset and the unlabeled subset, where the labeled
subset is constructed by the samples remained in the origi-
nal dataset, and the unlabeled subset includes the corrupted
samples detected in the previous module but their labels are
removed since they are not trustworthy. Finally, we adopt the
semi-supervised learning as CORES to fine-tune the model,
where the traditional cross-entropy loss is applied on the la-
beled subset and the consistency loss from UDA [Xie et al.,
2019] is adopted for the unlabeled subset.

2 Task 1: Image Classification
In this task, we use ResNet34 [He et al., 2016] as the back-
bone network. For CIFAR-10N with different noisy levels,
i.e., aggregation, random label, and worst label, we use the
same hyperparameter setting as required. To get the clean test
accuracy for the image classification task, we first train the
model with DivideMix [Li et al., 2020], then use the output
of the second last layer (before the final linear layer) as rep-
resentations and feed them into the voting-based detection of
SimiFeat [Zhu et al., 2021a]. With the detection results from
SimiFeat, we fine-tune the model (only net1) from DivideMix
by the semi-supervised learning [Xie et al., 2019] adopted in
CORES [Cheng et al., 2021]. We use the last-epoch model
to report the clean test accuracy. In Table 1, we summarized
our results and comparisons to our baseline methods. Note
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* indicates the average best-epoch performance reported in
CIFAR-N benchmark1 [Wei et al., 2022].

Table 1: Image Classification Accuracy (×100) on CIFAR-N.

Method CIFAR10 CIFAR100
Aggre. Rand1 Worst Noisy

DivideMix* 95.01 95.16 92.56 71.13
CORES* 95.25 94.45 91.66 55.72

Ours 94.72 95.47 94.29 72.05

3 Task 2: Label Noise Detection
In task 2, we feed the last epoch model in task 1 into SimiFeat
[Zhu et al., 2021a] and detect the corrupted labels. See results
in Tabel 2.

Table 2: Label noise detection on CIFAR-N (F1-score ×100).

Method CIFAR10 CIFAR100
Aggre. Rand1 Worst Noisy

Ours 78.62 90.59 93.12 80.91

4 Conclusions
We have test the combination of both the learning-centric
methods [Li et al., 2020; Cheng et al., 2021] and the data-
centric method [Zhu et al., 2021a]. Experiments demon-
strated the superiority of such combination.
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