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Motivation & Introduction

1.0 - The successes of current DNNs heavily rely on the precisely labeled data. However,

The average ratio of corrupted labels in real-world datasets range from 8.0% to 38.5% [Song et al., 2022].

oe The local noise rates inside the real dataset can vary greatly, e.g. from 25% to 70%.
= Existing works explicitly or implicitly rely on the assumption of uniform label noise.
R The methods of class-dependent transition matrix assume all samples in same class share same noise rate.
04 % With the implicit assumption of uniform noise rate, the methods of small-loss trick would select simple
patterns first and regard most samples in the hard regions as corrupt data.
Besides, the methods of instance-dependent noise need additional information or extra assumption.

In this paper, we consider robust learning with non-uniform label noise that requires no
' additional information or assumption.

Loop until convergence
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Feature extraction. Embedded sample features would be extracted
using the current trained model.

Training for one epoch with hybrid losses.

Supervised cross-entropy loss:

Lsup — Lmixup(x,a )/) + Lfmix(xﬂa y”) — ‘[-:CE(x/a )/) + LCE(Xﬂa y”)

unsupervised contrastive loss:
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Overall training loss:

(1)

Clustering. K-Means (or any other clustering method) is employed to
group samples in the feature space.

exp (z;i - 2] /1)

Zf;(zi ‘ Zj/ t)

Cluster-dependent sample selection.

2-dimension Gaussian Mixture Models are employed on the loss distributions.
Small-loss criteria are adopted to select clean samples for each cluster separately.

(2)

Liotal = Lsup +ALcr

(3)

Note: the above four steps would be looped for epochs.

Results of Classification Accuracy Results of Sample Selection

Visualization comparison. Color blue and are two selected

Human annotated label noise on CIFAR-N datasets [Wei et al., 2022]. | | |
clusters, with noisy rate 21.1% and 60.8% respectively.

CIFAR-N datasets provide realistic noisy labels, with noisy rate aggregate 9.03%,
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ClusterCL achieves highest accuracy, especially when the training set is

small and the noise rate is high.

robust learning with non-uniform label noise.

ClusterCL achieves the state-of-the-art performance on

both synthetic and real-world datasets.




