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Problems & Ideas

Read-world data typically exhibits long-tail class distribution
and contains label noise:
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detection criterion fails in long-tail data. Class Index

Ideas: We find that the class-wise small-distance criterion is

more robust than the small-loss criterion, and works well on
both head and tail classes.
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(a-b) Training losses head and tail class samples. (c-d) Distance distribution between samples and their class prototype for
head and tail class. Experiments are conducted on CIFAR-10 with noise level y = 50% and imbalance ratio p = 100.



Main Contributions

e Contributions:

We address the underexplored problem of learning from long-tail data
in the presence of label noise, taking a significant step toward real-
world applications.

— We identify the limitations of the widely used small-loss criterion and
introduce a novel criterion called class-wise small-distance. Building
upon this, we propose a robust framework called RolLT.

— Extensive experiments conducted on benchmark and real-world
datasets demonstrate the superiority of our proposed method.
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RoLT outperforms previous methods under different settings. The improvement becomes more significant at high noise levels.



