Learning Label Shift Correction for Test-Agnostic Long-Tailed Recognition
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Background Learning Label Shift Correction Empirical Results

- Real-world data often exhibits a long-tail class distribution.

- Moreover, test label distribution may change across different tasks, a.k.a.
test-agnostic long-tail learning (Figure 1).

We introduce a simple estimation method that employs a shallow neural
network within the framework of generalized blackbox shift estimation:

- STEP 1: Train a neural estimator by simulating various label distributions

- Our method sets new state-of-the-art on commonly used long-tail
learning datasets.

- Our method can be seamlessly integrated with many existing models.
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Given a hypothesis hy, let Chf(X)|Y e REXK denote the conditional confusion matrix, i.e.
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