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Abstract :

Detecting Out-of-Distribution (OOD) data is fundamentally required when Deep Neural Network (DNN) is

applied to real-world Al such as autonomous driving. However, modern DNNs are quite vulnerable to the

over-confidence problem even if the test data are far away from the trained data distribution. To solve the problem,

this paper proposes a novel Adversarial-Mixup training method to let the DNN model be more robust by detecting

OOD data effectively. Experimental results show that the proposed Adversarial-Mixup method improves the overall

performance of OOD detection by 78% comparing with the State-of-the-Art methods. Furthermore, we show that the

proposed method can alleviate the over-confidence problem by reducing the confidence score of OOD data than the

previous methods, resulting in more reliable and robust DNNs,
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PDF of Beta Distribution with Various Alpha and Beta
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Table 1. Scenarios for Detecting Out-of-Distribution Data
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Out-of-Distribution
(For Testing)

Number of
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26K
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