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1. Conventional Evaluation

Methodology

Methodology
> The accuracy across all datapoints in the original
and replicated test datasets is evaluated for

> Split the test datasets into subsets with matching predictive uncertainty profiles and
assess them as illustrated below
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Implications

2. Accuracy and uncertainty align well across all test subsets (EVA Model Results)

> DNN reliability is questioned on replicated
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> We assess not just what DNNs predict, but also how > Better conclusions about DNN effectiveness result in a better understanding of DNN
confidently they do so behavior

For more details, check our paper: “Re- assessing Accuracy Degradation: Understaﬁding DNN behavior on Similar-but-non-identical
Test Datasets,” Machine Learning Journal, 2025. researc |

T i %. ¢ LIEGE université G UNIVERSITY OF
GHENT GHENT UNIVERSITY Mathematics MV | MASON KOREA ILLINOIS
George Mason University: URBANA-CHAMPAIGN

UNIVERSITY GLOBAL CAMPUS



	Slide 1: Re-assessing accuracy degradation:  Understanding DNN behavior on similar-but-non-identical test datasets 

