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The objective of the ODS framework contains two parts: A weighting term:

Applying the estimated label distribution w; to loss; An entropy minimization term: Adapting the
model unsupervised.

RQ2: Whether ODS 1s generic to integrate with different
TTA methods and boost their performance?
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RQ3: Does ODS accurately estimate label distribution and
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v' We propose a test-time adaptation framework ODS to solve the when encountering open-world data shift?

above open-world data shift setting, which can apply to many existing
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