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d Algorithm: A novel PU-learning based algorithm OuterAdapter is
proposed to minimize the error upper bound.

d Evaluation: Extensive experiments confirm the effectiveness and
efficiency of the OuterAdapter algorithm.

Proposed Algorithm: OuterAdapter

d Objective function

o PU loss: Discriminative feature learning under open-set targets
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d Challenges: \
o Evolving distribution: The target distribution is evolving . o . .
o 0§-divergence: Domain-invariant feature learning

o Varying class proportions: The ratio of known target
examples changes
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