Similarity Min-Max: Zero-Shot Day-Night Domain Adaptation
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Task Description Method Experiments
We tackle the task of Zero-Shot Day-Night Domain Unlike prior methods, we propose a similarity min-max We evaluate our method on four nighttime downstream
Adaptation (Zero-Shot Day-Night DA), i.e., adapt deep framework that jointly considers model level and image level, tasks: image classification, semantic segmentation, visual
models pre-trained on daytime data to nighttime domains, formulated as: place recognition, and video action recognition.
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