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Challenges:
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-> Traditional DA works on pairwise adaptation set

A compound target domain

Unseen weather

o Unk . . and more
n UNnKiI n m i )
pe ow omamms Open Compound Domain Adaptation

-> Traditional DA assumes prior access to domain data during training



domain disentanglement

Architecture Learning

adaptive knowledge transfer
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Adversarial Domain Characteristics
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Curriculum according to
Domain Characteristics
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C-Digits Benchmark
Absolute Performance Gain: ~5%

C-Faces Benchmark
Absolute Performance Gain: ~10%

C-Driving Benchmark
Absolute Performance Gain: ~2%

C-Mazes Benchmark
Absolute Performance Gain: ~30%
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Robustness to the complexity of compound domains and open domains
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Adaptation Results on C-Driving

(semantic segmentation)
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Adaptation Results on C-Mazes

(reinforcement learning)
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New Task

Open Compound Domain Adaptation(OCDA)
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Code, models and benchmarks are available at

Project Page: https://liuziwei7.github.1o/projects/CompoundDomain.html




