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ImageNet-RIB Benchmark: Large Pre-Training Datasets

Don't Guarantee Robustness after Fine-Tuning
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J ImageNet-RIB (Robustness Improvement Benchmark)

2. Fine-tune on the downstream dataset

é\

Fine-Tuned Model

1. Choose one dataset
ImageNet OOD Datasets

~

= Metrics
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3. Evaluate on other OOD datasets
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Continual Learning with Post-Hoc Robust Fine-Tuning Method [1] Perform Best

. Optimal Transport Dataset Distance [2] Aligns with ImageNet-1K Accuracy Drop During Fine-Tuning
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