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Key message: On an OOD test that keeps backgrounds but breaks label associations, ensembles help most when the background shortcut is moderately strong.

« Shortcut learning: models can learn an easy cue that breaks under shift. Fig. 2: OOD accuracy vs. background variety N (seen-shuffle)
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= Gains are smaller when shortcut learning is trivial (small N) or complex (large N). | Takeaway: Gains are relative to the loss and type of shift.
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Takeaway: Seen-shuffle keeps the same backgrounds but breaks label ,
mapping, so it isolates shortcut following. Takeaway: Where accuracy improves, the ensemble follows the background less.
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