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Why Does Streaming MAE Lag Behind |.1.D. MAE?

Motivation Evaluating StreamMAE

Natural visual experience Is sequential, whereas

standard SSL relies on globally shuffled 1.1.D. data. High inter-batch similarity (overlap between consecutive batches) does not explain the gap.

High intra-batch similarity (near-duplicate frames within each batch) is the main challenge. StreamMAE outperforms all streaming baselines using the

same pretraining data and matches l.I.D.-trained MAE.
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matches |.I.D.-trained MAE on the same data.
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