PaReprop: Fast Parallelized Reversible Backpropagation
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V. Great for Hierarchical & Language Models

|. Background: The Reversible Transformation
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VI. Negligible Memory Cost vs. Savings
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Reversible Swin PaReprop boosts throughput up to 20% (almost at 25%) >0 Y 64
_ _ _ _ _ Best with low-memory or huge, mixed models
Can also adapt hierarchical architectures like MVIT (left) , 157 561
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e Memory cost of PaReprop is small vs. the overall savings
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