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Why is training data reconstruction from RelLU activated models hard?

Characterising the fundamental property of the existence of Demonstrating the existence of redundant parameters

redundant parameters in models with RelLU activations: in practice by studying the training dynamics:
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Mnemonist: finding parameters that store target examples

The attack consists of three steps:

. _ _ _ o Phase 1: Grouping parameters Phase 2: Building variants of the released model Phase 3: Training an interpretable model
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