DMSAESs distill a core of stable encoder directions that can

be transferred to new SAE trainings across sparsity levels.

Iterative Distillation for Feature-Consistent Sparse Autoencoders

SAEs can discover interpretable features, but learned latents are often redundant, unstable across runs, and

inconsistent across sparsity levels. Can we distill a compact set of features that remains useful after retraining?
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Limitation: Core discovery is expensive with seven full train-and-select cycles were used here. The final

distilled core can then be reused at standard single-run training cost.
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