RSAE: one flexible activation matches — then
beats — RelLU, JumpRelLU & TopK
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o TL:DR
® Beats the teacher on 22/24 reconstruction and 13/16 downstream cells.

MAIN 3 TAKEAWAYS ® Wins uniformly across GPT-2 small, Pythia-160m & Gemma-2-2B.

® Replace the SAE's fixed gate (ReLU / JumpRelLU / TopK) with a
trainable rational activation.
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Results

® Better MSE, 4, alive-fraction, ACE & loss-recovered at matched sparsity.
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