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. I: Input: 2
T = Wyeez + bdec; 2: Sort z as 21y > -+ > ) on.l on.5 onl0 on.50 or 49152
3: Find k(=) 1= max { 7 € [M] | 5y + =220 > 0, ReLU SAE 3.12 1583 22.17  34.87 63.67
» ReLU-based SAEs need extra sparsity regularization and may suffer where [M] := {1,..., M} Transformer + ReLU 3.86 16.85 24.08 36.33 63.94
k arco v
feature shrinkage. 4 Define 7(z) = Zimf—L MLP + Sparsemax 791 2987 39.73  55.32 64.74
» TopK-based SAEs rely on a fixed K, which is not ideal for inputs with
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Emeddings |- . Comparisions of zero-shot image classfication using top-n concepts on 11 datasets.
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—— Model Lot FVU, CSt CKNNAt DOJ Model MEAN-MS  MAX-MS

L ReLU 0.928  0.098  0.953 0.812 0.003 ReLU 0.1627 0.9172
TopK 0966 0.160 0925 0701  0.003 TopK 0.0548 08751

T T _ T BatchTopK 0.814 0.278 0.904 0.750 0.002 BatchTopK 0.1243 0.9031 3
Q=2"Wq, K=CWg, V=0 Wy, Ours 0.979 0129 0934 0796  0.001 Ours 0.3484 0.9575 iriput lmage BatchTopk Sparsemax (Ours)
K’ : 2 N .
5 = g(Q )V, sparsemax(z) = arg min |p— z|| Sparsity metric Interpretability metrics
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