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Motivation CE-Bench: interpretability metric
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Table 1: Comparison of Interpretability Score Derivation Methods. C stands for contrastive score; I stands for b V.-V inte p retability score
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. Figure 1: Pipeline of constructing the interpretability metric in CE-Bench. Two contrastive stories about
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Figure 2: Effect of SAE Architecture on Interpretability. CE-Bench interpretability scores show strong positive S e g 2000 30000 1
correlations with contrastive and independence scores, and a negative correlation with sparsity across SAE variants. § " g = Sai 20000+
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Figure 3: Effect of Latent Space Width on Interpretability. CE-Bench interpretability scores increase consistently

with latent space width, with the 65k-dimension models showing the highest contrastive and independence scores ! . . 2 . : : i : ;
and the lowest sparsity. This suggests that wider latent spaces enable sparse autoencoders to better disentangle Table 2: Comparlson of Poolmg Str ategies. Max P OOhng achieves the hlgheSt Correct Rankmg Pair Ratio (CRPR)

meaningful features and reduce polysemanticity. at 77.30%, outperforming mean pooling and the outlier count method. This supports max pooling as the most

effective strategy for aggregating neuron-wise scores.
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- L‘ayer Try;Tp e consistently outperforms individual components, indicating that integrating complementary signals yields more

reliable interpretability evaluations.
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Figure 5: Effect of Layer Depth on Interpretability. CE-Bench interpretability predictions across different LLM
layer depths show that middle layers such as Layer 10 and Layer 15 leads to the highest interpretability score, Table 5: Neuronpedia (Lin, 2023) Examples of natural language explanation. The picked SAE is gemma-scope-

suggesting that in practical applications, probing layers in the middle could yield the most interpretable insights into 2b-pt-att (16k width), and layer 12 is being probed
model decisions. ’ .




