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SAEs/CB-SAEs can steer multiple downstream tasks

Result I: Qualitative
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Result ll: Quantitative

r[I)‘ovl\;nstrea,m 1%/’Eeeireld Method Interpretability Steerability
aS ode CD MS
LLaVA-1.5-7B SAE 0.154  0.517 0.198
Image + Text — (CLIP-ViT-L + Vicuna-7B) CB-SAE (Ours) 0.244 0.556 0.261
Text Generation VA MORE SAE 0.194  0.553 0.179
(DINOvV2-L + Gemma2-9B) CB-SAE (Ours) 0.291 0.598 0.192
Image — Image  UnCLIP SAE 0.068  0.540 0.642

Generation (CLIP-ViT-L + SD-2.1) CB-SAE (Ours) 0.092 0.594 0.659
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