
Interpretable and Steerable Concept Bottleneck Sparse Autoencoders

Sparse Autoencoder Analysis

Most SAE neurons are low utility!

User-specified concepts missing!

Concept set Coverage
Broden 1.1k/1.2k (96%)
3k English words 1.8k/3.0k (62%)
VLG-CBM ImageNet 3.4k/4.7k (73%)
DECIDER ImageNet 4.3k/7.8k (55%)
20k English words 5.6k/20k (28%)

For an ImageNet-pretrained 65k-dim SAE
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Training objective →

SAEs can perform unsupervised concept discovery
with sparse neurons or decoder columns representing concepts

Our Proposed Approach: CB-SAE
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