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Motivation

Understanding where models look can give us a better understanding 
about failure modes

Key Question 
"How can we re-use existing foundation models to train 

interpretable equivalents?"

Increase in Localization
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ALOE  
Efficiently Making Foundation Models 

Interpretable

Why Does This Matter 
Post-hoc methods are often unfaithful and compute-
intensive. Inherently interpretable models like B-cos 

models provide faithful explanations by default.

B-cos Models

What do we do?

B-cos models have two important properties: 
1. alignment pressure 
2. linear summary 
→ B-cos models are faithful

Step 1: Conversion Step 2: Distillation
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Replace: 
1. linear projection by 

convolutional stem  
2. linear layers by B-cos layers  
3. norms by bias-free variant → Minimize the mean cosine distance between layer-wise and 

global representations

What do we find?
Preserved Discriminative Capability

Dense Prediction

→ Same trend when evaluated on 10 fine- and 
coarse-grained datasets
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Human Interpretable Explanations

Depth estimation using Probe3D

Align Once to Explain: Feature Alignment for Scalable B-cosification of Foundational Vision Transformers
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→ Massively increased Grid-PG score

→ Well localized explanations compared to post-hoc methods

→ Similar zero-shot 
performance 
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Zero-shot VLM (SigLIP2) explanations: A photo of {class-name}
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DINOv3 (row 2), ALOE (row 3)


