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The Interpretability Gap

Opaque Foundation Models: incredible 
performance, remain opaque

Post-Hoc explanations: often unfaithful and 
compute intensive

Training Cost: re-training interpretable models is 
cost-prohibitive

à ALOE: efficient distillation of foundation models 
into faithful and interpretable B-cos models
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The Interpretability Gap
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Understanding where models look can give us a better understanding about failure modes
à Especially with LVLMs
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B-cos Models

B-cos models are bias-free models using B-cos transformations

→ hyperparameter B steers alignment with the input

B-cos networks [Böhle et al., CVPR 2022]
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B-cos Models

B-cos models are bias-free models using B-cos transformations

→ they can be reformulated as dynamic linear functions (=input-
dependent linear functions)

Input
Torch Classification

Explanation

Contribution 
Map

B-cos networks [Böhle et al., CVPR 2022]

5



ALIGN ONCE TO EXPLAIN PRESENTED BY RAPHAEL MASER

B-cos Models: Interpretable Explanations

→ B-cos models produce human-interpretable, faithful explanations

B-cos networks [Böhle et al., CVPR 2022]
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B-cosification

B-cosification proposes conversion of standard 
neural networks to B-cos models
à re-using trained weights shortens training time

àcaveat: not applicable to most foundation 
models

0 45 9019
Epoch

0

10

20

30

40

50

60

70

80

4.7x Speedup

DenseNet-121

0 45 9010
Epoch

0

10

20

30

40

50

60

70

80

9.0x Speedup

ViT-S

A
cc

u
ra

cy
(%

)

B-cosified Accuracy

B-cos Accuracy

B-cosification [Arya et al., NeurIPS 2024]
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ALign Once to Explain (ALOE)

We extend the approach of B-cosification
with a layer-wise distillation loss, creating a 

1. Label-free 
2. Model-agnostic
3. Efficient 
framework for translating existing 
foundation models to B-cos models

0.0015% of SigLIP2 pre-
training data

<0.5% gap
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Step 1: Conversion

1. Replace linear projection by convolutional 
stem
2. Replace linear layers by B-cos layers
3. Replace norms by bias-free variant
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Step 2: Distillation
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Step 2: Distillation

à minimize mean
cosine distance between 
feature embeddings
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Step 2: Distillation

Model-agnostic and
label-free distillation
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à minimize mean
cosine distance between 
feature embeddings
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Linear Probing (IN1k)

→ ALOE nearly matches teacher performance
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Linear Probing (all 10 datasets)

→ ALOE nearly matches teacher performance
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Localization: Grid-PG

→ ALOE increases Grid-PG score substantially
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Grid-PG
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Qualitative Results: DINOv3

Qualitative attribution comparisons. Visualizations for ALOE (ours)—using model-inherent B-cos attributions
W(x)x—versus popular post-hoc methods. Positive contributions are red, negative ones blue.
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Takeaways

ALOE is a

1. Label-free 
2. Model-agnostic
3. Efficient 
framework for translating existing foundation models to B-cos models

Code Models
https://huggingface.co/collections/rmaser/aloehttps://github.com/rmaser/ALOE
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