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Out-of-Distribution Localization
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We consider Image Segmentation and Vision Transformers
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Evaluation - Networks

e Dinov2-S: 30.9M parameters

e Swin-B: 95.9M parameters

e Dinov2-B: 96.2M parameters
e Dinov2-L: 314.5M parameters
e CLIP: 654.9M parameters
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Bottom Line: Not signigicantly. = Smaller Architectures work as well.
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Bottom Line: On average, yes, but unclear.
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AUROC
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Projection Layers

Bottom Line: Layers depend on the architecture.
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AUROC When Training on 1 Class
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Bottom Line: Yes, less diverse training datasets ease OoD localization.
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Results - Dimensionality Reduction - Dinov2-S
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Bottom Line: Dimensions with less variance are also important.
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Summary

We developed hidden-layer monitoring techniques for Vision Transformers
We investigated monitoring performance in several settings
Key Findings:

e Smaller architectures also work well

e The last layer is not always optimal for monitoring

e Training on less diverse datasets can help
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