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Mann—-Whitney U tests for dead-neuron counts across weight decay settings.

MAIN TAKEAWAYS

e The way a ViT is trained influences the
representations that SAEs learn

e \Weight decay is the strongest training factor we
observed affecting SAE behavior

e Below a small weight-decay threshold, SAE feature
usage collapses into a few repeatedly reused features

Low Weight Decay Leads to Feature Collapse

e Below approximately wd = 0.01 the same small feature
set repeatedly activates
e Higher weight decay produces substantially greater
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e To investigate this, we train Vision Transformers
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e 64-model sweep across six ViT hyperparameters

e Matched weight-decay sweep to isolate the effect of
regularization

e SAEs trained on multiple ViT residual layers

e Evaluation: CE recovery, monosemanticity, dead
features, representation geometry, and feature usage

Conclusion

Discussion

e Training choices of the underlying model may influence
the representations that SAEs learn

e Small changes in regularization can move models
between feature-usage regimes

e Training may therefore be considered when interpreting
SAE results, not only the SAE architecture itself

Key Findings

Weight Decay is the Most Consistently Associated

Hyperparameter

e Significant association with dead-feature counts across

Limitations
all analyzed layers
e Other hyperparameters showed no or layer-specific ® Results are limited to ViT-Tiny models
effects e Experiments use traffic-sign datasets only
e Classification accuracy remained comparable across e Findings are correlational and do not establish causality
matched weight-decay models e Monosemanticity depends on a CLIP-based evaluation
Better SAE Quality Aligns with Better Representation metric
Future Work

e Higher monosemanticity = improved CE recovery
e Fewer dead features » improved reconstruction
e Strongest relationships appear in deeper ViT layers
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e Evaluate whether the observed effects extend beyond
SAEs to other mechanistic interpretability methods

e Develop training objectives that jointly optimize model
performance and interpretability
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