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Fine-tuning and Souping
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Fine-tuning and Souping
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Fine-tuning and model 
souping have equal 
deployment costs because 
they are both just a single 
model / set of weights
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Soups and Supervision 
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Self-Souping is possible and productive!
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1. Inter-train 4 models on ImageNet using different self-supervised learning (SSL) algorithms
a. LeJEPA, MAE, MoCoV3, and MMCR

2. Fine-tune on ImageNet with labels
3. Mix ingredients to make our tasty soup!
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Self-Soups vs Supervised Soups
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~1% gains against corrupted test sets 
without adding deployment costs!
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Self-Soups vs Model Ratatouille
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We now compare our Self-Soups to Model 
Ratatouille, which needs several labeled 
auxiliary datasets for its inter-training
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Mixing Soups entirely without labels
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We now mix SSL ingredients directly!

Our Self-Seasoning learns task-specific 
ingredient-mixture coefficients without 
labels by minimizing kNN entropy
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We show that model soups can be made without labels but there is plenty more to cook

Code: https://github.com/antofuller/self_soupervision

Conclusion: Let's continue cooking
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https://github.com/antofuller/self_soupervision

