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Greedy soup
1. Sort models by decreasing accuracy on the held-out 

validations set. 

2. Add models sequentially to the soup, keeping the model 
in the soups if the held-out validation accuracy does not 
decrease
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Fine-tuning a CLIP ViT-B/32 model from Radford et al., 2021.





Related work

• Models remain in low loss basin during fine-tuning (Neyshabur et al., 
2020; see also Frankle et al., 2020; Nagarajan et al., 2019).


• Weight averaging along an individual optimization trajectory produces high 
accuracy models (Izmailov et al., 2018; Szegedy et al., 2016).


• Much more (see paper!)
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