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CLIP is trained to associate image-caption pairs on the internet, and can 
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Source: https://paperswithcode.com/sota/image-classification-on-imagenet
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To improve a models accuracy it is fine-tuned on data from the domain of 
interest.

But: despite accuracy improvements, fine-tuning CLIP deteriorates 
robustness.

Can we fine-tune CLIP while maintaining robustness?
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Ensembling in weight space — 
making predictions via

f (x,
1
2 (θT
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fails, performing no better than 
random chance.
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Observation 2: (Frankle et al., 2020)
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Observation 2 (Frankle et al., 2020)

θ0

ℝd

𝖳𝗋𝖺𝗂𝗇

𝖳𝗋𝖺𝗂𝗇

θk

θT
2

When part of the training 
trajectory is shared, there exists a 
linear path in weight space 
between the two solutions along 
which loss remains low.

θT
1



Observation 3 (Izmailov et al., 2018)
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Observation 3 (Izmailov et al., 2018)

θ0

ℝd

𝖳𝗋𝖺𝗂𝗇

𝖳𝗋𝖺𝗂𝗇

Weights found through SGD tend 
to lie at the periphery of a large, 
flat minimum.

To get closer to the center, 
Stochastic Weight Averaging (SWA) 
bounces around the minimum while 
saving checkpoints and returns the 
average.

θ̄



Observation 4 (Neyshabur, Sedghi, Zhang, 2020)

ℝd

Linear mode connectivity between 
fine-tuned solutions.

θT
2

θT
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Observation 5

ℝd

Linear mode connectivity between 
the zero-shot and fine-tuned 
solution on both the OOD and ID 
dataset.

θzero-shot

θfine-tuned



𝖠𝖼𝖼((1 − α) ⋅ θ0 + α ⋅ θ1) ≥ (1 − α) ⋅ 𝖠𝖼𝖼(θ0) + α ⋅ 𝖠𝖼𝖼(θ1)
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CLIP fine-tuned end-to-end 
(low ID error, high OOD error)

Schematic: 
average test 
error on all 

datasets

CLIP zero-shot (high ID error, 
low OOD error)

Weight-space ensemble 
(low ID and OOD error)
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Takeaways

Robustness to distribution shift is an important step in ML.

Large-scale pre-trained models such as CLIP are a promising direction.

Standard fine-tuning improves accuracy in-distribution, but deteriorates 
robustness.

WiSE-FT mitigates the compromise between high accuracy and 
robustness with no extra compute during fine-tuning or inference.
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