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+6%

+51%

+40%

+35%

+74%

Very large improvements in out-of-distribution robustness.

Effective 
robustness
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How to isolate source of robustness?

CLIP Standard ImageNet Models (ResNet50 etc..)

More Robust to ImageNet distribution shifts 

Uses Contrastive Loss to optimize


Uses Language Supervision at training time


400M examples


Trained on private image-caption training-set 


Not Robust to ImageNet distribution shifts 

Uses cross entropy loss to optimize


No language supervision at training time


1.2 Million training examples


Trained on ILSVRC 2012 training set 
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Hypotheses for CLIP’s Robustness
• Large training set size


• Training distribution


• Language supervision at training time


• Language supervision at test time (prompts)


• Use of contrastive loss functions
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Main Findings


•Changing the training distribution affects robustness


•Presence of language supervision does not affect robustness
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YFCC-15M
• 15M Subset of publicly available YFCC-100M dataset explicitly used 

in OpenAI CLIP training


• Dataset of Image-Caption pairs sourced from Flickr
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Experimental Setup
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(Baseline)
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ImageNet-Captions
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ImageNet-Captions Examples

• Large portions of ImageNet are still on Flickr


• Queried text data from Flickr API, restrict to ILSVRC 2012, run 
image deduplication (463,622 images)
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Effective

Robustness
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Results

•Contrastively trained model on 
Imagenet-Captions is not 
robust


•Classification trained model on 
YFCC-15M is robust 

Effective
Robustness
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Prompts and Contrastive Loss
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EÆect of test time prompts
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EÆect of contrastive training losses
y = x

Linear fit (ImageNet classification)

ImageNet classification

Linear fit (CLIP zero-shot)

CLIP zero-shot

Prompt variations

Interpolation with a random classifier

SimSiam

SimCLRv2

SwAV
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Conclusion
Hypotheses:


• Large training set size


• Training distribution


• Language supervision at training time


• Language supervision at test time (prompts)


• Use of contrastive loss functions


• Model architecture and size (Radford et al.)


Promising future research directions in dataset design and analysis
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