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• Squeezing informative representations

• Use an MLP as squeeze module 𝑇𝜙
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Experiments

Representation distillation significantly outperforms 
discriminator and encoding
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Squeeze and Span yields better results 
compared to SSL methods in linear classification
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Better transferability in linear classification, object detection,  
surface normal estimation and semantic segmentation 
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For more results and discussion, please read our paper.
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Learning representations with stronger generalization and 

transferability with more powerful GANs.
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