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Training set
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Dataset bias lead to model bias 
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Existing Approach 

A small sea turtle  crawls across the sandy beach toward the ocean waves

A newly hatched leatherback turtle makes a dash for the water
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Our Approach: ConceptScpe
Sparse Autoencoder (SAE) as a concept extractor

“sea turtle” class images
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Our Approach: ConceptScpe
Sparse Autoencoder (SAE) as a concept extractor
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Dataset

Our Approach: ConceptScpe
Sparse Autoencoder (SAE) as a concept extractor

“sea turtle” class images

“tech” class images
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ConceptScpe: Characterizing dataset bias via visual concepts
Training SAE and Interpreting Concepts

Lim, Hyesu, et al. "Sparse autoencoders reveal selective remapping of visual concepts during adaptation." (ICLR 2025)
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ConceptScpe: Characterizing dataset bias via visual concepts
Training SAE and Interpreting Concepts
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ConceptScpe: Characterizing dataset bias via visual concepts
Training SAE and Interpreting Concepts
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ConceptScpe: Characterizing dataset bias via visual concepts
Training SAE and Interpreting Concepts
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Categorizing Concepts

“sea turtle” class images

concepts
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Computing alignment score

“sea turtle” class images

concepts
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Computing alignment score

“sea turtle” class images
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Computing alignment score
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Categorizing Concepts
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Results: SAEs can discover a wide range of visual concepts 
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Results: ConceptScope captures diverse visual states within each class

bias target context

cauliflower
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Results: ConceptScpe discovers real-world dataset bias

ImageNet -  “bridgeroom” class 

 biased to  “east asian culture” 

Food101 - “bibmbap” 

 biased to “ fried eggs” 


Food101 - “hotdog” 

 biased to “ food wrappers” 


High bias Low bias

ImageNet - “balance beam” 

 biased to “competition” 

ImageNet - “afghan hound”

  biased to “dog show” 

SUN397 -  “ice skating rink” class 

 biased to  “New York” 
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Results: ConceptScpe discovers real-world dataset bias
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CelebA - “blond hair” 

 biased to “female” 

Waterbirds - “waterbirds”

  biased to “ocean” 

Nico++ -  “mammal” class 

 biased to  “rock” 

High bias Low bias



ConceptScpe: Characterizing dataset bias via visual concepts

Project page 

https://jjho-choi.github.io/ConcepScope-projectpage/

Code & Demo

https://github.com/jjho-choi/ConceptScope
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