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Existing Approach
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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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Our Approach: ConceptScpe

Sparse Autoencoder (SAE) as a concept extractor
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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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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

Categorizing Concepts
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ConceptScpe: Characterizing dataset bias via visual concepts

Computing alignment score

“sea turtle”classi |mages\
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ConceptScpe: Characterizing dataset bias via visual concepts

Computing alignment score
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ConceptScpe: Characterizing dataset bias via visual concepts

Computing alignment score

“sea turtle”classi |mages\
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ConceptScpe: Characterizing dataset bias via visual concepts

Categorizing Concepts

Target / context discrimination Bias concept identification
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Results: SAEs can discover a wide range of visual concepts
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" lace ptterns _ orange objects T ) pupples " car gaugs
Method Metric Caltechl101 IDMND Waterbird CelebA RAF-DB  Stanford40 | Average
(Objects) (Textures) (Backgrounds) (Facial Attr.) (Emotions) (Actions)
BLIP-2 F 0.64+0.35 0.38+0.25 0.37+0.10 0.27+0.24 0.24+0.17 0.66+0.18 0.43
LLaVA-NeXT F 0.61+0.35 0.40+0.21 0.57+0.12 0.62+0.24 0.45+0.18 0.80+0.16 0.58
ConcebtScope F 0.83+0.21 0.57+0.20 0.78+0.07 0.81+0.11 0.55+0.18 0.78+0.13 0.72
PLSCOPE | AUPRC  0.89+0.19 0.57+0.23 0.83+0.09 0.85+0.13 0.59+0.21 0.82+0.15 0.76
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Results: ConceptScope captures diverse visual states within each class

class name context
cauliflower : :
bubble
mountain
hair wig : :
halr wig wearing a wig mannequin toy models models colorful hairs
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Results: ConceptScpe discovers real-world dataset bias

Low bias [—]

ImageNet - “balance beam” ImageNet - “afghan hound” SUN397 - “ice skating rink” class
biased to “competition” biased to “dog show” biased to “New York”

Food101 - “hotdog” Food101 - “bibmbap” ImageNet - “bridgeroom” class
biased to “ food wrappers” biased to “ fried eggs” biased to “east asian culture”
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Results: ConceptScpe discovers real-world dataset bias

Lowbias ]

Waterbirds - “waterbirds”

biased to “female” biased to “ocean” biased to “rock”
Method Waterbirds CelebA Nico++(75) Nico (90) Nico (95)
DOMINO 90.0% 87.0% 24.0% 24.0% 24.0%
FACTS 100.0 % 100.0% 55.0% 60.8% 61.0%
ViG-Bias 100.0% 100.0% 60.0% 66.7% 65.0%
ConceptScope (Ours) 100.0% 100.0% 72.9% 73.1% 74.0%
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ConceptScpe: Ch

ConceptScope Demo 4

Select Dataset

ImageNet

Project page

Concept 1

Concept 2

Concept 3

Id: 19091
Name: Fishing equipment.

Type: target

Id: 29933
Name: Green fish

Type: target

Id: 7961
Name: Fish, seafood.

Type: target

Id: 16024
Name: Fishing equipment

Type: target

Fish, seafood. - 7961

@l tench class has a concept strength ranked #3 among all classes, with an activation

value of 0.516.

High vs Low Group Comparison (Test Split)

High Group

Accuracy: 1.000

Low Group

Accuracy: 0.960

aracterizing dat

All Group

Accuracy: 0.980

Select
tench
ostrich
brambling
goldfinch
house finch
junco
indigo bunting

American robin

Reference Images

Show masked images

Low activating class images from test split

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

aset bias via visual concepts

Green landscapes context
Aquarium fish. context 0.304

Transportation, gatherings, collections.  context 0.868

Code & Demo
https://github.com/jjho-choi/ConceptScope
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