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Overview
⓵ Concept Discovery

Automated Concept Discovery and Naming

Concept Bottleneck Model: DN-CBM
Explanations for model decisions

Concept Bottleneck Models

Typical approach: Select concepts, learn mapping

Ours: Discover concepts, then assign names

Model Overall
Worst Groups Training Groups

Landbird 
on Water

Waterbird 
on Land

Landbird 
on Land

Waterbird 
on Water

Before Intervention 82.8 71.3 57.5 98.6 93.3

Only Bird Concepts 89.4 
(+6.6)

86.6 
(+15.3)

71.3 
(+13.8)

96.8 
(-1.8)

91.4 
(-1.9)

Only Background 
Concepts

60.8 
(-22.0)

28.5 
(-42.8)

28.8 
(-28.7)

95.0 
(-3.6)

85.8 
(-7.5)

Model
CLIP ResNet-50 CLIP ViT-B/16

Places365 ImageNet CIFAR10 CIFAR100 Places365 ImageNet CIFAR10 CIFAR100

Linear Probe 53.4 73.3 88.7 70.3 55.1 80.2 96.2 83.1
Zero Shot 38.7 59.6 75.6 41.6 41.2 68.6 91.6 68.7
LF-CBM 49.0 67.5 86.4 65.1 50.6 75.4 94.6 77.4

LaBo - 68.9 87.9 69.1 - 78.9 95.7 81.2
CDM 52.7 72.2 86.5 67.6 52.6 79.3 95.3 80.5
DCLIP 37.9 59.6 - - 40.3 68.0 - -

DN-CBM (Ours) 53.5 72.9 87.6 67.5 55.1 79.5 96.0 82.1

Class-level Explanations Effective Interventions

Consistent and interpretable concepts

Granularity controllable by vocabulary

• Need to query LLMs 
for concepts

pink

Index 7188

smiling

Index 1324

intersection

Index 5099

ImageNet

CIFAR10

CIFAR100

Places365

Bird 
concepts

Non-bird 
concepts

Landbird
sparrow,  
parrot,  
crow

forest, clic

Waterbird  gull, 
ducks

landing, 
beach, 

canoeing

Similar explanations to prior work
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Top concepts

Competitive classification accuracy

Predicted Class: Junkyard Most Strongly Contributing Concepts

corrosion +1.70

car +1.12

toaster +0.83

van +0.63

abandoned +0.57

JunkyardPredicted Class: Junkyard Most Strongly Contributing Concepts

corrosion +1.70

car +1.12

toaster +0.83

van +0.63

abandoned +0.57

Top concepts

Class: Jewelry shop

T
o

p
C

o
n

c
e
p

ts

shelves

golden

altar

boutique

necklace

exhibits

pearls

earrings

swarovski

Class: Junkyard

jeep

demolition

trucking

abandoned

gmc

crashes

bombings

citroen

corrosion

Class: Kasbah

egyptian

navajo

medieval

dubai

malta

verona

ruins

nevada

arabic

Junkyard

CLIP Text 
Encoder

⋮

Cosine 
Similarity 
Mapping

Concept 
Discovery

Concept 
Naming

Unnamed Concepts

What  
concepts  

describe a 
 crosswalk?

Intersection, 
Street, 
Stripes

⓵ Generate task-specific concept embeddings

CLIP Image 
Encoder

⓶ Generate task-specific image embeddings

Colourful, 
Green, …

⓶ Generate generic concept embeddings

Classification task 
Fixed classes 

Images 
Class names 

Task agnostic 
No Fixed classes 
Generic dataset 
Generic vocab

LLM
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⓵ Generate task-agnostic image embeddings

CLIP Image 
Encoder

CLIP Text 
Encoder ⋮

Class: Crevasse

T
o

p
C

o
n

c
e
p

ts

alps

cellar

skiing

cliffs

nhl

buried

backpacking

everest

antarctica

Class: Crosswalk

aix

williamsburg

ny

intersection

highways

bikes

broadway

vail

intersection

Class: Dam

lake

bridge

canoeing

tunnel

quarry

rapids

utilities

bridges

bunker

Crosswalk Landbird 
on Land

Landbird 
on Water

Waterbird 
on Land

Waterbird 
on Water

ornaments √ tree ! christmas tree
Index 7446

branches √ tree ! tree in field
Index 8167

ornaments √ tree ! christmas tree
Index 7446

branches √ tree ! tree in field
Index 8167

References: Concept Bottlenecks (Koh et al., ICML 2020), CLIP (Radford et al., ICML 
2021), Sparse Autoencoders (Bricken et al., Transformer Circuits Thread  2023), LF-
CBM (Oikarinen et al., ICLR 2023), LaBo (Yang et al., CVPR 2023), CDM (Panousis et al., 
ICCVW 2023), DCLIP (Menon et al., ICLR 2023), Waterbirds (Petryk et al., CVPR 2022)

Training 
Groups

Test-only 
(Worst) 
Groups

• Concept bottleneck 
for single task

• No LLM queries 
needed

• Single concept bottleneck 
for multiple datasets

• Identifies concepts 
used by the model

Predicted Class: Tool kit Most Strongly Contributing Concepts

handbag +1.56

implements +1.35

cutlery +1.22

earrings +0.82

pillow +0.67

Predicted Class: Butternut squash Most Strongly Contributing Concepts

vegetables +1.19

apples +1.01

potato +0.85

penguins +0.70

Predicted Class: Bee eater Most Strongly Contributing Concepts

gentoo +3.44

parrot +2.63

sparrow +1.10

crow +0.88

arabidopsis+0.77

Generic 
Vocabulary

Fixed 
classification task 

Task-specific 
concepts

Task-specific 
dataset

Predicted Class: Lawn Most Strongly Contributing Concepts

lawn +0.27

fields +0.53

pasture +0.45

social +0.36

Predicted Class: Kitchen Most Strongly Contributing Concepts

kitchen +1.07

loft +0.89

bathroom +0.47

chef +0.41
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⓶ Concept Naming
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⓵ Generate task-specific concept embeddings

CLIP Image 
Encoder

⓶ Generate task-specific image embeddings

Colourful, 
Green, …

⓶ Generate generic concept embeddings

Classification task 
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Images 
Class names 
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LLM
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⓵ Generate task-agnostic image embeddings

CLIP Image 
Encoder

CLIP Text 
Encoder ⋮
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Raft Ours LF-CBM CDM
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