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Motivation Method

Competitive accuracy whilst 
providing spatially grounded 
and hierarchically ordered 

explanations

Maintains performance similar to 
opaque backbone, while additionally 

allowing for steering

Classification Open Vocabulary Segmentation Steerable Captioning

Performs on par with opaque 
baselines,  while being the only 

method providing patch- or 
pixel-level explanations

Concepts:  ✅ spatially grounded  ✅ fine-grained  ✅ explicit hierarchies  ✅ language-aligned 

Foundation models 
❌ opaque 

✅ applicable to various 
downstream tasks

Concept bottleneck models 
✅ interpretable 

❌ mostly restricted to  
image classification

CFM 
✅ interpretable  

✅ applicable to various 
downstream tasks 

FOR INFORMATICS

The image features a dining table set 
for a birthday celebration. The table 
is adorned with a variety of food 
items, including a cake, a bowl of 
fruit, and a few cups. The cake is 
placed in the center of the table, [...]. 
In addition to the food, there are 
several wine glasses on the table, 
with one on the left side, another on 
the right side, and [...] 

LLM 
(Gemma-2 2B)

The image features a dining table set for a 
party, with a variety of food and drinks on 
display. There are several plates of food, 
including a bowl of fruit, a cup of coffee, 
and a bottle of wine. The table is [...]

The image features a dining table set 
for a birthday celebration, with a cake 
placed in the center. The cake is [...] In 
addition to the cake, there are several 
cups and bowls on the table, [...]
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Open-vocab	Segmentation

Captioning	
The image features a large white sailboat 
sailing on a body of water, possibly the ocean. 
The boat is  ....
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Spatial Grounding Concept Naming User Study

Provides consistent and 
well-grounded concepts Improves embedding-based naming

Discovers 
consistent 

concepts and 
meaningful 

unsupervised 
hierarchies

Interpretable Concepts

Performance Evaluation 

Concept Evaluation

3. Concept Relation
Discovery
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4. Concept Naming Vocabulary T

Roof, Head,
Shell, …Turtle

Match concept vector𝑣 with closest name 𝑡
in CLIP space
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Reconstruction loss

Reconstructed
features
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2. Concept Mapping
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Flatten and accumulate across patches 𝑗 Dictionary vector 𝑑𝑐𝑙

Concept maps for
entire dataset
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Legend
input image 𝑥𝑖 ∈ ℝ 𝑑0
feature map 𝐹𝑖+ ∈ ℝ 𝑛×𝑑
concept map 𝓏i∈ ℝ 𝑛×𝑚
concept act. 𝓏ij ∈ ℝ𝑚𝑚 = #concepts𝑛 = #patches
trained
frozen
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Amazon MTurk 1000 concepts, 
covered with 5 users per concept
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