
Identifying Interpretable Subspaces in Image

Representations

@ ICML 2023

Paper review

Kunwoong Kim

2024.1.2.

Department of Statistics, Seoul National University

1



Contents

Introduction

Notations

Method

Conclusion

2



Introduction

Question

• How to provide explainability for a given representation

without label or specific downstream task?

Contribution of this study

• Automatic Feature Explanation using Contrasting Concepts

(FALCON).

• Model-agnostic, does not require densely labeled dataset or

human intervention.

• The final layer self-supervised representations: no label-bias
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Notations

• fθ : A pre-trained backbone encoder which outputs a

representation vector of size r , i.e., fθ(x) = h ∈ Rr is the

representation of x .

• D : A probing dataset consisting of a diverse set of images

with size N.

• S : A large text dataset to extract concepts.

• Our goal: explain ith feature in the representation space of a

pre-trained vision model fθ.

• Ti := {j : hji > α, 1 ≤ j ≤ N} : the set of highly activating

images for feature i , which we first extract from D.
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Method

• We compute the gradient of feature i w.r.t. these images

using GradCAM.

• We crop the images keeping only the maximally activating

portions by thresholding the GradCAM mask.

• Use the set of cropped images (thresholding the GradCAM

mask) and S as the input to a pre-trained vision-language

model (CLIP).

7



Method

8



Method

• Given S of size M, we extract the text embedding matrix

denoted by A ∈ RM×k .

• We compute the image embeddings of the cropped highly

activating images of feature i denoted by B ∈ R|Ti |×k .

• We compute the CLIP confidence matrix

C := BA⊤ ∈ R|Ti |×M .

• Using C , we extract the top 5 captions for each image in Ti .
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Method

• Given a word w , the word confidence for the pth caption in

the qth image is given by Cw
q,p if the word exists in the

caption, otherwise 0.

• We get the maximum value of Cw
q,p for each image q : the

Word Score:

Word Scorew :=
1

|Ti |

|Ti |∑
q=1

max
p

Cw
q,p. (1)
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Method

• We should avoid common but not necessarily relevant to the

feature.

• FALCON overcomes this issue by discovering images in D that

share all other concepts with the highly activating images of

feature i , except for the actual concepts that feature i

encodes.

• Those images are lowly activating counterfactual images, and

we discard those spurious concepts.

• Mathematically defined as:

Li := {j : hji < ϵ, hj ,Vi
· hµ ≥ β, 0 ≤ j ≤ N} (2)

where Vi := {j : 0 ≤ j ≤ r , j ̸= i} is the set of feature indices

without the index i and hµ := meanTi (hTi ,Vi
) ∈ R|Vi | is the

mean representation of the highly activating images ignoring

the ith feature. 12
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Method

• One can consider group of features, not an individual feature.
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Method

• FALCON can also explain the failure of a classification model.

• The most contributing features for a image xj with prediction

yj is given by argmax (hj ◦ Uyj ) where U ∈ Ro×r is the linear

head weight matrix with o many number of classes.

15



Contents

Introduction

Notations

Method

Conclusion

16



Conclusion

• FALCON is an automatic framework to explain individual

neurons in vision models.

• These explanations can be utilized for classification tasks as

well as non-classification tasks like object detection and

segmentation.

• FALCON utilizes three components:

1. A probe image dataset

2. A large text vocabulary

3. An off-the-shelf pre-trained vision-language encoder
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