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Overview
• Problem: Want to explain decisions made by increasingly 

complex CNNs using labelled attributes. 
• Solution: We propose ELUDE: Explanation via Labelled and 

Unlabelled DEcomposition, a method to decompose 
model’s prediction into linear combination of labelled 
attributes and a few uninterpretable features.

• Given an image classification model  𝐹 = 𝑔 𝜊 𝑓, such that 𝑓
is linear, images 𝑥!, 𝑥", … , 𝑥# labelled with attributes 
𝐴 𝑥$ ∈ 0, 1 % for all 𝑖 = 1, 2, …𝑁. 

• Learn using labelled attributes: 𝑊& to predict 𝐹 as well as 
possible using attributes 𝐴 :
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• Learn remainder of model: low-rank uninterpretable 
features 𝑈(𝑉:
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Main Takeaways (contd.)
Setup
• Model to explain: Resnet18 [1] trained on Places365 [2] at 3 

different  resolutions (indoor vs outdoor, one of 16 
scene categories and one of 365 scenes )

• Dataset with labelled attributes : ADE20k [3] labelled with 
Broden attributes [4]

Labelled attributes insights:  
1. Fraction of the blackbox model explained using labelled 

attributes reduces as the model grows in complexity.

2. Comparison to Interpretable Basis Decomposition[5]. 
• We report 6 most important attributes for 6 random 

scenes for 365-way classification. Attributes with positive 
coefficients are in blue, those with negative coefficients 
are in red.

Learned feature insights:
1. Additional concepts used by the model can be learned 

from the low-rank space. 
• Pictured are images that highly activate certain 

dimensions along with potential labels.

Type of model % Explained
2-way scene classification 95.7
16-way scene classification 46.2

365-way scene classification 28.8

bowling alleys?

outdoor sports fields?

castle-like buildings?

Inputs:
Image 𝑥!, Attributes 𝐴(𝑥!), 

Model output 𝐹(𝑥!), Feature 𝑓(𝑥!);  
i = 1, 2, …𝑁

Learn remaining features as low 
rank space 𝑈"𝑉,  such that

𝑊#
"𝐴(𝑥) + 𝑈"𝑉 "𝑓(𝑥) ≈ 𝐹(𝑥)

Outputs: 𝑊#, 𝑈, 𝑉

Learn linear model 𝑊# to predict model 
output 𝐹(𝑥) from attributes 𝐴(𝑥) with 

L1 penalty for sparsity

1.2 fur + 0.7 paw - 0.6 tree + … 1.1 𝑓! – 0.3 𝑓"
labelled attributes learned features

+

Global explanation example:  
Model predicts cat based on

Image 𝑥

𝑓! 𝑓"

Visualization of 
uninterpretable features

fur:  + 1.2 x (1)

paw:  + 0.7 x (1)

tree:  − 0.6 x (0) 

= 1.9

Presence / absence 
of attributes

References

Advantages of ELUDE.
• Simple method, can quantify fraction of model that can and 

cannot be explained by given attributes.
• Can identify important attributes for each class.
• Small rank implies features left to explain is simpler. 

3. Low-rank space 𝑈 generalizes.
• Split the original 365-way model into 16 models, each 

corresponding to a coarse scene category making fine-
grained prediction. 

• Measure how well 𝑈 trained on 16-way classification 
explains these models. Also measure if a common 𝑈
across these models can be trained. 

[5]

Local explanation example: 
Model predicts cat for image 𝑥 because:

2. ELUDE can significantly reduce the complexity of the 
uninterpretable space.
• A space of rank 8 is sufficient to explain over 75% of the 

model for 16-way scene classification.  


