
Attribute Reliability Studies

Visual attributes are a powerful approach for recognition, retrieval, image 
description and scene understanding. For example: 

How to Conduct a Probabilistic Study

Ferrari and 
Zisserman 
NIPS 2007

Binary: 
black/white stripes

Farhadi et al. CVPR 2009

Has: Wheel, 
Helmet, Cloth

White: yes; Brown: no
Stripes: no; Water: yes

Lampert et al. CVPR 2009

More white than
Alex Rodriguez

Parikh and Grauman
ICCV 2011

How do you determine the useable conditions of an attribute classifier?

Benefits
● Defined methodology for generating images with degradation effects
● Controlled degradations can be used to evaluate any attribute classifier
● Differential probabilistic model for accuracy assessment
● Principled algorithm based on statistical extreme value theory
● Requires no ground truth labeling
● Fast and easy to compute
● Significant compression benefits for mobile applications

How Reliable Are Your Visual Attributes?
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JPEG Quality:

Attribute: 
Pointy Nose Reliable

Unreliable

Software & References
● The MugHunt Search Engine: http://mughunt.securics.com
● The Meta-Recognition Library: http://www.metarecognition.com
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Plot the Results
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Weibull 
Fitting F(x; k, λ)

Four Steps
for an Attribute 
Reliability Study
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Example: fit Gaussian to decision 
scores, weakly normalize n = (s-µ)/σ)

Fit Weibull to tail of weakly normalized data, 
e.g. Fit on NOT Asian

Normalize using probability of Asian 
= CDF of NOT Asian Weibull model
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Assume a distribution of decision scores {s1,…,sn}, si ∈ S, from a binary classifier. 
We want a probabilistic indication of correct attribute assignment.

For each score si, we produce a corresponding normalized w-score wi, which is a 
probability score.
To produce a more useful reliability representation, compute the difference 
between the average w-score for original images, and the average w-scores 
across transformation intervals.
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