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How do we measure bias?



Traditionally: TEST SET

Face Recognition Vendor Test (FRVT) Part 3: Demographic Effects



Traditionally: TEST SET

BIASED
AGAINST 
BLACK
PEOPLE

Gender
Model

FEMALE
MALE

Gender
Model

FEMALE
MALE



FEMALE

MALE

Traditionally: TEST SET DEPENDANT 

FEMALE

MALE

Gender Model

FEMALE

MALE

Gender Model

FEMALE

MALE

Short hair
&

No earrings

MALE

G. Balakrishnan et al., “Towards Causal Benchmarking of Biasin Face Analysis Algorithms”, ECCV 2020



Proposed: IFBiD Inference-Free Bias Detection
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IFBiD: Inference-Free Bias Detection



DigitWdb and GenderWdb

DigitWdb

ColoredMNIST1

1. B. Kim et al., "Learning Not to Learn: Training Deep Neural Networks With Biased Data," CVPR 2019
2. A. Morales et al., “SensitiveNets: Learning Agnostic Representations with Application to Face Images,” IEEE T-PAMI, 2021
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IFBiD: THE DETECTOR
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Results: Bias in Digit Classifier

1st Experiment 2nd Experiment

- 20K training models:
10K very high bias
10K very low bias

- 4K test models:
2k 2k

Classification accuracy obtained:
• Multi-layer perceptron: 96.5 %
• Convolutional Block : 99.7 %

- 40K training models:
10K very high bias
10K high bias
10K low bias
10K very low bias

- 8k test models:
2k 2k 2k 2k

Classification accuracy obtained:
• Multi-layer perceptron: 41.5 %
• Convolutional Block : 71.5 %



Results: Bias in Gender Classifier

3rd Experiment SOTA Comparison

- 30K training models:

• 10K asian biased

• 10K african/indian biased

• 10K caucasian biased

- 6k test models:
6k 6k 6k

Accuracy obtained:

• Multi-layer perceptron: 60.8 %
• Convolutional Block : 83.6 %

Method
Bias Detection Accuracy

Asian African/Indian Caucasian

RBF SVM 71% 30% 26%

InsideBias 23% 86% 3%

IFBiD (ours) 95% 79% 79%

*InsideBias requires no training, we used 60 images for the test.



Limitations and Future Work

This work poses two fundamental challenges: 

• Finding a way to translate our approach (inference-free bias 
detection) to other problems, such as face recognition. 

• Automatically detecting bias covariates.
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