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Why does this happen? Good for accuracy
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Negligible loss in performance
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High dataset gender bias 

Models amplify existing gender bias

Reducing bias amplification
~50% reduction in amplification 
Insignificant loss in performance

~70% objects and events have bias amplification

38% (objects) 47% (events) exhibit strong bias  
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Need to model correlation between variables
Model can use that machinery to amplify gender bias



a woman is smiling in a kitchen near a pizza on a stove
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COCO Multi-Label Classification (MLC)
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Related Work

• Implicit Bias 
image search (Kay et al.,  2015)
search advertising (Sweeny, 2013) 
online news (Ross and Carter, 2011)
credit score (Hardt et al., 2016)

•Classifier class imbalance
Barocas and Selbst, 2014; Dwork et al., 2012; 

Feldman et al., 2015; Zliobaite, 2015

word vector (Bolukbasi et al., 2016)
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Training Gender Ratio (     verb)
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Development Set

What does the model predict on unseen data?
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Gender Ratio
Unbiased Male
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Can we remove gender bias amplification and still maintain performance?

Performance Goal:  as good as the original
Fairness Goal:  not more biased than the data it was trained on
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Dataset Model RBA

★ Doesn’t require model retraining
• Reuse model inference through Lagrangian relaxation

• Corpus level constraints on model output (ILP)

★Can be applied to any structured model

Reducing Bias Amplification (RBA)



base model
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CRF Inference

Reducing Bias Amplification (RBA)
Integer Linear Program

s(yi , image) max 
yi

X

i
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Reducing Bias Amplification (RBA)
Integer Linear Program

<= marginTraining Ratio  - Predicted Ratio 8 points
f(y1 … yn)

Lagrangian Relaxation

Sontag et al., 2011; Rush and Collins, 2012; Chang and Collins, 2011; Peng et al., 2015, Chang et al., 2013; Dalvi, 2015

s(yi , image) max 
yi

X

i

constraintsinference



Lagrangian Relaxation

Sontag et al., 2011; Rush and Collins, 2012; Chang and Collins, 2011; Peng et al., 2015, Chang et al., 2013; Dalvi, 201544
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Lagrangian Relaxation

• Lagrange Multiplier (𝝀) Per Constraint • Lagrange Multiplier (𝝀) Per Constraint 
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Lagrangian Relaxation
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Lagrangian Relaxation

• Lagrange Multiplier (𝝀) Per Constraint 
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Violation:  50.5% .024 bias 23.97 acc.w/ RBA
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Gender Bias De-amplification in COCO

COCO Noun Violation:  60.6% .032 bias 45.27 mAP
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w/ RBA Violation:  36.4% .022 bias 45.19 mAP
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w/ RBA Violation:  36.4% .022 bias 45.19 mAP

Performance Goal:  as good as the original
Fairness Goal:  not more biased than the data it was trained on
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Models amplify existing gender bias

Reducing bias amplification
~50% reduction in amplification 
Insignificant loss in performance

~70% objects and events have bias amplification

38% (objects) 47% (events) exhibit strong bias  
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data

model

RBA
Other direct applications? 

i.e. co-ref, racial bias

Do all models amplify equally?
i.e. different objectives

Future Work

Can existing data be made more balanced?
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Questions?
https://github. com/uclanlp/reducingbias 


