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Summary
• We consider the problem of min-max fairness: 

improving the condition of the most disadvantaged 
subgroup.

• Novel framework built upon gradient-boosting that 
supports multiple fairness criteria and multiple 
subgroups.

• Our solution converges and presents positive results in 
experiments with benchmark datasets.
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❌ Disparity based fairness
✅ Gradient-boosting efficiency
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“weight” on each objective



Algorithm
•  

ensemble weak approximation of gradient
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Fairness metrics
•   •  



Experiments
• Benchmark on 4 tabular datasets
– From 1000 samples to 1M
– Sensitive subgroups based in race, gender and age
– 4 or 8 subgroups

• Comparison with 
– Gradient-boosting baseline
– Prior min-max fair algorithms

Check the paper for all results!
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Improved fairness without significant decrease 
in performance



Computing time comparison

Computing time as a ratio of LGBM computing time.

Model German COMPAS ENEM ACSIncome

LGBM 1 1 1 1

FairGBM x0.9 x2.2 x0.6 X1.0

MMPF x27.8 x19.1 x11.4 ---

MinMaxFair x15.6 x42.1 x11.9 x24.0

M²FGB x4.1 x2.4 x1.7 x2.3
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• A large number of boosting rounds might improve 

fairness, but it may also increase overfitting. It is 
important to perform hyperparameter optimization.
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Future works
• Study generalization of groups to end training and avoid 

overfitting.
• Adapt algorithm to other data formats, such as images 

and text.



Summary
• We present M²FGB, a framework based on 

gradient-boosting that optimizes for min-max fairness.
• Our algorithm is capable of working with multiple 

fairness loss functions and multiple groups.
• M²FGB converges and has shown significant 

improvement in efficiency with big datasets.
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