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Abstract.

This project explores adversarial training techniques to develop fairer Deep Neu-
ral Networks (DNNs) to mitigate the inherent bias they are known to exhibit.
DNNs are susceptible to inheriting bias with respect to sensitive attributes such
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Adversarial training

Which method is fairer?

Training Fairness Differences For Each Method, 2d example, r = 0.18 Test Fairness Differences For Each Method, 2d example, r = 0.18

Hiring (synthetic data)

Our research investigates whether implementing robust op-

timization - so that two nearby points are more likely to
be classified similarly - would improve fairness. Robust op- : ; e Y: should be hired or not hired
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All red individuals in the blue region who would be hired
in error are Bs, while all blue individuals in the red region
who would be incorrectly not hired are As.
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Figure 1: Robust optimization

Figure 2: Unfair setup of data
Conclusions

Solving the inner optimization problem

Hiring results

Projected Gradient Descent: We use a first-order method with iterates e Utilizing the trust region subproblem method significantly improves effi-

(k+1) (k) . (k). Non-robust classifier Robust classifier (r=0.18) ciency: computing second-order information using hessQuik outperforms first-
Oy =P|0z " +a VaLl(fo(x +0z).y) order PGD across all perturbation radii on three different data sets.

where P is a projection operator such that the constraint, |4 < r, is satisfied.
Trust Region Subproblem: We use a second-order Taylor approximation of our loss
function and solve

S2(\) = ~(VEL(fo(x),y) + \N[)'VzL(fo(x),y)

where A > 0 is chosen such that the constraint is satisfied.

e Robustness can improve fairness, but potentially at the cost of accuracy.
Fairness improves as the perturbation radius increases but accuracy decreases
in both training and testing data as the radius increases.

e If using robust training with a certain radius improves fairness, it appears to
improve fairness by larger margins compared to random perturbation; solving
the optimization problem well is worthwhile.

Error in trust region subproblem solution
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