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Research Motivation Experiment Results
e The fairness performance of machine learning model experiences performance degradation under e Synthetic Distribution Shift. RFR outperforms several baselines in terms of fairness and
the distribution shifts problem. tradeoff performance across different distribution shift intensities.
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between distribution shift, data perturbation, and model

weight perturbation. The left part demonstrates distribu-

tion shift can be transformed as data perturbation, while
the right part shows that data perturbation and model
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e Statement: For general case, there exists model weight perturbation Af so that the training loss on perturbed Acc Acc Acc
source dataset is the same with that for model weight perturbation A6 on source distribution: Figure: The fairness (DP) and prediction (Acc) trade-off performance on three datasets with different synthetic
Es.x)6, By oms Ifo(X + 6x(X)), Y + 6y (V)] = Erxyrepsll(foras(X),Y)) (2) distribution shifts. The units for x- and y-axis are percentages (%).
e Insight: Chasing a robust model over data perturbation can be achieved via model weight perturbation, i.e.,
finding a “flattened" local minimum in terms of the target objective. o . .
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e Two conditions for robust fairness under distribution shift: (1) Low demographic temporal (Top) and spatial (Bottom) distribu- 2018 o5 {/ 2
parity on source dataset; (2) Low average prediction gap for each demographic group. tion shifts. R VAR
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