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Primal: Sample-Based Variance Reduction

 

Algorithm: Drago

Distributionally Robust Optimization Context Convergence Analysis

Ronak Mehta, Jelena Diakonikolas, Zaid Harchaoui
Drago: Primal-Dual Coupled Variance Reduction for Faster DRO

Paper/Code

Theorem.  Drago with block size            reaches 
suboptimality     with global complexity of the order

High-Level: A Bregman-type proximal gradient method with 
stochastic gradient estimates, cyclically updated table of past 
iterates, and primal regularization for reducing variance in the dual.
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First-Order Oracle Evaluations (K)

Current algorithms for DRO either 1) do not converge at all,  
2) converge sublinearly, or 3) converge linearly only with stringent 
conditions on the regularization constants of the problem. 

Contribution: linearly-convergent algorithm with improved 
dependence on the sample size under all parameter regimes.

model parameters (primal variables)

losses on data point ￼i
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DRO is a popular framework for modeling 
distribution shift in the training phase.

• Objective is a nonbilinearly coupled saddle-
point problem with nondecomposable feasible 
set (contains constraint                    ). 

• Dependence on     (sample size) is especially 
important in the “big data” regime; we use a 
carefully selected mini-batch size to improve 
overall runtime to              instead of          . 

• The analysis handles all parameter regimes and 
all common uncertainty sets in a unified way.
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(smooth losses)
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Wall Clock Time (s)

Theoretical 
block size 

outperforms 
baselines on 

DR linear 
regression.

Performance is 
resistant to 

changes in dual 
regularization on 

text classification.
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Dual: Coordinate-Based Variance Reduction

dual regularizationdual variables 

uncertainty set
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