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Model 
Parameters

Sample 
Weights

Nonbilinearly Coupled 
Saddle Point Problem
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A direct approach: Stochastic Gradient 
Descent (SGD): Estimate gradient of 
objective with a mini-batch of size , 
which is biased unless .

m
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In general, current approaches either: 
1. have global complexity . 
2. are biased and do not converge at all. 
3. only converge under stringent conditions 

on the problem parameters.
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We propose Drago, a stochastic DRO algorithm using: 
1. a delicate combination of randomized and cyclic 

coordinate-wise updates for variance reduction. 
2. mini-batching to achieve an  runtime. 
3. a unified, transparent analysis for all parameter regimes.
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Theoretical Analysis

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

Batch size of  trades off per-iteration complexity and number of iterations.n/d
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We propose Drago, a stochastic DRO algorithm using: 
1. a delicate combination of randomized and cyclic 

coordinate-wise updates for variance reduction. 
2. mini-batching to achieve an  runtime. 
3. a unified, transparent analysis for all parameter regimes.
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Software 
available in 
Python on 
GitHub!
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We propose Drago, a stochastic DRO algorithm using: 
1. a delicate combination of randomized and cyclic 

coordinate-wise updates for variance reduction. 
2. mini-batching to achieve an  runtime. 
3. a unified, transparent analysis for all parameter regimes.

O(n3/2)

Thank you!

Our Approach: Drago


