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A direct approach: Stochastic Gradient
Descent (SGD): Estimate gradient of

objective with a mini-batch of size m,
which is biased unless m = n.
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In general, current approaches either:

1. have global complexity O(n?).

2. are biased and do not converge at all.

3. only converge under stringent conditions
on the problem parameters.
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Our Approach: Drago
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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 O(n*?) runtime.
3. a unified, transparent analysis for all parameter regimes.
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Dimension Dependence

Batch size of n/d trades off per-iteration complexity and number of iterations.
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ur Approach: Drago

Using Drago for Distributionally Robust Learning

In this Jupyter notebook, we show how to fit models using Drago (and baselines) to reproduce part of Figure 2 from the manuscript.
Please see README.md for environment setup and other instructions.

from src.utils import get_objective, get_optimizer, get_min_loss
from src.data import load_dataset
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from tgdm import tqdm

L4 5 available in
E ( ) ‘ | ‘ ‘ The two components required are an Objective (representing spectral risk measures or Chi-Squared divergence) and an
. S Optimizer .
(W) T 9 Wijo Python on

. # Load a dataset, one of either: 'yacht', ‘energy', 'concrete', 'kin8m', 'power', 'acsincome', or 'emotion'.
G Itl—l u bl dataset = "yacht"
]

1=

X_train, y_train, X_val, y_val = load_dataset(dataset)

Specify the primal regularization constant with 12_reg and dual regularization constant with shift_cost .

# Build objective.
model_cfg = {

'objective": "cvar", # Options: 'cvar', 'chi2',
Distributionally Robust Optimization T T
"loss": '"squared_error", # Options: 'squared_error', 'binary_cross_entropy', 'multinomial_cross_entropy"'.
n "n_class": None,
"shift_cost": 1.0,
b

. H 2
,g R D 1 train_obj = get_objective(model_cfg, X_train, y_train)
m].n maX q/L fL w V q n w 2 val_obj = get_objective(model_cfg, X_val, y_val)
2 minimum_loss = get_min_loss(model_cfg, X_train, y_train)

Generate the optimizer. The drago_block variant uses n/d as the batch/block size.

# Build optimizer.
seed = 1
optim_cfg = {

We propose Drago, a stochastic DRO algorithm using: s oy TOmR, C ORIy e T Wy i IR
1. a delicate combination of randomized and cyclic >

optimizer = get_optimizer(optim_cfg, train_obj, seed)
coordinate-wise updates for variance reduction.

2. mini-batching to achieve an O(n*?) runtime.
3. a unified, transparent analysis for all parameter regimes.
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