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min max f(x, y)
XEX vEY

Super useful!

® Constraints: y checks feasibility (e.g. GAN's)

® Robustness: y represents uncertainty (e.g. adversarial training)

Ideal (approximate) solution e-Nash equilibrium

x player is happy y player is happy
Jx,y) < minf(x’,y) + € fx,y) 2 maxf(x,y) — €
x'ed VEY

We assume f is convex-concave —> Nash equilibrium exists
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Our contributions

1. Variance reduction framework GEOMETRY
f()r general (convex-concave) Xf(x, y) MATT E RS

Centered c:::1'> Fast algorithm New runtimes for
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min maxy ' Ax

2. Concrete centered gradient estimators xeX yeY

for fix) = y'Ax
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Bilinear games

minmaxy' Ax, A € R"™"
XEX yeEY

® Simplest case  GEOM

® Local model for smooth zero-sum game

® [mportant by themselves
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t’s all in the gradient estimator

Centered gradient estimator g, ( - )

- g, (0) = V) and E|g, (1) — V)2 < L7]|x — x|

variance distance from
Reference point ~_ VJV
o

reference point
X0 / \

%)

Typical cost:

® Preprocessing (exact gradient computation): 7, . .. ( «x n

exact

® Per stochastic gradient: T, 4, ( & n)

Also using this concept in the Euclidean setting: VR for non-convex optimization (AH 16,
RHSPS 16, FLLZ 18, ZXG 18) & bilinear saddle-point problems (BB™16)
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Centered gradient estimator
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