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» Object-label pairs (A;, y;) € RY x R appear naturally in the
world with unknown distribution D.

» Find a vector w € R9 such that for (A;,y;) ~ D we get
ATW ~ Y.

!

» More precisely, we wish to find w solving
min E(4, ,)~D [/OSS(A;TW,)/,')}
w

1. Draw sample pairs (Aj, yi)"_; from D.
2. Take the empirical average
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» AdaSDCA enjoys better rate than the best known rate for
SDCA with importance sampling



Importance Sampling

T> (n n i%’n;l V’) log (%) = E[P(wT) — D(aT)] < e



Experiments

covl dataset, d = 54, n = 581,012
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Experiments

synthetic dataset, d = 100, n = 10,000, 000, sparsity= 0.1
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Thank you for your attention!
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