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Three things you NEED to know to solve large quadratic problems with stochastic gradient descent!

1. Gaussian Process Regression 2. Use Prirrial Dual Objective = arg min L(q)

Data set: X € R™“ y € RV
Define a*(b) = (K + AI)~'b  Kernel function: k, kernel matrix: K € R™"
Posterior mean: k( -, X)a*(y) Likelihood variance: 4 > 0, prior sample: f;

Posterior sample: fy( - ) + k(- , X)a*(y = (f(X) + &) ¢~ H(0,A])
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3. Use Random Feaiar€s Coordinates FC N < " y Y
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synthetic data, d = 8

Large Compute Budget
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No momentum Momentum Momentum _ Momentum
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