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Conclusion

Conclusions: Second order machine learning

Second order methods

A simple way to go beyond first order methods
Obviously, don’t be näıve about the details

FLAG n’ FLARE

Combine acceleration and adaptivity to get best of both worlds

Can aggressively sub-sample gradient and/or Hessian

Improve running time at each step
Maintain strong second-order convergence

Apply to non-convex problems

Trust region methods and cubic regularization methods
Converge to second order stationary point
Quite promising “preliminary results” in ML/DA applications
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Outline

Machine Learning’s “Inverse” Problem

Your choice:

1st Order Methods: FLAG n’ FLARE, or

disentangle geometry from sequence of iterates

2nd Order Methods: Stochastic Newton-Type Methods

“simple” methods for convex
“more subtle” methods for non-convex
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wt+1 = wt − ηt∆wt

∆wt = gt ∆wt = H−1
t gt

−4 −2 0 2 4

0

2

4

6

8

10
4.0x2

x2

0.1x2



wt+1 = wt − ηt∆wt

∆wt = gt ∆wt = H−1
t gt

f = x2 + 10y2
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Hessian: H ∈ Rd×d
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Loss Landscape Gradient: g ∈ Rd
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g = Diag(H) =



wt+1 = wt − ηtmt/vt,

mt =
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1 gi
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√
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t−i
2 DiDi
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2
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Hessian:
∂2E

∂w2
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g = H =



D = diag(H) = E[z � (Hz)], z ∼ Rademacher(0.5)



Dt

D = diag(H) = E[z � (Hz)], z ∼ Rademacher(0.5)

∂gT z

∂θ
=

∂gT

∂θ
z + gT

∂z

∂θ
=

∂gT

∂θ
z = Hz.



wt+1 = wt − ηtmt/vt,

mt =
(1− β1)
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1 gi
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√
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f(x) = x2 + 0.1x sin(x)



Hessian: H ∈ Rd×dGradient: g ∈ Rd
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