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Current Landscape

A Trade-Off
• First-order optimisers most popular and cheaper
• Second-order optimisers theoretically faster to converge

Observations
• Second-order methods often suffer instability
• K-FAC1 performs surprisingly well
• Heuristics are essential components of second-order optimisers

1Martens and Grosse (2015), “Optimizing Neural Networks with Kronecker-factored Approximate Curvature”

Idea
Could we apply second-order optimisers’ heuristics to first-order methods?
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Heuristics Borrowed from K-FAC

M(θ) = f (θt−1) + (θ − θt−1)
Tgt +

1

2
(θ − θt−1)

T(Ct + –tI)(θ − θt−1)

Adaptive Learning Rate

¸t = argmin
¸

M(θt−1 − ¸dt) =
gTt dt

dTt (Ct + –tI)dt

Adaptive Levenberg-Marquardt Damping2, 3, 4

ȷ =
f (θt)− f (θt−1)

M(θt)−M(θt−1)
; –t+1 =

8><>:
!dec–t if ȷ > 3

4

–t if 1
4 ≤ ȷ ≤

3
4

!inc–t if ȷ < 1
4

2Levenberg (1944), “A Method for the Solution of Certain Non-Linear Problems in Least Squares”
3Marquardt (1963), “An Algorithm for Least-Squares Estimation of Nonlinear Parameters”
4Roweis (1996), Levenberg-Marquardt Optimization
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AdamQLR: First-Order Optimisation with Second-Order Heuristics

Adam5

m0; v0 ← 0
for t = 1; 2; · · · until θ converged do
gt ← ∇θf (θt−1)
mt ← ˛1mt−1 + (1− ˛1)gt
vt ← ˛2vt−1 + (1− ˛2)(gt ⊙ gt)bmt ← mt

1−˛t1bvt ← vt
1−˛t2

dt ← bmt√bvt+›
Perform QLR Heuristics
θt ← θt−1 − ¸tdt

end for
5Kingma and Ba (2015), “Adam: A Method for

Stochastic Optimization”

QLR Heuristics

¸t =
gTt dt

dTt (Ct + –tI)dt

ȷ =
f (θt)− f (θt−1)

Mt(θt)−Mt(θt−1)

–t+1 =

8><>:
!dec–t if ȷ > 3

4

–t if 1
4 ≤ ȷ ≤

3
4

!inc–t if ȷ < 1
4
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Results (AdamQLR Sensitivity Study)
Fashion-MNIST on 784/50/10 MLP
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Results (Optimisation Performance)
SVHN on ResNet-18
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Summary

Contributions
• AdamQLR: a hybrid first- and second-order optimiser
• Task-dependent effect of second-order heuristics
• Partial ablation study of K-FAC
• Robustness to hyperparameters

Open Questions
• Why does relative performance vary so much?
• In what other ways might we combine second-order heuristics with first-order methods?
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