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Some concerns

1. How do we know L?
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Some concerns

1. How do we know L?
2. What if L doesn’t exist?
3. What if we can do better?
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Limitations of existing
methods

Bad guarantees (adaptive line search)
Lack of adaptivity (line search with decreasing )\ ;.)

Provably divergent (Barzilai-Borwein)
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Limitations of existing
methods

Bad guarantees (adaptive line search)
Lack of adaptivity (line search with decreasing )\ ;.)
Provably divergent (Barzilai-Borwein)

Use unknown information (Polyak stepsize)
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Limitations of existing
methods

Bad guarantees (adaptive line search)

Lack of adaptivity (line search with decreasing )\ ;.)
Provably divergent (Barzilai-Borwein)

Use unknown information (Polyak stepsize)

Rely on bounded gradients (Adagrad, Adam, etc.)
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Key ideas

1. Two-step analysis
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1. Two-step analysis
2. Only use convexity



Key ideas

1. Two-step analysis
2. Only use convexity
3. Let the proof give you a method
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Lyapunov function
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Lyapunov function
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Lyapunov function
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Lyapunov function
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Convergence
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(convex f)

Only local smoothness is needed



Convergence

f@) = fa") = (2511 At) -o(4)

(convex f)

Only local smoothness is needed

Converges linearly under
local strong convexity



Experiments

https://github.com/ymalitsky/adaptive_GD
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Experiments: log. reg.
Data

!

1 T
n Zlog(l +exp(—b7;@;33)) | ;HZCH2

1

Regularization




Experiments: log. reg.
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Experiments: log. reg.
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Neural nets, Cifar-10

Batch size = 128
No weight decay

Architectures for Cifar-10 from
https://github.com/kuangliu/pytorch-cifar
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Each epoch is twice more
expensive
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https://github.com/kuangliu/pytorch-cifar

ResNet-18, train loss
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ResNet-18, test acc
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ResNet-18. stepsize
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DenseNet-121, test acc
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More things In the paper

1. Analysis for SGD

2. Discussion of estimating
strong convexity

3. Experiments on matrix
factorization problem

arxiv:1910.09529



