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parameters of the model
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How to Handle Commmunication Bottleneck?

One of the possible solutions: send less information at communication rounds
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* How to Handle Communication Bottleneck?

One of the possible solutions: send less information at communication rounds

Workers send dense vectors Workers send compressed/sparse vectors
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Unbiased compression (quantization)
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Unbiased compression (quantization)
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Unbiased compression (quantization)
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Unbiased compression (quantization)
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G Server broadcasts the parameters
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G Server broadcasts the parameters

e Devices compute the gradients
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G Server broadcasts the parameters

e Devices compute the gradients
e Devices quantize the gradients
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G Server broadcasts the parameters

e Devices compute the gradients
e Devices quantize the gradients

e Server gathers quantized gradients

e Server updates parameters
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G Server broadcasts the parameters stepsize

e Devices compute the gradients
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e Devices quantize the gradients g;k — xk+1 - xk — =
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e Uniform lower bound:

e Smoothness:

Assumptions
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Complexity Bound for QGD

R Khaled, Ahmed, and Peter Richtarik. "Better theory for SGD in the nonconvex world.” arXiv preprint
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QGD finds such Z that I [HVf(:%) ’2} < g2 after
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Complexity Bound for QGD
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Complexity Bound for QGD
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Complexity Bound for QGD
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Complexity Bound for QGD
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. Complexity Bound for QGD

B Khaled, Ahmed, and Peter Richtéarik. "Better theory for SGD in the nonconvex world." arXiv preprint
AAAAA arXiv:2002.03329 (2020).
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QGD:

DIANA:

g; = Q (Vfi(xk))

g; =\hi|+ Q (Vfi(xk) - hf)

learnable local shifts
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*  Complexity Bounds for DIANA and QGD
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IS It possible to get better rates?
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® Complexity Bound for MARINA
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*  Complexity Bounds for MARINA and DIANA
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In the paper, we also have:

‘ Variance Reduced MARINA (uses stochastic gradients instead of full gradients)

. MARINA with partial participation of clients
‘ Rates under Polyak- Lojasiewicz Condition
‘ Explicit dependencies on smoothness constants, non-uniform sampling

‘ Simple proofs

‘ Numerical experiments with generalized linear models and neural networks

If you have any questions, feel free to write me on my email eduard.gorbunov@phystech.edu
...or just find me at the poster session :-)


mailto:eduard.gorbunov@phystech.edu

	Страница 1
	Страница 2
	Страница 3
	Страница 4
	Страница 5
	Страница 6
	Страница 7
	Страница 8
	Страница 9
	Страница 10
	Страница 11
	Страница 12
	Страница 13
	Страница 14
	Страница 15
	Страница 16
	Страница 17
	Страница 18
	Страница 19
	Страница 20
	Страница 21
	Страница 22
	Страница 23
	Страница 24
	Страница 25
	Страница 26
	Страница 27
	Страница 28
	Страница 29
	Страница 30
	Страница 31
	Страница 32
	Страница 33
	Страница 34
	Страница 35
	Страница 36
	Страница 37
	Страница 38
	Страница 39
	Страница 40
	Страница 41
	Страница 42
	Страница 43
	Страница 44
	Страница 45
	Страница 46
	Страница 47
	Страница 48

