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Send less information to reduce the communication cost

Workers send dense vectors Workers send compressed/sparse vectors

We study this approach
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2. Quantized Gradient Descent 
(QGD)

Alistarh, Dan, Demjan Grubic, Jerry Li, Ryota Tomioka, and Milan Vojnovic. "QSGD: Communication-
efficient SGD via gradient quantization and encoding." In Advances in Neural Information 
Processing Systems, pp. 1709-1720. 2017.
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3 Devices quantize the gradients

4 Server gathers quantized gradients

5 Server updates parameters

stepsize

6 Repeat steps 1 - 5
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3. DIANA
Mishchenko, Konstantin, Eduard Gorbunov, Martin Takáč, and Peter Richtárik. 
"Distributed learning with compressed gradient differences." arXiv preprint 
arXiv:1901.09269 (2019).

Horváth, Samuel, Dmitry Kovalev, Konstantin Mishchenko, Sebastian Stich, and Peter 
Richtárik. "Stochastic distributed learning with gradient quantization and variance 
reduction." arXiv preprint arXiv:1904.05115 (2019).
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https://arxiv.org/pdf/2102.07845.pdf

Simple proofs
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