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Distributed SGD
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» Data center
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- Federated learning

» Noisy links: Error-correcting codes

>~ Low-latency: server should decode each client to compute mean

- Can we tame the noise directly?
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Noise + Power constraint
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Wireless distributed optimization
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Main question

Can we design reliable and efficient
training algorithms for wireless
distributed optimization?
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Results

- CIFAR-10, ResNet-18 (11M params), 16 nodes

- WikiText-103, GPT-2 (123M params), 4 nodes
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Final perplexity

GPT language modeling
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Communication cost

Algorithm Data sent per iteration
/-SGD 496 MB  (1x)
SIGNUM I5MB  (33x)

RANDOM-K  99MB  (5x)
SKETCHING  99MB  (5x)

A-DSGD n/a n/a
LASER 3MB  (165%)
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Conclusion

- Leverage channel and gradient structure: LASER

- Future steps: downlink noise, heterogenous nodes
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