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Decentralized Learning (DL)

Collaborative learning without a central server 1! ! Stragglers adversely affect convergence
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2 How can we design a DL algorithm that can deal
Asynchronous DL: nodes proceed independently without waiting for others . with communication stragglers?

Our solution: DivShare

o . P Node N; (fast communication)
. Mmain idea: model fragmentation <~ t l G :
| U Train U Train U Train || ..
Full model : : : : : >
ull moade : fl fz f3 f4 Send Time
Send / fragments '
)4 . v
Nodes E Q Node N; (slow communication)
(D (N {7 U= (/7 t ts t ty
| ! Trai i Trai | Trai |
DL (AD-PSGD, Swift ...) DivShare :D ik :D sk D gk .
Time
* Allow slow nodes to contribute some of their model updates
* Sending less model updates to more nodes converges quicker
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Convergence analysis in the paper

A DivShare timeline

Evaluation
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Experiments show that DivShare lowers time-to-accuracy
by up to 3.9x and yields up to 19.4% better test accuracy.

Number of stragglers

DivShare enables robust asynchronous DL, improving
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Straggling factor (fs)

A Performance of DivShare against AD-PSGD
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