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Al = Optimization

minimize { f (&) := E¢op [f(256)]}

rcRa
Model parameters The distribution of
we want to find the training dataset

f(z; &) = Loss (Model (x; finput) ,flabel)



Distributed Learning
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A common method in ML is
Stochastic Gradient Descent (SGD)

Stepsize / Learning rate
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How to parallelize SGD
in heterogeneous systems?
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Vii(z;&1) V fa(x; &2) V f3(x;€3)
Compute time =7 Compute time =72 Compute time =73
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Client Compute Heterogeneity is Real

An LSTM-based language model
on nearly 100 million Android phones.

1.0

mean client execution time™
. =
mean round duration

‘| || H“ ‘““"l||||||||||II|||||||IIII|II||I||||..
10?1 102

Client Execution Time (s)

0 . O ........... |I|I|

100

Papaya: Practical, Private, and Scalable Federated Learning
Huba et al. (2022)



Minibatch SGD:
Each worker does one job only




Asynchronous SGD
Remove the synchronization
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The first Asynchronous SGD

“Hogwild!

B Recht, C Re, S Wright, F Niu (2011)
HOGWILD!: A lock-free approach to parallelizing stochastic gradient descent



Updates of Asynchronous SGD
has delayed stochastic gradients
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2 = 2 — 7V f1(2°% &)
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Updates of Asynchronous SGD
has delayed stochastic gradients
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Updates of Asynchronous SGD
has delayed stochastic gradients
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Updates of Asynchronous SGD
has delayed stochastic gradients

k

Delay of worker 7" at iteration k

<k Y.
zhtl — gk _ AV f (xk Ok - £ %)
Uses a gradient from a single worker

Similarity assumption

IVfi(z) = V()] < ¢
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Asynchronous SGD can get wild:
delays can degrade performance




Asynchronous SGD can get wild:
delays can degrade performance

y f(z,y) = 2° + 5y~

Gradient Descent iterations




Asynchronous SGD can get wild:
delays can degrade performance

y f(z,y) = 2° + 5y~

Delay =5




Asynchronous SGD can get wild:
delays can degrade performance

Delay =5




Back to Synchrony: Malenia SGD
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Tyurin and Richtarik (2024)



Malenia SGD with Gradient Table

gy
g [ b

0



Malenia SGD with Gradient Table
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Malenia SGD with Gradient Table
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Malenia SGD with Gradient Table
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Malenia SGD with Gradient Table
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Malenia SGD with Gradient Table

Synchronize and Repeat
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Can we achieve optimal time complexity
with asynchronous methods?
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Yes — Ringleader ASGD can:
Make It Less Wild




Yes — Ringleader ASGD can:
Make It Less Wild

Phase 1 (collect)

Wait to receive at least one
gradient from each worker

Phase 2 (update)
Perform a single update per worker




Ringleader ASGD: Phase 1 (collect)
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Ringleader ASGD: Phase 1 (collect)
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Ringleader ASGD: Phase 1 (collect)
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Ringleader ASGD: Phase 1 (collect)
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Ringleader ASGD: Phase 2 (update)
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Ringleader ASGD: Phase 2 (update)
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Ringleader ASGD: Phase 2 (update)
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Ringleader ASGD: Phase 1 (collect)
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Ringleader ASGD: Phase 1 (collect)
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Ringleader ASGD: Phase 1 (collect)
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Ringleader ASGD: Phase 1 (collect)
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Ringleader ASGD: Phase 2 (update)
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Ringleader ASGD: Phase 2 (update)
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Ringleader ASGD: Phase 2 (update)
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Ringleader ASGD: Phase 2 (update)
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Ringleader ASGD: Phase 2 (update)
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Ringleader ASGD: Phase 2 (update)
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Ringleader ASGD: Prepare for the Next Round
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Move the stored ones
back to the original table

Gi Gy Gi Gy Gs



Ringleader ASGD: Start with Phase 1
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Ringleader ASGD
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Ringleader ASGD

outperforms existing baselines
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