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How to decompose a NN: How to train NN in a distributed fashion:



Independent Subnet Training: NN distr. training

Parameter node

Worker 1 Worker 2 Worker P



Independent Subnet Training: NN distr. training

Parameter node

Worker 1 Worker 2 Worker P

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Independent Subnet Training: NN distr. training

Parameter node

Worker 1 Worker 2 Worker P

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Independent Subnet Training: NN distr. training

Parameter node

Worker 1 Worker 2 Worker P

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Independent Subnet Training: NN distr. training

Parameter node

Worker 1 Worker 2 Worker P

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>



Independent Subnet Training: NN distr. training

Parameter node

Worker 1 Worker 2 Worker P

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

· · ·

<latexit sha1_base64="lTWuJznysdWqyGP+caqu3RmX/YU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRS0WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16qX97VK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALDvjzc=</latexit>

Local SGD updates for several iters



Independent Subnet Training: NN distr. training

Parameter node

Worker 1 Worker 2 Worker P

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

· · ·

<latexit sha1_base64="lTWuJznysdWqyGP+caqu3RmX/YU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRS0WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16qX97VK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALDvjzc=</latexit>

Local SGD updates for several iters

One iteration!



Independent Subnet Training: NN distr. training

Parameter node

Worker 1 Worker 2 Worker P

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

xt + indices
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

· · ·

<latexit sha1_base64="lTWuJznysdWqyGP+caqu3RmX/YU=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRS0WPRi8cK9gPaUDabTbt2sxt2J0Ip/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemApu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVpyppUCaU7ITFMcMmayFGwTqoZSULB2uHodua3n5g2XMkHHKcsSMhA8phTglZq9Wik0PTLFa/qzeGuEj8nFcjR6Je/epGiWcIkUkGM6fpeisGEaORUsGmplxmWEjoiA9a1VJKEmWAyv3bqnlklcmOlbUl05+rviQlJjBknoe1MCA7NsjcT//O6GcbXwYTLNEMm6WJRnAkXlTt73Y24ZhTF2BJCNbe3unRINKFoAyrZEPzll1dJ66Lq16qX97VK/SaPowgncArn4MMV1OEOGtAECo/wDK/w5ijnxXl3PhatBSefOYY/cD5/ALDvjzc=</latexit>

Local SGD updates for several iters

One iteration!

Not till end of execution:
Main difference to ensemble methods
[ParallelSGD, Zinkevich et al., 2010]
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•Examples: Sparsely, GShard, Switch, BASE, DTS, Hash, THOR, etc.

•IST: unstructured distributed dropout

•Early exit/local objectives per layer
[Kaya et al., 2019; Zhou et al., 2020; Xin et al., 2020, 2021; Sun et al., 2021]
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•Classical approaches: data parallel, model parallel
[Zinkevich et al., 2010; Stich, 2019; Huang et al. 2019]

•IST: End-to-end approximate model tensor/3D 
parallelism

•More recent approaches: Model tensor parallelism
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Landscape of IST-related papers

[Caldas, Konecny, McMahan, Talwalkar, 2018]

•Idea of splitting the model into smaller ones (as part of MM) - Google

•One concurrent work from a FL perspective (to reduce comm/comp)
[Jiang, Wang, Valls, Ko, Lee, Leung, Tassiulas, 2019]•Several works after IST:

•Helios [Xu, Yu, Xiong and Chen, 2019]

•PVT by Google [Yang, Guliani, Beaufays and Motta, 2021]

•General theory [Zhou, Lan, Venkataramani and Ding, 2022]

•Federated Dropout [Wen, Jean, and Huang, 2022]

•HeteroFL [Diao, Ding, and Tarokh, 2020]

•FjORD [Horvath, Laskaridis, Almeida, Leontiadis, Venieris and Lane, 2021]

Remark: IST is different since each worker receives a different model to aggregate

•Masked NNs [Mohtashami, Jaggi, Stich, 2021]

•Federated Pruning (Google) [Lin et al., 2022]

[More information at  

https://akyrillidis.github.io/ist/]

https://akyrillidis.github.io/ist/%5D


Take home message

•A.. different distributed protocol

•Potential impact on communication, compute requirements

•We need a clearer view of large-scale models with hundreds of workers

•Unifies well existing models with theory
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Where to go from here?

Thank you!


