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*Several slides are reused from github.com/yandexdataschool/dlatscale_draft 
and @justheuristic's distributed DL overviews

http://github.com/yandexdataschool/dlatscale_draft
http://github.com/yandexdataschool/dlatscale_draft


Motivation
arxiv.org/abs/2104.04473 

https://arxiv.org/abs/2104.04473
https://arxiv.org/abs/2104.04473


Large problems need large models

Image classification 
ImageNet

Machine translation 
average over WMT

Source: arxiv.org/abs/1811.06965

https://arxiv.org/abs/1811.06965
https://arxiv.org/abs/1811.06965


Scaling Laws for Neural Language Models

Source: arxiv.org/abs/2001.08361 

https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361


Machine Learning supertasks

• Image classification – ImageNet, JFT300M


• Image generation – ImageNet (BigGAN)


• Language models – CommonCrawl, BERT/MLM


• Machine Translation – multilingual translation



Distributed training to the rescue!

• To gather sufficient computational resources, train on multiple computers


• Goal of this talk: a broad overview of practical algorithms in Distributed DL 


• Two main groups of methods:


- Data-parallel training: parallelize SGD over the batch axis


- Model-parallel training: shard the model, run it on several devices
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Data-parallel training (naive)
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All-Reduce data parallel
arxiv.org/abs/1706.02677
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Idea: get rid of the host, each gpu runs its own computation
Q: why will weights be equal after such step?

https://arxiv.org/abs/1706.02677


  

Faster allreduce
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Faster allreduce
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Ring allreduce

GPU1 GPU2

GPU3 GPU4

Ring topology

Bonus quest: you can only send data between adjacent gpus

Image: graphcore ipu server

Answer & more: tinyurl.com/ring-allreduce-blog

https://www.graphcore.ai/
https://tinyurl.com/ring-allreduce-blog


  

All-Reduce data parallel VS reality
arxiv.org/abs/1706.02677
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Each gpu has different processing time & delays
Q: can we improve device utilization?

network delay

https://arxiv.org/abs/1706.02677


  

Asynchronous data-parallel training

HOGWILD! arxiv.org/abs/1106.5730
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https://arxiv.org/abs/1106.5730
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Asynchronous data-parallel training

HOGWILD! arxiv.org/abs/1106.5730
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Q: have we lost anything by going asynchronous?
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Asynchronous data-parallel training

HOGWILD! arxiv.org/abs/1106.5730
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Idea: remove synchronization step alltogether, use parameter server
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Correction for staleness: arxiv.org/abs/1511.05950 & many others
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https://arxiv.org/abs/1106.5730
https://arxiv.org/abs/1511.05950


  

Recap: Parameter Server

HOGWILD! arxiv.org/abs/1106.5730
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Problem: parameter servers need to ingest tons of data over training

https://arxiv.org/abs/1106.5730


Ring All-Reduce

src: andrew.gibiansky.com/blog/machine-learning/baidu-allreduce/
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Ring All-Reduce

src: andrew.gibiansky.com/blog/machine-learning/baidu-allreduce/



Decentralized Training with Gossip
Gossip (communication): https://tinyurl.com/boyd-gossip-2006 

Gossip outperforms All-Reduce: https://tinyurl.com/can-dsgd-outperform

https://tinyurl.com/boyd-gossip-2006
http://tinyurl.com/can-dsgd-outperform
https://tinyurl.com/boyd-gossip-2006
http://tinyurl.com/can-dsgd-outperform


Decentralized Training with Gossip
Source: https://tinyurl.com/can-dsgd-outperform

http://tinyurl.com/can-dsgd-outperform
http://tinyurl.com/can-dsgd-outperform


Stochastic Gradient Push
Source: https://arxiv.org/abs/1811.10792

https://arxiv.org/abs/1811.10792
https://arxiv.org/abs/1811.10792


Stochastic Gradient Push
Source: https://arxiv.org/abs/1811.10792

<to be continued>

https://arxiv.org/abs/1811.10792
https://arxiv.org/abs/1811.10792


Stochastic Gradient Push
Source: https://arxiv.org/abs/1811.10792

<to be continued>

normal GD step

https://arxiv.org/abs/1811.10792
https://arxiv.org/abs/1811.10792


Stochastic Gradient Push
Source: https://arxiv.org/abs/1811.10792

<to be continued>

https://arxiv.org/abs/1811.10792
https://arxiv.org/abs/1811.10792


Stochastic Gradient Push
Source: https://arxiv.org/abs/1811.10792

weighted 
average

https://arxiv.org/abs/1811.10792
https://arxiv.org/abs/1811.10792


Stochastic Gradient Push
Source: https://arxiv.org/abs/1811.10792

SGP vs ImageNet (ResNet50 + SGD w/ momentum)

https://arxiv.org/abs/1811.10792
https://arxiv.org/abs/1811.10792


Stochastic Gradient Push
Source: https://arxiv.org/abs/1811.10792

SGP vs WMT English-German (Transformer, Adam)

https://arxiv.org/abs/1811.10792
https://arxiv.org/abs/1811.10792


Your thoughts?

Communication Efficiency



Quantization  

Image source: https://arxiv.org/pdf/2110.02861.pdf 

https://arxiv.org/abs/1511.04561

https://arxiv.org/pdf/2110.02861.pdf
https://arxiv.org/pdf/2110.02861.pdf
https://arxiv.org/abs/1511.04561
https://arxiv.org/abs/1511.04561


Quantization  
https://arxiv.org/abs/1511.04561

https://arxiv.org/abs/1511.04561
https://arxiv.org/abs/1511.04561


Biased Compression
https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/IS140694.pdf 

https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/IS140694.pdf
https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/IS140694.pdf


Biased Compression
https://arxiv.org/abs/1905.13727

https://arxiv.org/abs/1905.13727
https://arxiv.org/abs/1905.13727


Biased Compression
https://arxiv.org/abs/1905.13727

https://arxiv.org/abs/1905.13727
https://arxiv.org/abs/1905.13727
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〉We propose a new algorithm for decentralized AllReduce-like averaging
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〉We propose a new algorithm for decentralized AllReduce-like averaging

〉Main idea: average in smaller non-overlapping groups
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〉We propose a new algorithm for decentralized AllReduce-like averaging

〉Main idea: average in smaller non-overlapping groups

〉Communication-efficient and fault-tolerant method
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Moshpit Averaging: core idea



Moshpit All-Reduce: core idea
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Moshpit All-Reduce: core idea



Experiments



Experiments

$15-$16 
vast.ai+spot 
 

$21~24 
(p3.24xlarge)



〉The averaging converges exponentially quickly 
 
 
 
 

Analysis TL;DR



〉The averaging converges exponentially quickly 
 
 
 
 

〉For Moshpit SGD — equivalent results to Local SGD

Analysis TL;DR



</Data-parallel>

+ easy to implement

+ can scale to 100s of GPUs


+ can be fault-tolerant

 -  model must fit in 1 GPU


 -  large batches aren’t always good for generalization

Practical considerations:


• Gradient accumulation helps balance the load 
(see arxiv.org/abs/1806.00187)


• Communication can be overlapped with computation

http://arxiv.org/abs/1806.00187
http://arxiv.org/abs/1806.00187


Model-parallel training

Q: What if a model is larger than GPU? 



Model-parallel training

Q: What if a model is larger than GPU? 

model size: O(N) 
throughput: O(1) Q: Can we go faster?



Pipelining

Idea: split data into micro-batches and form a pipeline (right) 

model size: O(n) 
throughput: O(n) – with caveats

GPipe: arxiv.org/abs/1811.06965 – good starting point, not the first paper

https://arxiv.org/abs/1811.06965
https://arxiv.org/abs/1811.06965


Pipelining

Idea: split data into micro-batches and form a pipeline (right) 

model size: O(n) 
throughput: O(n) – with caveats Q: Even faster?

GPipe: arxiv.org/abs/1811.06965 – good starting point, not the first paper

https://arxiv.org/abs/1811.06965
https://arxiv.org/abs/1811.06965


Pipeline-parallel training
PipeDream: arxiv.org/abs/1806.03377

Idea: apply gradients with every microbatch for maximum throughput 

Also neat:


● Automatically partition 
layers to GPUs via dynamic 
programming


● Store k past weight 
versions to reduce 
gradient staleness


● Aims at high latency

https://arxiv.org/abs/1806.03377
https://arxiv.org/abs/1806.03377


Tensor-parallel training

GPU1
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Q: find AllReduce op here



Tensor-parallel training
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WEIGHT 

MATRIX

input all-gather
Multiply by a 
part of matrix

x
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=

Partial 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∑

∑

Scatter  
-reduce

Q: find AllReduce op here

to next 
step ...



</Model-parallel>

+ model larger than GPU 
+ faster for small  

 *    typical size: 2-8 gpus 
 -  model partitioning is tricky 

   tensor parallelism is easier, but requires ultra low latency 
 -  latency is critical, go buy nvlink 

   except for PipeDream 
- often combined with gradient checkpointing 

Tensor parallelism:  Mesh TensorFlow (arxiv.org/abs/1811.02084)

https://arxiv.org/abs/1811.02084
https://arxiv.org/abs/1811.02084


DeepSpeed
Source: microsoft
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Conclusions

• Distributed algorithms are highly important in large scale DL


• Key problems are network-related (latency and bandwidth)


• Efficient algorithms allow scaling to hundreds and thousands of GPUs


• The field is growing rapidly!


