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About this paper
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About this paper

 Published by a team of Google in 33rd NeurIPS conference in 2019

 Cited by 340 as of February 1, 2021

 Let’s have a look at their accomplishments at first and then see what is the 

underlying technique.
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GPipe’s accomplishment:

Image classification with AmoebaNet
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GPipe’s accomplishment:

Machine translation with Transformer
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Behind this success

 Pipeline Parallelism: Divide the model layers into different devices and utilize 

them parallelly.

 Reduce the activation memory requirement so that a Giant Neural 

Network with billions of parameters can be supported.
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(a) Sequential partitioning, (b) Naïve parallelism 

(severely under-utilized)
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(b)



Enhancing throughput with pipeline parallelism
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 A minibatch of size N will be divided into M micro-batches of size N/M 

each.

 To keep consistency, gradients are updated at the end after all micro-

batches are processed.



Reducing activation memory 

requirement

 Instead of keeping information of all layers’ activations in the memory for 

the whole time, a partition keeps only its border layer’s activations and 

recomputes the others during the backpropagation. 

 Instead of keeping activations for a mini-batch, we are keeping activations 

of a micro-batch.

 E.g. Device 1 keeps

activation parameters

of Layer 8 in memory,

recomputes the

parameters of

Layers 9-15
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Device 0

(Layers 0 to 7)

Device 1

(Layers 8 to 15)
Device 2

(Layers 16 to 23)



Maximum model size supported (Naive vs GPipe)
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10  Activation Memory requirement: O(N + L/K * N/M) per partition

 Without partition and micro-batch, it would be O(N * L), i.e. size of minibatch x #layers

 *Note that model parameter memory is not reducing.

 N = size of the minibatch, L= #layers, K= #partitions, M= #microbatches 



Improving the training throughput
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 In the Transformer model, for M=32 (# micro-batch per minibatch), the speed 

up from k=2 to k=8 is 3.5x. The improvement is almost linear. (k= #partitions)

 In AmoebaNet, the improvement is sublinear due to imbalanced computation 

distribution.

 * Training throughputs were not evaluated on Giant networks
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There are some overheads



Summary

 Training time is reduced by parallelism and pipelining to minimize bubble 

time.

 Activation memory requirement is reduced by micro-batching and re-

computing the forward activations.

 GPipe with 8 partitions of Nvidia 8GB GPU each, can support a 

AmoebaNet-D of up to 1.5B parameters.

 Training throughput can be increased by tuning #partitions and #micro-

batches.

 While powerful and giant models can be supported, the overheads are not 

negligible.
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Thank You!

Paper Review: GPipe: Efficient Training of Giant Neural Networks using Pipeline Parallelism, NeurIPS 2019

14

Contact: abdullahal.mamun1@wsu.edu

Read the paper here

mailto:abdullahal.mamun1@wsu.edu
https://openreview.net/pdf?id=SklqmESeIH

