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A brief theory of supervised deep learning (minibatchSGD)
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A brief theory of supervised deep learning (minibatchSGD)
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TBs of random 
access

100MiB-26GiB and beyond 22k-millions

Deep Learning is Supercomputing!
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Computational Principles

Data
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Minibatch Stochastic Gradient Descent (SGD)
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T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, CSUR 2019
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Á In cuDNNthere are ~16 convolution implementations

Á Performance depends on temporary memory (workspace) size

Á Key idea: segment minibatch into microbatches, reuse 
workspace, use different algorithms

Á How to choose microbatchsizes and algorithms?

7Y. Oyama, T. Ben-Nun, T. Hoefler and S. Matsuoka: µ-cuDNN: Accelerating Deep Learning Frameworks with Micro-Batching, Cluster 2018

Dynamic Programming (Space Reuse)

Integer Linear Programming (Space Sharing)

Microbatching(µ-cuDNN) ςhow to implement layers best in practice?

Fast (up to 4.54x faster on DeepBench)
MicrobatchingStrategy

none (undivided)

powers-of-two only

any (unrestricted)


