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What is Deep Learning good for?

2012 20171989

Digit Recognition Image CaptioningObject Classification

Segmentation

2013 2014 2016

Gameplay AI
Translation

Neural Computers

number of papers per year

Χ

A very active area of research!

23 papers per day!
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How does Deep Learning work?
Canzianiet al. 2017

Number of users 0.8 bn
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Á ImageNet (1k): 180 GB 

Á ImageNet (22k): A few TB

Á Industry: Much larger

Á100-200 layers deep

Á~100M-2B  parameters

Á0.1-8 GiBparameter storage

Á10-22k labels

Ágrowing (e.g., face recognition)

Áweeks to train
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Deep Learning is Supercomputing!
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A brief theory of supervised deep learning
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Stochastic Gradient Descent

convolution 1

convolution 2

Ὢὼ)

Ὢ Ὢὼ

Á Layer storage = ύ Ὢέ ​ύ ​έ

ύᶻ ÁÒÇÍÉÎᴙɴ ͯ꜠ Љύȟὼ

convolution 3

pooling

fully connectedὪὼ

Χ

T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, arXivFeb 2018
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Trends in deep learning: hardware and multi-node

The field is moving fast ςtrying everything imaginable ςsurvey results from 227 papers in the area of parallel deep learning

Hardware used Shared vs. distributed memory

Deep Learning is largely on distributed memory today!

T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, arXivFeb 2018



spcl.inf.ethz.ch

@spcl_eth

7

Trends in distributed deep learning: node count and communication

Deep Learning research is converging to MPI!

The field is moving fast ςtrying everything imaginable ςsurvey results from 227 papers in the area of parallel deep learning

T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, arXivFeb 2018

Communication mode
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9Φ /Ƙŀƴ Ŝǘ ŀƭΦΥ /ƻƭƭŜŎǘƛǾŜ ŎƻƳƳǳƴƛŎŀǘƛƻƴΥ ǘƘŜƻǊȅΣ ǇǊŀŎǘƛŎŜΣ ŀƴŘ ŜȄǇŜǊƛŜƴŎŜΦ //t9Ωлт
¢IΣ 5Φ aƻƻǊΥ 9ƴŜǊƎȅΣ aŜƳƻǊȅΣ ŀƴŘ wǳƴǘƛƳŜ ¢ǊŀŘŜƻŦŦǎ ŦƻǊ LƳǇƭŜƳŜƴǘƛƴƎ /ƻƭƭŜŎǘƛǾŜ /ƻƳƳǳƴƛŎŀǘƛƻƴ hǇŜǊŀǘƛƻƴǎΣ W{CLΩмп
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A primer of relevant parallelism     and communication theory

Χ
Work W = 39 Depth D = 7

Average parallelism = 

Parallel Reductions for Parameter Updates

Tree

Ὕ ςὒÌÏÇὖ
ς‎άὋÌÏÇὖ

Ὕ ὒÌÏÇὖ
‎άὋÌÏÇὖ

Butterfly Pipeline

Ὕ ςὒὖ ρ
ς‎άὋὖ ρȾὖ

Ὕ ςὒÌÏÇςὖ
ς‎άὋὖ ρȾὖ

RedScat+Gat

Small vectors Large vectors

Lower bound: Ὕ ὒÌÏÇὖ ς‎άὋὖ ρȾὖ
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Á Individual operators

Á Network parallelism

Á Optimization algorithm

Á Distributed training

9

Parallelism in Deep Learning

Operators Training

Agent

AgentAgent

Agent

Param. Server

Networks



spcl.inf.ethz.ch

@spcl_eth

Ὢὼ
​ύ
​έ

Ὢὼ
​ύ
​έ

Ὢὼ
​ύ
​έ

Ὢὼ
​ύ
​έ

Ὢὼ
​ύ
​έ

10

Parallelism in the different layer types

4 1 9 8
5 9 9 8
0 7 3 4
2 6 3 1

1 -1 0

0.1 -2 0

3 4 1.1*

21.9 59.3 53.9 43.9

-6.3 16.8 12.3 12

9.6 15.3 25.8 14

0.4 7.1 52.1 53.1

=

21.9 59.3 53.9 43.9

-6.3 16.8 12.3 12

9.6 15.3 25.8 14

0.4 7.1 52.1 53.1

59.3 53.9

15.3 53.1

W is linear and D logarithmic ςlarge average parallelism

T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, arXivFeb 2018
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Example: Options for computing convolutional layers

Direct

ύ ꞈ

ꞈ

ꞈ

=

ύ

FFT
4 1 9 8
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0 7 3 4
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0.1 -2 0

3 4 1.1
*

21.9 59.3 53.9 43.9

-6.3 16.8 12.3 12

9.6 15.3 25.8 14

0.4 7.1 52.1 53.1

=
Winograd

X. Liu et al.: Efficient Sparse-Winograd
/ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǳǊŀƭ bŜǘǿƻǊƪǎΣ L/[wΩмт ²ƻǊƪǎƘƻǇ

S. Chetluret al.: cuDNN: Efficient Primitives for Deep Learning, arXiv2014

Direct

im2col

K. ChellapillaŜǘ ŀƭΦΥ IƛƎƘ tŜǊŦƻǊƳŀƴŎŜ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǳǊŀƭ bŜǘǿƻǊƪǎ ŦƻǊ 5ƻŎǳƳŜƴǘ tǊƻŎŜǎǎƛƴƎΣ LƴǘΩƭ ²ƻǊƪǎƘƻǇ ƻƴ CǊƻƴǘƛŜǊǎ ƛƴ IŀƴŘǿǊƛǘƛƴƎ wŜcognition 2016
aΦ aŀǘƘƛŜǳ Ŝǘ ŀƭΦΥ Cŀǎǘ ¢ǊŀƛƴƛƴƎ ƻŦ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǘǿƻǊƪǎ ǘƘǊƻǳƎƘ CC¢ǎΣ L/[wΩмп
!Φ [ŀǾƛƴ ŀƴŘ {Φ DǊŀȅΥ Cŀǎǘ !ƭƎƻǊƛǘƘƳǎ ŦƻǊ /ƻƴǾƻƭǳǘƛƻƴŀƭ bŜǳǊŀƭ bŜǘǿƻǊƪǎΣ /±twΩмс
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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, arXivFeb 2018
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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?

13Yosuke Oyama, Tal Ben-Nun, TH and Satoshi 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)
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Á Parameters can be distributed across processors

Á Mini-batch has to be copied to all processors

Á Backpropagation requires all-to-all communication every layer

14

Model parallelism ςlimited by network size

Χ 1

3

U.A. Muller and A. GunzingerΥ bŜǳǊŀƭ bŜǘ {ƛƳǳƭŀǘƛƻƴ ƻƴ tŀǊŀƭƭŜƭ /ƻƳǇǳǘŜǊǎΣ L999 LƴǘΩƭ /ƻƴŦΦ ƻƴ bŜǳǊŀƭ bŜǘǿƻǊƪǎ мффп
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Pipeline parallelism ςlimited by network size

Á Layers/parameters can be distributed across processors

Á Sparse communication pattern (only pipeline stages)

Á Mini-batch has to be copied through all processors

G. BlellochŀƴŘ /ΦwΦ wƻǎŜƴōŜǊƎΥ bŜǘǿƻǊƪ [ŜŀǊƴƛƴƎ ƻƴ ǘƘŜ /ƻƴƴŜŎǘƛƻƴ aŀŎƘƛƴŜΣ LW/!LΩут

Χ
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Data parallelism ςlimited by batch-size

Á Simple and efficient solution, easy to implement

Á Duplicate parameters at all processors

Χ
Χ

Χ

X. Zhang et al.: An Efficient Implementation of the Back-propagation Algorithm on the Connection Machine CM-нΣ bLt{Ωуф
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Hybrid parallelism

A. Krizhevsky: One weird trick for parallelizing convolutional neural networks, arXiv2014
J. Dean et al.: Large scale distributed deep networks,NIPSΩмнΦ
T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, arXivFeb 2018

Á Layers/parameters can be distributed across processors

Á Can distribute minibatch

Á Often specific to layer-types (e.g., distribute fc layers but handle conv layers data-parallel)

ÁEnables arbitrary combinations of data, model, and pipeline parallelism ςvery powerful!

Model
Parallelism

Data
Parallelism

Layer (pipeline) Parallelism

Χ
Χ

Χ
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Updating parameters in distributed data parallelism
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Decentral

parameter server (sharded) ύȭόύȟ​ύ

ύ​ύ

Training Agent Training Agent Training Agent Training Agent

Training Agent Training Agent Training Agent Training Agent

collective allreduceof ◌

Ὕ ςὒÌÏÇὖ
ς‎άὋὖ ρȾὖ

Ὕ ςὒςὖ‎άȾίὋ - Collective operations
- Topologies
- Neighborhood collectives
- RMA?

Hierarchical Parameter Server
S. Gupta et al.: Model Accuracy and 

Runtime Tradeoff in Distributed Deep 
Learning: A Systematic
{ǘǳŘȅΦ L/5aΩмс

Adaptive Minibatch Size
S. L. Smith et al.: Don't Decay the 

Learning Rate, Increase the Batch Size, 
arXiv2017
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Á Started with Hogwild! [Niu et al. 2011] ςshared memory, by chance

Á DistBelief[Dean et al. 2012] moved the idea to distributed

Á ¢ǊŀŘŜǎ ƻŦŦ άǎǘŀǘƛǎǘƛŎŀƭ ǇŜǊŦƻǊƳŀƴŎŜέ ŦƻǊ άƘŀǊŘǿŀǊŜ ǇŜǊŦƻǊƳŀƴŎŜέ

19

Parameter (and Model) consistency - centralized 
parameter server (sharded) ύȭόύȟ​ύ

ύ​ύ

Training Agent Training Agent Training Agent Training Agent

Synchronous Stale Synchronous / Bounded 
Asynchronous

Asynchronous

ύ

ύ

Time

Parameter Server

Synchronization

ύ

ύ

Agent 1

Agent m

. . . 

ύύ Χ

Sync.

Time

Parameter Server

Agent 1

Agent m

. . . 
ύύ Χ

ύ ȟ ύ ȟ

ύ ȟύ ȟ ύ ȟ

ύ ȟ

J. Dean et al.: Large scale distributed deep networks,NIPSΩмнΦ
F. Niuet al.: Hogwild: A lock-free approach to parallelizing stochastic gradient descent,NIPSΩммΦ

Max. Staleness

Time

Agent 1

Agent m

. . . 

ύ ȟ

ύ ȟ ύ ȟ

ύ ȟ ύ ȟ ύ ȟ

Parameter Serverύ ύΧ

Sync.

Á Parameter exchange frequency can be controlled, while still 
attaining convergence:
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Á Parameter exchange frequency can be controlled, while still 
attaining convergence:

Á May also consider limited/slower distribution ςgossip [Jinet al. 2016]

20

Synchronous Stale Synchronous / Bounded Asynchronous Asynchronous
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Peter H. JinŜǘ ŀƭΦΣ άIƻǿ ǘƻ ǎŎŀƭŜ ŘƛǎǘǊƛōǳǘŜŘ ŘŜŜǇ ƭŜŀǊƴƛƴƎΚέΣ bLt{ MLSystems2016

Parameter (and Model) consistency - decentralized 
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Parameter consistency in deep learning

Inconsistent

Ensemble
Learning

Synchronous
SGD

Consistent

Stale-Synchronous
SGD

Model
Averaging

(e.g., elastic)

Asynchronous
SGD (HOGWILD!)

ύ ȟ ύ ȟ –​ύ ȟ ‌ύ ȟ ύ
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Elastic
Average

{Φ ½ƘŀƴƎ Ŝǘ ŀƭΦΥ 5ŜŜǇ ƭŜŀǊƴƛƴƎ ǿƛǘƘ 9ƭŀǎǘƛŎ !ǾŜǊŀƎƛƴƎ {D5Σ bLt{Ωмр

Using physical forces between
different versions of ύ:
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Parameter consistency in deep learning

Inconsistent

Ensemble
Learning

Synchronous
SGD

Consistent

Stale-Synchronous
SGD

Model
Averaging

(e.g., elastic)

Asynchronous
SGD (HOGWILD!)

Avg.

0.54
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0.33

0.04

0.02
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T. G. Dietterich: Ensemble Methods in Machine Learning, MCS 2000
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Á Different options how to optimize updates

ÁSend ​ύ, receive ύ

ÁSend FC factors (έ , έ), compute ​ύon parameter server

Broadcast factors to not receive full w

ÁUse lossy compression when sending, accumulate error locally!

Á Quantization

ÁQuantize weight updates and potentially weights

ÁMain trick is stochastic rounding [1] ςexpectation is more accurate

Enables low precision (half, quarter) to become standard

ÁTernGrad- ternary weights [2], 1-ōƛǘ {D5 ώоϐΣ Χ

Á Sparsification

ÁDo not send small weight updates or only send top-k [4]

Accumulate omitted gradients locally

23

Communication optimizations
parameter server (sharded) ύȭόύȟ​ύ

ύ​ύ

Training Agent Training Agent Training Agent Training Agent

ώмϐ {Φ DǳǇǘŀ Ŝǘ ŀƭΦ 5ŜŜǇ [ŜŀǊƴƛƴƎ ǿƛǘƘ [ƛƳƛǘŜŘ bǳƳŜǊƛŎŀƭ tǊŜŎƛǎƛƻƴΣ L/a[Ωмр
[2] F. Li and B. Liu. Ternary Weight Networks, arXiv2016
[3] F. Seideet al. 1-Bit Stochastic Gradient Descent and Application to Data-Parallel Distributed Training of Speech DNNs, In Interspeech2014
[4] C. Renggliet al. SparCML: High-Performance Sparse Communication for Machine Learning, arXiv2018

source: ai.intel.com
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Á Pick the k-largest elements of the vector at each node!

ÁAccumulate the remainder locally (convergence proof, similar to async. SGD with implicit staleness bounds [1])

24

Sparsificationςtop-k Stochastic Gradient Descent

[1] Dan AlistarhΣ ¢IΣ Ŝǘ ŀƭΦΥ ά¢ƘŜ /ƻƴǾŜǊƎŜƴŎŜ ƻŦ SparsifiedDǊŀŘƛŜƴǘ aŜǘƘƻŘǎέΣ bLt{Ωму 
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SparCMLςQuantified sparse allreducefor decentral updates

​ύ ​ύ ​ύ ​ύ

+ +

+ +

C. Renggli, TH et al. SparCML: High-Performance Sparse Communication for Machine Learning, arXiv2018

Microsoft Speech Production Workload Results ς2 weeks Ą 2 days!

Six epochs, 60 million params
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Optimizing parallel deep learning systems is a bit like navigating Tokyo by public transit
--- at first glance impossibly complex but eventually doable with the right guidelines ---
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Deep500: An HPC Deep Learning Benchmark and Competition

500 ways to train DNNs

Á Integrates tensorflow, pytorch, caffee2 into a single benchmarking framework

ÁSeparate definition of benchmark metrics, shared across all levels

Á Lean reference implementations ςsimple to understand and change

ÁOperators (layer computations)

ÁOptimizers (SGD etc.)

ÁDistribution schemes (cf. Horovod)

Similar to reference LINPACK benchmark

Á Supports optimization of components

ÁE.g., no need to reimplement an optimizer to replace gradient compression!

Easily compare to all frameworks!


