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Overview

=  What is deep learning?
= Some deep neural networks

= Parallelizing and distributing training

= Communication for training

= Applications
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Some General References

Russell & Norvig, Artificial Intelligence: A Modern Approach

= Goodfellow, Bengio, & Courville, Deep Learning
» Freely available online: http://www.deeplearningbook.org/

= Ben-Nun & Hoefler, Demystifying Parallel and Distributed Deep Learning
= https://arxiv.org/abs/1802.09941

= Many slides adapted from Tal Ben-Nun, Torsten Hoefler, Svetlana Lazebnik, and prior talks


http://www.deeplearningbook.org/
https://arxiv.org/abs/1802.09941
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What is Deep Learning good for?
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Obiject Classification
Image Captioning
GANs

What is Deep Learning good for?

Digit Recognition
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Obiject Classification
Segmentation
Image Captioning
GANs
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Obiject Classification
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What is Deep Learning good for?

Digit Recognition Object Classification
Segmentation
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Obiject Classification
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Image Captioning
GANs
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What is Deep Learning good for?

Digit Recognition Obiject Classification Gameplay Al Neural Computers  Language Models Towards
Segmentation Translation Real Physics
Image Captioning RTS

1989 2012 2013 2014 2016 2017 2018 2019
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A very active area of research!

Subject | 2009 | 2010 | 2011 | 2012 | 2013 | 2014 | 2015 | 2016 |2017 | 2018 | 2019
cs.Al 479 789 1938 2820 4263 4371
cs.CV 286 385 3631 5704 8599 10353

cs.LG 333 469 3564 5225 10472 17267
stat.ML 256 439 2628 4021 8376 11551
Total 1354 2082 11761 17770 31710 43542




S ASIPCL ' ) v onien  ETHzlrich

—o— Papers
—— Moore's Law

2]
L
[0
o
®
o
=
X
i
®
—
=

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Subject | 2009 | 2010 | 2011 | 2012 | 2013 | 2014 | 2015 | 2016 | 2017 (2018 | 2019
cs.Al 479 789
cs.CV 286 385

cs.LG 333 469
stat.ML 256 439
Total 1354 2082
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Classes of Al Problems

Deep learning Example:
Shallow
Example: autoencoders
MLPs

Example: Example:
Logistic Knowledge
regression bases

Representation learning

Machine learning
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Classes of Al Problems

A

“Unsupervised representation learning”

Example:
Shallow
autoencoders

Deep learning

Example: Example:

Example:

MLPs Knowledge

Logistic

regression bases

Representation learning

Machine learning
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Classes of Al Problems

= Supervised learning
= Learn mapping from labeled inputs

argmingese Eyyplf(f(x),y)]

A
“Unsupervised representation learning” = Unsupervised learning

= |earn patterns in inputs
argminges; Eyp|€(f(x))]

Deep learning Example:
Shallow

autoencoders

Example: Example:

Example:

MLPs Knowledge

Logistic

regression bases

= Reinforcement learning

= Learn policy to maximize reward
argmaxqesr Eo~qlR(m, 0)]

Representation learning

Machine learning

= Many others...
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Classes of Al Problems

= Supervised learning
= Learn mapping from labeled inputs
argmingesy Eyyplf(f (%), ¥)]

A

“Unsupervised representation learning” = Unsupervised learning

Deep

= |earn patterns in inputs
argminges; Eyp|€(f ()]

Example:
Shallow
autoencoders

Deep learning

Example: Example:

Example:

MLPs Knowledge

Logistic

regression bases

= Reinforcement learning

= Learn policy to maximize reward
argmaxqesr Eo~q[R(m, 0)]

Representation learning

Machine learning

= Many others...
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A brief theory of supervised deep learning (mini-batch SGD)
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A brief theory of supervised deep learning (mini-batch SGD)
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A brief theory of supervised deep learning (mini-batch SGD)
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A brief theory of supervised deep learning (mini-batch SGD)
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A brief theory of supervised deep learning (mini-batch SGD)
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A brief theory of supervised deep learning (mini-batch SGD)
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A brief theory of supervised deep learning (mini-batch SGD)
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A brief theory of supervised deep learning (mini-batch SGD)
f(x)
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A brief theory of supervised deep learning (mini-batch SGD)
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A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)
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A brief digression on backpropagation
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A brief digression on backpropagation
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A brief digression on backpropagation
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A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)
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A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)
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A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)

£G)
: e A d
5 g 1 g 0 adgng diingglggiiell v Alrplane
a pugnig 0ag Hiianlgrdll we we Horse Horse
T MM g

ﬁﬂ’”*’f Truck Truck

- I
&
El
¢
]
2
A1
L]

layer-wise parameter update

(backpropagation) o (i

Lee(W,2) = = ) 1), - log s

Zk ef(k

0
®)
>
<
E
c
=
®)
>
=

C UOIIN|OAUOD
€ UOIIN|OAUOD
pa123auuod Ajjnj

151



spcl.inf.ethz.ch oo o
v oo IETHZUrich

A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)
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A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)
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A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)
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A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)
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A brief digression on backpropagation
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A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)
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A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)
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A brief digression on backpropagation

= ”Backward propagation of errors” (Rumelhart, Hinton, & Williams 1986)
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Stochastic Gradient Descent w* = argmin,, cga Ex p[£(w, x)]
1: fort =0to T do > Stopping condition f 1 (x)
2: x < Random element from X > Sample dataset

3 01 < fi(x) .

4 for i =2 to layers do > Forward evaluation of £ f 2 ( f 1 (x))
=k 0; < fi(0i-1)

6 end for .

7 for i =layers—1to 1 do > Compute gradient of ¢ via backpropagation
8: Vo, « g—(fi(oi_l, 0i, V0i11) > Gradient w.r.t. data

9: ngt) — %(01_1, 0;, V0i:1) > Gradient w.r.t. layer parameters
10: end for l
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* ImageNet 1k: 150 GB e >100 layers deep
* ImageNet 22k: ~2 TB e ~25M —->10B parameters
* Industry: Much larger * 0.1-40 GiB storage
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* ImageNet 1k: 150 GB e >100 layers deep e 10-22k labels
* ImageNet 22k: ~2 TB * ~25M —->10B parameters * Growing
* Industry: Much larger * 0.1-40 GiB storage * Weeks to train
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Trends in deep learning: hardware and multi-node

T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, CSUR 2019
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Trends in deep learning: hardware and multi-node

The field is moving fast — trying everything imaginable — survey results from 252 papers in the area of parallel deep learning
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Trends in deep learning: hardware and multi-node

The field is moving fast — trying everything imaginable — survey results from 252 papers in the area of parallel deep learning
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Trends in distributed deep learning: node count and communication

The field is moving fast — trying everything imaginable — survey results from 252 papers in the area of parallel deep learning

T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, CSUR 2019
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Trends in distributed deep learning: node count and communication

The field is moving fast — trying everything imaginable — survey results from 252 papers in the area of parallel deep learning
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Trends in distributed deep learning: node count and communication

The field is moving fast — trying everything imaginable — survey results from 252 papers in the area of parallel deep learning
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Deep Learning research is converging to MPI!

T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, CSUR 2019



PASICL e P v oo ETHzUrich

Trends in distributed deep learning: node count and communication

The field is moving fast — trying everything imaginable — survey results from 252 papers in the area of parallel deep learning

—e— Median 25th/75th Percentile ---- Min/Max s MPI MapReduce Sockets
Spark B RPC
| -
10000 Titan Supercomputer/,7 181
] \\R D. B I. f / ﬂ 16 - . .
» 1 B, IstBelie y £ Communication mode
()] z 4
T 1000 - N Project Adam / g 14 [
o ] ) / =
4 ] 312-
= ]
(] 1 I.I>j 10 -
o 100 -
Q ] o 81
£ ] T
S ] S 6
Z | o
10-5 & 4
| o .
L | | | | | L mm [l =
Pre- 2013 2014 2015 2016 2017- Pre- 2013 2014 2015 2016 2017-
2013 Present 2013 Present

Year Year

Deep Learning research is converging to MPI!

T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, CSUR 2019



PASICL e P v oo ETHzUrich

Trends in distributed deep learning: node count and communication

The field is moving fast — trying everything imaginable — survey results from 252 papers in the area of parallel deep learning

—e— Median 25th/75th Percentile ---- Min/Max s MPI MapReduce Sockets
Spark B RPC
| -
10000 Titan Supercomputer/,7 181
] \\R D. B I. f / ﬂ 16 - . .
» 1 B, IstBelie y £ Communication mode
()] z 4
T 1000 - N Project Adam / g 14 [
o ] ) / =
4 ] 312-
= ]
(] 1 I.I>j 10 -
o 100 -
Q ] o 81
£ ] T
S ] S 6
Z | o
10-5 & 4
| o .
L | | | | | L mm [l =
Pre- 2013 2014 2015 2016 2017- Pre- 2013 2014 2015 2016 2017-
2013 Present 2013 Present

Year Year

Deep Learning research is converging to MPI!

T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, CSUR 2019



SR ‘ e v escien  ETHziirich

Minibatch Stochastic Gradient Descent (SGD)
Goain nSE e Tl R ey G [ o [

: E"Q‘muﬁn%m aE“nﬁ%%“E?é“sES“Bél
06 - . : BB IR OEEO e AN ) g 3l Dog 0.28 Dog 0.00
ENTO A GLASHENCANE NS MEn - E ) R E |
B DlS o OlaHos B EeD  LNGE - aEE 25 6 i | | Eiq00 ) 0.07 ) 0.00
e A o0 ST 2 o O g Bdgagglggliiisi Aiptane Airplane
VELESHOAMATE 2  De: > TIBHDEDI0 ol e il 4 i Hg84 11484 0.04 0.00
saseommmpcn: snadiel SCRRecnctim Higgpdgad®t” 5§ wg . - . -
B annds. EadoOeQaRo@R T B2 £ e o 1 ﬂﬂ 18 {I B id ﬂ 14 i] i 14 ﬂ.g X | - || R orse 0.03 orse 0.00
TROROACIESNY - HCE  BRSc- 008 BT < 2 nat ﬂ Rl R i H i I] i
LEEE P e SRS GET  ERSEE 0 QR s AnDE . i I]m aail- Bicvcle Bicvcle
b= W = e de Bete o B P11V Rl = JEYBTSY AT s oo teg =i m ﬂ m ﬂ m ﬂ | Y 0.02 Y 0.00
HEBe =ch 2ms./ME EREG ) Hal NESEaE -
FE e ePHE W QL D @LHR-ALG 2 5D aE E EEE
OEny DEChfS 28 - 0ar S2Ee  REOAMEOL = | Truck 0.02 Truck 0.00
RN DA CARCENNEFSEES e PEE @ !
e N e mlﬂ&-ﬁnﬁan.‘l--—xl —
Ll =0S SR 00 ORIENSEE S B2 BTN L 2R
AFEYEEEPDLSAT TR ARBEFAGL S RATETE | < an
EONESE B@CHERCEPRNE s cNRER IS TELS ¢ JmE!
1: fort =0to T do > Stopping condition
2 x < Random element from X > Sample dataset
3 0; «— fi(x)
4: for i = 2 to layers do > Forward evaluation of £
5 0i — fi(0i-1)
6 end for
7 for i =layers—1to 1 do > Compute gradient of £ via backpropagation
8 Vo; « ﬂ(ol— 1,0i, V0is1) > Gradient w.r.t. data
t .
9: Vw( ) —(ol 1,0;. V0i41) > Gradient w.r.t. layer parameters
10: end for
11: wl D ) gy (V) @) ) > Update weights with function u
12: end for

T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, CSUR 2019
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Minibatch Stochastic Gradient Descent (SGD)
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Ingredients of a neural network: Operators

= Fully-connected layers (multi-layer perceptrons)

= Convolution

= Many other moving parts:
= Pooling
= Batch normalization [loffe & Szegedy 2015]
= RelU activations [Glorot, Bordes, & Bengion 2011]
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Fully-connected layers
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Fully-connected layers

Perceptron [Rosenblatt 1958]
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Fully-connected layers

Perceptron [Rosenblatt 1958]

y=wx-+b>b

Learned weights and bias
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Perceptron [Rosenblatt 1958]
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Fully-connected layers

Perceptron [Rosenblatt 1958] Exclusive OR
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Learned weights and bias
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Fully-connected layers

Perceptron [Rosenblatt 1958] Exclusive OR
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\

Learned weights and bias Not linearly seperable!
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Fully-connected layers

Perceptron [Rosenblatt 1958] Exclusive OR
| |
1 1 0 -
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O
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OF o 1 -
] ]
0 1
T
Depth
y—Wx+b\ y = o(Wx + b)

Learned weights and bias Not linearly seperable!
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Fully-connected layers

Perceptron [Rosenblatt 1958] Exclusive OR
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. Depth
y—Wx+\ y = o(Wx + b)

Learned weights and bias Not linearly seperable! Universal!
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Convolution
Inputs Filters Feature maps (activations)
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A short history of (old) CNNs

LeNet-5 [LeCun, Bottou, Bengio, & Haffner 1998]

C3:f. maps 16@10x10
C1: feature maps S4:f. maps 16@5x5

INPUT

6@28x28

Sax32 S2: f. maps C5: layer " TP
6@14x14 r 120 stz; layer ?g uT

Fullconrl-ection | Gaussian connections
Convolutions Subsampling Convolutions Subsampling Full connection

e Average pooling

* Sigmoid/tanh nonlinearites

e Fully-connected layers at end

* Trained on MNIST (60k samples)
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AlexNet [Krizhevsky, Sutskever, & Hinton 2012]

Max
pooling

spcl.inf.ethz.ch
L 4 @spcl_eth

k- 3 K (R s y
:".\.;.1.:-“ .I_-:_::E;fr . 3 A __,.:;"'
A N | HAY
e 192 192 128 2048 2048 \dense
21 123 P -".r: :-._\_ ._:1_- —
L Y 13 13
= '; Il. oy ﬁ':' - B
3| i A\
] - 13 s -+ > >
57 -t DRSS 13 dense | [(dense
Ell i 1000
192 192 128 Max L]
: 2048
128 Max pooling “ 2048
pooling
[ ]

Max pooling

ReLU nonlinearities
Deeper, bigger model

Dropout

Trained on ImageNet (1.2M images)

GPU implementation (2 GPUs for a week)

ETH-zurich
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A short history of (old) CNNs

AlexNet [Krizhevsky, Sutskever, & Hinton 2012]

J05! dense

.

looo

* Deeper, bigger model

* Dropout

* Trained on ImageNet (1.2M images)
 GPU implementation (2 GPUs for a week)
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A short history of (old) CNNs

GoogleNet (AKA Inception) [Szegedy et al. 2015]
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A short history of (old) CNNs

GoogleNet (AKA Inception) [Szegedy et al. 2015]

Corre Corre ManPod Bomr
PERERTETN REVERTSN ETETRE.) Sab+ M)
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MaxPool
3x3+2(S)
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GoogleNet (AKA Inception) [Szegedy et al. 2015]
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GoogleNet (AKA Inception) [Szegedy et al. 2015]
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DepthConcat

Conv Conv Conv Conv
1x1+1(S) 3x3+1(S) 5x5+1(S) 1x1+1(S)

Conv Conv MaxPool
1x1+1(S) 1x1+1(S) 3x3+1(S)

MaxPool
3x3+2(S)

GoogleNet (AKA Inception) [Szegedy et al. 2015]
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A short history of (old) CNNs

GoogleNet (AKA Inception) [Szegedy et al. 2015]

(SIT+IXT

(S)T+1XT
(S)IT+EXE

(S)z+EXE
|[o0dXe
jeouonyidaq

LA +5x5 S I+E S+t [ SH+Ee
W s e

(S)T+1TXT
(S)T+GXS

(S)T+EXE

(SIT+TIXT

Inception module
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ResNets [He, Zhang, Ren, & Sun, 2016]
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GPT-2 (transformers)

= Sequence-to-sequence models (like RNNs but with more parallelism)
= Revolutionizing NLP like AlexNet &co. did for computer vision
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GPT-2 (transformers)
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Stacked N times
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(From Tensor2Tensor intro notebook)

G PT'Z (t ran SfO rme rS) Scaled Dot-product Attention Layer: [ 54| Attention: [ input - Input ¢
Prompt (human-written): he_ -

Recycling is good for the world.
NO! YOU COULD NOT BE MORE WRONG!!

Decoder (w/o enco

roSs__
e

. GPT-2-xlarge generated text:
Recycling is NOT good for the world. It is bad for the environment, it is bad for our health, and it is bad re’et
for our economy. I’'m not kidding. Recycling is not good for the environment. It is destructive to the earth /Sy
. and it is @ major contributor to global warming. Recycling is not good for our health. It contributes to
obesity and diseases like heart disease and cancer. Recycling is bad for our economy. It increases the
. cost of a product, and in turn, the price of everything that is made with that product. Recycling is not
good for our nation. We pay a tremendous price for the privilege of having the world’s most advanced
and efficient recycling system. Recycling is a huge, colossal waste of time, energy, money, and resources.
And THAT is why we need to get back to basics and get back to basics in our recycling efforts. One of the
best ways to start is to look at the process of creating a paper product. When you make a paper product,
it is basically a long chain of materials. Everything from the raw materials (wood, cardboard, paper, etc.),
i to the reagents (dyes, solvents, etc.) to the printing equipment (chemicals, glue, paper, ink, etc.), to the
packaging, to the packaging materials (mercury, chemicals, etc.) to the processing equipment (heating,
cooling, etc.), to the packaging materials, to the packaging materials that are shipped overseas and to
the packaging materials that are used in the United States. Each step along the way creates tons of
waste that we constantly have to clean up. The process of making a paper product is a very wasteful
one. But the end result is something that all of us need to consume. And if we want to keep the recycling
process running efficiently, then we really need to think about each and every step that goes into
making a paper product.

as_

re

Stacked N times
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Operator implementations: fully-connected layers

Y =0c(WX +b)
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Operator implementations: fully-connected layers

Y =0c(WX + D)

= Dominated by matrix-matrix multiplication
= Standard tricks: vectorize, tile, fusion, ...

= BLAS3 GEMM
= cuBLAS, MKL, ...
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Operator implementations: fully-connected layers

Y =0c(WX + D)

Dominated by matrix-matrix multiplication
= Standard tricks: vectorize, tile, fusion, ...

BLAS3 GEMM

CuBLAS, MKL, ...

Performance is not consistent!

[Oyama et al.]

spcl.inf.ethz.ch

L 4 @spcl_eth

ETH-zurich

300



SR ‘ e v escien  ETHziirich

Operator implementations: convolution

cC-1 O 0,
Yk,f,i,j — Z Z z Xk,c,i+a,j+be,c,a+0,b+0

c=0a=-0b=-0

[Chellapilla et al. 2006; Mathieu et al. 2014; Lavin & Gray 2016; Liu et al. 2017]
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Operator implementations: convolution

cC-1 O 0,
Yk,f,i,j — Z Z z Xk,c,i+a,j+be,c,a+0,b+0

c=0a=-0b=-0

Direct Indirect

[Chellapilla et al. 2006; Mathieu et al. 2014; Lavin & Gray 2016; Liu et al. 2017]



spcl.inf.ethz.ch oo o
v oo IETHZUrich

Operator implementations: convolution

cC-1 O 0,
Yk,f,i,j — Z Z z Xk,c,i+a,j+be,c,a+0,b+0

c=0a=-0b=-0

Direct Indirect
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[Chellapilla et al. 2006; Mathieu et al. 2014; Lavin & Gray 2016; Liu et al. 2017]
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[Chellapilla et al. 2006; Mathieu et al. 2014; Lavin & Gray 2016; Liu et al. 2017]
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Operator implementation5° convolution
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c=0a=-0b=-0

Direct Indirect
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[Chellapilla et al. 2006; Mathieu et al. 2014; Lavin & Gray 2016; Liu et al. 2017]
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Microbatching (1-cuDNN) — how to implement layers best in practice?

[Oyama et al. 2018]
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Microbatching (u-cuDNN) — how to implement layers best in practice?

= |n cuDNN there are ~16 convolution implementations
= Performance depends on temporary memory (workspace) size

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

= How to choose microbatch sizes and algorithms?

( \
4 )
\_ J

[Oyama et al. 2018]
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Microbatching (u-cuDNN) — how to implement layers best in practice?
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workspace, use different algorithms 5 407 &\m@
. . . | o‘/|]]]IIIIIIIIIIII]
= How to choose microbatch sizes and algorithms? 20 ﬁ
O | e _..-| |
( ) | | | | | I
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Time
\ J ; ; >
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f N = 128N = 128|N = 256|N = 256|N = 64

\_ J

[Oyama et al. 2018]
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Microbatching (u-cuDNN) — how to implement layers best in practice?
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Microbatching (u-cuDNN) — how to implement layers best in practice?

= |n cuDNN there are ~16 convolution implementations
= Performance depends on temporary memory (workspace) size

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

= How to choose microbatch sizes and algorithms?

4 )
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Tk € {0,1} (Vk € K,Vc € Ck)

\Integer Linear Programming (Space Sharing) )

[Oyama et al. 2018]

120 —

100 —

80

60 —

40

Workspace [MiB]

20

0 —

F
/.

OpEEOO

IMPLICIT_GEMM
IMPLICIT_PRECOMP_GEMM
GEMM

FFT

FFT_TILING
WINOGRAD_NONFUSED

cuDNN

p~-CuDNN

[ I
2 4

R 111
| I |
6 8 10

Time [ms]

Time

Using GEMM-based convolution

AN\

conv1
N = 256

N relul | poolt | conv2
N = 256|N = 256] N = 256

Using FFT-based convolution |’ / .

/! -

! AN\

Vi -

convi | convi
N = 128|N = 128

relut
N = 256

pool1 |conv2
N = 256|N = ¢4




a7 o) = B

spcl.inf.ethz.ch oo o
v oo IETHZUrich

Microbatching (u-cuDNN) — how to implement layers best in practice?

= |n cuDNN there are ~16 convolution implementations
= Performance depends on temporary memory (workspace) size

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

= How to choose microbatch sizes and algorithms?

4 )
— : TIJ« (b)a
T(b) = min { ming 9. p1 T(V) +T(b—V) }
. Dynamic Programming (Space Reuse)
4 min T = Z Z Ty (c)xk,e )
keEK ceCy
subject to Z Z My(c)xp < M
keEK ceCly

Y zhe=1(VkeK)

ceCly
Tk € {0,1} (Vk € K,Vc € Ck)

\Integer Linear Programming (Space Sharing) )

[Oyama et al. 2018]

120 —

100 —

80

60 —

40

Workspace [MiB]

20

0 —

F
/.

OpEEOO

IMPLICIT_GEMM
IMPLICIT_PRECOMP_GEMM
GEMM

FFT

FFT_TILING
WINOGRAD_NONFUSED

cuDNN

p~-CuDNN

[ I
2 4

R 111
| I |
6 8 10

Time [ms]

Time

Using GEMM-based convolution

AN\

conv1
N = 256

N relul | poolt | conv2
N = 256|N = 256] N = 256

Using FFT-based convolution |’ / .

/! -

! AN\

Vi -

convi | convi
N = 128|N = 128

relut
N = 256

pool1 |conv2
N = 256|N = ¢4




SR ‘ e v escien  ETHziirich

Microbatching (1-cuDNN) — how to implement layers best in practice?

[Oyama et al. 2018]
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Microbatching (1-cuDNN) — how to implement layers best in practice?

Fast (up to 4.54x faster on DeepBench)
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Microbatching (1-cuDNN) — how to implement layers best in practice?
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Fast (up to 4.54x faster on DeepBench)
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none (undivided) u

powers-of-two only P

@ IMPLICIT PRECOMP_GEMM
B FFT_TILING
B WINOGRAD NONFUSED

! | | | | | |
0 1 2 3 4 S 6 7

Time [ms]

[Oyama et al. 2018] 327



spcl.inf.ethz.ch oo o
v oo IETHZUrich

Microbatching (1-cuDNN) — how to implement layers best in practice?

Fast (up to 4.54x faster on DeepBench)

Microbatching Strategy
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Pipeline parallelism — limited by network size
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Layers/parameters can be distributed across processors
Sparse communication pattern (only pipeline stages)
Mini-batch has to be copied through all processors

Consistent model introduces idle-time “bubble”

[
[Blelloch & Rosenberg 1987]
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! Idle

= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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! Idle

= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]



spcl.inf.ethz.ch oo o
v oo IETHZUrich

TR L | ol o IR ol - Bl 1Y b
ARE & ANGERANE &S
OFMOE PIiahd 86 500
HERDLD ARAD_ EAE 88

CBRANUETL L ADRL BRef

G - R Y

.2!3‘ = EE s EaEs s RARR

O = = S 5 EaEe s (2%

EOTE A GUASEHENSdmm

B DlO e ORaH s ¥ ESD

ANOEL > 2P s BUP URLIPE  BYSESEC 5 aemel e ——

W @mtR:  OESASAGSEEN S ACAESEA DE

VELECOHAMATE 2 D T1BLDEZS0 .

SEOEcAEREPEE POSN o | BOSCeER Ve EE :
FOBOEDNELCEadBORER R BRP 2 MERIE 09,

BOSRACIEENT < B B -H50.0 IR o & et

LR EF e SR ATk RSP 2 2 Wa | 2

H§ PERocHIPDIMYADN DESlHeE: ONEBRETS]

HEe Sohl 2RI ME 2ER0D Uk IRSEEE |

FE HoelHE B oL | BEAeLR-40GHE 2 5P ol

HE2N: OEcE{ S8 OBy 2 2He  REORAMAL = |

FENEAFIC IS e | IS aMOFMNEESESSETIS OFS VIS 0 e

Fl deeruB W oL  BEesRN-A0 G025 NPD s

HEn OECh# S8 SEr SREAe  REORAMAE B | Proc 3 111 1
GHRLOLUEQeos NECaRiCERIREASEES 985> 2 EE | &1

B oreaN .M RE- BHIDI 3s B0 Nan 2 BEE--i

LEHE =05 EEe2 DREEEEE  SE okis BEECDR W20 Proc 2 1 1 11213

AFS WEEEDLS T DR 2HNERNAVL S AADETE | < 80

EONEER BE.AsPC-YRnkE . cRnES S TEAS ¢ S Proc1 [1 Il 1 11213 dl

e e

= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”
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= Sparse communication pattern (only pipeline stages)
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)
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= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)

= Mini-batch has to be copied through all processors

= Consistent model introduces idle-time “bubble”
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)
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= Consistent model introduces idle-time “bubble”
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= Layers/parameters can be distributed across processors
= Sparse communication pattern (only pipeline stages)
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Microbatching
= Layers/parameters can be distributed across processors

= Sparse communication pattern (only pipeline stages)
= Mini-batch has to be copied through all processors
= Consistent model introduces idle-time “bubble”

[Blelloch & Rosenberg 1987]
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Duplicate parameters at all processors
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wmIStﬁﬂa_

WE BN 3

PR T E AR

e EECen 6
SR m

ENAERE L LY L )

R [
er o~

_x¢£53ﬂn_ Hat? {o)  ENTAR
I El:AnE| 3 o i ) O

I - [ & E0)! fos e TR

(AU R Amm| Bl ¢

(BRI mAR| |- COENE

iRBLP . W | JEERE 2L
Iﬁﬂamab"_arznam-m_muﬂmuar

Simple and efficient solution, easy to implement

Duplicate parameters at all processors

Affects general

|
[Zhang et al. 1989]



urich

ETHzu

L 4 @spcl_eth

<=
Q
N
=
—~
9
S
S
—
S
wv

372

ion

1zat

Data parallelism — limited by batch-size

wmIStﬁﬂa_

WE BN 3

PR T E AR

e EECen 6
SR m

ENAERE L LY L )

R [
er o~

_x¢£53ﬂn_ Hat? {o)  ENTAR
I El:AnE| 3 o i ) O

I - [ & E0)! fos e TR

(AU R Amm| Bl ¢

(BRI mAR| |- COENE

iRBLP . W | JEERE 2L
Iﬁﬂamab"_arznam-m_muﬂmuar

Simple and efficient solution, easy to implement

Duplicate parameters at all processors

Affects general

|
[Zhang et al. 1989]



urich

ETHzu

L 4 @spcl_eth

<=
Q
N
=
—~
9
S
S
—
S
wv

373

ion

1zat

Data parallelism — limited by batch-size
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Data parallelism — limited by batch-size
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= Layers/parameters can be distributed across processors
= Can distribute minibatch

= Often specific to layer-types (e.g., distribute fc layers but handle conv layers data-parallel)
= Enables arbitrary combinations of data, model, and pipeline parallelism — very powerful!

[Krizhevsky 2014; Dean et al. 2012; Ben-Nun & Hoefler 2019] 380
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Layer (pipeline) Parallelism

= Layers/parameters can be distributed across processors
= Can distribute minibatch

= Often specific to layer-types (e.g., distribute fc layers but handle conv layers data-parallel)
= Enables arbitrary combinations of data, model, and pipeline parallelism — very powerful!

[Krizhevsky 2014; Dean et al. 2012; Ben-Nun & Hoefler 2019] 381
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= Layers/parameters can be distributed across processors
= Can distribute minibatch

= Often specific to layer-types (e.g., distribute fc layers but handle conv layers data-parallel)
= Enables arbitrary combinations of data, model, and pipeline parallelism — very powerful!

[Krizhevsky 2014; Dean et al. 2012; Ben-Nun & Hoefler 2019] 382
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= Layers/parameters can be distributed across processors
= Can distribute minibatch

= Often specific to layer-types (e.g., distribute fc layers but handle conv layers data-parallel)
= Enables arbitrary combinations of data, model, and pipeline parallelism — very powerful!
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Layer (pipeline) Parallelism

= Layers/parameters can be distributed across processors
= Can distribute minibatch

= Often specific to layer-types (e.g., distribute fc layers but handle conv layers data-parallel)
= Enables arbitrary combinations of data, model, and pipeline parallelism — very powerful!

[Krizhevsky 2014; Dean et al. 2012; Ben-Nun & Hoefler 2019] 384
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Other ways to think about parallelism

= All definitions are fuzzy (including this ©))
= Data-, model-, pipeline-, hybrid-parallelism

= Weak vs strong scaling
= What do you keep the same vs what do change?
= Mini-batch weak scaling: grow the mini-batch
= Mini-batch model scaling: grow the model size (not so useful in general...)
= Strong scaling: Fix everything, use more GPUs

= For convolution: based on partitioned tensor dimensions
= Sample-, spatial-, channel-, filter-parallelism
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Large mini-batches

= Make the mini-batch really big!

[Goyal et al. 2017; Shallue et al. 2019] 387
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Large mini-batches
= Make the mini-batch really big!

ResNet-50

[Goyal et al. 2017; Shallue et al. 2019] 388
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Large mini-batches
ResNet-50/ImageNet-1k

Steps to Reach 0.25 Validation Error

= Make the mini-batch really big! 221

ResNet-50
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Batch Size

[Goyal et al. 2017; Shallue et al. 2019]
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= Make the mini-batch really big!

ResNet-50
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Large mini-batches

ResNet-8/CIFA®SN®t-50/ImpgaNeisbkimageNet-1k

M|n| batch Size must be carefuIIy managedI

Some tricks:
* Linear scaling/warmup
* Square root scaling
* LARS, LARC, LAMB, ...

Often requires retuning hyperparameters!
N N N N Y N N R
2 26 27 28 29 210211212213214215216

* Batch Size

[Goyal et al. 2017; Shallue et al. 2019]



spcl.inf.ethz.ch oo o
v oo IETHZUrich

Collectives for deep learning

394



%PEL ‘AN P B 3 spcl.inf.ethz.ch mZUriCh

L 4 @spcl_eth

Collectives for deep learning

= Certain communication patterns can be optimized

= People keep reinventing MPI
= Baidu Allreduce, NCCL, Gloo, Horovod, ...

= What we need (for this talk):



%PEL ‘AN P B 3 spcl.inf.ethz.ch mZUriCh

L 4 @spcl_eth

Collectives for deep learning

= Certain communication patterns can be optimized
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= Certain communication patterns can be optimized

= People keep reinventing MPI
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= What we need (for this talk):
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Collectives for deep learning

= Certain communication patterns can be optimized

= People keep reinventing MPI
= Baidu Allreduce, NCCL, Gloo, Horovod, ...

= What we need (for this talk):
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|MPEL RN o ek spcl.inf.ethz.ch E'qurlch

L 4 @spcl_eth

Collectives for deep learning

= Certain communication patterns can be optimized

= People keep reinventing MPI
= Baidu Allreduce, NCCL, Gloo, Horovod, ...

= What we need (for this talk):

Allreduce Reduce-scatter
' Rank0 : Rank1 : Rank2 : Rank3 : ' Rank0 : Rank1 : Rank2 : Rank3 ' Rank0 : Rank1 : Rank2 : Rank3
in0 | '
U R R A R R : Plint |
in0 |+ | int || in2 |+ ind | v rotn@-- ¢ p-int-o 0 F-in2-- 0 m-in3-- ' ' '
i ' . ' in2
: : : ; ' ' in3
) ) ' i Im i ; 1 1 1 ' 1
. . : E  Loutt | ! : .
out | | out [+ | out || out ' ! ' ' v out—|  out— + out—| ¢ out
' ' ' ' | out2 | : : |
: + | out3 |
out[1i] = sum(inX[i]) outY[i] = sum(inX[Y*count+i]) out [Y*count+i] = inY[1i]



|MPEL RN o ek spcl.inf.ethz.ch E'qurlch

L 4 @spcl_eth

Collectives for deep learning

= Certain communication patterns can be optimized

= People keep reinventing MPI
= Baidu Allreduce, NCCL, Gloo, Horovod, ...

= What we need (for this talk):

Allreduce Reduce-scatter Allgather
' Rank0 : Rank1 : Rank2 : Rank3 : ' Rank0 : Rank1 : Rank2 : Rank3 ' Rank0 : Rank1 : Rank2 : Rank3
in0 | '
U R R A R R : Plint |
in0 |+ | int || in2 |+ ind | v rotn@-- ¢ p-int-o 0 F-in2-- 0 m-in3-- ' ' '
i H . ' : in2
: : : 5 : : in3
L} 1 l i Im i ; ' ll 1 1 Ll
. . : : L outt | . :
out | | out [+ | out || out ' ! ' ' v out—|  out— + out—| ¢ out
' ' ' ' | out2 | : : |
: + | out3 |
out[1i] = sum(inX[i]) outY[i] = sum(inX[Y*count+i]) out [Y*count+i] = inY[1i]



|MPEL RN o ek spcl.inf.ethz.ch E'qurlch

L 4 @spcl_eth

Collectives for deep learning

= Certain communication patterns can be optimized

= People keep reinventing MPI
= Baidu Allreduce, NCCL, Gloo, Horovod, ...

= What we need (for this talk):

Allreduce Reduce-scatter Allgather
' Rank0 : Rank1 : Rank2 : Rank3 : ' Rank0 : Rank1 : Rank2 : Rank3 ' Rank0 : Rank1 : Rank2 : Rank3
in0 | '
U R R A R R : Plint |
in0 |+ | int || in2 |+ ind | v rotn@-- ¢ p-int-o 0 F-in2-- 0 m-in3-- ' ' '
i H . ' : in2
: : : 5 : : in3
L} 1 l i Im i ; ' ll 1 1 Ll
. . : : L outt | . :
out | | out [+ | out || out ' ! ' ' v out—|  out— + out—| ¢ out
' ' ' ' | out2 | : : |
: + | out3 |
out[1i] = sum(inX[i]) outY[i] = sum(inX[Y*count+i]) out [Y*count+i] = inY[1i]



ETH-zurich

L 4 @spcl_eth

<
3
N
s
3
£
-
S
)

Reduce-scatter

= sum(inX[Y*count+i])

outY[1i]



ETH-zurich

L 4 @spcl_eth

spcl.inf.ethz.ch

Recursive-halving

Reduce-scatter

~
N
&
!

= sum(inX[Y*count+i])

outY[1i]



ETH-zurich

L 4 @spcl_eth

spcl.inf.ethz.ch

Recursive-halving

Reduce-scatter

~
N
&
!

Ring

= sum(inX[Y*count+i])

outY[1i]



ETH-zurich

L 4 @spcl_eth

spcl.inf.ethz.ch

Recursive-halving

Reduce-scatter

~
N
&
!

Ring

= sum(inX[Y*count+i])

outY[1i]



ETH-zurich

L 4 @spcl_eth

spcl.inf.ethz.ch

Recursive-halving

Reduce-scatter

~
N
&
!

Ring

= sum(inX[Y*count+i])

outY[1i]



ETH-zurich

L 4 @spcl_eth

spcl.inf.ethz.ch

Recursive-halving

Reduce-scatter

~
N
&
!

= sum(inX[Y*count+i])

outY[1i]



ETH:zurich

L 4 @spcl_eth

spcl.inf.ethz.ch

~
N
&
!

Reduce-scatter

Recursive-halving

= sum(inX[Y*count+i])

outY[1i]

ny

p

-1
nﬁ+p

p

p—1

(p—Da+



ETH-zurich

L 4 @spcl_eth

<
3
N
s
3
£
-
S
)

Allgather

= inY[1]

out [Y*count+i]



ETH-zurich

L 4 @spcl_eth

<
3
N
s
3
£
-
S
)

Allgather

Recursive-doubling

= inY[1]

out [Y*count+1i]



ETH-zurich

L 4 @spcl_eth

<
3
N
s
3
£
-
S
)

Allgather

Recursive-doubling

®o e

Ring

= inY[1]

out [Y*count+1i]



ETH-zurich

L 4 @spcl_eth

<
3
N
s
3
£
-
S
)

™
X o +
D
S = o)
o
Q\
X 2 4=
D
S = o
oC __H
e
D
S = o
oC
o
i)
S | € o)
oC

Ring

Recursive-doubling

®o e

Allgather

= inY[1]

out [Y*count+1i]



ETH-zurich

L 4 @spcl_eth

<
3
N
s
3
£
-
S
)

™
X o +
D
S = o)
o
Q\
X 2 4=
D
S = o
oC __H
e
D
S = o
oC
o
i)
S | € o)
oC

Ring

Recursive-doubling

®o e

Allgather

= inY[1]

out [Y*count+1i]



ETH-zurich

(48]
X o +
>
% c (o)
S £ A
Y
5 = [ T -
£¢ A -
S X Al g =
Q oD
R S c o I
o —
-
|||||||||||||||||||| - wm mm mm o Em Em o Em Em o Em mm Em Em Em I_I
i)
o 5
>
S = o w
o 5.
.................... S
(@) 3
< |o 5 ©
© m (@]
o

Ring

Recursive-doubling

®o e

Allgather

~
N
&
!



ETH-zurich

(48]
X o +
>
% c (o)
S £ A
Y
5 = [ T -
£¢ A -
S X Al g =
Q oD
R S c o I
o —
-
|||||||||||||||||||| - wm mm mm o Em Em o Em Em o Em mm Em Em Em I_I
i)
o 5
>
S = o w
o 5.
.................... S
(@) 3
< |o 5 ©
© m (@]
o

Ring

Recursive-doubling

®o e

Allgather

~
N
&
!



ETH-zurich

L 4 @spcl_eth

<
3
N
s
3
£
-
S
)

Allreduce

™
'S (40 .m

C

@ = o
oc

Ql

' Al -

C - )

S = o
- HV

-

X — —

C -

o = o
oc

o

' o ..w.

[

IS s o
oc

sum(inX([1i])

out [1]



ETH-zurich

L 4 @spcl_eth

<
3
N
s
3
£
-
S
)

Allreduce

o
'S o -
S
= = o
o
(q\
' Al +
S
S = o
o
~— ——H
X — —
S
S c o
oC
o
' o -+
S
m £ o)
oC
|
Q
>
| .
(d}}
(Vs
S
Q
)
£
(1)
-
()
('

sum(inX([1i])

out[1]



ETH-zurich

L 4 @spcl_eth

spcl.inf.ethz.ch

~
N
&
!

Allreduce

™
'S o .m
= §= o
oc
Ql
' Al ..w.
= A= o
- HV
k )
v >S5
= = o
oc
o
' o ..w.
= 1= o
oc
—
)
(7]
- o
v S
c ©
S
3 S
L o
S /
Q Q
o o
9 S
= o
= 2
a —
Q. Q
2
-

sum(inX([1i])

out[1]



ETH-zurich

L 4 @spcl_eth

spcl.inf.ethz.ch

~
N
&
!

Allreduce

™
'S o .m
= §= o
oc
Ql
' Al ..w.
= A= o
- HV
k )
v >S5
= = o
oc
o
' o ..w.
= 1= o
oc
—
)
(7]
- o
v S
c ©
S
3 S
L o
S /
Q Q
o o
9 S
= o
= 2
a —
Q. Q
2
-

sum(inX([1i])

out[1]



ETH-zurich

™
'S o -
>
= c o
oc
5 s —~
ARl e S ERCECERERE -
3§ A
W@ A 5!
Q -}
R S c o -
a £
HV ;
.................. - e D
M I
—
—
[ 2 —
a m O .l
- m
|||||||||||||||||| -- o
@)
o
' o -+
>
S = (S
oC

Parameter Server
2pa + 2pnf + pny
Tree (reduce/broadcast)

Allreduce

~
N
&
!



ETH-zurich

™
'S o -
>
= c o
oc
5 s —~
ARl e S ERCECERERE -
3§ A
W@ A 5!
Q -}
R S c o -
a £
HV ;
.................. - e D
M I
—
—
[ 2 —
a m O .l
- m
|||||||||||||||||| -- o
@)
o
' o -+
>
S = (S
oC

Parameter Server
2pa + 2pnf + pny
Tree (reduce/broadcast)

Allreduce

~
N
&
!



ETH-zurich

L 4 @spcl_eth

spcl.inf.ethz.ch

~
N
&
!

Allreduce

™
'S o .m
= = o
oc
IIIIIIIIIIIIIIIIIIII - e e e o o e o = = H
2 —_
£ o 5 E
a £
HV >
.................. . P~
M B I
- = > —
© - o -
R —_
i)
|||||||||||||||||| - o
@)
o
' o ..w.
= £ o
oc
—
)
(7))
“ >~ O
: : 3
— ¥ ©
3 -
o)
5 T3
&= U w
Q N8
m +
S s £
—
a. N Q
2
-

Q
=
S
P
I_I
Q
=
e
Q.
N
I_I
Q
=0
3
N



PG e A, G ETHZzirich

Allreduce

Parameter Server

e

2pa + 2pnf + pny
Tree

%

2algp + 2pnlgp +ynlgp



PG e A, G ETHZzirich

Allreduce

Parameter Server Butterfly (doubling)

e

2pa + 2pnf + pny
Tree

%

2algp + 2pnlgp +ynlgp



PG e A, G ETHZzirich

Allreduce

Parameter Server Butterfly (doubling)

. @9 09
2 2pnf
e ® © 066

%

2algp + 2pnlgp +ynlgp



PG e A, G ETHZzirich

Allreduce

Parameter Server Butterfly (doubling)

> @ 0 0 ¢
2pa + 2pnf +
e ® © 066

Rabenseifner (half/double)

%

2algp + 2pnlgp +ynlgp




spcl.inf.ethz.ch oo o
v oo IETHZUrich

Allreduce

Parameter Server Butterfly (doubling)

2pa + 2pnf + pny
Tree t&/ /,

Rabenseifner (half/double)

m/,g: © ©@ 900 06 059
M L0 0 00 000

Ring




spcl.inf.ethz.ch oo o
v oo IETHZUrich

Allreduce

Parameter Server Butterfly (doubling)

2pa + 2pnf + pny
Tree t&/ /,

Rabenseifner (half/double)

m/,g: © ©@ 900 06 059
M L0 0 00 000

Ring




spcl.inf.ethz.ch oo o
v oo IETHZUrich

Allreduce

Parameter Server Butterfly (doubling)

2pa + 2pnf + pny
Tree t&/ /,

Rabenseifner (half/double)

m/,g: © ©@ 900 06 059
M L0 0 00 000

Ring




spcl.inf.ethz.ch oo o
v oo IETHZUrich

Allreduce

Parameter Server Butterfly (doubling)

2pa + 2pnf + pny
Tree t&/ /,

Rabenseifner (half/double)

m/,g: © ©@ 900 06 059
M L0 0 00 000

Ring

oo oo




spcl.inf.ethz.ch oo o
v oo IETHZUrich

Allreduce

Parameter Server Butterfly (doubling)

2pa + 2pnf + pny
Tree t&/ /,

Rabenseifner (half/double)

m/,g: © ©@ 900 06 059
M L0 0 00 000

Ring

00069000




spcl.inf.ethz.ch oo o
v oo IETHZUrich

Allreduce

Parameter Server Butterfly (doubling) algp + Bnlgp + ynlgp

2pa + 2pnf + pny
Tree t&/ /,

Rabenseifner (half/double)

m/,g: © ©@ 900 06 059
M L0 0 00 000

Ring

00069000




v excien  EETHziirich

Allreduce

Parameter Server Butterfly (doubling) algp + Bnlgp + ynlgp

2pa + 2pnf + pny
Tree tq = /

Rabenseifner (half/double) 2algp + 7

v CE0 000 LX)
i L9000 00 000

Ring

00069000




v excien  EETHziirich

Allreduce

Parameter Server Butterfly (doubling) algp + Bnlgp + ynlgp

2pa + 2pnf + pny
Tree tq = /

Rabenseifner (half/double) 2algp + 7

© e o000 U
.., €9 Q90 Q00

Ring 2(p — D + 22 n,B + 2

.fm.fm




Allreduce

Parameter Server Butterfly (doubling) algp + Bnlgp + ynlgp

. @ 9 09
2pa + 2pnf +
e WX

Rabenseifner (half/double) 2algp + 7

oy Qe s s U
., €9 Q90 Q00

Ring 2(p — Da + 22 n,B + 2

é’m@




Allreduce

Implementation matters!

2pa + 2pnf + pny
Tree

Rabenseifner (half/double) 2algp + 7

‘\‘\} se 9 U

Ring 2(p — Da + 22 nB + 2

.f.ﬂ.f.h

436



ETH-zurich

L 4 @spcl_eth

spcl.inf.ethz.ch

Implementation matters!

SR

Host-transfer

>E>DPDDDP0000000000000000000
>>DDDDDDbbb)00000000000000000
>EBBBDEDDPPP00000000000000000
> bb)0000000000000000
>>DD>EE>bbbbb)00000000000000
>>BBEEDEEED) 0000000000000
g ad g gy T 2442
>>D>BEBBBRRRERR R R bbb b
S e
2z 2

AN AN N
(sieloweledy) azig

© N
N N
N N




ETH-zurich

L 4 @spcl_eth

<=
Q
N
=
—~
9
S
S
—
S
wv

Distributed data-parallelism

fully connected

convolution 3

convolution 2

convolution 1

fully connected

convolution 3

convolution 2

convolution 1

438



b
=

¥

ETH-zurich

33

convolution 3

L 4 @spcl_eth

<=
Q
N
=
—~
Y
S
S
—
S
wv

=
=

pooling

38

convolution 2

38

df
dw
df

convolution 1

dt

convolution 1

df

fully connected fully connected

convolution 3 convolution 3

convolution 2 convolution 2

convolution 1 convolution 1

Distributed data-parallelism




b
=

¥

ETH-zurich

33

convolution 3

L 4 @spcl_eth

<=
Q
N
=
—~
Y
S
S
—
S
wv

=
=

pooling

38

convolution 2

38

df
dw
df

convolution 1

dt

convolution 1

df

fully connected fully connected

convolution 3 convolution 3

convolution 2 convolution 2

convolution 1 convolution 1

Distributed data-parallelism




b
=

¥

ETH-zurich

33

convolution 3

L 4 @spcl_eth

<
3
]
s
3
£
-~
S
)

=
=

pooling

38

convolution 2

38

df
dw
df

convolution 1

dt

convolution 1

df

fully connected fully connected

convolution 3 convolution 3

convolution 2 convolution 2

convolution 1 convolution 1

Distributed data-parallelism




b
=

¥

ETH-zurich

33

convolution 3

L 4 @spcl_eth

<
3
]
s
3
£
-~
S
)

=
=

pooling

38

—_— _,w convolution 2

38

df
dw

convolution 1

convolution 1

df

fully connected fully connected

convolution 3 convolution 3

convolution 2 convolution 2

convolution 1 convolution 1

Distributed data-parallelism




b
=

¥

ETH-zurich

33

convolution 3

L 4 @spcl_eth

<
3
]
s
3
£
-~
S
)

=
=

pooling

38

—_— _,w convolution 2

38

df
dw

convolution 1

convolution 1

df

fully connected fully connected

convolution 3 convolution 3

convolution 2 convolution 2

convolution 1 convolution 1

Distributed data-parallelism




b
=

¥

ETH-zurich

33

convolution 3

L 4 @spcl_eth

<
3
]
s
3
£
-~
S
)

=
=

pooling

38

—_— _,w convolution 2

38

df
dw

convolution 1

convolution 1

df

fully connected fully connected

convolution 3 convolution 3

convolution 2 convolution 2

convolution 1 convolution 1

Distributed data-parallelism




b
=

¥

ETH-zurich

33

convolution 3

L 4 @spcl_eth

<
3
]
s
3
£
-~
S
)

=
=

pooling

38

Allreduce!

—_— _,w convolution 2

38

df
dw

convolution 1

convolution 1

df

fully connected fully connected

convolution 3 convolution 3

convolution 2 convolution 2

convolution 1 convolution 1

Distributed data-parallelism




SR ‘ e v escien  ETHziirich

Distributed data-parallelism

T UuoIlN|OAUOD

0
®)
=)
<
o
c
g
(@)
>
N

€ UOIIN|OAUOD
pa3oauu0d Ajny




s —7 o) = & e s v escien  ETHziirich

Distributed data-parallelism

Overlapping

T UuOIl1N|OAUOD

0
®)
=)
<
o
c
g
(@)
>
N

€ UOIIN|OAUOD
pa3oauu0d Ajny




s —7 o) = & e s v escien  ETHziirich

Distributed data-parallelism

Overlapping

Q| o
SRS

T UOIIN|OAUOD
Z UOIIN|OAUOD
¢ UOIIN|OAUOD

—"
C
<
(@)
o
>
>
(D
(@]
—+
g
o




s —7 o) = & e s v escien  ETHziirich

Distributed data-parallelism

Overlapping

Q| o
SRS

T UOIIN|OAUOD
Z UOIIN|OAUOD
¢ UOIIN|OAUOD

—"
C
<
(@)
o
>
>
(D
(@]
—+
g
o




s —7 o) = & e s v escien  ETHziirich

Distributed data-parallelism

Overlapping

Q| o
SRS

—"

3 3 c

 E H

(@]

o o o

c c >

. (= r:g
) (o)

> S ‘Q'_

o

= N »




s —7 o) = & e s v escien  ETHziirich

Distributed data-parallelism

Overlapping

Q| o
SRS

—"

o c
(@) =
3 <
=k o
c -
. -]
(@) ()
> S
0]

= o

Z UOIIN|OAUOD




s —7 o) = & e s v escien  ETHziirich

Distributed data-parallelism

Overlapping
df dt
dw dw

T UOIIN|OAUOD
Z UOIIN|OAUOD

—"
C
<
(@)
o
>
>
(D
(@]
—+
g
o

€ UuoIlNjOAUOD




s —7 o) = & e s v escien  ETHziirich

Distributed data-parallelism

Overlapping
df dt
dw dw

T UOIIN|OAUOD
Z UOIIN|OAUOD

—"
C
<
(@)
o
>
>
(D
(@]
—+
g
o

€ UuoIlNjOAUOD




~ASPEL i ) e Eyyy s iirich

Distributed data-parallelism

Overlapping
df dt
dw dw

T UuOIl1N|OAUOD

—"
C
<
(@)
o
>
>
(D
(@]
—+
g
o

Z UOIIN|OAUOD
¢ UOIIN|OAUOD




~ASPEL i ) e Eyyy s iirich

Distributed data-parallelism

Overlapping
df dt
dw dw

T UuOIl1N|OAUOD

—"
C
<
(@)
o
>
>
(D
(@]
—+
g
o

Z UOIIN|OAUOD
¢ UOIIN|OAUOD




~ASPEL i ) e Eyyy s iirich

Distributed data-parallelism

Overlapping

l

w

Q| o
§|%4—>

U

T UuOIl1N|OAUOD

—"
C
<
(@)
o
>
>
(D
(@]
—+
g
o

Z UOIIN|OAUOD
¢ UOIIN|OAUOD




~ASPEL i ) e Eyyy s iirich

Distributed data-parallelism

Overlapping

l

w

Q| o
§|%4—>

U

T UuOIl1N|OAUOD

—"
C
<
(@)
o
>
>
(D
(@]
—+
g
o

Z UOIIN|OAUOD
¢ UOIIN|OAUOD




~ASPEL i ) e Eyyy s iirich

Distributed data-parallelism

Overlapping

l

w

Q| o
§|%4—>

U

T UuOIl1N|OAUOD

—"
C
<
(@)
o
>
>
(D
(@]
—+
g
o

Z UOIIN|OAUOD
¢ UOIIN|OAUOD




~ASPEL i ) e Eyyy s iirich

Distributed data-parallelism

Overlapping

|

dw dw

Q| o
§|%4—>

d?
dw

(@]
o
>
<
e
o
i
o
>
[HEY

Z UOIIN|OAUOD

—"

(@) C
(@) —
:<$ <
S o
c >
= -
o) ™
= Q
()

- o




~ASPEL i ) e Eyyy s iirich

Distributed data-parallelism

Overlapping

|

dw dw

Q| o
§|%4—>

d?
dw

(@]
o
>
<
e
o
i
o
>
[HEY

Z UOIIN|OAUOD

—"

(@) C
(@) —
:<$ <
S o
c >
= -
o) ™
= Q
()

- o




AT B G ETHZzirich

Distributed data-parallelism

Overlapping

Ty

dw dw

*
&%

pa193uu0d Aj|ny §~| L —

(@]
o
>
<
e
o
i
o
>
[HEY

Z UOIIN|OAUOD

(@)
(@)
=)
<
o
c
=
@)
=
w




AT B G ETHZzirich

Distributed data-parallelism

Overlapping Fusion and algorithm selection

Ty

dw dw

*
&%

pa193uu0d Aj|ny §~| L —

(@]
o
>
<
e
o
i
o
>
[HEY

Z UOIIN|OAUOD

(@)
(@)
=)
<
o
c
=
@)
=
w




AT B G ETHZzirich

Distributed data-parallelism

Overlapping Fusion and algorithm selection

Ty

dw dw

3x3 conv, 128
batchnorm
RelLU

*
&%

pa193uu0d Aj|ny §~| L —

T UuOIl1N|OAUOD

(@) (@)
(@) (@)
> -}
< <
S S
C C
o o
O o
> >
N w




AT B G ETHZzirich

Distributed data-parallelism

Overlapping Fusion and algorithm selection

Ty

dw dw

3x3 conv, 128
batchnorm
RelLU

*
&%

pa193uu0d Aj|ny §~| L —

T UuOIl1N|OAUOD

(@) (@)
(@) (@)
> -}
< <
S S
C C
o o
O o
> >
N w

|

Very small!



AT B G ETHZzirich

Distributed data-parallelism

Overlapping Fusion and algorithm selection

Ty

dw dw

3x3 conv, 128
batchnorm
RelLU

*
&%

pa193uu0d Aj|ny §~| L —

T UuOIl1N|OAUOD

(@) (@)
(@) (@)
> -}
< <
S S
C C
o o
O o
> >
N w

|

Very small!



AT B G ETHZzirich

Distributed data-parallelism

Overlapping Fusion and algorithm selection

' ' ' ' Fuse!
1

| |
d’t df df df o
dw dw dw dw ol £
. . = > 2 .3
o 8 o — g _) i _) ()
2 3 3 = o 2 o
< < < (e (4]
o o o o at N, o
c c (- ) « S X
g. g. g. = dy (4p)
S S > o
= N w )

|

Very small!



AT B G ETHZzirich

Distributed data-parallelism

Overlapping Fusion and algorithm selection

' ' ' ' Fuse!
1

| |
d’t df df df o
dw dw dw dw ol £
. . = > 2 .3
o 8 o — g _) i _) ()
2 3 3 = o 2 o
< < < (e (4]
o o o o at N, o
c c (- ) « S X
g. g. g. = dy (4p)
S S > o
= N w )

|

Very small!



AL e S v onien ETHZzUrich
Distributed data-parallelism

Strong scaling

Minimal (no overla Minimal (with overla
0.18 - ( P) -8 0.18- ( P)

HEl Computation

0.16 — I Communication 0.16 -
—8— Ratio

0.14 - 0.14 -

0.12 - 0.12 -

s)

—

0.10 - 0.10 -

0.08 -

(]
£
)
<

O
-—

®
<
=
=

e o
o o
> @
I I

0.06 -

0.04 - 0.04 -

Communication / computation ratio

0.02 = 0.02 -

0.00 - 0.00 -
8 16 32 64 128 256 8 16 32 64 128 256

#GPUs #GPUs




spcl.inf.ethz.ch oo o
v oo IETHZUrich

Distributed data-parallelism

Strong scaling

Minimal (no overlap) Minimal (with overlap) Minimal (no overlap) Minimal (with overlap)
0.18 - -8 0.18- 8 600 - 12 600 -

EEl Computation EEl Computation
0.16 — I Communication 0.16 - Il Communication
—8— Ratio —0— Ratio -10
0.14 - 0.14 -

0.12 - 0.12 -

s)

~—"

0.10 - 0.10 -

0.08 -

Mini-batch time
Epoch time (s)

0.06 -

0.08 -
0.06 -
0.04 -

0.04 -

Communication / computation ratio
w
o
o
|
Communication / computation ratio

0.02 = 0.02 -

0.00 - 0.00 - e _ 0- - —
8 16 32 64 128 256 8 16 32 64 128 256 8 16 32 64 128 256 51210242048 8 16 32 64 128 256 51210242048
#GPUs #GPUs #GPUs #GPUs




spcl.inf.ethz.ch oo o
v oo IETHZUrich

Distributed data-parallelism

Strong scaling

Minimal (no overlap) Minimal (with overlap) Minimal (no overlap) Minimal (with overlap)
0.18 - -8 0.18- 8 600 - 12 600 -

EEl Computation EEl Computation
0.16 — I Communication 0.16 - Il Communication
—8— Ratio —0— Ratio -10
0.14 - 0.14 -

0.12 - 0.12 -

s)

~—"

0.10 - 0.10 -

0.08 -

Mini-batch time
Epoch time (s)

0.06 -

0.08 -
0.06 -
0.04 -

0.04 -

Communication / computation ratio
w
o
o
|
Communication / computation ratio

0.02 = 0.02 -

0.00 - 0.00 - e _ 0- - —
8 16 32 64 128 256 8 16 32 64 128 256 8 16 32 64 128 256 51210242048 8 16 32 64 128 256 51210242048
#GPUs #GPUs #GPUs #GPUs




spcl.inf.ethz.ch oo o
v oo IETHZUrich

Distributed data-parallelism

Strong scaling Weak scaling

Minimal (no overlap) Minimal (with overlap) Minimal (no overlap) Minimal (with overlap)
0.18 - -8 0.18- 8 600 - -12 600 -

EEl Computation EEl Computation
0.16 — I Communication 0.16 - Il Communication
—8— Ratio —0— Ratio -10
0.14 - 0.14 -

0.12 - 0.12 -

s)

~—"

0.10 - 0.10 -

0.08 -

Mini-batch time
Epoch time (s)

0.06 -

0.08 -
0.06 -
0.04 -

0.04 -

Communication / computation ratio
w
o
o
|
Communication / computation ratio

0.02 = 0.02 -

0.00 - 0.00 - e _ 0- - —
8 16 32 64 128 256 8 16 32 64 128 256 8 16 32 64 128 256 51210242048 8 16 32 64 128 256 51210242048
#GPUs #GPUs #GPUs #GPUs




spcl.inf.ethz.ch oo o
v oo IETHZUrich

Distributed data-parallelism

Strong scaling Weak scaling

Minimal (no overlap) Minimal (with overlap) Minimal (no overlap) Minimal (with overlap)
0.18 - -8 0.18- 8 600 - -12 600 -

EEl Computation EEl Computation
0.16 — I Communication 0.16 - Il Communication
—8— Ratio —0— Ratio -10
0.14 - 0.14 -

0.12 - 0.12 -

s)

~—"

0.10 - 0.10 -

0.08 -

Mini-batch time
Epoch time (s)

0.06 -

0.08 -
0.06 -
0.04 -

0.04 -

Communication / computation ratio
w
o
o
|
Communication / computation ratio

0.02 = 0.02 -

0.00 - 0.00 - e _ 0- - —
8 16 32 64 128 256 8 16 32 64 128 256 8 16 32 64 128 256 51210242048 8 16 32 64 128 256 51210242048
#GPUs #GPUs #GPUs #GPUs




L2 SIPCL e sanes  EFMirich

Parameter (and model) consistency - centralized

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

Synchronous Stale-Synchronous Asynchronous Model Ensemble
SGD SGD SGD (HOGWILD!) Averaging Learning
(e.g., elastic)

[Dean et al. 2012; Niu et al. 2011]
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Parameter consistency in deep learning
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= Lossy compression: trade off latency (local compute) for bandwidth
= Sufficient factor broadcasting
= Quantization:
= 16-bit (IEEE FP16, bfloat16) becoming standard
= QSGD (stochastic rounding) [Alistarh et al. 2016]
= 1-bit SGD [Seide et al. 2014; Dryden et al. 2016]
= Error feedback is important!
= Sparsification:
= Top-k SGD [Renggli et al. 2019]
= Skip small weight updates
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SparCML — Quantized sparse allreduce
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1 2 3 4 Six epochs, 60 million params
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The limits to data parallelism

When does data parallelism break down?

=  Communication overheads
= Hyperparameter tuning

= Memory for one sample
= More GPUs than samples in a mini-batch

Need to strong scale!
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Distributed-memory fully-connected layers
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= Observation: Convolution is just a funny stencil operation
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Spatial parallelism [Dryden et al. 2019]
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Spatial parallelism [Dryden et al. 2019]

Input Filters Activations
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Spatial parallelism [Dryden et al. 2019]
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Channel/filter parallelism [Dryden et al. 2019]

= Family of algorithms for jointly partitioning channels and filters in convolution

Reduce-scatter
Allgather
Segmented allreduce
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Stationary-x: Forward
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Segmented
Allreduce

-

Gt

Sample 1
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Segmented allreduce

Data Parallelism

Allreduce
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Segmented allreduce

Data Parallelism Segmented Allreduce

Allreduce for 128x128x3x3 filters

—0— Data —V— 4-way
o' —A— 2-way —< 8-way

Allreduce

Allreduce
Allreduce time (ms)

16 32 64 128 256 512 1024 2048
#GPUs

aonpal||y
N
N
(0¢]
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Stationary-y: Forward

Sample 0

GPU 1

Sample 1

GPU 3
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Stationary-w: Forward
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Stationary-w: Forward
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GPU 3

594



spcl.inf.ethz.ch oo o
v oo IETHZUrich

595



spcl.inf.ethz.ch oo o
v oo IETHZUrich

596



spcl.inf.ethz.ch oo o
v oo IETHZUrich

597



spcl.inf.ethz.ch oo o
v oo IETHZUrich

598



spcl.inf.ethz.ch oo o
v oo IETHZUrich

599



spcl.inf.ethz.ch oo o
v oo IETHZUrich

600



spcl.inf.ethz.ch oo o
v oo IETHZUrich

601



spcl.inf.ethz.ch oo o
v oo IETHZUrich

602



spcl.inf.ethz.ch oo o
v oo IETHZUrich

603



spcl.inf.ethz.ch oo o
v oo IETHZUrich

Stationary-w: Backward

GPU 1 GPUO

GPU 2

GPU 3
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General distributed convolution

= Provide a variety of options to enable and improve strong and weak scaling
= Support a full spectrum of data and model types

Channel/filter parallelism

:; ' | (} : 4‘\
AN, Reduce-scatter ...
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" 24 Segmented allreduce

Data parallelism

Spatial parallelism
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e, %
%
k} w _ (j
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Allreduce

HXW

~10 GPUs

~100-1000 GPUs

~10 GPUs




General distributed convolution

= Provide a variety of options to enable and improve strong and weak scaling
=  Support a full spectrum of data and model types
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Model/Algorithm
ResNet-50 (data)

+ spatial + 4-way x, y
WRN-50-2 (data)

+ spatial + 8-way x, y
WRN-50-4 (data)

+spatial +4 X 2 w

Mini-batch

Top-1

Runtime (min)
34.1

19.9 (1.7x)
106.9

45.5 (2.3x)
432.3

105.0 (4.1x)

ETH-zurich
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ANNA: Analog-Digital Co hip (Bell'Labs)

Y LeCu

@ [Boser, Sackinger, Bromley, LeCun, Jackel, IEEE J. SSC 26(12), 1991)

8 4096 Multiply-Accumulate operators

# 6 bit weights, 4 bit states

® 20 MHz clock

8 Shift registers for efficient 1/0 with convolutions
# 4 GOPS (peak)

® 1000 characters per second for OCR with ConvNet.

MATRIX MULTIPUER

W e

3
£

e

VECTOR REGISTERS A0 A1s

Source: Yann LeCun
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ANNA: Analog-Digital Co hip (Bell'Labs)

Y LeCu

@ [Boser, Sackinger, Bromley, LeCun, Jackel, IEEE J. SSC 26(12), 1991)

8 4096 Multiply-Accumulate operators

# 6 bit weights, 4 bit states

® 20 MHz clock

8 Shift registers for efficient 1/0 with convolutions
# 4 GOPS (peak)

® 1000 characters per second for OCR with ConvNet.

MATRIX MULTIPUER

W e

3
£

e

VECTOR REGISTERS A0 A1s

Source: Yann LeCun

ANNA [1991]
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ANNA: Analog-Digital Co hip (Bell'Labs)

Y LeCu

@ [Boser, Sackinger, Bromley, LeCun, Jackel, IEEE J. SSC 26(12), 1991)

8 4096 Multiply-Accumulate operators

# 6 bit weights, 4 bit states

® 20 MHz clock

8 Shift registers for efficient 1/0 with convolutions
# 4 GOPS (peak)

® 1000 characters per second for OCR with ConvNet.

MATRIX MULTIPUER

W e

3
£

e

VECTOR REGISTERS A0 A1s

Source: Yann LeCun

ANNA [1991]
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Specialized hardware

ANNA: Analog-Digital ConyNet AcceleratoriChip (BellLabs)
E

Y LeCu
@ [Boser, Sackinger, Bromley, LeCun, Jackel, IEEE J. SSC 26(12), 1991)

8 4096 Multiply-Accumulate operators
# 6 bit weights, 4 bit states

# 20 MHz clock

8 Shift registers for efficient 1/0 with convolutions
# 4 GOPS (peak) 7 o CATA OUT 7
® 1000 characters per second for OCR with ConvNet.

v "
o

R R
3o 10 30 ot o0 4 Mg o
» ey

-
e
. 4

VECTOR REGISTERS A0 A1s

ANNA [1991] TPU v1(inference); v2-3(training)
[2016-today]
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Specialized hardware

@ [Boser, Sackinger, Bromley, LeCun, Jackel, IEEE J. SSC 26(12), 1991)

8 4096 Multiply-Accumulate operators

# 6 bit weights, 4 bit states

® 20 MHz clock

8 Shift registers for efficient 1/0 with convolutions
# 4 GOPS (peak)

® 1000 characters per second for OCR with ConvNet.

VECTOR REGISTERS A0 A1s

Source: Yann LeCun

ANNA [1991] TPU vl(inference); v2-3(training) Cerebrus CS-1 [2019]
[2016-today]
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Specialized hardware

@ [Boser, Sackinger, Bromley, LeCun, Jackel, IEEE J. SSC 26(12), 1991)

8 4096 Multiply-Accumulate operators

# 6 bit weights, 4 bit states

® 20 MHz clock

8 Shift registers for efficient 1/0 with convolutions
# 4 GOPS (peak)

® 1000 characters per second for OCR with ConvNet.

VECTOR REGISTERS A0 A1s

Source: Yann LeCun

ANNA [1991] TPU vl(inference); v2-3(training) Cerebrus CS-1 [2019]
[2016-today]
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Specialized hardware

@ [Boser, Sackinger, Bromley, LeCun, Jackel, IEEE J. SSC 26(12), 1991)

8 4096 Multiply-Accumulate operators

# 6 bit weights, 4 bit states

# 20 MHz clock

@ Shift registers for efficient 1/0 with convolutions

# 4 GOPS (peak)
® 1000 characters per second for OCR with ConvNet.

Source: Yann LeCun

ANNA [1991]

TPU v1(inference); v2-3(training) Cerebrus CS-1 [2019]
[2016-today]

Literally hundreds of other startups in this space
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Specialized hardware

ANNA: Analog-Digital ConyNet AcceleratoriChip (BellLabs)
o

Y LeCu

@ [Boser, Sackinger, Bromley, LeCun, Jackel, IEEE J. SSC 26(12), 1991)

8 4096 Multiply-Accumulate operators

# 6 bit weights, 4 bit states

® 20 MHz clock

8 Shift registers for efficient 1/0 with convolutions
# 4 GOPS (peak)

® 1000 characters per second for OCR with ConvNet.

it T

crecnroona TSt
I i
SABErANEBBRA

Sourg

ANN

Literally hundreds of other startups in this space
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Specialized hardware

ANNA: Analog-Digital ConyNet AcceleratoriChip (BellLabs)
o

Y LeCu

@ [Boser, Sackinger, Bromley, LeCun, Jackel, IEEE J. SSC 26(12), 1991)

8 4096 Multiply-Accumulate operators

# 6 bit weights, 4 bit states

® 20 MHz clock

8 Shift registers for efficient 1/0 with convolutions
# 4 GOPS (peak)

® 1000 characters per second for OCR with ConvNet.
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DNN Compilers

= Use techniques from compiler construction: DNN = Graph = IR 2 Transformations 2> HW Mapping

XLA HLO

Target-independent
Optimizations & Analyses

____________________________________________________________

Target-dependent
Optimizations & Analyses

Target-specific
Code Generation

XLA Backend
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= Use techniques from compiler construction: DNN = Graph = IR 2 Transformations 2> HW Mapping

XLA HLO

Target-independent
Optimizations & Analyses

Target-dependent
Optimizations & Analyses

Target-specific
Code Generation

XLA Backend

TensorFlow XLA

P e ———
Variable

name : “gpu_0_data”

output : Moat<l x 3 x 224 x 204>

vigihility : public
users : |

Chutput
[ Input ) (Varable
Transpose name : “conv_filter”
name : gpu_0_convl ogpg‘.ﬂull:ﬂ&n?a?xh
m:fﬂxlxaxmxm }:u_"'hﬁry:pm*
Shuffle 31 imit : broadcast
users © L3S vl : 0000000+ 00
Result : float<] x 224 x 24 x 35 | [ users: |

Result Z L Ll J

Input Filter Bias

Convolution

mame : gpu_0_convl ]

Input : float<] x 224 x 224 x 3>
Filter : floatetd x 7x 7% 3
Bias : Noat<tds

Kemel : 7

Stride : 2

Pad : 3

Growp : 1

wsers - 1
Result : float<] x 112x 112 x 6>

Result

declare {

%input = weight float<8 x 28 x 28 x 1>, broadcast, 0.0
%filter = weight float<16 x 5 x 5 x 1>, xavier, 25.0
%filter0 = weight float<16>, broadcast, 0.100

hweights = weight float<10 x 144>, xavier, 144.0

%bias = weight float<10>, broadcast, 0.100

hselected = weight index<8 x 1>
¥%result = weight float<8 x 10>
}

program {

%allo = alloc float<8 x 28 x 28 x 16>

heconv = convolution [5 1 2 16] @out %allo, ®@in ¥input,
@in %filter3, @in Y%bias0

%allo0 = alloc float<8 x 28 x 28 x 16>

Y%relu = max0 @out %allo0O, @in ¥allo

%allol = alloc index<8 x 9 x 9 x 16 x 2>

%allo2 = alloc float<8 x 9 x 9 x 16>

#pool = pool max [3 3 0] @out ¥%alle2, Qin %alloO,
@inout %allol

%dealé = dealloc @out %allof
%deal7 = dealloc @out %allo7
Ydeals = dealloc @out %alloB
%deald = dealloc @out %allo®

ETH-zurich

High-Level Graph

Low-Level IR

LEB14_1:

vmovaps 3211264(Y%rex,%rax,4), Aymml
vmovaps 3211296 (Yrcx,¥rax,4), %ymm2
vmovaps 3211328 (%rcx,¥rax,4), Yymm3
vaddps 6422528(Y%rcx,lYrax,4), %ymml,
vaddps 6422560(%rcx,Yrax,4), Y%ymm2,
vmovaps 3211360(¥%rex,%rax,4), hymmd
vaddps 64225692(%rcx,%rax,4), %ymm3,
vaddps 6422624(%rcx,lYrax,4), %ymm4,
vmaxps HymmO, %ymml, %ymmil

vmaxps Aymm0, {ymm2, {ymm2

vmaxps AymmO, {ymm3, ¥ymm3

vmovaps jAymml, 6422528(Jrcx,}rax,4)
vmovaps %ymm2, 6422560(%rcx,¥rax,4)
vmaxps Aymm0, %ymm4, %ymmi

vmovaps Yymm3, 6422592(Y%rcx,Yrax,4)
vmovaps Aymml, 6422624 (J)rcx,frax,4)
addq $32, Yrax

Aymmi
%ymm2

hymm3
Hymmd

Machine Code
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= Use techniques from compiler construction: DNN = Graph = IR 2 Transformations 2> HW Mapping

XLA HLO

Target-independent
Optimizations & Analyses

Target-dependent
Optimizations & Analyses

Target-specific
Code Generation

XLA Backend

TensorFlow XLA

P e ———
Variable

name : “gpu_0_data”

output : Moat<l x 3 x 224 x 204>

vigihility : public
users : |

Chutput
[ Input ) (Varable
Transpose name : “conv_filter”
name : gpu_0_convl ogpg‘.ﬂull:ﬂ&n?a?xh
m:fﬂxlxaxmxm }:u_"'hﬁry:pm*
Shuffle 31 imit : broadcast
users © L3S vl : 0000000+ 00
Result : float<] x 224 x 24 x 35 | [ users: |

Result Z L Ll J

Input Filter Bias

Convolution

mame : gpu_0_convl ]

Input : float<] x 224 x 224 x 3>
Filter : floatetd x 7x 7% 3
Bias : Noat<tds

Kemel : 7

Stride : 2

Pad : 3

Growp : 1

wsers - 1
Result : float<] x 112x 112 x 6>

Result

declare {

%input = weight float<8 x 28 x 28 x 1>, broadcast, 0.0
%filter = weight float<16 x 5 x 5 x 1>, xavier, 25.0
%filter0 = weight float<16>, broadcast, 0.100

hweights = weight float<10 x 144>, xavier, 144.0

%bias = weight float<10>, broadcast, 0.100

hselected = weight index<8 x 1>
¥%result = weight float<8 x 10>
}

program {

%allo = alloc float<8 x 28 x 28 x 16>

heconv = convolution [5 1 2 16] @out %allo, ®@in ¥input,
@in %filter3, @in Y%bias0

%allo0 = alloc float<8 x 28 x 28 x 16>

Y%relu = max0 @out %allo0O, @in ¥allo

%allol = alloc index<8 x 9 x 9 x 16 x 2>

%allo2 = alloc float<8 x 9 x 9 x 16>

#pool = pool max [3 3 0] @out ¥%alle2, Qin %alloO,
@inout %allol

%dealé = dealloc @out %allof
%deal7 = dealloc @out %allo7
Ydeals = dealloc @out %alloB
%deald = dealloc @out %allo®

ETH-zurich

High-Level Graph

Low-Level IR

LEB14_1:

vmovaps 3211264(Y%rex,%rax,4), Aymml
vmovaps 3211296 (Yrcx,¥rax,4), %ymm2
vmovaps 3211328 (%rcx,¥rax,4), Yymm3
vaddps 6422528(Y%rcx,lYrax,4), %ymml,
vaddps 6422560(%rcx,Yrax,4), Y%ymm2,
vmovaps 3211360(¥%rex,%rax,4), hymmd
vaddps 64225692(%rcx,%rax,4), %ymm3,
vaddps 6422624(%rcx,lYrax,4), %ymm4,
vmaxps HymmO, %ymml, %ymmil

vmaxps Aymm0, {ymm2, {ymm2

vmaxps AymmO, {ymm3, ¥ymm3

vmovaps jAymml, 6422528(Jrcx,}rax,4)
vmovaps %ymm2, 6422560(%rcx,¥rax,4)
vmaxps Aymm0, %ymm4, %ymmi

vmovaps Yymm3, 6422592(Y%rcx,Yrax,4)
vmovaps Aymml, 6422624 (J)rcx,frax,4)
addq $32, Yrax

Aymmi
%ymm2

hymm3
Hymmd

Machine Code
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= Use techniques from compiler construction: DNN = Graph = IR 2 Transformations 2> HW Mapping

XLA HLO

Target-independent
Optimizations & Analyses

Target-dependent
Optimizations & Analyses

Target-specific
Code Generation

XLA Backend

TensorFlow XLA

P e ———
Variable

name : “gpu_0_data”

output : Moat<l x 3 x 224 x 204>

vigihility : public
users : |
Chutput
[ Input ) (Varable
name : “conv_filter™
mm_u_w| output : float<6d x 7 x 7 x 3>
m:mxlxaxmxm }:u_"'hl"y:pm*
Shuffle 31 imit : broadcast
users © L3S vl : 0000000+ 00
Result : float<] x 224 x 24 x 35 | [ users: |

Result Z L Ll )

Input Filter Bias

Convolution

mame : gpu_0_convl ]

Input : float<] x 224 x 224 x 3>
Filter : floatetd x 7x 7% 3
Bias : Noat<tds

Kemel : 7

Stride : 2

Pad : 3

Growp : 1

wsers - 1
Result : float<] x 112x 112 x 6>

Hest

declare {

%input = weight float<8 x 28 x 28 x 1>, broadcast, 0.0
%filter = weight float<16 x 5 x 5 x 1>, xavier, 25.0
%filter0 = weight float<16>, broadcast, 0.100

hweights = weight float<10 x 144>, xavier, 144.0

%bias = weight float<10>, broadcast, 0.100

%selected = weight index<8 x 1>
¥%result = weight float<8 x 10>
}
program {

%allo = alloc float<8 x 28 x 28 x 16>

heconv = convolution [5 1 2 16] @out %allo, ®@in ¥input,
@in %filter3, @in Y%bias0

%allo0 = alloc float<8 x 28 x 28 x 16>

Y%relu = max0 @out %allo0O, @in ¥allo

%allol = alloc index<8 x 9 x 9 x 16 x 2>

%allo2 = alloc float<8 x 9 x 9 x 16>

#pool = pool max [3 3 0] @out ¥%alle2, Qin %alloO,
@inout %allol

%dealé = dealloc @out %allo6
%deal7 = dealloc Qout %alle7
%deal8 = dealloc Qout %allo8
%deal9 = dealloc Qout %allo9

ETH-zurich

High-Level Graph

Low-Level IR

Facebook Glow

LEB14_1:

vmovaps 3211264(Y%rex,%rax,4), Aymml
vmovaps 3211296 (Yrcx,¥rax,4), %ymm2
vmovaps 3211328 (%rcx,¥rax,4), Yymm3
vaddps 6422528(Y%rcx,lYrax,4), %ymml,
vaddps 6422560 (Yrex,Y%rax,4), Y%ymm2,
vmovaps 3211360(¥%rex,%rax,4), hymmd
vaddps 64225692(%rcx,%rax,4), %ymm3,
vaddps 6422624(%rcx,lYrax,4), %ymm4,
vmaxps HymmO, %ymml, %ymmil

vmaxps Aymm0, {ymm2, {ymm2

vmaxps AymmO, {ymm3, ¥ymm3

vmovaps jAymml, 6422528(Jrcx,}rax,4)
vmovaps %ymm2, 6422560(%rcx,¥rax,4)
vmaxps Aymm0, %ymm4, %ymmi

vmovaps Yymm3, 6422592(Y%rcx,Yrax,4)
vmovaps Aymml, 6422624 (J)rcx,frax,4)
addq $32, Yrax

Aymmi
%ymm2

hymm3
Hymmd

Machine Code
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= Use techniques from compiler construction: DNN = Graph = IR 2 Transformations 2> HW Mapping

TensorFlow* J[ MXNet* ” ONNX* H PyTorch* H Faddie ’

Paddle* Optimization

AutoTVM

[ === Work in progress

Tensor Expression and Optimization Search Space

e

“ 4 , | : Edge Cloud .
{ NNP-L J[ NNP-| M Intel GPU ][Nvidia’GPU I[ AMD*GPU] @ i ( FPGA FPGA ASIC Device Fleet

Intel nGraph Compiler stack contains trademarks of Intel Corporation or its subsidiaries in the U.S. and/or other countries.

*Other names and brands may be claimed as the property of others; see the branding notice and documentation for
further details: https:/ngraph.nervanasys.com/docs/latest

Intel nGraph TVM Stack
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TensorFlow* J[ MXNet* ” ONNX* H PyTorch* H Faddie ’

Paddle* Optimization

AutoTVM

[ === Work in progress
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“Twelve ways to fool the masses when reporting performance of deep learning workloads”

(A humorous guide to floptimize deep learning)
https://htor.inf.ethz.ch/blog/index.php/2018/11/08/twelve-ways-to-fool-the-masses-when-reporting-performance-of-deep-learning-workloads/
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8) Show performance when enabling option set A and show accuracy when
enabling option set B!

= Pretty cool idea isn’t it? Hyperparameters sometimes conflict
So always tune the to show the best result, whatever the result shall be!

Speedup O Utopia
64 O Excellent
Neat
55 O Good Accuracy
O So-so —
T — ac...
0 46 O Not Good
g - 97.95%
o £
g 37 % 97.85%
éL 28 ;
97.75%
B
o
97 .65%
“ 19 BATCH_SIZE=64 BATCH_SIZE=256
BATCH_SIZE=128 BATCH_SIZE=512
10

8 16 24 32 40 48 656 64
# of procs
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Some big deep learning applications

UQ for weather prediction [Gronquist et al. 2019] Predicting mesh tangling [Dryden et al. 2019]
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Some big deep learning applications

UQ for weather prediction [Gronquist et al. 2019] Predicting mesh tangling [Dryden et al. 2019]

And many more!

Code comprehension [Ben-Nun et al. 2018]
Cosmology [Oyama et al. 2019] i
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Research opportunities

Project Name Category Automatic Algorithm Detection for Readability and Performance Rewriting Compilation
. . . . . . . Parallel - - : Machine
+ | Efficient partial collective operations for distributed deep learning training Algorithms + | Data-Centric Deep Learning Framework (or: how to beat TensorFlow) Learning
. . . . Machine - : Machine
+ | Clairvoyant Prefetching for Machine Learning /O Leaming + | Authenticated Deep Learning Learning
) Machine + | Kernel/Metwork Offloading of Streaming Data Processing Tasks Networking
+ | Transformers: Maore than Meets the Eye (of the Hurricane) Leaming
+ | Performance Counters for Interactive Bottleneck |dentification in Large-Scale Applications Compilation
i i - Machine
gl i el e R L e s ) Learning + | Automatic Learning of GPU Code Generation Parameters Compilation
) o Parallel + | Array Partitioning to Exploit High-Bandwidth Block-RAM on FPGA Compilation
+ | Fastest Matrix Multiplication in the West (Europe) Algorithms
+ | Proofably optimal loop scheduling using MINLP Compilation
+ | Efficient Collective Operations On Reconfigurable Hardware Architecture
+ | Cache as RAM to accelerate x86 computations Compilation
+ | Quantized Allreduces for Distributed Deep Learning Trainin Maghine
p gq g Leamning + | Visualization Technigues for Performance-Guided Programming Compilation
+ | Who Optimizes the Optimizers? Performance Programming Made Easy Toolchains + | Large Scale Framework for Code Analysis Compilation
+ | Analytical Cache Model for Parallel Frograms Compilation + | Deep Leaming for Large-Scale Graph Analytics Tachi.ne
eamming
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Parallelism in training DNNs — Summary

= Deep learning is HPC — very similar — mainly dense linear algebra
= Amenable to our usual set of tricks, sometimes with a twist

= Main bottleneck is communication — reduction by trading off

Parameter Consistency

* Bounded synchronous SGD
e Central vs. distributed parameter server
e EASGD to ensemble learning

= Strong scaling requires effort

= Very different environment from traditional HPC
= Trade-off accuracy for performance!

= Performance-centric view in HPC can be harmful for accuracy!
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