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https://www.lucidarme.me/simplest-perceptron-update-rules-demonstration/

TRAINING INFERENCE

Learning a new capability Applying this capability
from existing data to new data
N\ N\

Untrained Deep Learning TRAINING Trained Model App or Service
Neural Network Framework DATASET New Capability Featuring Capability
Model

Trained Model
Optimized for
Performance

Courtesy:


http://on-demand.gputechconf.com/gtc/2017/presentation/s7457-william-ramey-deep%20learning%20demystified_v24.pdf

Model optimisation

Stochastic Gradient Descent
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Google NN Playground
NNZFE DB #R4{b

Q-

DATA

Which dataset do
you want to use?

Ratio of training to
test data: 90%
_—

Noise: 30
—0

Batch size: 19
—e

REGENERATE

Tinker With a Neural Network Right Here in Your Browser.

Dont Worry, You Can't Break It. We Promise.

Epoch

000,000

FEATURES

Which properties do
you want to feed in?

Learning rate

0.001

=+

+ -

4 neurons

T

T

\ This is the output

from one neuron.

Hover to see it
larger.

Regularization Regularization rate Problem type
L1 v 0.001 - Classification
2 HIDDEN LAYERS OUTPUT

Test loss 0.588
Training loss 0.551

+ —
2 neurons
® ® . s
(] O - .‘.'.;\.. .o. 2
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hbegs 2 3 *® % 4 =3) °
ights, shown & o
by the thickness .'(:: o ne % @ %@
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Colors shows
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data, neuron and
weight values.

Show test data ] Discretize output

https://playground.tensorflow.org/
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Courtesy: https://minotebook.github.io/post/CNN1/
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MNIST (Modified National Institute of Standards and Technology)

label =5 label = 0 label = 4 label = 1 label = 9

label = 7
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https://studio.azureml.net/

MS Machine Learning Studio TE5&

Peter Bryzgalov-Free-Wor... ~ 0 QRQ @

= Microsoft Azure Machine Learning Studio

IE Data Format conversions

E_) Data Input and Output
Eﬂ[n Data Transformation
4 l@ Feature Selection
Filter Based Feature Selecti...
Fisher Linear Discriminant ...

Permutation Feature Impor...

4 @ Machine Learning
4 Evaluate

Cross Validate Model
Evaluate Model

Evaluate Recommender

Initialize Model
Score

Train

4 EI‘! OpenCV Library Modules
Import Images
Pre-trained Cascade Image...
P[E_r] Python Language Modules
(R R Llanguage Modules
4 zm Statistical Functions
Apply Math Operation
Compute Elementary Statis...

Compute Linear Correlation

Net# MNIST

iﬁi MNIST Test 10k 28x28 dense [ Multiclass Neural Network J
(1)

@ Score Model

v

Evaluate Model

Mini Map v

T ——,

H ]

DISCARD CHANGES

RUN HISTORY SAVE AS

In draft Properties Project >
Draft saved at 15:18:16 4 Multiclass Neural Network
Create trainer mode
Single Parameter a
Hidden layer specification
ﬁgﬁ MNIST Train 60k 28x28 dense Custom definition script B
® Neural network definition
1 input Pic auto;
2 hidden Convl [5, 13, 13] from Pic convolve
3 9
4 InputShape = [28, 28];
5 KernelShape = [ 4, 4];
6 Stride =[2, 2];
7 MapCount = 5;
8}
9 hidden Conv2 [50, 5, 5]
10 from Convl convolve
11 {
12 InputShape = [ 5, 13, 13];
13 KernelShape = [ 1, 5, 5];
14 Stride =[1, 2, 2];
15 Sharing = [false, true, true];
16 MapCount = 10;
17 %}
18 hidden Hid3 [100] from Conv2 all;
19 output Digit [1@] from Hid3 all;
The learning rate
[ 01 |
Number of learning iterations
[ 100 |
The initial learning weights diameter
[ 01 |
Quick Help &

Creates a multiclass classification model using a neural network algorithm
(more help...)

> & 2

SET UP WEB PUBLISH TO
SERVICE GALLERY

https://studio.azureml.net/

Ll


https://studio.azureml.net/

Microsoft Azure Machine Learning Studio Peter Bryzgalov-Free-Wor... O ¥ ©

Net# MNIST » Evaluate Model » Evaluation results

Predicted Class
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L
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https://studio.azureml.net/ 13
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Courtesy: https://en.wikipedia.org/wiki/
List of Nvidia graphics processing units#
Tesla

NVIDIA Tesla GPUs

K80 GPU
Accelerator!170]

M4 GPU
Acceleratorl1711172]

Maxwell

M6 GPU Accelerator!17!

M10 GPU
Accelerator!174]

M40 GPU
Acceleratorl1721175]

M60 GPU
Accelerator!76]

P4 GPU Accelerator!!77] Pascal

P6 GPU
Acceleratorl1781[179]

P40 GPU
Accelerator!177]

P100 GPU Accelerator
(Mezzanine)!1801[181]

P100 GPU Accelerator
(16 GB Card)!82]

P100 GPU Accelerator
(12 GB Card)!82]

V100 GPU Accelerator
(Mezzanine )[1831[184][185]

Volta

V100 GPU Accelerator
(PCle card)!!83][184][185]

T4 GPU Accelerator

(PCle card)!1861[187] Turing

Micro-
Model i
architecture

November
17,2014

November
10, 2015

August 30,
2015

November
10, 2015

August 30,
2015

September
13, 2016

March 24,
2017

September
13, 2016

April 5,
2016

June 20,
2016

June 20,
2016

June 21,
2017

September
12,2018

Launch

2%
GK210

1x

GM206

GM204

4x
GM107

1x
GM200

2%
GM204

1x
GP104

1x
GP104-
995

1x
GP102

1x
GP100

1x
GV100

1x
TU104

Chips

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Core
clock
(MHz)

4992

1024

1536

2560

3072

4096

2560

2048

3840

3584

5120

2560

Cuda
cores
(total)

560 875 GDDR5
872 1072 | GDDR5
722 1051 | GDDR5
1033 GDDR5
?
948 1114 | GDDR5
899 1178 | GDDR5
810 1063 | GDDR5
1012 1506 | GDDR5
1303 1531 | GDDR5
1328 1480 HBM2
1126 1303
1455 HBM2
Unknown
1370
Unknown
585 1590 | GDDR6
Shaders
M
Base ax
boost Bus
clock lock -
(MH2) cloc ype

(MHz)[!

2%
384

128

256

128

384

2x
256

256

256

384

4096

3072

4096

256

Bus
width
(bit)

uuarovy

2x 5000 2x 240 5591- 1864— 3.7 300 Internal
12 No 8736 2912 PCle GPU
(full-height,
dual-slot)
4 5500 88 1786— 55.81—- 5.2 50-75 Internal
No 2195 68.61 PCle GPU
(half-height,
single-slot)
8 4600 147.2 No 2218- 69.3— 5.2 75— Internal
3229 100.9 100 MXM GPU
4x8 | 5188 4x 83 5289 165.3 5.2 225 Internal
PCle GPU
No .
(full-height,
dual-slot)
12 6000 288 5825— 182.0—- 5.2 250 Internal
No 6844 213.9 PCle GPU
(full-height,
dual-slot)
2x 8 | 5000 2% 160 7365— 230.1— 5.2 225— Internal
No 9650 301.6 300 PCle GPU
(full-height,
dual-slot)
8 6000 192.0 No 4147- 129.6— 6.1 50-75 PCle card
5443 1701
16 3003 192.2 6169 192.8 6.1 90 MXM card
No
24 7200 345.6 No 10007—- 312.7- 6.1 250 PCle card
11758 367.4
16 1430 732 No 9519- 4760— 6.0 300 NVLink card
10609 5304
No 8071- 4036- 250 PCle card
9340 4670
12 549 8071- 4036-
No
9340 4670
16 1750 900 No 14899 7450 7.0 300 NVlink Card
or
e No 14028 | 7014 250 | PCle card
16 | Unknown 320 No 8100 Unknown 7.5 70 PCle card
Memory Processing power (GFLOPS)/]
i CUDA
, Bandwidth | Single | "2 | Double 1| TDP | Notes, form
Size | Clock e precision .. | compute
B | (T (total) precision | © precision | iy (watts) factor
s r
@B) | (MT/s) | GBrs) | (mAD+muL) | FMA;’ (FMA)

15


https://en.wikipedia.org/wiki/List_of_Nvidia_graphics_processing_units#Tesla
https://en.wikipedia.org/wiki/List_of_Nvidia_graphics_processing_units#Tesla
https://en.wikipedia.org/wiki/List_of_Nvidia_graphics_processing_units#Tesla
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Computers and networks CLOUD GPUPROVIDERS ~  DOCKER +  Q

CLOUD GPU PROVIDERS

CLOUD GPU PROVIDERS COMPARISON

® 2016/11/21 a Peter Bryzgalov #® 1 Comment

There are plenty of cloud GPU offers from many providers. This post is here to help you to compare offers in terms of cost-, GPU and CPU performance—, memory etc.
It has some interactive graphs for comparing offers and a table with details for each offer.

Please find my article on our about why | created these graphs and how to use them.

The “filter” charts below provide statistical information about offers distribution by some parameters, such as how many offers each provider has. These charts can also
be used for filtering offers. Click on a value in any chart to filter out offers with different values. You can select multiple values on one or multiple charts. All graphs and
the table below will show data only for the selected offers.

Please note, that only offers with GPU are mentioned on this page. Some providers, like Google and Amazon, have too many offers to show them all here, so | picked
up only some representative ones. [N

Last update: 2019/03/07

FILTER OFFERS IN ALL GRAPHS BELOW USING THESE CHARTS

Number of offers by GPU model Number of GPUs Memory (GB) Number of offers by Providers
K80 1 300-750 ezon
2
2 &
PI00 - 20200 1BM
V100 7 100-200
P - 50-100 Cirrascale
K20 0.5 <50 Sakura
T T T T T T T T T T T 1
P40 0 5 10 15 20 25 0 5 10 15 20 LeaderTelecom
GeForce GTX1080 Total GPU performance (TFlops) Total CPU performance (TFlops) = TheUniversity of Tokyo
GTX1080 Ti 5100 525 e
Quadro P6000 80-100 2'1-25 e
15- oogle
M40 60-80 5
o 40-60 054 IDCF
20-40 05
T4 20 e — Tsubame 2.5
r T T T 1 r T T 1 T T T T T 1 r T T T T T T T T 1
0 5 10 15 20 0 20 40 0o 5 10 15 20 0 2 4 6 8 10 12 14 16 18

The graph below shows theoretical peak CPU and GPU performance- in TFlops for each offer. Hover over offers to display information below the graph. More detailed
information can be found in the table at the bottom of the page. Drag across the chart to zoom in. Click on the legend to filter out offers by provider.

CPU and GPU performance** (TFlops), memory volume (GB)

120 Amazon
® ®
Cirrascale - \/

100 Sakura

LeaderTelecom
The University of Tokyo

AAE Amin

http://comp.photo777.org/cloud-gpu-providers-comparison/

ops)
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GPU RAM (GB) cost/hour

MS Azure NCé K80 x0.5 Xeon E5-2690 v3 56 SSD 340 $0.90
MSNCé x0.25

MS Azure NC12 K80 x1 Xeon E5-2690v3x0.5 112 SSD 680 $1.80
MSNC12

MS Azure NC24 K80 x2 Xeon E5-2690 v3 x1 224 SSD 1440 $3.60
MSNC24

MS Azure NC24r K80 x2 Xeon E5-2690 v3 x1 224 SSD 1440 Infiniband/ $3.96
MS NC24r

MS Azure NVé M60 x1 Xeon E5-2690 v3 56 SSD 340 $1.24
MSNVé x0.25

MS Azure NV12 M60 x2 Xeon E5-2690v3x0.5 112 SSD 680 $2.48
MS NV12

MS Azure NV24 M60 x4 Xeon E5-2690 v3 x1 224 SSD 1440 $4.97
MS NV24
8c52mK80 K80 x0.5 52 SSD 375 $0.99
GL 8c52mK80
12c78mK80x2 K80 x1 78 SSD 375 $1.69
GL 12c78mK80x2
24c156mK80x4 K80 x2 156 SSD 375 $3.33
GL 24c156mK80x4
32c208mK80x4 K80 x2 208 SSD 375 $3.79
GL 32c208mK80x4
64c416mK80x8 K80 x4 416 SSD 375 $7.61
GL 64c416mK80x8
8c52mP100 P100 x1 52 SSD 375 $2.00
GL 8c52mP100
24c156mP100x2 P100 x2 156 SSD 375 $4.45
GL 24c156mP100x2
64c416mP100x4 P100 x4 416 SSD 375 $9.85
GL 64c416mP100x4
8c30mP4x1 P4 x1 30 SSD 100 S0.7
GL 8c30mP4x1
8c30mT4x1 T4xi 30 SSD 100 $0.95
GL 8c30mT4x1
8c30mV100x1 V100 x1 30 SSD 100 $2.03

GL 8c30mV100x1
http://comp.photo777.org/cloud-gpu-providers-comparison/




800

700

600

500

400

300

compared to M60 (%)

200

100

400

300

200

image/sec

100

2400

-
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1200

images/sec

600 |-

GPUARYFY—F29

NVIDIA M60®D %

GPUs comparison

336.2

Quadro P2000 M60 K80 V100

Quadro P2000 M60 K80 P100 V100

Il Peak SP (%)
B Peak DP (%)
Memory (%)
I Memory bandwidth (%)
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Chainer* CIFAR100 with VGG model

2400

images/sec
N ®
o o
o o

()]
o
o

images/sec
w
&)
o
o

* Chainer v4.0.0

mini-batch size

Chainer CIFAR100
CUDA9.0, cuDNN7.0.5.15, batch size 64

Quadro P2000  Mé60 K80 P100 V100

Chainer CIFAR100
CUDA9.0, cuDNN7.0.5.15, batch size 512

1254 543
Quadro P2000 Mé60 K80 P100 V100

19



Chainer* CIFAR100 with VGG model

1 epoch time per mini-batch size

Chainer VGG model time

K80
i GPU :Tesla K80
300 A GPU mem :11439 MiB

0 100 200 300 400 500
mini-batch size

* Chainer v4.0.0 20



Chainer software stack

D

CUDA




Chainer software stack
BEAHIAST 1 ILY —AEEEZILT ) X I

Chainer Someliienas

Cu D N N cudnnGetConvolutionBackwardFilterAlgorithm

Ea—YURTA Y7
ZILTU X LEIR

CUDNN_CONVOLUTION_BWD_FILTER_ALGO_O,
CUDNN_CONVOLUTION_BWD_FILTER_ALGO_1,
CUDNN_CONVOLUTION_BWD_FILTER_ALGO_FFT,
CUDNN_CONVOLUTION_BWD_FILTER_ALGO_3,
CUDNN_CONVOLUTION_BWD_FILTER_ WINOGRAD_NONFUSED,
CUDNN_CONVOLUTION_BWD_FILTER_ALGO_ FFT_TILING

—




Chainer software stack
EHAAT IV —AEEAETILTY X I

Chainer Autotune convolution2D

Ccu D N N cudnnFindConvolutionBackwardFilterAlgorithm

ZILTY X L%=EETLT
BWEICIENRS

CUDNN_CONVOLUTION_BWD_FILTER_ALGO_O,
CUDNN_CONVOLUTION_BWD_FILTER_ALGO_1,
CUDNN_CONVOLUTION_BWD_FILTER_ALGO_FFT,
CUDNN_CONVOLUTION_BWD_FILTER_ALGO_3,
CUDNN_CONVOLUTION_BWD_FILTER_ WINOGRAD_NONFUSED,
CUDNN_CONVOLUTION_BWD_FILTER_ALGO_ FFT_TILING

—




Chainer* CIFAR100 with VGG model

1 epoch time per mini-batch size
Autotune

chainer.using config( autotune’', True)

Chainer VGG model time

K80

300 1 GPU :Tesla K80
i GPU mem 111439 MiB

250 -

200 -

time (s)
;
(@]

100 -

50 -

0 - T T T T T T T T T T T T T T T T T T T T T T T T T T

0 100 200 300 400 500
mini-batch size

* Chainer v4.0.0 24



Keras&TF with VGG model

1 epoch time per minibatch size

mini-batch sizeZ H3EL D KEL UTHIIRY 7 ORFBEIFERL RS,

400 -

350 A

300 -

250 A

time (s)

150 A

100 A

50 -

Keras with TensorFlow VGG model 1 epoch time (s)

08> e[sal

mini-batch size
25



Keras&TF with VGG model

1 epoch time per minibatch size

mini-batch sizeZ H3EL D KEL UTHIIRY 7 ORFBEIFERL RS,

Keras with TensorFlow VGG model 1 epoch time (s)

100 ~
80 -

60 A

time (s)

40 A

20 -

mini-batch size

d99T-ZINXS-00TA elSaL

20
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Estimating CNN Training Time
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aRed DB

1. One platform, variable problem size
#1 U L\mini-batch size’l@ ED Y —4 v NCNND1IR Y 7 DIFEZ T

Problem scaling

Hardware scaling
2. Many platforms, fixed problem size
#1LUWGPUTOD Y —4 v RCNND 1 TRy 7 OFRefEZ 78

Problem + Hardware scaling

3. Many platforms, variable problem size
# U WGPUTH L L\mini-batch sizeli ED Y —4 v KCNND 1 TRy 7 OFRFHE

Z T A

28



e Unseen GPU Cmini-batch size D &f

time (s)

A —47vw KCNND4BEF A

Problem + hardware scaling

ﬁvﬁ®fﬁ€%&

Predictions for K80

—— predictions
GT

50 100 150 200 250 300 350 400 450

mini batch size

Predictions for Quadro P2000

100 -

50 -

pe—

—— predictions
GT

50 100 150 200 250 300 350 400 450

mini batch size

MPE=34.458

MPE=11.833

time (s)

3

ND %

—/7w RCNN®D 1

Predictions for M60

100 - —— predictions

GT

50 A
o+—T——TFT——T T T
0 50 100 150 200 250 300 350 400 450
mini batch size
Predictions for V100

—— predictions

100 A GT

\* ,

0 +—r—r—r—r——rr—r—rrr——r———
0 50 100 150 200 250 300 350 400 450

mini batch size

MPE=12.291

MPE=20.841

29



e EHIAHE
« BT
e BHGPU

K80

20 A

time (s)

Proxy CNN

12U WS Y F)LACNND TRy 2
—5DFEZILTY X L

M60 P100 V100

time (s)
time (s)
time (s)
time (s)

=

[8] % {5

Quadro P2000

L]

time (s)

tinje(s)I
time (s)
time (s)
time (s)

time (s)

time (s)I
time (S).

0O 100 200 300 400 0 100 200 300 400 0O 100 200 300 400 0 100 200 300 400

batch

batch batch batch

tirne(s)I

0

100 200 300 400
batch

21696 ¢ 9GZ 96C ¢

9GC 216 ¢
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7 7a—F 1

e GPU/XT X —%, CNNHEIEZR & DS proxy CNN & target CNND T

My 7 KAz T8l

X

Proxy CNN
: : : : : Boost : .
i i g 0 g g CUDA SP i L2 size
16_128 12816 64 1282 512 51232 3 64 | 8 256 256 | CUDAcap | clock cores | (GFLOPS) |  (MB) batch
' ' ' 5 ' (GH2) a a .
0 0 1 0! 0 7.0 1.530 5120 | 14899.00 | 6.144000 : 50
0 0 0 0 0 30! 0745 3072 i  190.72 | 0.524288 180
0 0 0 0 1 5.2 1.180 2048 |  9650.00 i 2.097152 i 110
Target CNN
i : 5 ; ; . Boost i )
16_128_128 | 1664 128 2 512 512 | 32 3 64 | 8_256_256 | CUDA cap: clock CUDA : SP . L2size : ...
: : : : : : cores : (GFLOPS): (MB)
' ' ' ' 5 (GHz) 5 5 .
1 1 3 1 2 30f 0745; 3072 190.72 | 0.524288 7
1 11 3| 11 2 3.0 | 0.745 | 30721 190.72 | 0.524288 | 8

Y

epoch time

1.106367

1.147372

epoch time

6.353467

5.098342

31



7 70—F2

e Proxy CNNI/Rw 27 B&fE & mini-batch size’Z 17 h Starget CNND

ﬁvﬁ?ﬁ%%ﬂ

X Y

batch 2 256_256 2 256_512 2 512_256 2 512 512 4 256_256 4 256_512 4 512 _256 4 512 512 time
10 7.899219 10.581952 27.159053 45.356138 8.276083 12.871071 26.076312 47.215793 411.629
12 eosaita] 9511182| 025690380 40802988| 7480802 | 11757620 24770964 | 4509861 p 388.360
4 6303783, 8794566| 24614391 | 42661200 6830800 110659331 23670807 43969346 » """" 372195
16| 11953461 2089520 20835024 41860299 114604111 20048031 20150808 40007182 47551
18| 11685055 20712877 23349043 41587071 12125355 21069768 28751848 4osdzzse 381350

\_ J

32



source

Quadro P2000 -

1-1 GP

)’

Linear Regression model

1->1 predictions MAPE for SGDRegressor epsilon

100
K520 -
K80 80
M&0
60
P100
P40 -
40
TITAN X 20
V100
i i -0
o [=} (= o o (=] > o
g ¢ £ § & § z ¢
a b=
o =
o
n
=
o
target

K520->K80 SGDRegressor epsilon

«  GT
200‘ . ©°°00 000000000000 0080000 00000000000 00000 0000000000000 c00s0T
100 - s
0+ HSSSES IS IS S I ————
0 50 100 150 200 250 300 350 400
batch
P100->M60 SGDRegressor epsilon
1 —— predictions | MPE=10.193
200 - -1
100 H
0+ —— JSNS 1 S U U S A ———
0 50 100 150 200 250 300 350 400

batch
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source

1-1 GP
70

Linear Regression model

1->1 predictions MAPE for SGDRegressor epsilon

100
K520 -
K80 80
M&0
60
P100
P40 -
40
Quadro P2000 -
TITAN X 20
V100
| | -0
o [=] (=] (=] o (=] > o
g ¢ £ § & § z ¢
a b=
o =
o
m
=)
o
target

FRINANTWS

/

M60->V100 SGDRegressor epsilon

| —— predictions | MPE=25.017
° . GT
100 {
0+— S —
0 50 100 150 200 250 300 350 400
batch
P100->V100 SGDRegressor epsilon
y - predictions MPE=20.245
° . GT
100 {
0+— G G —
0 50 100 150 200 250 300 350 400
batch
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MBS* & titerationXi /= b DEtE S

* mini-batch size

1. CPUAVED 2. GRUNVED

100
/5
g - O CPU
= GPU
25
0 L
1 500

mini-batch size

MBSHV/ & W/ZECPUDETERBEID M IEL 725,

35



Chainer proxy CPU&GPU profiles. MBS 5

1. CPUDVED

| NON NVIDIA Nsight Systems 2019.2.1
NVIDIA Nsight Systems 2019.2.1
|® peter@mouse.local v ¥ §, = o Deviceis ready More info...
Project Explorer X | Chainer miniapp on Mouse X Report14 X Report15 X Report16 X NI EVAS S
~ = Chainer miniapp on Mouse - i
_ Report14 mjlimsline)\iew ~ > 4\ 4 warnings, 18 messages
| | Report15 as +25.8ms +26ms +26.2ms +26.4ms +26.6ms +26.8ms +27ms +27.2ms +27.4ms +27.6ms +27.8ms +28ms
Bl Report16
| Report17 » CPU)
» = Chainer VGG on Mouse ~  Processes (8)
» = DNNMark

~ (&) [13434] python

~ Threads (17)

Chainer miniapp on Mouse
shape 16,128,128

v | [13434] pythor ~

mini-batch size 5

OS runtime librarie

NVTX

CUDA API

CuDNN ]

Profiler overhead
16 threads hidden...
~ CUDA (Quadro P2000
~ Default stream (7)
»  Kernels

»  Memory

NVTX AT

1 stream hidden...
¥ NVTX
Marks&Ranges
v [13464]
~ Threads (2)

v [13464] -

1 thread hidden...
v [13462]
~ Threads (2)

v [13462] -

1 thread hidden...
v [13453]
~ Threads (2)

(Jmaxwe-.] ()]

BACKWARD (828.261 us]

_lvx, ..'I | ] u | | B | |
L Ai} il | | ]

() e 75 (2]
BACKWARD [703.662 us]

1 iteration

CPU FWD+BWD =1.22ms

@ i
(]

BACKWARD [818.480 us]

[ ] ([ maxw...)

0 ) (e )
BACKWARD [694.958 ps]

GPU

GPUIX#F1E L T W\ 5B5R]

B =
FomARD TGRE T

Bottom-Up View ~ | | Process [13434] python (13%, 1 of 17 threads) v

| Filter... A 93.04% (54,449 samples) of data is shown due to applied filters. Search...

Symbol Name
» PyEval_EvalFrameEx

Self, % ~ Module Name =
15.03 /usr/bin/python2.7

» _PyObject_GenericGetAttrWithDict
» 0x7f160ac3b07b
» PyEval_EvalCodeEx
» 0x495688
» PyString_FromFormatV
» __libc_malloc
_int_free
» 0x7f160ac3b046
» cre32
» 0x7f160ac3b039
4

5.07 Jusr/bin/python2.7
2.89 /lib/x86_64-linux-gnu/libz.s0.1.2.8
2.72 [usr/bin/python2.7
1.63 /usr/bin/python2.7
1.61 Jusr/bin/python2.7
1.49 [lib/x86_64-linux-gnu/libc-2.23.s0
1.43 [lib/x86_64-linux-gnu/libc-2.23.s0
1.20 /lib/x86_64-linux-gnu/libz.s0.1.2.8
1.05 /lib/x86_64-linux-gnu/libz.s0.1.2.8
1.04 /lib/x86_64-linux-gnu/libz.s0.1.2.8

https://developer.nvidia.com/nsight-systems



https://developer.nvidia.com/nsight-systems

Chainer proxy CPU&GPU profiles. MBS 500
2. GPUNYED

| NON NVIDIA Nsight Systems 2019.2.1
NVIDIA Nsight Systems 2019.2.1
1® peter@mouse.local v | *» % = « Device is ready More info...
Project Explorer X | | Chainer miniapp on Mouse X Report17 X Report20 X Report18 X Report19 X NERE[ES
~ = Chainer miniapp on Mouse T r— X
Report 14 = Timeline View v 7~ X Aa warnings, 18 messages
Ll Report 15 2s +840ms +850ms +860ms +870ms +880ms +890ms +900ms +910ms +920ms +930ms +940ms +950ms +960ms +970ms | *
| | Report16 » CPU (6)
|| Report17 "
|| Report18 ~ Processes (8)
Report 19 ~ (& [13401] python
. Report 20 [ ] pyt
» = Chainer VGG on Mouse ~  Threads (17)
5 DNNMark I A A I I D A
v J [13401] pythor v - — — — S— — “. '
Chainer miniapp on Mouse OS runtime librarie CPU FWD+BWD =1.2ms
shape 16,128,128
mini-batch size 500 N UL LR 0 e e
CUDA API DN ic11 W (e () cudaMemsetasync () () I (cudaMemsetasy...| ) (=) (scaleF m

- tatasn EI — F— 1 ~ ry ] E]

Profiler overhead
16 threads hidden...
~ CUDA (Quadro P2000

~ Default stream (7)

» Kernels dnn_128x128_st
»  Memory
NVTX
1 stream hidden...
» NVTX
v [13430]

~ Threads (2)

BACKWARD (36.442 ms]

BACKWARD [36.320 ms] BACKWARD (33.346 ms]

GPU FWD+BWD =47ms

v [13430] -

1 thread hidden...

Bottom-Up View ~ || Process [13401] python (10%, 1 of 17 threads) v
T Filter... | 92.63% (28,410 samples) of data is shown due to applied filters. Search...
Symbol Name Self, % ~ Module Name =

» 0x7f10e89bd6ab
» 0x7f112db8107b
» 0x7f10e88ec0b8
» 0x7f112db81046
» 0x7f10e88ec0ab
» crc32

» 0x7f112db81039

13.37 Jusr/lib/x86_64-linux-gnu/libcuda.s0.396.54
5.18 /lib/x86_64-linux-gnu/libz.s0.1.2.8

3.27 Jusr/lib/x86_64-linux-gnu/libcuda.s0.396.54
2.25 [lib/x86_64-linux-gnu/libz.s0.1.2.8

2.17 [usr/lib/x86_64-linux-gnu/libcuda.s0.396.54
2.02 /lib/x86_64-linux-gnu/libz.s0.1.2.8

1.86 /lib/x86_64-linux-gnu/libz.s0.1.2.8

» Oxffffffffalb9d2ec

» Oxffffffffalba3180

» 0x7ffd37919979

» Oxfffffe00000e2000
» Oxffffffffalc00152

4

1.17 [kernel.kallsyms]
1.14 [kernel.kallsyms]
1.13 [vdso]

1.10 [kernel.kallsyms]
1.02 [kernel.kallsyms]

https://developer.nvidia.com/nsight-systems
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Chainer proxy time

16-128-128

15 -

10 A

time (s)

t = k*Niterations = k*NsampIes/bS = K/bS t ~ ConSt

@ 50 100 150 200 250 300 350 400 450 500

mini-batch size

1. CPUASES |
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BmEE ICEWTHLIEDIESE

* Data parallelism (T7—%AM5)
— Yz RE L CHIICEEFZITO &

* Model parallelism
ETI)LHAMEDGPUITTE S 73 LV

e workload partitioning”
DNNETILZE & ICHE|T S

* Hybrid parallelism
N > —fdllddata parallelism. , S e
V¥ ¥ —YRNOEHGPUM IEmodel parallelism |

——————————————— ———————————————

Courtesy: https://blog.skymind.ai/distributed-
deep-learning-part-1-an-introduction-to-

e Distributed hyperparameter search
BZEGPUDT—FHETILBAU. NAN=INTAXA=FDNEWRD

* ML TIEAR U 40


https://blog.skymind.ai/distributed-deep-learning-part-1-an-introduction-to-distributed-training-of-neural-networks/
https://blog.skymind.ai/distributed-deep-learning-part-1-an-introduction-to-distributed-training-of-neural-networks/
https://blog.skymind.ai/distributed-deep-learning-part-1-an-introduction-to-distributed-training-of-neural-networks/

Stochastic Gradient Decent (SGD)
and Data parallelism

e Synchronous
BATL—Yayvesic 7O ABDOREETS

* Asynchronous
BE7O0CRBMOTOCAZ/FLLEW 41T L—I 3 rhkb 3
R, gradientsZ X EUVUETILZE#HT S,

stale gradient Worker 1 Wi 1 Wo 1
prOblem Worker 2 Wog | l W, i
| | * I Vvlm=vv1oo— }\AWW
\ A / \ A
. Wi,=Wo;— A AW
INT X —5 5 —)\ Param. Version . 100|101 | 102 |103| 104 |105 | 106 10 ol *
% )|\ Wios= Wi, — )\AWOO
|
' Wioi=Wi3— A AW,
Worker 3 Wi T | Wi ] R »
7 —H—
Worker 4 W99 vVm4
Tim

Courtesy: https://blog.skymind.ai/distributed-deep-learning-



https://blog.skymind.ai/distributed-deep-learning-part-1-an-introduction-to-distributed-training-of-neural-networks/
https://blog.skymind.ai/distributed-deep-learning-part-1-an-introduction-to-distributed-training-of-neural-networks/

7 0t XA [Elcommunication

INTAX—=5H—)\
o Central ized PS Broadcast model

Aggregate

Gradients

e Peer to Peer

/m wdients

%ﬁjents

m/Gradients
; Gradients

GPU 7

Gradients

Courtesy: https://towardsdatascience.com/distributed-tensorflow-
using-horovod-6d572f8790c4
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https://towardsdatascience.com/distributed-tensorflow-using-horovod-6d572f8790c4
https://towardsdatascience.com/distributed-tensorflow-using-horovod-6d572f8790c4
https://towardsdatascience.com/distributed-tensorflow-using-horovod-6d572f8790c4

BEMLT L—L7T—2 D5 #EgE

DSSTNE

TensorFlow

CNTK

Caffe

Caffe-MPI

Caffe?2

ChainerMN

* 2017FIRTE

Multi GPU Multi GPU model-
LS OneNode  MultiNode 92ta-Parallel parallel

gRPC-based/MPI/NCCL \
Keras&TensorFlow © 70w 7 S & T/INA

AZEEETE %o

NCCL/CUDA-aware MPI
BH ./ — KODCPUGPUTREITTE %,

MPI+PThread+CUDA, MPI communication
between each node, PThread and CUDA threads
parallelism in the node.

NCCL/Gloo/MPI

NCCL/CUDA-aware MPI
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https://github.com/NVIDIA/nccl
https://github.com/Caffe-MPI/Caffe-MPI.github.io

Distributed training with
Horovod

]
.( OOOOOOO .Q
o

Developed at Uber since 2017

https://github.com/horovod/horovod
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https://github.com/horovod/horovod

Horovod

e Support for TensorFlow, Keras, MxNet, PyTorch, Spark

e Easier to use than TF-native distributed training
e Fast and scalable

TF native

Training with synthetic data on NVIDIA® Pascal™ GPUs

Horovod

Training with synthetic data on NVIDIA® Pascal™ GPUs

Images/sec
- -

|

|

|

N
i
|

I]

|
1

[l

eeeeeeeeee
Number of GPUs and model name

Number of GPUs and model name
H Distributed TensorFlow DOldeal

¥ Horovod (TCP) M Horovod (RDMA) Olideal
https://eng.uber.com/horovod/

https://qithub.com/horovod/horovod/blob/master/docs/benchmarks.rst

 Python

e Uses MPIl and NCCL 2 with support for InfiniBand, GPUDirect and
RoCE

https://github.com/horovod/horovod
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Horovod
557 RYHR—k
e Support by AWS

e https://aws.amazon.com/blogs/machine-learning/aws-deep-learning-amis-now-include-horovod-for-faster-multi-gpu-tensorflow-
training-on-amazon-ec2-p3-instances/

e Support by MS Azure

* PyTlorch

e Keras & TF

e Support by Google Cloud

e https://github.com/kubeflow/kubeflow/tree/master/kubeflow/openmpi#running-horovod
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https://aws.amazon.com/blogs/machine-learning/aws-deep-learning-amis-now-include-horovod-for-faster-multi-gpu-tensorflow-training-on-amazon-ec2-p3-instances/
https://aws.amazon.com/blogs/machine-learning/aws-deep-learning-amis-now-include-horovod-for-faster-multi-gpu-tensorflow-training-on-amazon-ec2-p3-instances/
https://docs.microsoft.com/en-us/azure/machine-learning/service/how-to-train-pytorch#distributed-training
https://docs.microsoft.com/en-us/azure/machine-learning/service/how-to-train-tensorflow#distributed-training
https://github.com/kubeflow/kubeflow/tree/master/kubeflow/openmpi#running-horovod

Horovod Demo
MNIST sample in Keras & TF

from _ future__ import print_ function

import keras

from keras.datasets import mnist

from keras.models import Sequential

from keras.layers import Dense, Dropout, Flatten
from keras.layers import Conv2D, MaxPooling2D
from keras import backend as K

import math

import tensorflow as tf

import horovod.keras as hvd

# Horovod: initialize Horovod.
hvd.init()

# Horovod: pin GPU to be used to process local rank (one GPU per process)

config = tf.ConfigProto()

config.gpu options.allow _growth = True

config.gpu options.visible device list = str(hvd.local rank())
K.set_session(tf.Session(config=configqg))

batch_size = 128
batch_size = 720
num_classes = 10

# Horovod: adjust number of epochs based on number of GPUs.
epochs = int(math.ceil(12.0 / hvd.size()))

# Input image dimensions
img_rows, img cols = 28, 28

# The data, shuffled and split between train and test sets
(x_train, y train), (x_test, y test) = mnist.load data()

if K.image data_format() == 'channels first':
X_train = x_train.reshape(x_train.shape[0], 1, img rows, img cols)
X_test = x_test.reshape(x_test.shape[0], 1, img rows, img cols)
input_shape = (1, img_rows, img_cols)

else:
x_train = x_train.reshape(x_train.shape[0], img rows, img cols, 1)
X_test = x_test.reshape(x_test.shape[0], img rows, img cols, 1)
input_shape = (img_rows, img cols, 1)

X_train = x_train.astype('float32")
X_test = x_test.astype('float32')
x_train /= 255

x_test /= 255

print('x train shape:', x_train.shape)
print(x_train.shape[0], 'train samples')
print(x_test.shape[0], 'test samples')

# Convert class vectors to binary class matrices
y_train = keras.utils.to_categorical(y_train, num classes)
y_test = keras.utils.to categorical(y_test, num classes)

model = Sequential()

model.add(Conv2D(32, kernel size=(3, 3),
activation='relu',
input_shape=input_shape))

model.add(Conv2D(64, (3, 3), activation='relu'))

model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Dropout (0.25))

model.add(Flatten())

model.add(Dense(128, activation='relu'))

model.add(Dropout(0.5))

model.add(Dense(num _classes, activation='softmax'))

# Horovod: adjust learning rate based on number of GPUs.
opt = keras.optimizers.Adadelta(l.0 * hvd.size())

# Horovod: add Horovod Distributed Optimizer.
opt = hvd.DistributedOptimizer (opt)

model.compile(loss=keras.losses.categorical crossentropy,
optimizer=opt,
metrics=['accuracy'])

callbacks = [
# Horovod: broadcast initial variable states from rank 0 to all other processes.
# This is necessary to ensure consistent initialization of all workers when
# training is started with random weights or restored from a checkpoint.
hvd.callbacks.BroadcastGlobalVariablesCallback(0),

# Horovod: save checkpoints only on worker 0 to prevent other workers from corrupting them.
if hvd.rank() == 0:
callbacks.append(keras.callbacks.ModelCheckpoint('./checkpoint-{epoch}.h5"))

model.fit(x_train, y train,
batch_size=batch_size,
callbacks=callbacks,
epochs=epochs,
verbose=1,
validation_ data=(x_test, y_test))
score = model.evaluate(x_test, y test, verbose=0)
print('Test loss:', score[0])
print('Test accuracy:', score[l])
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Horovod Demo

MNIST sample in Keras & TF
Import & F1EA1L

import horovod.keras as hvd
# Horovod: initialize Horovod.
hvd.init ()

27O AICGPUEZE|D TS

# Horovod: pin GPU to be used to process local rank (one GPU per process)

confié.ébu_obtions.visibIé device list = str(hvd.local rank())

Keras OptimizerZz 7 8{Optimizerlc AN Z %

# Horovod: add Horovod Distributed Optimizer.
opt = hvd.DistributedOptimizer (opt)

ZGPULDETILZR U{ETHIERL

callbacks = |
# Horovod: broadcast initial variable states from rank 0 to all other processes.
# This 1is necessary to ensure consistent initialization of all workers when
# training is started with random weights or restored from a checkpoint.
hvd.callbacks.BroadcastGlobalVariablesCallback(0),
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Horovod Demo
MNIST sample in Keras & TF

%\%73‘/7 |\.-717 Run with
$ horovodrun
e MPI (OpenMPI) $ mpirun
e NCCL
e TensorFlow
e Keras
e Horovod
’ NVIDIA Jetson AGX Xavier
Command

$ mpirun -np 3 -H localhost:1,jetsonl:1,jetson2:1 -mca btl_tcp_if_include eth® -x NCCL_SOCKET_IFNAME=eth@® -bind-to none -map-by slot python keras_mnist.py

NVIDIA Jetson TX2 NVIDIA Jetson TX2
49



Horovod Demo
MNIST sample in Keras & TF

Command

$ mpirun -np 3 -H localhost:1,jetsonl:1,jetson2:1 -mca btl_tcp_if_include eth®
-X NCCL_SOCKET_IFNAME=eth@® -bind-to none -map-by slot python keras_mnist.py
-np 3

7O A

-mca btl_tcp_if_include ethO -x NCCL_SOCKET_IFNAME=ethO
MPIIZTCPZ{ES31ER. MPIENCCLICRXRY NT—9O A4V 49—T 1 —XA%EIETE

-bind-to none
NL—Z=>770€RXZ—@DCPUI 7 IC/\1 > KULEL

-map-by slot
OpenMPI process placement option

-x PATH

BETH

NVIDIA Jetson TX2 NVIDIA Jetson TX2
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Horovod Demo

[ NON J 2. » Jetson [peterbryzgalov@iMac213.local]

peter@xavier: /SSD/horovod$ mpirun -np 3 -H localhost:1,jetsonl:1,jetson2:1 -mca btl_tcp_if_include eth® -x NCCL_SOCKET_IFNAME=eth® -bind-t
o hone -map-by slot python keras_mnist.py

d average: 0.37, 0.35, 6. NVIDIA Jetson AGX Xavier

174
5687332
9744964

PID USER PR NI VIRT RES SHR S %CPU %MEM TIME+ COMMAND

X Jetson (ssh) #1

0.6% Tasks 131 thr; 1 running
0.0% Load average:
0.6% Uptime:
1.3%
Mem[ITLLEEEEIEEEEEEEEETEEEEETTTl 1.54G/7.67G
Swp OK/0K

3%]  Upti
2%
Mem[ITLLEEEEEEEEEEEEEEEEEEEEErrnnl 1.48G/7.68G
OK/0K

g%
Q.

Swp
PID USER PRI NI VIRT RES SHR S CPU% MEM¥ TIME+ Command

PID USER PRI NI VIRT RES SHR S CPU% MEM%¥ TIME+ Command

Enter{lsat Filter: keras

NVIDIA Jetson TX2 NVIDIA Jetson TX2

Enterplits) Filter: keras




XOPOBOJ,

(1) [BH4EHE] (R VEBEERO) i ; Z20EOBRIC AL BFEZ2 D\ TE-S 72



SZEZE&R,:

https://cupy.chainer.org

GPU-accelerated data
science In Python

CuPy, Numba, RAPIDS

http://numba.pydata.org/numba-doc/latest/user/5minquide.html

https://www.slideshare.net/NVIDIAJapan/rapids-120510206

03


https://cupy.chainer.org
http://numba.pydata.org/numba-doc/latest/user/5minguide.html
https://www.slideshare.net/NVIDIAJapan/rapids-120510206

NVIDIA GPU Technology Conference at Silicon Valley 2019

DATA SCIENCE - A NEW PILLAR OF DISCOVERY

PREDICTIVE

= FEATURES MODEL
DATA —— ... » A ' -~ PREDICTION

culo CuDNN ‘ TensorRT
cuDF cuML 4 TRTIS
cuGraph -
-

Data Science

Data Science pipeline: e feature engineering
e data lakes e ML model
e dataframes e |nference



RAPIDS

All-GPU Data Science Pipeline

The New GPU
Data Science Pipeline

! |

DATA PREPARATION — MODEL TRAINING —_— VISUALIZATION

Apache

In GPU Memory
Arrow



https://rapids.ai

RAPIDS

Installation

RAPIDS RELEASE SELECTOR

RAPIDS is available as conda packages, docker images, and from source builds. Use the tool below to select your preferred method, packages, and
environment to install RAPIDS. Certain combinations may not be possible and are dimmed automatically. Be sure you’ve met the required

and see the
PACKAGES
PYTHON Python 3.7

CUDA CUDA 10.0

@0 \/N\\Ip8 docker pull rapidsai/rapidsai:latest
docker run --runtime=nvidia --rm -it -p 8888:8888 -p 8787:8787 -p 8786:8786
rapidsai/rapidsai:latest

COPY COMMAND @

https://rapids.ai


https://rapids.ai

SYNTAX Creating DataFrames

RAPIDS

Pandas?

COMBINE DATA SETS

____a | b | _c 2df1
4 7

gdf2
- x1 x3 |

A T
+ B F
D T

1
2 5 8 1 A 1
3 6 9 12 B 2
C 3
gdf = cudf.DataFrame([
(“a", [4,5, 6]), STANDARD JOINS
(“b”, [7, 8, 9]),

(“c”, [10,11,12])
)

Specify values for each column.

gdf = cudf.DataFrame.from_records(
[[4, 7, 10],
[5, 8, 11],
[6, 9, 12]],
index=[1, 2, 3],
columns=[‘a’, 'b’, ‘c'])
Specify values for each row.

gdf=cuDF.read_csv(flename, delimiter="/,
names=col_names, dtype =col_types)

https://rapids.ai/assets/files/cheatsheet.pdf

L x1 | x2 | x3

A 1 i gdf.merge(gdf2,

how='"left’, on="x1’)
5 2 NFN Join matching rows from bdf to adf.

d

A 1.0 T  8df.merge(gdf1, gdf2,

how="right’, on="x1")
[B) I\?(I)\l "I:' Join matching rows from gdf1 to gdf2.

a

m- gdf.merge(gdf1, gdf2,

how=‘inner’, on="x1")

B 2 |: Join data. Retain only rows in both sets.
L x1 | x2 | x3

A 1 T gdf.merge(gdf1, gdf2,

B F how="outer’, on='x1")

C 3 NaN Join data. Retain all values, all rows.

D NaN T


https://rapids.ai

In [17]:

In [18]:

In [19]:

RAPIDS vs Pandas

Read CSV file

with Timer() as t:
2 patient pdf = pd.read csv(patient data path) Pandas

D =

! pdf read time = t.interval

5 print('Time: {:.1f}s'.format(pdf read time))

6 print("Samples: {:.1f} million".format(patient pdf.shape[0]/1E6))
print("Features:", patient pdf.shape[l])
print("Dataset size: {:.1f} GB".format(sys.getsizeof(patient pdf)/1E9))

Time: 5.0s

Samples: 3.0 million
Features: 40

Dataset size: 1.0 GB

with Timer() as t:
2 patient gdf = cudf.read csv(patient data path) cuDF

D =

! gdf read time = t.interval

5 print('Time: {:.1f}s'.format(gdf read time))

6 print("Samples: {:.1f} million".format(patient gdf.shape[0]/1E6))
print("Features:", patient gdf.shape[l])
print("Dataset size: {:.1f} GB".format(sys.getsizeof(patient gdf)/1E9))

Time: 0.6s

Samples: 3.0 million
Features: 40

Dataset size: 1.0 GB

1 print("Read time on GPU was {:.2f}x faster than on CPU.".format(pdf read time / gdf read time))

Read time on GPU was 7.82x faster than on CPU.
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CUDA in Python: CuPy and Numba

e CuPy
o % RITHEES(array object) on GPU
e ufunc — array operations executed in parallel on GPUs

e Numba

e Custom ufunc-s

@vectorize([ 'float32(float32, float32, float32)'], target='cuda')

def gaussian pdf(x, mean, sigma):
"'""Compute the value of a Gaussian probability density function at x with given mean and sigma.'''
return math.exp(-0.5 * ((x - mean) / sigma)**2) / (sigma * SQRT 2PI)

e CUDA functions

@cuda.jit(device=True)
def polar to cartesian(rho, theta):
x = rho * math.cos(theta)
y = rho * math.sin(theta)
return x, yv # This is Python, so let's return a tuple
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