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Cote | Core
Core

LDYST

Pascal
CC 6.0

stuion ufe

Dispatch Unit
2

Warp Schoduler

Dispatch Unlt
&

Register File (32,768 x 32-bit)

Core

Core

Core

Core

Core

Core

Core

64 cores / SMM

Core
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https://developer.nvidia.com/cuda-gpus
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Tesla K20x (CC 3.5)

E &8 L0 Host Insertaca

2688 CUDA Cores —

FP64: 1.31 TF A e e e |
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384 bit width
6GB
250 GB/s
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High Bandwidth Memory 2

i 1!

Memory Controller Memory Controller

SH

SM

S
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|
)
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PCI Express 3.0 Host Interface
SM

SM SM

SM SM

SM
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Tesla P100 SXM2 (CC 6.0)
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1 21.2 TF

FP64
FP32
FP16

3584 CUDA Cores
INTS
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4096 bit width

16 GB

High Bandwidth Memory 2

H !

Memory Controller Memory Controller
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z Aowep yipmpueg ybiy

732 GB/s
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Memory Controller Memory Controller Memory Controller Memory Controller
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CUDA
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CUDAS.Oh'&=3T SA4IT35Y-FALIFT1T
JIVFOSTENME OpenACC/NVIDIA CUDA Libraries/
(Windows, Linux(x86,power,arm),MacOS) 3¢ Party Libraries

R R4S HRRIEZ IR @ J0Y5LKERE
C++/Fortran/Python/R/Matlab etc..

FHFERIE

Debugger/Analyzer/IDE etc..
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NVIDIA CUDA 514 J3Y

CUFFT
CUBLAS
CUSPARSE
CuSOLVER
cuDNN
CuRAND
Thrust
NPP

—IZE
1ITHEBE (1T
1THERE(FRITE))
THIVILN
F4—T5—-=>

LEREERK
C++7> L —BMNSTLR—X)
[EUSRALIE - (S S ALIETN) 2

N

ANVIDIA ACCELERATED

GPU-Accelerated Libraries

GPU . Accelerated libraries provide highly.optimized algorithms and functions you can incorporate into your application:
your existing code. Many support drop-in compatibilty to replace industry standard CPU.only libraries such as MKL, 1P
libraries. Some also feature automatic multi-GPU performance scaling.

) cuDNN

Yz
AmgX cuDNN cuFFT Inde
A simple path to accelerated core NVIDIA cuDNN is a GPU-accelerated  NVIDIA CUDA Fast Fourier NVID

solvers, providing up to 10x library of primitives for deep neural Transform Library (cuFFT) provides a  time ¢
acceleration in the computationally networks, It Is designed to be simple interf, jor computing FFTs Para)
intense linear solver portion of integrated into higherJevel machine up to 10x faster, without having to

simulations, and is very well suited for  leaming frameworks develop your own custom GPU FFT

implicit unstructured methods implementation

Z

nvGRAPH GIE NPP FFm
nvGRAPH Analytics Library is a GPU-  NVIDIA GPU Inference Engine is a NVIDIA Performance Primitives is a FFmg
accelerated graph analytics library high performance neural network GPU accelerated fibrary with a very multi
inference library for deep leaming large collection of 10 of ph

) priemitive: varfol

ing prirmitives proce

ULA|tools

540
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IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIII " Jﬂr’_ﬁal
i A IG:.JI
I ENANENEE

IIIIIIIIIIIIIIIII

IIIIIIIIIIIIIIIII

IIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

IIIIIIIIIIIIIIII

IIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII
IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

16 <INVIDIA.
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FEATURES + — 3 HIDDEN LAYERS OUTPUT

Which properties do Test loss 0.490
you want to feed in?
e B Sl I

8 neurons 8 neurons 5 neurons

Training loss 0.489

+
|

X

1

B
1=

\

FEMEDCONT, ot
B EFAKESICRD

1000 G

Colors shows
data, neuronand I
weight values '

R 4

[C] Showtestdata [] Discretize output
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HIAHZ1—3 )1y NI—2(CNN)
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TORCH CAFFE
EANYU facebook Berkeley
THEANO MATCONVNET
Université I'H'I AVEOR
de Montréal 5
MOCHA.JL PURINE _
L [T BN @)
MINERVA MXNET*
PR w Carnegie
Nvu @S s, Pl

350 million

images uploaded

per day

2.5 trillion
transactions
per hour

100 hour video
uploaded
per minute

TFLOPS
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B AR R SEBR KemL>>s R
dYE1—-9ES3> RAA&A—=T 1A
Caffe Q Bplle-aﬂ:\;!j Mocha.jl . CNTK mxnet w 5 17 I torch
i 'ulié KERAS n = ensorfFlow
Chainer J MatConvNet MINERVA == OpenDeep Pylgﬂmz th eano

CUBLAS = CUSPARSE CUFFT NCCL REREAMISER TensorRT

+
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cuDNN
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Accelerated Features

All

LINPACK

Metric Scalability

Multi-GPU,
Multi Node

https://www.top500.org/project/linpack/

GFLOPS

Speedup Vs Dual-Socket Broadwell CPU

14.0x

12.0x

10.0x

8.0x

6.0x

4.0x

2.0x

0.0x

2X Tesla K80  4X Tesla K80

Linpack 2.1
Speedup Vs Dual-Socket CPU Server

23900 GFLOPS

14530 GFLOPS

7513 GFLOPS
6061 GFLOPS

3123 GFLOPS

2X P100 PCle  4X P100 PCle 8X P100 PCle

CPU Server: Dual Xeon E5-2699 v4@2.2GHz (44-cores)
GPU Servers: Dual Xeon E5-2699 v4@2.2GHz (44-cores) with Tesla K80s or P100s PCle
CUDA Version: CUDA 8.0.44

Dataset: HPL.dat 47 <ANVIDIA.



P100 SXM2[C kDR BEFES

FP32 Training, 8 GPU Per Node

Speedup
m 8x M40 m 8x P40 m 8x P100 PCIE m DGX-1
2.0x
1.2x
1.7x 1.2x
1.5x
Img/sec

1.0x 5506 2088 563 514 706

O.SX I I I I I

0.0x

AlexnetOWT GoogLenet VGG-D Incep v3 ResNet-50

Refer to “Measurement Config.” slide for HW & SW details
AlexnetOWT/GoogLenet use total batch size=1024, VGG-D uses total batch size=512, Incep-v3/ResNet-50 use total batch size=256

48 <A NVIDIA.
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[EERER K
(Microsoft)

16X

= Bk

(Baidu)

10X

= 152 LAV — iNi
s =vd” 22,6 GFLOP. Training Ops
8 LA O deoEE 80 GFLOP
1.4 GFLOP 7,000 K¥fEIT—4
~16% I5—3K ~80h T5—K
2012 2015 2014
AlexNet ResNet Deep Speech 1

465 GFLOP
3

12,0008 7 —
~5pIS5—=R

2015
Deep Speech 2
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TESLA P100, Chainer 1.17.0

AlexNet (7 layers) VGG-D (16 layers) ResNet (152 layers)
2012 2014 2015

Better
: T =
S | 1,500 4 ; 1,500 : : 1,500 : -
QO : :
@ - : : :
O : ; :
QI 1,000 1,000 5 5 1,000
" : : :
o s : :
S 500 500 1 500
g : : : B
0 E 0 E : 0 .
0 500 1,000 0 20 40 60 80 0 8 16 24

Batch size 50 €4NVIDIA.






[TESLA P100] FP16: ¥I5E R E/\E=

IEEE 754%EH#

16-bit s|le|x|p Amlaln|t]i

S

F=EF:1-bit, 53%956:5-bits, {REXEL:10-bit

HAF=WIL > 240
Normalized values: 2-14 ~ 65504 (=219)

Subnormal at full speed

TA=T3-227
EERALIE
ESALE

52 <ANVIDIA.



[TESLA P100] FP16: 345K ZFE)/I\E=

2-way SIMD 32 bit

2By ZAAANIC2x FP16 f

AEUIYRIVUY N FP320D %5 Reg A

Instructions

Add, Sub, Mul Reg B

Fma (Fused Multiply and Add)
1914 9)apIzD4 DD E i
FP324&L D 2{8&E:)

Reg C

cuda_fpl6.h M cuBLAS
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T =il ([EHAEE)
Copy Model, Assigne different data
Layer 1 Layer 2 Layer N Labels

“Cat ”
W W wW

“monkey”
W W W
55 <A NVIDIA.



T =5 (FEAEY)

Forward & Backward Independently

Layer 2 Layer N Outputs Labels

“dog” “Cat”

“human” “monkey”

\ J
v

error

56 <A NVIDIA.



7 —A 5 (B HARY)
Combine 4w over multi-GPU

Layer 1 Layer 2 Layer N Outputs Labels

“dog” “Cat”

error

“human” “monkey”

\ J
v

error
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T —Aili 5l ([FIHAZY)
Update Weights Independently

Layer 2 Layer N Outputs Labels

“dog” “Cat”

“human” “monkey”

\ J
v

error

58 <A NVIDIA.
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NVIDIA DGX-1, Chainer 1.17.0 with multi-process patch

——AlexNet -wVGG-D -+ResNet

|
_—

Speed-up to 1GPU
O P N W & 01 O N 0

o

1 2 3 4 5 6 7 8
Number of GPUs

[Batch size per GPU] AlexNet:768, VGG-D:32, ResNet:12

Time per one batch (VGG-D)

2.5

-]

§ 2

81_5 m Update
GE) . m Allreduce
li 1 = Backward
%O.S B m Forward
./ H 0 B N

DGX-1’s NVLink is not well utilized.
Chainer’s all-reduce implementation
is naive “gather and broadcat”.

JANVIDIA.



Scalability

NIVFGPUEE DI\ TA—N > ANCCUERRL

NVIDIA DGX-1, Chainer 1.17.0 with multi-process patcr

AlexNet (7 layers) VGG-D (16 layers) ResNet (152 layers)

8 8 8

6 6 6

P
~
4 4 —, 4 —
v
2 2 /// 2 ////
0 0 0

o
N
N
o
(o)

0 2 4 6 8 0 2 4 6 8
Number of GPUs

B Gather & Bcast

60 <ANVIDIA.

[Batch size per GPU] AlexNet:768, VGG-D:32, ResNet:12
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NCCL(NVIDIA Collective Collection Library)

NI FGPUESIBES(T I
BT —R(dv1.2.3

all-gather, reduce, broadcast REREN RESBEDUIEZ) (> RMENHDLICERIEL
SN TORBLURINFIOCATERIZENTIEE



https://github.com/NVIDIA/nccl

NCCL(NVIDIA Collective Collection Library)
NCCLOES1B{EULIE

Broadcast Scatter Gather All-Gather

All-to-All Reduce

N
GPU3 ‘ GPU2

64 <ANVIDIA.
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Bandwidth at different problem sizes (4 Maxwell GPUSs)

12

max memcpy: 10.4 GB/s
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Scalability

NIVFGPUEZ DI\ JA—N > A(NCCLERR)

NVIDIA DGX-1, Chainer 1.17.0 with NCCL patch

AlexNet (7 layers) VGG-D (16 layers) ResNet (152 layers)
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66 <ANVIDIA.

[Batch size per GPU] AlexNet:768, VGG-D:32, ResNet:12



Relative time to 1GPU
o = N
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o
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NIVFGPUEZE DI\ JA—N > A(NCCLIE

NVIDIA DGX-1, Chainer 1.17.0 with NCCL patch

Time per one batch (VGG-D)
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1 GPU

®m Update

m Allreduce
Backward

®m Forward
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https://developer.nvidia.com/deep-learning-courses

GPU conrerence HGTC17
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http://www.gputechconf.com/
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