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NVIDIA Core Technologies and Markets >

NVIDIA.
Company Revenue of 58 USD;  ~9,000 Employees; HPC Growing > 30% CAC
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GPU Technology a Mainstream HPC Platform N>

NVIDIA.
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GPUs Expanding from HPC to Data Analytics

L

fi Jeff Dean, Google

50+
Deep Learning Sessions

www.gputechconf.com
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oWe love GPU cards. We just use a lot of them .6
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Deep Learning HPC on GPUs Featured at NVIDIAGTC 201_5

oln five years, we think 50% of queries will

be speech or images 6

i Andrew Ng, Baidu
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Broad Use of GPUs in Deep Learning N>
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Tesla GPU Progression During Recent Years

v Peak SP
Peak SGEMM

Peak DP
Peak DGEMM

Memory size
Mem BW (ECC off)
Memory Clock
PCle Gen
# of Cores

Board Power

Tesla K80 specifications are shown as aggregate of two GPUs on a single board

2012 (Fermi)

1.03 TF

D15 TF

6 GB
150 GB/s

2014 (Kepler)

3.93TF
295 TF

1.31 TF
1.22 TF

6 GB
250 GB/s
2.6 GHz

Gen 2

2688

235W

2014 (Kepler)

429 TF
3.22 TF

1.43 TF
1.33TF

12 GB
288 GB/s
3.0 GHz

Gen 3

2880

235W

2014 (Kepler)

8.74 Tk

290 TF

24 GB (12 each)
480 GB/s (240 each)
3.0 GHz
Gen 3
4992 (2496 each)
300W
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NVIDIA

0%¢ 28%




Features of Pascal GPU Architecture @ 2016 <2

NVIDIA.
NVLink Stacked Memory Unified Memory

Interconnect at 80 GB/s 4x Higher Bandwidth ~1 TB/s Lower Development Effort
(Speed of CPU Memory) 3x Capacity, 4x More Efficient (Available Today in CUDAG)
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GB/s POWER, 7

DDR4
50-75 GB/s




X86, ARM64, X86, ARM64,
POWER CPU POWER CPU

2016 7 Pascal GPU
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GPU Programming Developments for CPU Platforms <3

NVIDIA.

Avallability for x86 Today, POWER and ARKder Development
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IBM Power + NVIDIA GPU Accelerated HPC =~ &

NVIDIA.
Next-Gen IBM OpenPOWERFoundation
SuperCOmDUterS and Open ecosystem built on
Enterprise Servers Power Architecture

Long term roadmap
integration

First GPU-Accelerated POWER-Based Systems Available Since 2015
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DOE 2017 CORAL Systems Based on Power + GPL?

VIDIA

* US DOE CORAL Systems

Summit (ORNL) and Sierra (LLNL)
Installation 2017 at ~150 PF each
Nodes of POWER 9 + Tesla Volta GPUs
NVLinkinterconnect for CPUs + GPUs

® ORNL Summit System
* Approximately 3,400 total nodes

Eachnode 40+ TF peagberformance
About 1/5 of total #2 Titannodes (18K+)

. CORAL Summit System
Same energy used && Titan(2/ PF) 5-10x Faster than Titan

1/5th the Nodes,
Same Energy Use as Titan
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CORAL Systems for US DOE Climate Model ACMES=2

IDIA

ACMEAccelerated Climate Model for Energy Strategy Report; 11 Jul 2014
DOE LabsArgonne, LANL, LBL, LLNL, ORNL, PNNL, Sandia i Y
Codesign project using US DOE [s98tems 5
Branch of CESM using CABE 4tm) and MPASDO (ocn)

Relationships Among Simulation; Development

and Architecture Rolérdmaps ‘ AC M E P rOJ eCt
= Roadmap

v4 ' :z‘qug:s (page 2 in report) ACCELERATED CLIMATE
| MODELING FOR ENERGY

Project Strategy and
Initial Implementation Plan

Cuwmrent Revision. July 11, 2014

CORAL: AAurora
Trinity: NERSCS8 (Cori)

2017{

Current

Machines 2014{

Major Model Leadership
Simulations Development Architectures

TITANG OLCHAMD + GPU]
Mira ¢ ALCHBlueGeneQ

Source: http :// _climatemodeling.science.energy.gov/sites/default/files/publications/acme -project -strategy-plan_0.pdf 13



http://climatemodeling.science.energy.gov/sites/default/files/publications/acme-project-strategy-plan_0.pdf

GPU Developments for Atmosphere Models N>

NVIDIA.

Organization Location Model GPU Approach

Global ORNL, SNL, NCAR us CAM-SE OpenACC (migration from CUDA  -F)
NOAA ESRL us FIM/NIM OpenACC, F2C-ACC
NOAA GFDL us FV3 OpenACC
NASA GSFC usS GEOS5 OpenACC (migration from CUDA  -F)
NCAR usS MPAS-A OpenACC
ECMWF UK IFS ( Arpege ) Libs + OpenACC
MetOffice , STFC UK UM/ GungHo OpenACC
DWD, MPI -M,CSCS DE, CH ICON DSL i dycore , OpenACC i physics
JMA, Hitachi P JMA-GSM OpenACC
JAMSTEC, UT, RIKEN JP NICAM Libs + OpenACC

Regional NCAR; SSEC us WRF-ARW (i) OpenACC, (ii) CUDA

CSCS, MCH CH COSMO DSL i dycore , OpenACC i physics
Bull, MFR FR HARMONIE OpenACC
JMA, Hitachi; JP ASUCA (1) OpenACC,; (ii) Hybrid -Fortran
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ECMWEF Project for Exascale Weather Prediction <=

NVIDIA
Expectations toward€xascaleWeatherand ClimatePrediction¢ P. Bauer, ECMWF, EE2BIL5

ESCAPE*, Energy efficient SCalable Algorithms for weather Prediction at Exascale: EASCAPE HPC Goals:
* Next generation IFS numerical building blocks and compute intensive algorithms R Standardized highly
* Compute/energy efficiency diagnostics optimized ker’nels e
* New approaches and implementation on novel architectures specialized hardware
* Testing in operational configurations

From Berkeley Dwarfs for Numerical Computing ... Overlap of

. Algebra A Algcbra G Combinational Logic
: Spectral\ \ T % Unstructured 3
~Grids Backfrazk-&-Rranch+Bound supporting portability

— — | communication and
.;"/§p§rse Line;\F‘\, '6énse Linear) computation
. ;‘ Ve .
ol o g'y?f;gz e Compilers/standards
N- Body ﬁ ‘g Structured™ : (Graphical Models O
Methods . Grids|_ Finite State Machine
Monte Carlo < MapReduce

Project Approach:
A Co-design between

domain scientists,
*To be funded by EC H2020 framework, Future and Emerging Technologies — High-Performance computer scientists,
Computing; Partners: ECMWF, Meteo-France, RMI, DMI, Meteo Swiss, DWD, Loughborough U, PSNC, and HPC vendors
Bull,|NVIDIA, |Optalysys

.. to Weather & Climate Dwarfs
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NOAA NGGPS: NH ModeDycore Candidates (5)

NEPTUNE
HIRAM/FV3
NMM-UJ
GFS-NH

IFS (RAPS13)

Organization
NOAA/ESRL
NCAR/LANL

Navy/NRL
NOAA/GFDL

NOAA/EMC

NOAA/EMC

ECMWF

Numeric Method

Finite Volume
Finite Volume
Spectral Element
Finite Volume
Finite difference
Semi-Lagrangian/Spectral

Semi-Lagrangian/Spectral

Icosahedral
icosahedral/Unstructured
Cubed-Sphere with AMR

Cubed-Sphere, nested
Cubed-Sphere
Reduced Gaussian

Reduced Gaussian
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MeteoSwiss GPUDriven Weather Prediction &

: IFS from ECMWEF COSMO 7 (6.6 KM) COSMO 2 (2.2 KM
M eteOSW|SS 2 per day, 10 day forecast 3 per day, 3 day forecast 8 per‘day, 24r forve:{:ast

COSMONWP 0~
Configurations /.= <
Since2008

Before GPUSs

MeteOSWiSS IFS from ECMWF COSMO E (2.2 KM) COSMO 1 (1.1 KM
| 2 per day, 5 day forecast 8 per day, 24r forecast

2 per day, 10 day forecast
COSMO NWP ~~ =
Configurations
During

-

|
|
|
1

ﬂ,{. ;

ONew configurations of higher resolution and ense
performance -per-e ner gy g ai ns ¢XLapdlomneG MdiesSIwiss; EGU Assembly, Apr 2015




WRF Module

Kessler MP
Purdue-Lin MP
WSM 3-class MP
WSM 5-class MP*
Eta MP

WSM 6-class MP*
Goddard GCE MP
Thompson MP*
SBU 5class MP
WDM 5-class MP
WDM 6-class MP
RRTMG LW«
RRTMG SWr
Goddard SW
Dudhia SW *
MYNN SL

TEMF SL

Thermal Diffusion LS

YSU PBL*

GPU Speedup

70x / 816x
156x / 692x
150x /331x
202x / 350x
37x /[ 272x
165x /216x
348x / 361x
76x / 153x
213x / 896x
147x | 206x
150x / 206x
123x [/ 127x
202x [ 207x
92x / 134x
19x / 409x
6x / 113x
5x [ 214x
10x /311x
34x [ 193x

(w-wo 1/O) Technical Paper Publication

J. Comp. & GeoSci, 52, 292-299, 2012
SPIE: doi:10.1117/12.901825

JSTARSS5, 1256-1265, 2012
SPIE:doi:10.1117/12.976908
Submitted to J. Comp. & GeoSci
Accepted for publication in JISTARS

JSTARS, 5, 625633, 2012

J. Atmo. Ocean. Tech., 30, 2896, 2013
JSTARS, 7, 36603667, 2014
Submitted to J. Atmos. Ocean. Tech.
JSTARS, 5, 555562, 2012

Submitted to JSATRS
Submitted to GMD

WRF GPU Speedups of Physics Modules
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NVIDIA

Hybrid WRF Customer
Benchmark Capability
Staring in 2H 2015

Hardware and Benchmark Case
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