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High-End Computing (HEC): Towards Exascale
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Increasing Usage of HPC, Big Data and Deep Learning

Convergence of HPC, Big '
Data, and Deep Learning!
Increasing Need to Run these

applications on the Cloud!!
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HPC, Deep Learning, and Cloud

w Deep Learning
¢ Acceleration of Caffe, CNTK, TensorFlow, and many more

¢ Out-of-core Processing

w Cloud for HPC and BigData
¢ Virtualization with SROV and Containers
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Parallel Programming Models Overview
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SHMEMPSM MPI (Message Passing Interface) Global Arrays, UPC, Chapel, X10, RAF

w Programming models provide abstract machine models
w Models can be mapped on different types of systems
¢ e.g. Distributed Shared Memory (DSM), MPI within a node, etc.

w PGAS models and Hybrid MPI+PGAS models are gradually receiving
Importance
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Partitioned Global Address Space (PGAS) Models
A Key features

- Simple shared memory abstractions
- Light weight onesided communication

- Easier to express irregular communication

A Different approaches to PGAS

- Languages - Libraries
A Unified Parallel C (UPC) A OpenSHMEM
A CoArray Fortran (CAF) R UPC++
A X10 A Global Arrays
A Chapel
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Hybrid (MPI+PGAS) Programming

w Application sukkernels can be ravritten in MPI/PGAS
based on communication characteristics

HPC Application

w Benefits:

¢ Best of Distributed Computing Model Kernel 2
PGAS

) W—

¢ Best of Shared Memory Computing Model
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Supporting Programming Models for MulfPetaflop and
Exaflop Systems: Challenges

Application Kernels/Applications 4 A
. CoDesign
Middleware Opportunities
. and
Programming Models Challenges
MPI, PGAS (UPC, Global Arrays, OpenSHMEM), CUDA, OpehMP, across Various
OpenACC, Cilk, Hadoop (MapReduce), Spark (RDD, DAG), étc. Layers
Communication Library or Runtime for Programming Models T T
Point-to-point Energy Synchronization .-
Communication - Awareness and LOCkS - - Scalablllty
_ - Resilience
Networking Technologies Multi -/Many-core Accelerators
Architectures (GPU and FPGA) < J
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Broad Challenges in Designing Communication Middleware for (MPI+X) at
Exascale

w

w

€ e EEE e

€ €

Scalability for million to billion processors
¢ Support for highlyefficientinter-node and intranode communication (both twsided and onesided)
¢ Scalable job statip

Scalable Collective communication
¢ Offload
¢ Nonblocking
¢ Topologyaware

Balancing intranode and intemode communication for next generation nodes (1®4 cores)
¢ Multiple endpoints per node

Support for efficient multthreading

Integrated Support for GPGPUs and Accelerators

Faulttolerance/resiliency

QoS support for communication and 1/O

Support for Hybrid MPI+PGAS programming (MPI + OpenMP, MPI + UPC, MPI + OpenSHN
atLb]t/ bbbz /1 CX X0

Virtualization

EnergyAwareness
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Additional Challenges for Designing Exascale Software Libraries

w Extreme Low Memory Footprint
¢ Memory per core continues to decrease

w D-L-A Framework

¢ Discover
w Overall network topology (fal NS S>X 053 X0X bSGg2N] (2Lt 238
w Node architecture, Health of network and node

C Learn
w Impact on performance and scalability
w Potential for failure

C Adapt
w Internal protocols and algorithms
w Process mapping
w Faulttolerance solutions

¢ Low overhead techniques while delivering performance, scalability andttaalance
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Overview of the MVAPICH?2 Project

w High Performance opesource MPI Library for InfiniBand, Onfrath, Ethernet/iWARP, and RDMA over Converged Ethernet (RoCE)
¢ MVAPICH (MHA), MVAPICH2 (MRL2 and MRB.1), Started in 2001, First version available in 2002
MVAPICHX (MPI + PGAS), Available since 2011
Support for GPGPUs (MVAPIEE2R) and MIC (MVAPIGMEC), Available since 2014
Support for Virtualization (MVAPICHN2t), Available since 2015
Support for EnergyAwareness (MVAPICHEZ), Available since 2015

Fk

4

Used by more than 2,875 organizations in 86 countries o
Years &

More than 462,000(> 0.46 million) downloads from the OSU site dir ¥ ’.,5
IYLRGSNAYI YLyd ¢htpnn Ot dAGSNAE 6b Gomg Strong g v

w 1st, 10,649,60&0re (Sunway TaihuLight) at National Supercomputing Center in Wuxi, Chi
w 9th, 556,104 cores (OakforeBACS) in Japan

w 12th, 368,92&ore (Stampede?2) at TACC

w 17th, 241,10&ore (Pleiades) at NASA

w  48th, 76,032core (Tsubame 2.5) at Tokyo Institute of Technology

C
C
C
C
¢  Support for InfiniBand Network Analysis and Monitoring (OSU INAM) since 2
C
C
C

¢ Available with software stacks of many vendors and Linux Distros (RedHat and SuSE)

¢ http://mvapich.cse.ohio-state.edu

w Empowering Top500 systems for over a decade
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MVAPICH2 Release Timeline and Downloads
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Architecture of MVAPICH2 Software Family

High Performance Parallel Programming Models

Message Passing Interface PGAS Hybrid---MPI + X
(MPI) (UPC, OpenSHMEM, CAF, UPC++) (MPI1 + PGAS + OpenMP/Cilk)

High Performance and Scalable Communication Runtime

Diverse APIs and Mechanisms
Point-to- . Remote . .
point Elollei::ves Job Startup Energy Memory 'I/O and Fault Virtualization MActlve Inérc;sn[zczgn
Primitives gorithms Awareness NEEEEE File Systems Tolerance essages ysl
Support for Modern Networking Technology Support for Modern Multi/Many-core Architectures
(InfiniBand, IWARP, RoCE, Onftath) (Intel-Xeon, OpenPower, XeeRhi, ARM, NVIDIA GPGPU)
Transport Protocols Modern Features Transport Mechanisms Modern Features
SR Multi Shared . .
RC ’ XRC’ ubD | DC | UMR ’ ODP ’ IOV ’ Rail ’ iy || U EET TR MCDRAM ” NVLinR ‘ CAPI
* Upcoming
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Overview of A Few Challenges being Addressed by the MVAPICH
Project for Exascale

w Integrated Support for GPGPUs
w Optimized MVAPICHZ2 for OpenPower (with/ NVLink) and ARM
w Application Scalability and Best Practices
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Oneway Latency: MPI over IB with MVAPICH2

2 Small Message Latency 120 Large Message Latency
1.8 —=& -TrueScale-QDR
1-6 100 =0=_ConnectX-3-FDR / ........
1'4 -4=- ConnectIB-DualFDR
= L L. (L — CONNEctX=5-EDR £
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O | | | | | | | | | 1 0
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ARG BN AR

Message Size (bytes) Message Size (bytes)

TrueScaleQDR- 3.1 GHz Decaore (Haswell) Intel PCI Gen3 with IB switch
ConnectX3-FDR 2.8 GHz Decaore (IvyBridge) Intel PCI Gen3 with IB switch
ConnectlBDual FDR 3.1 GHz Decaore (Haswell) Intel PCI Gen3 with IB switch
ConnectX5-EDR 3.1 GHz Decaore (Haswell) Intel PCI Gen3 with IB Switch

OmniPath- 3.1 GHz Decaore (Haswell) Intel PCI Gen3 with Orip@th switch
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Bandwidth: MPI over IB with MVAPICH2
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TrueScaleQDR- 3.1 GHz Decaore (Haswell) Intel PCI Gen3 with IB switch
ConnectX3-FDR- 2.8 GHz Decaore (lvyBridge) Intel PCI Gen3 with IB switch
ConnectiBDual FDR 3.1 GHz Decaore (Haswell) Intel PCI Gen3 with IB switch
ConnectX5-EDR 3.1 GHz Decaore (Haswell) Intel PCI Gen3 IB switch

OmniPath- 3.1 GHz Decaore (Haswell) Intel PCI Gen3 with Orip@th switch
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Startup Performance on KNL + Ordpath

MPI _Init on TACC Stampede-KNL
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“$Intel MPI 2018 beta
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MPI1_Init & Hello World OakforestPACS

Hello World (MVAPICH2-2.3a)
=o—-MPI_Init (MVAPICH2-2.3a)

H—o—o—o—o—o—/‘

<t ¥ X X X X X
© < N ¥ © ©

Number of Processes

128
256
512
64K

New designs available since MVAPICR3a and as patch fosLURM 15, 16, and 17
HPCAG g AuUl SNI YR 0! LINAf QmMy 0
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21s

5.8s

MPI_Init takes 22 seconds on 229,376 processes on 3,584 KNL(StalepedeZ; Full scale)
8.8 times faster than Intel MPI at 128K proceg%@aurtesy: TACC)
At 64K processes, MPI_Init and Hello World takes 5.8s and 21s respe@aktgrestPACS)
All numbers reported with 64 processes per node



Advanced Allreduce Collective Designs Using SHArP

—~04 Avg DDOT Allreduce time of HPCG
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m MVAPICH2-SHArP SHArP Support is available
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] ) o Lu, and D. K. Panda, Scalable Reduction
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Performance of MPI_Allreduce On Stampede?2 (10,240 Processe

300 2000
1800
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Q‘g 200 1400
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Q
T 800
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0 0
16 32 64 128 256 512 102420484096 32K 64K 128K 256K
Message Size Message Size
B MVAPICH2 m MVAPICH2-OPTm IMPI ® MVAPICH2 m MVAPICH2-OPTm IMPI

OSU Micro Benchmark 64 PPN

w For MPI_Allreduce latency with 32K bytes, MVAP{ORZ can reduce the latency byt X

M. Bayatpour, S. Chakraborty, H. Subramoni, X. Lu, and D. K. Panda, Scalable Reduction Collectives with Data Pabttsening

Multi -Leader Design, SuperComputing '17. Available in MVAP|CHX 23b
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Optimized CMAbased Collectives for Large Messages
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Performance of MPI_Gather on KNL nodes (64PPN)

A Significant improvement over existing implementation for Scatter/Gather with
1MB messages (up tocon KNLZxon Broadwell,L14xon OpenPower)

A New twolevel algorithms for better scalability

A Improved performance for other collectives (Bcast, Allgather, and Alltoall)

S. Chakraborty, H. Subramoni, and D. K. Par@antention Aware KerneAssisted MPI ] .
Collectives for Multi/Many-core Systems,. 9 9 9 / f EEST Fapkr Fhmiist > Available in MVAPICHX 2.3b
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Shared Address Space (XPMED4&sed Collectives Design

OSU_Allreduce (Broadwell 256 procs) OSU_Reduce (Broadwell 256 procs)
-eo- MVAPICH2-2.3b 1.8X 100000 -m- MVAPICH2-2.3b

100000
IMP1-2017v1.132 IMPI-2017v1.132
10000 —¥X—MVAPICH2-Opt o) 10000 _y—MVAPICH2-Opt (A
% o= w
> 27X 77
<. 1000 =& 1000 /.,/x/x _
g 132 - 37.9 =
D 100 [gi-e--Q==K 100 - 5 o
@® *____X/ . _—%/
10 10 © /
36.1 16.8
1 1 '
16K 32K 64K 128K 256K 512K 1M 2M 4M 16K 32K 64K 128K 256K 512K 1M 2M 4M

Message Size Message Size

w OShared Address Spadeased truezerocopyReduction collective designs in MVAPICH?2
w Offloaded computation/communication to peers ranks in reduction collective operation

w Up to4Ximprovement for 4MB Reduce and up I8Ximprovement for 4M AllReduce

J. Hashmi, S. Chakraborty, M. Bayatpour, H. Subramoni, and D. Panda, Designing Efficient Shared Address Space REdWﬂP be available in future

Collectives for Mult/Many -cores, International Parallel & Distributed Processing Symposium (IPDPS '18), May 2018.
O!' LINAf Qmy 0
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Overview of A Few Challenges being Addressed by the MVAPICH
Project for Exascale

w Optimized MVAPICHZ2 for OpenPower (with/ NVLink) and ARM
w Application Scalability and Best Practices
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GPUAware (CUDAAware) MPI Library: MVAPICHZPU

w Standard MPI interfaces used for unified data movement
w Takes advantage of Unified Virtual Addressing (>= CUDA 4.0)

w Overlaps data movement from GPU with RDMA transfers

At Sender:

MPlI Send(s_devbuf, |[sinsige:
MVAPICH2

At Recelver:
MPlI Recv(r _devbuf,
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CUDAAware MPI: MVAPICHBDR 1.8.3 Releases

w Support for MPI communication from NVIDIA GPU device memory

w High performance RDMBased intermnode pointto-point communication
(GPUGPU, GPWlost and HosGPU)

w High performance intranode pointto-point communication for mult{GPU
adapters/node (GP{GPU, GPWHlost and HosGPU)

w Taking advantage of CUDA IPC (available since CUDA 4.1)nod#ra
communication for multiple GPU adapters/node

w Optimized and tuned collectives for GPU device buffers

w MPI datatype support for poirin-point and collective communication from
GPU device buffers

w Unified memory
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Optimized MVAPICHE&DR Design
GPUGPU Intemode Latency

30 _ 6000 GPUGPU Intemode BiBandwidth
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=
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2 2000 9x MVAPICHZGDR2.3a
_% 1000 Intel Haswell E52687W @ 3.10 GHinode- 20 cores
c NVIDIAVolta V100 GPU
0 0

Mellanox ConnectX4 EDR HCA
CUDA 9.0
Mellanox OFED 4.0 with GPDirectRDMA

— N 0 O N S 0O O© N X X XY
~ A M O N A 4N
— N L0

Message Size (Bytes)
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Application-Level Evaluation (HOOMDIue)

64K Particles 256K Particles
5 3500 =
Q. 2500
g 3000 2 MV2 ® MV2+GDR
@ o 2500 > { EE’E 2000
» & 2000 5 £ 1500 2X
S 51500 Eo |
= 51000 5 g 1000
o O o) O
S & 500 g O 500——r
G>J O [ [ [ % 0 [ [ I
< 4 8 16 32 4 8 16 32
Number of Processes Number of Processes

A Platform: Wilkes (Intel lvy Bridge + NVIDIA Tesla K20c + Mellanox Connect-IB)

A HoomdBlue Version 1.0.5
A GDRCOPY enabled: MV2_USE_CUDA=1 MV2_IBA_HCA=mix5 0 MV2_IBA_EAGER_THRESHOLD=32768

MV2_VBUF_TOTAL_SIZE=32768 MV2_USE_GPUDIRECT _LOOPBACK_LIMIT=32768
MV2_USE_GPUDIRECT_GDRCOPY=1 MV2_USE_GPUDIRECT_GDRCOPY_LIMIT=16384
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ApplicationLevel Evaluation (Cosmo) and Weather Forecasting in Switzerland

Wilkes GPU Cluster CSCS GPU cluster
m Default m Callback-basedm Event-basecm Default m Callback-baseds Event-basec
Q
E1.2
°§’ 1.2
=1 s 1
c =
2 0.8 0.8 i
o 3
$ 0.6 150.6 3
w 0.4 20.4 i
LS N
© 0.2 ‘50.2
T 0 E
= c O
S 4 8 16 3 < 16 32 64 96
Number of GPUs Number of GPUs
« P : | R
A 2Ximprovement on 32 GPUs nodes Cosmo modelhttp://www?2.cosmo-model.org/content
A 30%improvement on 96 GPU nodes (8 GPUs/node) [tasks/operational/meteoSwiss/

On-going collaboration with CSCS and MeteoSwiss (Switzerland)4{designing MV2GDR and Cosmo Application

C. Chu, K. Hamidouche, A. VenkateshBBnerjee, H. Subramoni, and D. K. Pand&ploiting Maximal Overlap for No€ontiguous Data
Movement Processing on Modern GRihabled Systems Lt 5t { Qmc
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Overview of A Few Challenges being Addressed by the MVAPICH
Project for Exascale

w Application Scalability and Best Practices
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Intra-node Pointto-Point Performance on OpenPower

L Intra-Socket Small Message Latency - Intra-Socket Large Message Latency
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Platform: Two nodes of OpenPOWER (Powpp@64le) CPU using Mellanox EDR (MT4115) HCA
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Inter-node Pointto-Point Performance on OpenPower
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Platform: Two nodes of OpenPOWER (Powpp@64le) CPU using Mellanox EDR (MT4115) HCA
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MVAPICHZSDR: Performance on OpenPOWER (NVLIink + Past

INTRANODE LATENCY (SMALL) INTRANODE LATENCY (LARGE) INTRANODE BANDWIDTH
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= |NTRA-SOCKET(NVLINiG=INTER-SOCKET  ====INTRA-SOCKET(NVLIN¥==INTER-SOCKET = |NTRA-SOCKET(NVLIN{©=INTER-SOCKE

Intra-node Latency: 13.8 us (without GPUDirectRDMA) Intra-node Bandwidth: 33.2 GB/sec (NVLIN
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Inter-node Latency: 23 us (without GPUDirectRDMA) Available in MVAPICHZDR 2.3a Inter-node Bandwidth: 6 GB/sec (FDR)

Platform: OpenPOWER (ppc64le) nodes equipped with esdalkeét CPU, 4 Pascal PARXM GPUs, and DR InfiniBand Interonnect
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Scalable Hosbased Collectives with CMA on OpenPOWER (hnivde Reduce &
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Up to 5X and 3yperformance improvement by MVAPICH2 for small and large messages respectively
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Optimized AlReduce with XPMEM on OpenPOWER
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w Optimized MPI AlReduce Design in MVAPICH2

¢ Up to 2Xperformance improvement over Spectrum MPI allover OpenMPI for intranode
Optimized Runtime ParameteldV2_CPU_BINDING_POLICY=hybrid MV2_HYBRID_BINDING_POLIC
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Intra-node Pointto-point Performance on ARMv8

Small Message Latency Large Message Latency
3 600
—MVAPICH2 —MVAPICH2
G} o)
22 2 400
%) %)
S 0.74 microsec S
© 1 (4 bytes) © 200 . .
— - - Available since
MVAPICHZ 2.3a
0 0
0 1 2 4 8 16 32 64 128 256 512 1K 2K 4K 8K 16K 32K 64K 128K 256K 512K 1M 2M
i Bi-directional Bandwidth
_ 5000 Bandwidth = 10000
) — MVAPICH2 2 —MVAPICH2
m
= 4000 _§ 8000
< 3000 S 6000
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VR @ e b g g A O N LN

Platform: ARMv8 (aarch64) MIPS processor with 96 cores-doaket CPU. Each socket contains 48 cores.
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Overview of A Few Challenges being Addressed by the MVAPICH
Project for Exascale
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Performance of SPEC MPI 2007 Benchmarks (KNL +-Peutim)

400

6% m Intel MPI1 18.0.0
350

u MVAPICHZ2 2.3 rcl

300

250

448 processes
on 7 KNL nodes o
TACC Stampedez

(64 ppn)

200

150

100

Execution Time in (S)

50

0 -
milc leslie3d pop2 lammps wrf2 tera_tf lu

Mvapich2 outperforms Intel MPI1 by up to 10%
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Performance of SPEC MPI 2007 Benchmarks (Skylake +Batim)

120
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40

Execution Time in (S)

Network Based
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0% 1% m Intel MPI1 18.0.0

u MVAPICH?2 2.3 rcl

480 processes
on 10 Skylake node
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(48 ppn)

milc leslie3d pop2 lammps wrf2 GaP tera_tf lu

MVAPICH2 outperforms Intel MPI by up to 38%
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Application Scalability on Skylake and KNL

Cloverleaf(bm64) MPI+OpenMP,

MiniFE(1300x1300x1300 ~ 910 BB NEURONYUEtAI2012) NUM_OMP_THREADS = 2
_60 1500 2000
O --MVAPICH2 ——MVAPICH2 --MVAPICH?2
e 40 1000
= 1000
520 500
=
g 0 0 0
- 2048 4096 8192 48 96 192 384 768 48 96 192 384 768 15363072
150 No. of ProcessesSkylake 48ppn) 4000 No. of ProcesseSkylake 48ppn) 1500 No. of ProcessesSkylake 48ppn)
o
> MVAPICH?2 2000 MVAPICH2 MVAPICH2
.§ 100 1000
5 2000
o >0 1000 500
i
0 0 0
2048 4096 8192 64 128 256 512 102420484096 68 136 272 544 108821764352
No. of Processe&NL 64ppn) No. of Processe&\L 64ppn) No. of Processe& L 68ppn)

CourtesyMahidhar Tatinen@SDSC, Dong Ju (DJ) Choi@SDSSamme! Khuvis@OSE- Testbed: TACC Stampede?2 using MVAR2G3H2

Runtime parametersMV2_SMPI_LENGTH_QUEUE=524288 PSM2_MQ_RNDV_SHM_THRESH=128K PSM2_MQ_RNDV_HFI_THR
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ApplicationsLevel Tuning: Compilation of Best Practices

A MPI runtime has many parameters
w Tuning a set of parameters can help you to extract higher performance
w Compiled a list of such contributions through the MVAPICH Website

¢ http://mvapich.cse.ohiestate.edu/best practices/

w Initial list of applications
¢ Amber
HoomDBlue
HPCG
Lulesh
MILC
Neuron
SMG2000
Cloverleaf
¢ SPEC (LAMMPS, POP2, TERA TF, WRF2)
w Soliciting additional contributions, send your results to mvaghelp at cse.ohiestate.edu.
w We will link these results with credits to you.

N N NN NN NDH NH N
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HPC, Deep Learning, and Cloud

w Cloud for HPC and BigData

¢ Virtualization with SROV and Containers
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Deep Learning: New Challenges for MPI Runtimes

w Deep Learning frameworks are a different game
altogether

¢ Unusually large message sizes (order of megabytes) 8

¢ Most communication based on GPU buffers

w Existing Stat®f-the-art
¢ CcuDNN, cuBLAS, NGEiscaleup performance
¢ NCCL2, CUPAware MPF-> scaleout performance
w For small and medium message sizes only!
w Proposed: Can weo-designthe MPI runtime KIVAPICH2
GDR and the DL framework;@affe to achieve both?

¢ EfficientOverlapof Computation and Communication
¢ EfficientLargeMessageCommunication (Reductions)

¢ Whatapplication cedesignsare needed to exploit
communicationruntime co-design®

Scaleup Performan

Proposed
C
NCCL NCCLZ2 Des‘i;ns
cuDNN
CUBLAS
MPI
gRPC
Hadoop

Scaleout Performance

A. A. Awan, K. Hamidouche, J. M. Hashmi, and D. K. Pan@aff8: Cedesigning MPI Runtimes and Caffe for Scalable Deep LegrmmModern GPU
Clusters. IrProceedings of the 22nd ACM SIGPLAN Symposium on Principles and Practice of Parallel Prog(&RofiR)'17)
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MVAPICHZ2: Allreduce Comparison with Baidu and OpenMPI
w 16 GPUs (4 nodes) MVAPIGBI2R vs. Baidallreduce and OpenMPI 3.0
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MVAPICHZSDR vs. NCCkBroadcast Operation

w Optimized designs in MVAPICHZDR 2.3b* offer better/comparable performance for most cases
w MPI_Bcast (MVAPICHZDR) vs. ncclBcast (NCCL2) on-80 IGPUs

100000 100000
1 GPU/node 2 GPUs/node
10000 10000
o o
= 1000 = 1000
%) %)
2 £ ~4X better
2 100 = 100
g ~10X bett 3
10 10
1 1
N »*@*@*fﬁoé“ N &\/b@b& S R »*@F@*’&GP N &\/@\(o@\
Message Size (Bytes) Message Size (Bytes)
NCCL2 —e—MVAPICH2-GDR NCCL2 —e—MVAPICH2-GDR

*Will be available with upcoming MVAPICHZDR 2.3b
Platform: Intel Xeon (Broadwell) nodes equipped with a disaicket CPU, 2-B0 GPUs, and EDR InfiniBand Intemnect
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MVAPICHZSDR vs. NCCEkReduce Operation

w Optimized designs in MVAPICHZDR 2.3b* offer better/comparable performance for most cases
w MPI_Reduce (MVAPICHZDR) vs. ncclReduce (NCCL2) on 16 GPUs

1000 100000
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*Will be available with upcoming MVAPICHZDR 2.3b o
Platform: Intel Xeon (Broadwell) nodes equipped with a desmdcket CPU, 1-B0 GPUs, and EDR InfiniBand Intamnect
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MVAPICHZSDR vs. NCCLAllreduce Operation

w Optimized designs in MVAPICHZDR 2.3b* offer better/comparable performance for most cases

w MPI_Allreduce (MVAPICHZDR) vs. ncclAllreduce (NCCL2) on 16 GPUs
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*Will be available with upcoming MVAPICHZ2DR 2.3b
Platform: Intel Xeon (Broadwell) nodes equipped with a disaicket CPU, 1-BO GPUs, and EDR InfiniBand Intemnect
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OSUCaffe: Scalable Deep Learning

w Caffe : A flexible and layered Deep Learning framework.

GoogLeNet (ImageNet) on 128 GPUs

250
I“II |I 4l
8 16 32 64 128

No. of GPUs

w Benefits and Weaknesses

¢ Multi-GPU Training within a single node

¢ Performance degradation for GPUs across different
sockets

N
o
o

¢ Limited Scal®ut
w OSUCaffe: MRbased Parallel Training

¢ Enable Scalap (within a node) and Scataut (across
multi-GPU nodes)

¢ Scaleout on 64 GPUs for training CIFA®Rnetwork on
CIFARLO dataset

¢ Scaleout on 128 GPUs for training GoogLeNet network o
ImageNet dataset 0

OSUCaffe publicly available from

=
(@)
o

Training Time (seconds)
o o
o o

=]

http://hidl.cse.ohio-state.edu/ X Invalid use case

Support on OPENPOWER will be available s@8¢affe m OSU-Caffe (10245 OSU-Caffe (2048)
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High Productivity and High Performance Got-CoreDNNTraining

w Large Size Deep Neural Networks (DNNs) cannot be trained on
GPUs due to memory limitation!

¢ ResNet0 - state-of-the-art DNN architecture for Image
Recognition (Trainable with a small batch size of 45)

¢ Next generation models like Neural Machine Translation
(NMT) are emerging that require even more memory

w Can we design Owf-core DNN training support using new
features in CUDA 8/9 and hardware mechanisms in
Pascal/Volta GPUs?

w The proposed framework callgdCCaffe (Ouof-Core Caffe)
shows the potential of managed memory designs that can

provide performance with negligible/no overhead.
Submission Under Review

¢ OCCaffe eliminates 3,000 lines of code for a Righ

productivity design by exploiting Unified Memory features
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