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[Abstract]

The core technologies that led to the 4th industrial revolution are spreading throughout society, and the scale of related data
and computational processing requirements are also increasing exponentially. For efficient large-scale data processing, Al-based
research that finds data structure and regularity through system learning is being grafted, and the requirements for
high-performance computational resources are also increasing at the same time. The recently emerging GPU-based heterogeneous
system is a representative tool for high-performance parallel processing.

In this paper, we examine the characteristics of heterogeneous system architectures and build a widely used GPU-based
computing environment to verify functions, performance, and stability. For verification, we apply an open source-based benchmark
tool to measure the performance of elements such as CPU, memory, network, and storage(file system), as well as GPU-based

computation and image processing performance to identify characteristics and secure a stable service level.
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NVIDIA Tesla V100 SXM2
@ NVIDIA A100 80GB
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a. System share

b. Performance share
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Fig. 1. TOP500 share of Accelerator/Co-Processor

http://dx.doi.org/10.9728/dcs.2022.23.2.295

296

AFEe A AR UEE Feard diKfloating
point operation) 22 FJEH, ©]& X8}t (theoretical
peak performance)& &3l A28l AJ5-S UL o]&d%
2 Alz=glol] E)#Q] BAS Hkedsiod oflle} o] Ak

« Theoretical Performance (Rpeak) =

Number of cores X Floating point instructions per
Cycle X Clock Frequency

A AFg U3 CPU 711k o}7| 84 whs ARE-She
g2 FHAFEY 9d AT o]EAsE Akl
FP64(v A = F-54<4, Double—precision floating—point
format) 7|52 2 2k 3TF(Rpeak)ZS zt=t}.
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Fig. 2. HSA execution method in GPU environment
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Fig. 3. Schematic of NVIDIA Architecture
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Table 1. GPU-based System Environment

Type Specifications
[ 8 nodes with Intel CPU and NVIDIA GPU ]
- CPU: Intel Xeon Gold 6258R(Cascade Lake)

Node 2.70GHz 28c & 56(28x2)cores
- Memory: 384GB 6CH (32GB X 6slots X 2sockets)
- GPU: Nvidia V100 PCle(32GB) &F=t
DDN SFA12K(2.3PB)/Theoretical Aggregation BW

Storage 38GB/s
Interconnect | Storage(FDR10,40Gbps), Node(EDR,100Gbps)
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2 A AW 9] A5 (Stream, HPL), 3+ 1/0
A%5(I0R, MDTEST), GPU A%(tf_cnn_benchmark,
HPL-NVIDIA), A GPU 7|9ke] o]7]F A|Z=glel|A] =3}
He d9 oJZ8 A0l (GROMACS) HIAEES =33t}
BMT A5 o715 Al=glo] tpsh 84 Jes 31 29 2

o] e},

E 2. BMT 45 & 75 A"
Table 2. BMT performance

=X st=2
= o=

and functional lists

S/W Unit Features and evaluation points
STREAM GB/s Measuring bandvvldth between processor
and memory on a single node
Measurement of /O performance in
IOR GB/s )
parallel filesystem
MDTEST I0PS Measurmg tlhe performlance of metadata
processing in parallel filesystem
Measuring Computational Performance in
HPL TFLOPS a Distributed Memory Environment
tf_cnn_ images/ | Measuring the performance of training in
benchmark sec deep learning
B Measuring the computational
HPL=NVIDIA | TFLOPS performance of GPU powered by NVIDIA
GROMACS | ExeTime | Molecular dynamics analysis program

4-2 {Iz|0f3 B £ E (BMT)

1) STREAM

STREAM ©==ox Z2Ax 9} wZe] 71| o
< Z4eke e NES 954 C Aulelrt Besi
R A HE]2 = (Multi-thread) ¥ 0=
HH 2d= 714 (OMP_NUM_THREADS) A< ¥74
HA ] s
o A5l o|lBA%
=Aek & 4=
Y 4= 2=

o}-J _l\-H

T3
J3te]
Z3TH 10]. A|2=8le] T4 yede 3 37 7+
Z(256GB/s) ] 2F 88%7} &4
o) 57 o] 2l E VeI, 1
% S71oll ©h2 STREAM 452 Bofl.

[e)
=

E 3. AIAE 74 3 Ms
Table 3. System configuration and performance

[ Main memory configurations ]
-6 channels of DDR4, up to 2666 MT/s(RDIMM and LRDIMM)
‘Bandwidth of 21.33 GB/s
-Aggregated bandwidth 128 GB/s per CPU
— 128GB/s X 2CPUs= 256 GB/s

E 4, STREAM E|AE A3}
Table 4. STREAM test results

Type # of Optimal Triad rate
(Processor&Memory) threads (MB/s)
Intel Xeon Gold 6258R

2.70GHz X2 56(28x2)cores/
DDR4(2666 MT/s) 27 225,348.8
384GB(6CH)
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Fig. 4. STREAM performance by the number of threads
2) HPL
Bk ve) B0lN AR A g Bl A4 A4
5% F7451) 98 WARE BlAER HPL =8 Sagi,
7134 #(C, Fortran

g

), Message Passing Interface(MPID)
g gloHejg], 424 2lo]|Hejg|(BLAS, CBLAS, ATLAS,
MKL &) A7} APde)] Ax|w]of glojoF ghet[11]. & Al
gl 3o E21491 o245 (Rpeak)2 W% A HFP64)
71Z02 ok 4 8TFlops® ¥ 5¢} 7o) AXteEh

E 5. CPU Al & o|2MS
Table 5. CPU specification and theoretical performance

‘Intel(R) Xeon(R) Gold 6258R CPU @ 2.70GHz (28Cores)X2
AVX-512 FMA units per Core
(8 x2)x2x2.7G x 28cores x 2cpu = 4,838.4GF

s MAmtaE QUEolA A olA wiEsk= Math
Kernel Library(MKL) HPL binary(xhpl_intel64)& A}
dol e, olEAld Hmelel elEols
64.85%, 8:==oX = 59.78%7F SAEAJY. I9 5 ==
9] g W2 HPL A5 KT

25,000 mMeasurement Performance(Gflops) 23140 FO%

64 85%

6356% 65%

62.20%
20,000
59.78%40%

16,000

10,000

a8 5. c=50f 2 HPL Ms
Fig. 5. HPL results by the number of nodes
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3) IOR

[ORE Eu|2E] A T4 Ff HEdadA 2=

/0 H9 &S S48k =72 POSIX, MPIO, HDF5 57}
Ze Qe o]t e A HES o]8ate] HIZ~ESTH
[14]. IOR =3 MPI W& efo]Heje]E AREdte] o]
£ Z7II A%S SAsk=d Ao eES AEeH|

2% g Ze] s Hlk H2Ed F3E=
HH AN 2RSS vfe-Edle] 7} A} bl
o7l 2715 Ak Wxwa BAE AyRs Max
Write(MB/s) ¢} Max Read(MB/s)9] gt & A& 283}
] HAE A WA ~Ele] Age A SAS 9
& ==of FAE W= Al AHE Al EE et
ok 9 H el whE Eoeie} 34 (POSIX, MPIO,
Single-shared-file, File-per—process)g AA&}il ==
F 2070] ZEA AT ARESle] & 63} o] it

I 6. IOR X032 3 =M
Table 6. IOR benchmark options and execution

#IOR.posix —a POSIX =b 10g —o iorData -t 10m -s 2 -d 10 -C
-Q25-e-w -1 —k (-F)
#IOR.mpiio —a MPIIO —=b 10g —o iorData -t 10m -s 2 -d 10 —-C
-Q 25 -e -w -1 —k (-F)
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El 51740l A A|AE]

ARV THE WY FAA 2R g E e
o] 78 4 ek
+ (IB FDR-10) 40Gb/s X (64/66) X 8 Ports = 38 GB/s

o3t

B Write (MB/s) 5 Read (M8/s)

15,000

10,000

5,000

U

1

POSIX MPIIO | POSIX MPIO | POSIX MPIO | POSIX MPIIO | POSIX MPIIO | POSIX MPIIO | POSIX MPIIO | POSIX MPIIO

3J8 7. =50 = I0R d&
Fig. 7. IOR results by the number of nodes

9 7914 IOR 227] §=83A] AB TS A A T] 277} o}
d djrglo] ANE= Al (write-back) 0.2 T]ATol A A
Al A8k ¢17] Adsol visl] Addldos 52 Adss Beltk

4) Tf_cnn_benchmarks

o7& o718 Audl] Fate GPU A5 S-S ¢
2ol wWo| AL&-E & Tensorflow =& o238k wlx|n}=
¢l Tf _cnn_benchmarksE 33}31tH 15]. HIAE+= GPU
MaE 718k ovA] Me] BgAAE HAE & 5 vk
g T+ GithubE S8l & 4 31°™ ImageNet
ILSVRC2012 ®loJ8] A& B A=E F&313ivh s =
& 93l CUDA, MPI ¥4 glelHeg], 478} glolneg]
(cuBLAS, cuDNN 5), Zdd¥=a 53 (conda,
docker &) A7} o3h Tt} HA A|AES AL
ste] Wl = Ql= Ao olwA] A A s(images/sec)S 54
gt ResNet-50 =& 3h7 3 =7 wijx] =7] 256,
TF32 dlolElEl]], ILSVRC2012 dlogjAle] tiate] 1
epoch H|AEE $383}al A¥= Total images/sec #+2
HAE FEe) 8 gE 2 F4e % 79

E 7. Tf_cnn_benchmarks #IX|0|3 £=8 M
Table 7. Tf_cnn_benchmark benchmark options and
execution

$ mpirun —np [#ps] [#MPIOPT] python tf_cnn_benchmarks.py
——data_format=NCHW

——batch_size [#batch] ——model [#model]
——optimizer=momentum
——variable_update=horovod
—num_epochs=[#epoch]
—weight_decay=1e—4——data_dir=<DATA>
——horovod_device=gpu

3% #ps: the number of processes, #MPIOPT: MPI options, #batch:
local batch size, #model: CNN model, #epoch: total learning
number <DATA>: dataset directory

—nodistortions  ——num_gpus=1
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“elv-csol= NVIDIAC] V100 GPUZF 1708 A=tE o
2om, 870 w==(V100 8 GPU)7HA] &3l A% 23S
Fsldnt. F 83 o] dA-molA= 380.86 image/s,
879 == HA AFR-A] 2,841.46 images/sY AT &&=
Bk 19 8L =5 TV Fad SR HAE
Avfolt}, g NVIDIAGIA  Ale3k=  Docker
Resnet-50 imageZ ©]-&3 DGX 1(8xV100 16G) A]~El
oA A5 1 Node(412img/s), 8 Node(3,170img/s)E X
ItH16]. DGXE NVIDIAS] A4 FPF o= UELF, v
2], NVLink 59 53td H/W7} ZaEo] 28 Axpnct
&9le] %S vERich

E 8. TensorFlow ResNet-50 E|AE Z 1}
Table 8. TensorFlow ResNet-50 test results

System Performance (images/sec)
Single Node 380.86
Full Nodes(8) 2,841.46
images/sec
3,000 284146

2,500
2142.09
2,000
P 1430.13
1,000
612.80
500 380,86 I
F .
1 2 3 5 3

113 8. TensorFlow ResNet-50 EHAHM E|AE Z1}
Fig. 8. TensorFlow ResNet-50 Scalability Test Results

5) HPL-NVIDIA

NVIDIAE NGC(NVIDIA GPU Cloud)E %3l GPU2 &
b A5S &4 4 9lE NVIDIA HPC-Benchmarks
docker °WAE AlF3faL AH[16]. ddx==ol 2
PCle 71§} V1009 *43%5(Double-precision, FP64)& 7
TFlops= WIXn}a HIAE A3 ¢ 80% T oo 8
G ATH17]. 3 HEHe F 99 gom Az Fw
CPU$} GPU9] 7zl W&} cpu-affinity$} gpu-affinity
AL AAsfof stk 27 9+ GPUZF 1714 Azhd 4t¢]
LEE AMSlY] H2EE 3% dyjo|th HPLe] 34 o
At A7) GPU Wil 2ke s 22)(HBM) 27| -3
o] Aidor w& A5s 4 Ak & 8 WiXnaE
B8 4 A Ay} 2ol
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Table 9. HPL-NVIDIA benchmark options and execution

$ mpirun —np [#gpu] singularity run ——nv -B $PWD:/input
./hpc—benchmarksW:20.10-hpl.sif hpl.sh ——cpu—affinity
0:0:0:0:1:1:1:1 —gpu—affinity 0:1:2:3:4:5:6:7 —cpu—cores—per-rank
4 ——dat HPL.dat

¥ #gpu: the number of GPU for BMT

30 100%
90%

—8420%
% 80.39% 80%

79:57% 80:14%

9
20 70%

60%

15 50%
40%
10 30%
5 20%
10%
0 0%
1 2 3

I Veasurement performance (TF)
Theoretical performance (TF)

——Ratio (relative to theoretical performance)
3 9. NVIDIA HPC HIX[oj2 M5 2 &M HAE 3}
Fig. 9 NVIDIA HPC-Benchmarks performance and test
Results

E 10. NVIDIA HPC-BMT =& Z1} 21
Table 10. NVIDIA HPC-BMT performance results logs

TN N NB P Q Time Gflops

WRO3L2L2 60000 512 1 1 24.43 5.894e+03

||Ax-b]|_oo/(eps*(||A]l_oo*||x||_oo+||b]_oo)*N)=  0.0047216 ...... PASSED

LAY N NB P Q Time Gflops

WRO03L2L2 60000 512 2 1 12.73 1.132e+04

||Ax-b||_oo/(eps*(||Al|_oo*||x]|_oo+||b]|_oo)*N)= 0.0044848 ...... PASSED

™ N NB P Q Time Gflops

WRO03L2L2 102400 512 2 2 31.57 2.267e+04

||Ax-b]|_oo/(eps*(||A]l_oo*||x||_oo+||b]_oo)*N)=  0.0039033 ...... PASSED

LAY N NB P Q Time Gflops

WRO03L2L2 128000 512 3 2 40.44 3.457e+04

I|Ax-b]|_oo/(eps*(||All_oo*|Ix|L_oo+|Ib||_oo)N)=  0.0040469 ...... PASSED

™ N NB P Q Time Gflops

WRO03L2L2 204800 512 4 2 123.60 4.633e+04

||Ax-b]|_oo/(eps*(||A]l_oo*||x||_oo+|b]_oo)*N)=  0.0000368 ...... PASSED

6) Application E]2~E(GROMACS)

AA GPU 7]dkoll A =8 7hs gk ol &g Aol A st
o 3 A5 AHE SAHST olF A8l A AlE
gojdor QFEA~ ¥=273  F7]X<  Groningen
MAchine for Chemical Simulation(GROMACS) A x]&}aL
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