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The Bedrock of the Modern Data Center

Prepare for Your Innovation

s

Manage Effortlessly

Protect Your Business

The University of Texas

Server industry trends

/////. The need to simplify and reduce costs driving the

A

%,  SOFTWARE DEFINED DATA CENTER

| Disk | GPU | FPGA
WORKLOAD
ACCELERATION

Innovations in memory

6X growth in Al

By 2020, 20% of the enterprise
infrastructures deployed will be
used for Al. Up from 3% in
2017.

{‘é@ ML/DL
Machine learning/Deep

learning emerging to
provide better business
insight

© Copyright 2019 Dell Inc.

40X growth in
edge computing

40% of large enterprises will
be integrating edge computing
principles into their IT projects
by 2021. Up from less than 1%
in 2017.

Stats from Gartner

DEALLEMC



Infrastructure Options for Deep Learning

N

QUADRO
Arch/Generation < PASCAL / VOLTA/ TURING

4

Form Factor PCle PCle/SXM2
Capability CORES | MEMORY | FP PRECISION | MANAGEMENT S/W

Interconnect PCle / NVLink Bridge PCle / NVLink

System Design PCle Domain | PCle Switch | NVLink Topology - multi-gpu jobs

Multi-GPU Scaling INTERCONNECT LATENCIES & BANDWITH | GPU DIRECT P2P

e

We use MLPerf Benchmark suite to quantify performance impact

of GPU & System technology choices
© Copyright 2019 Dell Inc. ML EMC
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The Evolution of Deep Learning Benchmarks

DeepBench

Benchmark

00
basic operations 00
for DNN Baich

TF_CNN_Bench DAWNBench

Deep Learning
Training and

Inference

TensorFlow Competition

Focused on narrow domain Uses throughput as metric (ignoring accuracy) No governing body synthetic data

Coverage of different DL domains
MLPerf

: . Improved metrics — Time & Accuracy
Accelerate innovation

in DL hardware, pZ Reproducibility of results
tems, software & . .
:T;Oerir?;ms: ware MLPerf Representation from Industry and Academia

MLPerf enables fair comparison of competing systems yet encourages
innovation to improve the state-of-the-art of ML

© Copyright 2019 Dell Inc. L EMC

The University of Texas



MLPerf Benchmark v0.5

IMAGE CLASSIFICATION LANGUAGE TRANSLATION RECOMMENDATION
RESNET-50 RNN GNMT NCF
Transformer

OBJECT DETECTION REINFORCEMENT LEARNING
SSD MINI GO
MASK-RCNN

GPU platforms used in initial submission — 8 & 16 GPU Tesla V100-SXM2 NVLink Platform
% Limited conclusions can be drawn about GPU technology choices

Submissions included container build files, data sets and tuning parameters used in the run
The University of Texas = Copyright 2010 Dell nc. DEALLEMC




Systems Evaluated Dell Precision and Dell EMC GPU Optimized Portfolio

PowerEdge C4140

. Config K Tesla V100 SXM2 (4) ! chu 4xV100-SXM2 NVL (PCle Switch)
] Confg M: Tesla V100 SXM2 (4) ! 2cpu, 4xv100-SXM2 NVL

PowerEdge R740
Tesla V100 (3) 2CPU, 3xV100-PCle

Precision 5820 PowerEdge T640 I
Quadro GV100 (2) Tesla V100 (4)
1CPU, 2xGV100-PCle 2CPU, 4xV100-PCle
Powr;rstazo%())XA 4CPU, 4xV100-PCle
Dell DSS8440
Tesla V100 (4/8/10)
2CPUs, 8xV100-PCle
(PCle Switch)

The University of Texas © Copyright 2019 Dell Inc. DEALEMC



BENCHMARKING

MLPerf Scores — Dell Technologies Portfolio
(2GPU/3GPU/4GPU/8GPU)

Score = Speedup relative to a Pascal P100

1CPU, 2xGV100-PCle  m 2CPU, 3xV100-PCle m 2CPU, 4xV100-PCle m 2CPU, 8xV100-PCle
(PE R740) (PE T640) (DSS8440)

(Precision5820)

3
E
w
@
=
x
w
==
o
=3
w
3
]
O
(%]
[* 5
o
w
Q.
—
S

Resnet50/TF ResnetSO/mx

IMAGE RECOGNITION

The University of Texas

i
15 |
H

LI_ﬁA*I__,_ L I

Mask- RCNN

OBJECT DETECTION

16

NMT Transformer

TRANSLATION

RECOMMENDATION

a7 &

GPUs to train a DNN model
in a single work day? In 4
hours? 2 hours!

Ba W

| like flexibility of PCle GPUs.
What is the performance
difference in training times
between a PCle and NVLink
system?

DEALLEMC



Impact of GPU Features and System Design

Workload
Characterization

GPU Comparison

System Profiling

GPU Scaling

GPU Interconnect

Topology

The University of Texas

Time to
Accuracy plots

utilization trends

2 GPU Workstation vs.
4 GPU Server vs.
8 GPU Server

Roofline
Analysis

GPU Memory:
16GB vs. 32GB

Batch Size
vs. Accuracy

Clock Speed:
SXM2 vs. PCle

CPU and GPU GPU Interconnect

CPU PCle Root Complex vs.

PCle Switch configuration

© Copyright 2019 Dell Inc.

Utilization

1to 8 GPU Scaling
within a single
Server

NVLink vs.
PCle topologies

Framework
Performance

DEALLEMC



Workload Characterization Framework Comparison 4xV100-SXM2 16GB (NVLink)

Image classification - Resnet50

0.8

0.6
>
O
o
3 0.4 Tensorflow v1.12 (bs=256)
Q
< Mxnet v1.3 (bs=208)

0.2

Tensorflow v1.12 (xla=False)
0
0 100 200 300 400 500

Time (minutes)

Image Classification Number of Average time per
epochs epoch (min)

Mxnet v1.3.0 (Nvidia) 62 4.01

The University of Texas

GPU Kernels (Common)

volta_fpl6_s884cudnn_fpl6_128x128 |dg8 relu_f2f exp_interior_nhwc_tn_vi1

volta_s884cudnn_fpl6 64x64 sliced1x4 |dg8 wgrad_idx_exp_interior_nhwc_nt

volta_fpl6_s884cudnn_fpl6_128x128 |dg8 dgrad_f2f exp_small_nhwc_tt vl

volta_fpl6_s884cudnn_fpl6_128x128 Idg8 relu_f2f exp_small_nhwc_tn_vi1

volta_s884cudnn_fp16_128x128 |dg8_wgrad_idx_exp_interior_nhwc_nt

dgrad_1x1_stride_2x2

Volta_fp16_s884cudnn_fpl6_256x64_|dg8_relu_f2f exp_small_nhwc_tn_v1

8 GPU kernels shared (CuDNN v7.4)
~34% execution time in Mxnet;
~45% execution time in TensorFlow

TensorFlow and Mxnet take advantage of
optimized DNN primitives available in CuDNN
(profiling shows 8 CuDNN kernels that are
common across the 2 runs) o)

XLA Just-In-Time Compile is critical to get -
performance on par with Mxnet and other -
frameworks

DALEMC



Workload Characterization Time to Accuracy plot 4xV100-SXM2 16GB (NVLink)

Language Translation Recommendation
26 0.65
L e e
0.6
24 Target Accuracy: 25.00 BLEU Target Accuracy: 0.635
o HR@10
5 23 8 o055
Q Target Accuracy: 21.80 BLEU [
w 7 e e e — o
I B B E— p— £ 05
o 21 I
20 —PyTorch v0.4.1 (NMT) 0.45
———PyTorch v0.4.1 (Transformer) —PyTorch v0.4.1 {NCF)
19 0.4
0 10 20 30 40 50 60 70 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Time (min) Time (min)
Object Detection - Light Weight (Single Shot Detection) Object Detection - Heavy Weight (Mask-RCNN)
0.25 0.4
0.2 Target Accuracy: 21.2% mAP ;50 0.3
n- 1S
& 015 s
€ 01 > 0.2
X : = — PR
PyTorch v0.4.1 (SSD) = BBOX SEGM (PyTorch v0.4.1)
0.05 8, 0.1

Target Accuracy: 0.377 Box min AP and 0.339 Mask min AP

o
o

0 20 40 60 80 0 100 200 300 400 500 600
Time (min) Time (min)

Training times vary from less than 1 minute (NCF) to 9 hours for Mask-RCNN on a 4 GPU server
All models train in under a work day (8 hours) on a 4 GPU NVLink system

The University of Texas DEALEMC
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GPU Comparison Tesla V100: PCle vs. SXM2 1xV100-16GB

e B

Tesla V100 Tesla V100

PCL SXM2
¢ 2000
GPU Architecture NVIDIA Volta
NVIDIA Tensor 1800
Cores 440
NVIDIA CUDA® 1600
Cores 5120 1400 | SXM m

Double-Precision

Performance " PCle B

Single-Precision 14 TFLOPS 15.7 TELOPS :
Performance

800
Tensor 112 TFLOPS 125 TFLOPS
Performance 600
GPU Memory 32GB /16GB HBM2 i
Memory 400 4% 15%
Bandwidth 9006B/sec 200 °

o
0

7 TFLOPS 7.8 TFLOPS 1200

=
Q
(=]
o

Time (min)

gtegm.r;:;d 32GB/sec 300GB/sec
anawi TensorFlow Mxnet MASK-RCNN RNN GNMT  Transformer NCF*
System Interface PCle Gen3 NVIDIA NVLink
Form Factor PCle Full SXM2 IMAGE CLASSIFICATION (Resnet50)  OBJECT DETECTION TRANSLATION RECOMMENDATION
Height/Length
*time is | d
Max Power 50w 00 W ime is in seconds
Comsumption . L .
Thermal Solution Passive 1-5% speedup for single GPU training jobs )
Compute APIs CUDA, DirectCompute, 30 minutes on a 30 hour training job -

OpenCL™, OpenACC

The University of Texas Benchmark result not verified by MLPerf. MLPerf name and logo are trademarks. See www.mlperf.org for more information DEALLEMC



GPU Comparison Tesla V100-PCle: Single vs. Mixed Precision Training

Training method that uses different numerical precisions (FP16 & FP32)
Decrease Memory consumption (2x)
Reduce training & inference times by using WMMA (tensor cores)

® Mixed Precision  ® Single Precision # Speedup

700
G|yl | & @ 330%
0 Cor Coz Co = 600 @ ;{ ’ 300%
— Cio Gt G2 Gy e < =+
D - Coo |G Caz G .?_, zgg R ’230%
c
1 By e le la e = & 180% ™
FP16 or FP32 FP16 FP16 FP16 or FP32 = 300 - 150%
[Fa]
Sum with (e} < £y =2 o
FP16 Full precision FP32 Convert to 40_.; 200 s o g 2 = i
storage/input product accumulator FP32 result E 100 LD‘ gJ a
Fa T = oo
_‘—-. . B Resnet50 SSD Mask-RCNN RNN GNMT ncf*
Fio ——
! Image Object Detection Translation Recommendation
- Classification

NVIDIA Deep Learning SDK * time is in seconds
https://docs.nvidia.com/deeplearning/sdk/mixed-precision-
training/index.html

150-330% speedup across benchmarks tested o
Automatic Mixed Precision (AMP) NGC 19.03 release 330 minutes reduction for Resnet50 (70% reduction in training time) Wl

https://developer.nvidia.com/automatic-mixed-precision %

The University of Texas DEALEMC


https://docs.nvidia.com/deeplearning/sdk/mixed-precision-training/index.html
https://developer.nvidia.com/automatic-mixed-precision

TIME (MINUTES)

1 to 8 GPU Scaling

Image Classification - Resnet50

1xV100 2xV100

96%
96%

—tensorflow v1.12

mxnet v1.3.0

—
254 145

4xV100 8xV100

96% 88%
94% 74%

TIME (MINUTES)

Translation

====transformer

1xV100 2xV100 4xV100

71% 73%

8xV100

70%

TIME (MINUTES)

Object Detection

1,840

N\1,043

=Mask-RCNN
S SD

327

55 28

1xVv100 2xV100
88%
97%

4xV100 8xV100
66% 70%
93% 91%

TIME (SECONDS)

Recommendation

1xV100 2xV100 4xV100
94% 54%

8xV100
29%

8xV100-PCle 16GB Server, DS58440

Scaling efficiency is
shown with 1 GPU as
the baseline

At 8 GPUs, scaling
efficiency is over
80% for Resnet50
(TF) & SSD

At 4 GPUs,
Resnet50 (TF & Mx)
and SSD exhibit
scaling efficiency
over 80%

At 2 GPUs,
Resnet50 (TF & Mx),
SSD, Mask-RCNN
and NCF exhibit
scaling efficiency
over 80%

DEALEMC



GPU Interconnect Topology NVLink Bridge 2xGV100-PCle 32GB, Workstation 5820

B NVLink ™ No NVLink # speedup

3000
= ® 25%
2 2500 = ¢ 16%
2 8% ® 7%
é 2000 * 0% ® 0% ® 0% -
nvidia-smi topo -m E
GPUO GPU1 CPUO Affinity E 1500 o
o o
GEUQ X HvV4 0-35 8 =
GEU1 HNv4 X 0-35 g 1000
=
500 n
For a 2 GPU training job, the performance 0 f— — —_ p—
gains from NVLink ranges from 0%-25% TensorFlow Mxnet v1.3.0 Mask-RCNN  RNN NMT Transformer NCF*
v1.12
This translates as a 50 minute savings in Image Classification Object Detection Translation Recommendation
training time on Resnet50 (Mxnet) @ 8% Resnet>0 * time is in seconds

speedup

“aa

The University of Texas Benchmark result not verified by MLPerf. MLPerf name and logo are trademarks. See www.mlperf.org for more information DEALLEMC

33 minutes on Transformer (25% speedup)




System Profiling

NVLink Bandwidth (MB/s) per GPU

20000

18000

16000

14000

12000

10000

8000

6000

4000

2000

NVLink Bandwidth Utilization 4xV/100-SXM2 16GB (NVLink)

18758

 Tensorflow = Mxnet | SSD  Mask-RCNN RNNGNMT  Transformer ~ NCF
IMAGE CLASSIFICATION ~ OBJECT DETECTION TRANSLATION ~ RECOMMENDATION
Resnet50 5 %

CE é GPUDirect P2P bandwidth is highest for Resnet50/Mxnet, Translation and Recommendation benchmarks

The University of Texas

Benchmark result not verified by MLPerf. MLPerf name and logo are trademarks. See www.mlperf.org for more information
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GPU Interconnect Topology

25-4xV100-SXM2

NVL+SW (1CPU:4GPU)

m PE-C4140(M)

Time to Train (minutes)

Tensorflow v1.12 Mxnet v1.3.0

| IMAGE RECOGNITION (Resnet50) |

The University of Texas

NVLink and PCle Topology Comparisons

25-4xV100-PCle

PCle SW (1CPU:4GPU)

m PE-C4140(K) ™ PE-C4140(B)

Time to Train (minutes)

700
600
500
400
300
200
100

0

Mask-RCNN
OBJECT DETECTION |

Pcle Pcle Pcle
GPU O GPU T GPU 2

PE T640 PE 940xa

100
90
80
70
60
50
40
30
20
10

0

Time to Train (minutes)

JBJECT DETECTIO

rnn transformer

TRANSLATION

ncf*

RECOMMENDATION




System Profiling Distributed Training vs. Single GPU Compare 8xV100-PCle

Average CPU Utilization CE ‘Q‘

70 I 8xV100 Single Run (sys)

L mm 8xV100 Single Run (usr)
626 ___—» 8 Independent training jobs (8x 1gpu) “"1xV100 Octa Run (sys)

B

60 99 1xV100 Octa Run (usr)__
9 P PR ;B 1xV100 Single Run (sys)
% Distributed training job (1x 8 gpus) = 1xV100 Single Run (usr)
o 50 —Mlixed Run (usr+sys)
©
Rl
g 20 4 389
33.0
2 325
C 30
& 23.2
o 219 o
Z 20
140 .o
— X 12.3
10 I 7.0 7.6
) 3.9 3.0
)3 1.9 18 I 08 :
o I N [ N - - — |
Tensorflow Mxnet Mask-RCNN SSD RNN GNMT Transformer NCF
IMAGE CLASSIFICATION (Resnet50) OBJECT DETECTION TRANSLATION RECOMMENDATION

The University of Texas Benchmark result not verified by MLPerf. MLPerf name and logo are trademarks. See www.mlperf.org for more information DEALLEMC



Distributed Training vs. Single GPU Compare 8xV100-PCle

e —— Independent training jobs (8x 1gpu)
Distributed training job (1x 8 gpus)

o
30

o]
o
(=]

g I |

97 97 97 / a5 98
700 94
29
97 97 96 05 2 84
600 93
89 89 *
97 96 9% 98 82
— 69 93 69
80
9 500 90 88
— 72 :
62 83
c 69 69
96 97 97 98
2 a4 95 75
T 400 89 4 - o
-~ e e 84
= 97 97 96 96 61 97 &
) 71 93
88 69 89 69
2 300 82
= 61 80
o 9% 97 97 » 69 2o = 69 96
E 88
61 82
200 -
- 5 - 81
98 » 60
97 98 £ 91 B 88 % = 24
5 69
100 68 73 68 61
96 97 97 95 98 a5
0

Tensorflow Mxnet Mask-RCNN SSD RNN GNMT Transformer NCF

IMAGE CLASSIFICATION (Resnet50) OBJECT DETECTION TRANSLATION RECOMMENDATION

The University of Texas DEALEMC



Key Messages

MLPerf is a valuable tool to evaluate impact of GPU technologies and its
MLPerf impact on Deep Learning Training workloads

Performance improvements in Frameworks/Libraries already being accelerated
due to MLPerf

@ Dave the Data Scientist
ﬁ Use Nvidia tools to monitor GPU utilization and Scaling Efficiency
S o Single node performance sufficient to train complex models in a single workday (Tesla V100)
_5PEED Mixed-Precision has significant impact on training performance (150%-330%)

CPU utilization varies considerably between the different benchmarks
- increases with #GPUs and type of DNN o ;Q} - .

+ Offload to GPUs is an option for some DL pipelines E __| L.
« Choose GPU platforms that meet power, cost, density & flexibility requirements

for your training workloads
*  For tests that involve substantial inter-GPU communication, NVLink improves
performance (up to 40%) for distributed training scenarios
* Advances in PCle topology closing the gap for some use cases

The University of Texas © Copyright 2019 Dell Inc
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MLPerf Benchmark v0.5

https://lwww.mlperf.org

Categories Metrics

*Open vs. Closed * Metrics to capture both * Docker containers for

ElenEl s O e S performance and quality reproducibility

] Bl ¢ Agile development model

MLPerf\/O.5Tr§iningr_gsy_l§are for rapid iteration
available! e\/3 riance

* peer review process

Dataset Performance Metric Use Cases

Google Shopper, Facebook, Google
Image Classification Resnet-50 ImageNet Top-1 Classification Accuracy g PP &
Goggles, Xbox 360
SSD Video surveillance, Pedestrian
Object detecti ’ Mi ft COCO AP ’
Ject detection Mask RCNN ICroso m detection, Anomaly detection
RNN GNMT
Translation ’ WMT17 BLEU scores Google Translate, Skype
Transformer
. Neural Collaborative | MovieLens 20 Million . Product recommendation by Amazon,
Recommendation . Hit Rate . . .
Filtering (ml-20m) Netfix recommendations, Spotify
Data from games
Reinforcement . & . # of correct predictions / |Traffic Light Control, Robotics, Bidding
. Minigo played during . ..
Learning . # of predictions attempted and Advertising, AlphaGo Zero
The Univ benchmarking LLEMC




Workload Characterization Batch Size

Image Classification - Resnet50 (Tensorflow)

600

490

500

400

300

200

100

Time to Train (Minutes)

32

The University of Texas

30%
e
5% 5
£
20 2
o
s
15% £
Y]
10% £
=
5% o0
£
0%

128 192 256 320
Batch Size

Target Accuracy = 74.9%
Test Platform: 4xV100-SXM2 16GB NVLink

|
|
1
1
|
|
1
1
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|
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|
|
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1
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|

@ Gopgihii20ts Dedirific

Top-1 Accuracy (Resnet-50)

Image Classification - Resnet50 (Tensorflow)

77.0%
76.8%
76.6%
76.4%
76.2%
76.0%
75.8%
75.6%
75.4%
75.2%
75.0%

76.38%

64

800

700

76.26%  76.28% 600
76.07% - 500
400
300
200

Time to Train (Minutes)

100

0
128 256 512

Batch size
Max Epochs=90

Test Platform: 4xV100-PCle 32GB
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Workload Characterization Roofline Analysis 1xV100-PCle 32GB

Roofline can be used to assess the quality Empirical Roofline

of attained performance NCF‘kHP2721FL0Ps/se'
RNN GNMT E Wz
Transformer 13 S/§
. - i iy i i 10000 |- SSD ¢ . o
Arithmetic Intensity is the ratio of total C Mask-RGNN DP 70
. . . Res50-MX K
floating-point operations to total data Res50-TF -~ R
movement 8 N IR ' | |
2 1000
* Kernels near the roofline are making - JS St 0 0 N < 0779 7
o
good use of computational resources ol R R I I R \ o 7/ B
O
* Translation (Transformer) has highest 100
datareuse ey
* RNN, SSD, Mask-RCNN have similar ; f
10 s o
characteristics i e : R
0.01 0.1 1 10 100
FLOPs / Byte

The University of Texas © Copyright 2019 Dell Inc. DEALEMC



GPU Comparison Titan, Quadro and Tesla Compare

Image Classification (MX)

4000
3500
3000

2500

< 2000

£ 1500 2000

1§§°| I I I I _’E‘wsm

Teslavs. Titan

o o

4 (16GB) Titan RTX Titan PCle V100 PCle V100 SXM — ‘][:][:][:]
(24GB) (12GB) (16GB) g
Image Classification (MX) D - -

i, Image Image SSD

e Classification Classification
(TF) (MX)
504
4‘:‘j 0.3 .

s mTesla mTitan

0.1

¢ 0 500 1000 1500 2000 2500 3000 3500 4000
Time (min)

—— V100 (SXM) ——V/100 PCle (16GB) Titan PCle (12GB)

Titan RTX (24GB) —— T4 PCle (16GB)

The University of Texas Benchmewdoppiihtzowt Redrified by MLPerf. MLPerf name and logo are trademarks. See www.mlperf.org for %’ﬁ&f%@)n



GPU Comparison Tesla V100-PCle: 16GB vs. 32GB

+ We compare V100 16GB and 32GB

- T640 Resnet50/TensorFlow Results (256 vs. 512 Batch size) 15000
~ 18260 vs16781 oo

14000

- RNN 512 vs. 256 vs 128 o
~ 2993 vs. 2656 vs. 8551 2000

6000

4000

© 940xa 2000
—  Mxnet Result (1664 vs 832 Batch Size) 0

16663 vs 15994

—  RNN_Translation(512 vs 256)

3000 vs 2656)

—  Translation 10240 vs. 5120 (batch size)
4188 vs 5321

- RCNN
33202 vs. 39460

+  Object Detection
—  Images=4 vs. images=8
—  4xV100 33698 vs 28164

15491

8483

Tensorflow Mxnet

IMAGE CLASSIFICATION
(Resnet50)

GPU Memory Usage

14002
13192

7133 7133
6277
Mask-RCNN SSD RNN GNMT Transformer NCF
OBJECT DETECTION TRANSLATION RECOMMENDATION

The University of Texas Benchmewdoppiihtzowt Redrified by MLPerf. MLPerf name and logo are trademarks. See www.mlperf.org for %’ﬁ&%@n



[J 0 0 () /l ) ) > > > : ) ) O > >
Image Classification - Resnet50 Translation
700 140 131
600 Tensorflow v1.12 120 N (GNMT)
Workstation 4U Server E 500 606 Nixnet v1.3.0 E - e Transformer
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0
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64GB 128GB Object Detection Recommendation
G 1200 100
e Mask-RCNN NCF
200 GB/s 32 GB/s 32 GB/s = 1000 a— 55D - 80 67
w =]
GPU TDP S 80 T § 60 50 57
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500W 1000W 2000W =3 £ 40
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System Profiling CPU Utilization Trends 4xV100-SXM2 16GB (NVLink)

35

B 1xV100 (sys) = 1xV100 (usr) M 2xV100 (sys) ™ 2xV100 (usr) M 4xV100 (sys) = 4xV100 (usr)

30
25

20

. II II ll llI lll lI

Tensorflow Mxnet Mask-RCNN RNN GNMT Transformer

CPU Utilization (%)

(S

IMAGE CLASSIFICATION (Resnet50) OBJECT DETECTION TRANSLATION RECOMMENDATION

The University of Texas © Copyright 2019 Dell Inc. DEALEMC



System Profiling GPU Utilization Trends 4xV100-SXM2 16GB (NVLink)

W 1xV100 (GPUO) m 2xV100 (GPUO) = 2xV100 (GPU1) m 4xV100 (GPUO) m 4xV100 (GPU1) m4xV100 (GPU2)  4xV100 (GPU3)

93 95 96
GPU Memory Usage
— 81 18000
32 16000 15491
= 14002
=] 67 14000 13192
'ﬁ 12000
N
£ 10000 8483
g :zz 7133 7133 o rE]
o 94
Q 4000
) 2000
0
Tensorflow Mxnet Mask-RCNN SSD RNN GNMT Transformer NCF
35) 85 78 IMAGE CLASSIFICATION OBJECT DETECTION TRANSLATION ~ RECOMMENDATION
(Resnet50)
Tensorflow Mxnet Mask-RCNN RNN GNMT Transformer
IMAGE CLASSIFICATION (Resnet50) OBJECT DETECTION TRANSLATION RECOMMENDATION

The University of Texas
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System Profiling NVLink Utilization 4xV100-SXM2 16GB (NVLink)

O« N ™M
o0 D DO DO
o o oo
O 0 0O 0
20000 18758
18000
LINK_5
— 16000
§ LINK 4
_E, 14000 _
g 12000
= LINK_3
S 10000 8963
= 8314
- 8000 LINK 2
< _
= 6000 5437
2 s I I I I LINK_1
1637
2000
716 e LINK_O
374 —
o . HE N = I P —— ll-.
Tensorflow Mxnet SSD Mask-RCNN RNN GNMT Transformer NCF
IMAGE CLASSIFICATION OBJECT DETECTION TRANSLATION RECOMMENDATION
Resnet50
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