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Overview

M The overall goals of this study are to provide methods to improve the performance of
deep learning networks in parallel computing environment, quantitatively identify the
major bottleneck in performance, and investigate the influence of our measurements on
the accuracy and efficiency in deep learning frameworks.

M To address the goals, a tool for performance monitoring has been developed for
bottleneck analysis. The effects of our tool is evaluated by FaceNet. Experiments show
that on a single GPU, we get a performance improvement of 17%~135% and a near

linear scalability on multi GPUs.
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Challenge for deep learning training
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Challenge for deep learning training

Training Time of ResNet50 (90epochs) on ImageNet

Table 1 : Training time and top-1 1-crop validation accuracy with ImageNet/ResNet-5( 20

Batch Size Processor DL Library Time Accuracy
Hectal. [7] 256 Tesla P100 x8 Caffe 20 hours  75.3% . 60
Goyal et al. [1] 8K Tesla P100 x256 Caffe2 1 hour 76.3%
Smith et al. [4] 8K—16K full TPU Pod TensorFlow 30 mins 76.1% 50 50
Akiba et al. [5] 32K Tesla P100 x1024 Chainer 15 mins 74.9%
Jia et al. [6] 64K Tesla P40 x2048  TensorFlow 6.6 mins 75.8% £ 20
This work 34K—68K Tesla V100 x2176 NNL 224 secs 75.03% %
E 30
Table 2 : GPU scaling efficiency with ImageNet/ResNet-50 training
Processor Interconnect GPU scaling efficiency 20 15 14
Goyal et al. [1] Tesla P100 x256 50Gbit Ethernet ~90%
Akiba et al. [5] Tesla P100 x1024 Infiniband FDR 80% 10 6.6
Jia et al. [6] Tesla P40 x2048 100Gbit Ethernet 87.9% -
This work Tesla V100 x1088 Infiniband EDR x2 91.62% 0
Goyal et Cho etal. Akiba et You et al. Jiaet al.
number of processor al.(06/08/2017) (08/08/2017) al.(11/12/2017) (01/31/2017) (07/30/2018)
_ (Source: Mikami, H.,
Jiaetal. (07/302018) [
Suganuma, H., A gap between state-of-the arts publications and
vouetal. (01/31/2017) | Tanaka, Y., & common users
Kageyama, Y. (2018). ]
T — ImageNet/ResNet-50 —> Most users do not have computational resources
Training in 224 in such a scale
choetal. (08/08/2017) [ S?:p?rr:gts arxiv - Universal methods for users with limited
copetalatezorr) arXiv:1811.05233..) resources are in needed

inspur

0 500 1000 1500 2000 2500



Problems for common users

Performance

£ nodes

~&= AlexNet (B=256) —o— AlexNet (B=1024) AlexNet [1]
~#— GoogLeNet (B=32) = GoogLeNet (B=256) -~ GoogLeNet (B=1024)
== GooglL eNet [6] (B=1024) ~#- Linear Speedup

(Keuper, J., & Preundst, F. J. (2016, November). Distributed
training of deep neural networks: Theoretical and practical
limits of parallel scalability. In Proceedings of the Workshop on
Machine Learning in High Performance Computing
Environments (pp. 19-26). IEEE Press.
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(http://timdettmers.com/2018/11/05/which-gpu-for-deep-learning/)
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Monitor with Teye

\ Microarchitecture \ Haswell-EP Platform

Server Block Diagram
NumberSmasher 1U Tesla GPU Server with NVLink and Tesla V100

/
Iy |

|
INetwork | -

/ ( InfiniBand Ethernet
| Accelerator

NVMe Flh Storage
{or other PCI¥/ x16 gen 3.0 card)

NVMe Flash Stocage
(or other PCHE x16 gen 3.0 card)

S | foR
® — Al InfiniBand

<l 1.0 UPI bus {GPU-Direct ROMA traffic cannot pass, 62,668/

el Socchanne! DORA memory (128685 per CPU)

T ———— To other nodes

- #C-xp0ess X16 (gen 3.0) bus for GPU-Direct ROMA (12.868/5)
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\
{ Microarchitecture

Utilization: usr%o, sys%o, idle%o, iowait%

Floating Point operations: X87 GFLOPS, SP/DP SSE
scalar/packed GFLOPS, SP/DP AVX scalar/packed
GFLOPS

« Memory Usage: Total, used, cached, buffered

« Memory Access: Memory Read Bandwidth, Memory

Write Bandwidth

« PCIl-Express Access: PCI-E Read Bandwidth, PCI-E
Write Bandwidth

Vectorization Ratio: SP/DP SSE VEC, SP/DP AVX VEC
Efficiency: CPI

‘Network lFiIe system
e Local Disk: Local disk Read/ Write, size of data
InfiniBand block_Read/ Write
« Protocol Support: TCP/IP, UDP, RDMA, IPolB « NFS File System: nfs_customer_read/write.
 Network Traffic Monitoring: EthX send, nfs_server_read/write

EthX receive, IB_send, IB_receive

« Network Packet Monitoring:
EthX/IB_send/rev_Pkt_size/data
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CPU GFLOPS (GFlops)
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Application of Teye
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Here is a Battle for your Face...

Both recognition and detection:

2,
GO

Seetatech  guency
PHib C++ Library

For Face detection or Recognition

Open Face O star 11,638 MTCNN_face_detection_alignment

Joint Face Detection and Alignment using Multi-task Cascaded Convolutional Neural Networks
Free gnd open source race I'EIZ'CI;I""I'.'-.'.‘."." Wik deeg neural NeiworEs

PyramidBox NormFace  SphereFace:

InsightFace: 2D and 3D Face Analysis Project

Deep Face Recognition with Caffe Implementation  MobilelD: Face Model Compression inspur



Google claims its 'FaceNet' system has

FaceNet (2015) By coogle Inc.

almost perfected recognising human

faces - and is accurate 99.96% of the Florian Schroff
time fschroff@google.com

« Facebook's rival DeepFace uses technology from Israeli firm face.com

Google Inc.

+ DeepFace finds a matching face with 97.25% accuracy

« Google researchers call their system the most-accurate technology

+ System could be used to automatically recognise photos on Google+ ACh | eveme nt .

By MARK PRIGG FOR DAILYMAIL.COM W 99.639% for Labe|ed

PUBLISHED: 20:48 GMT, 19 March 2015 | UPDATED: O7:44 GMT, 20 March 2015

Faces in the Wild

FERDAMe =813 *8 o 506 0n YouTube

Faces DB

Main points:

1.
2.

3.

Face recognition and clustering

Purely data driven method: Learning a Euclidean with DNNs
—>face similarity

Test with both ZF net (2013) and Inception (2014)

Triplet loss based on LMNN and Softmax

FaceNet: A Unified Embedding for Face Recognition and Clustering

Dmitry Kalenichenko James Philbin
dkalenichenko@google.com jphilbin@google.com
Google Inc. Google Inc.
!w DEEP ARCHITECTURE | [L2|=| ¢

Batch

Figure 2. Model structure. Our network consists of a batch in-
put layer and a deep CNN followed by L> normalization, which
results in the face embedding. This is followed by the triplet loss
during training.

Negative m

A"Chfﬂ;ﬂ-l LEARNING 9

*—_ ®—  _ Negative
e Anchor @

Positive Positive

Figure 3. The Triplet Loss minimizes the distance between an an-
chor and a positive, both of which have the same identity, and
maximizes the distance between the anchor and a negative of a
different identity.
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Based on TensorFlow

Growth Rate (%)

80.0
17.7
21.9
19.9

¥ TensorFlow

M Backed by big community
B Most commonly used deep learning framework
M Large amount of ready-to-use documentation

1 E8
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Training FaceNet : Hardware

Hardware:

DGX.1 4 x V100
. .

® CPU: Intel® Xeon® CPU E5-2698 v4 @ oo INel® Xeon® Gold 6152 CPU @ 26

2.20 GHz )

. o )

® GPU: 8xTesla P100 connected with 4xTesla V100 connected with PCI-E

Nvlink

""" aru ] cpu J——1 cpu fe—ol cru |
i 2 ] o FT——3 4 ] ¢ [

Wommnnend Dt 8 8 Thmaoeeeennd _  Tiiiiiasnnng

pununnnnnng o S gueeose. L pinougg 4 | gunminnininmg

s UPI/ QPI = Pascal: 4 NVLinks @ 40GB/s

—— PCle Gen3x16 @ 8Gb/s —— Volta: 6 NVLinks @ 50GB/s ’nspur



FaceNet Optimization on a Single GPU

Key motivation: Utilization of

i | ‘| ‘A‘ ‘ il ‘ Wl‘ | u\'\‘\
GPU N \\ 0@ I | l‘i gl "|| \"M"lm'ﬁ
1' GFLOPS v = ‘\\"‘“\ M f I’w| |'| ‘I\ H’I \|‘||\| | H[ '|'| I\I \.l |I |‘“h ||' ||‘|| il M ||( % L9 .“ ‘
2.3TFlops << Theoretical value of 25, U'W,'*l ‘u; \".“' };n 1‘” l}\;m‘lsw'“ \l' H\|l||“)||“ £ ‘
= 2 0.4 1

P100 'S )
2. Utilization over time = 031 |
60% work for convolution, and 40% o 0 w0 10 200 0 s 0 130 200
fOI‘ |d|e Vi () Time
3. A gap before every iteration

—> for data preprocessing?

= 40 - 0015

%35 i I:I-:D-DE |I ||| ||| ||I||I|||| ||I||||||||I |||||||||| |||I|||||||||I||||||I
?30 | - 51 BB g1 05 51. 10 51. 15 i-::: 51_|25 51 30 51. 35 1.40
o

64 128 256 512 1k 2k 4k 8k 16k 32k 64k

mini-batch size ’nspur



FaceNet Optimization on Multi GPU

Training with synthetic data on NVIDIA® Pascal™ GPUs

o Key motivation: FaceNet was
o r r developed based on TensorFlow
o T o

_ _I m|i|i|i —> Overcome the shortcomings inherited

from Tensorflow

Imag

0.0

1 1 1

e Number o GPUs and model name - Comparatively lower scalability for
H Distributed TensorFlow ™ Horovod (TCP) ® Horovod (RDMA) Oldeal mUIti executive units (parameter Server)
(Horovod, 2018) (Time-consuming when start a job)

Y—r|deal [+{ICaffe-MPI {—)CNTK O—OMXNet /—\TensorFlow

16 16 ‘
14} GoogleNet 14| ResNet
12} 12
10| 10|
8| 81
6 6
4 B 4 B Reducer
2 2

12 4 8 16 12 4 8 16 i‘
# of GPUs e

(Shi and Chu, 2017) PS-worker mspur



M Introduction and Background

W Part I: Teye: A Tool for Profiling and Performance Tuning for CPU and GPU

B Part II: Analysis of the Bottlenecks for Performance Optimizations

B Part I1I: Performance Optimization on a Single GPU and Communication
Optimization Multi-GPUs : A Case Study on FaceNet

B Conclusion

inspur



Trouble-shooting: on a Single GPU

Software Pipeline
P Problem:
Gap before each iteration

Hypothesis:

Data preprocessing and
training are individual processes.
spontaneously with CPU and GPU.

time

Solution:
tf.data

time
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Results: on a Single GPU

i b d 'I' -' | p _— |‘.
Mrkafln ’Irl_,[\ r|| I'W'|' fp A ‘I||
0.6 1 lllll“ll‘lﬂl‘ ||| \ |'| \ I 'I | || “hl‘. "“'Il'u. ‘|| Yy u '|"f| ||‘l |‘||Ii \Ill H V) l\lll ||| IIII I |||I||||
N | f || " " \’
S h |
© \
“ 0.5 1 '
Q
£
=
> 0.4-
o
@)
0.3
0 50 100 150 200
Time

GPU Utilization over time: from 60% to 90%
Almost diminish the influence of data preprocessing

0.8 A

0.7 A

0.6 1

0.5 1

Conv Time ratio

0.4 A

0.3 A

0' 2 ] T T T T T T T
0 10 20 30 40 50 60 70 80

Time (s)
0015
0.000 L T T T 1

51.00 51.05 51.10 51.15 51.20 51.25 51.30 51.35 51.40
Time
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Results: on a Single GPU

Improvement on Running Time (Inception. Resnet) Comparison on Running Time (SqueezeNet)
0.35 0.25
0.3
0.2
. 0.25 —
?_C‘ﬁ/ 0.2 \f_,: 0.15
§0.15 g 01
= =
0.1
0.05
0 0
P100 V100 P100 V100
morigional(s) moptimized (s) m Original (s) = Optimized (s)
BS=64 Original(s) Optimized(s) Improvement BS=90 Original(s) Optimized(s) | Improvement
over optimization over optimization
P100 0.301 0.258 17% P100 0.206 0.140 47%
(inception.resnet) (squeezenet)
V100 0.225 0.146 54% V100 0.200 0.085 135%
(inception.resnet) (squeezenet)
Improvement by 34% 77% Improvement by 3% 65%

hardware hardware



Trouble-shooting: on Multi GPUs

Candidates

Truncated
Inception-Resnet

5x

Inception-resnet-A

A A

[ Reduction-A

Input: 160x160x1

Output: 18x18x256
Output: 18x18x256
Output: 9x9x896
Output: 9x9x896
Output: 4x4x1792

i Output: 4x4x1792

Output: 4x4x1792

Output: 4x4x1792

Output: 1x1x1792

Output: 1x1x128

Output: 1x1x128

Output: 2

From single GPU to multi GPUs :

Involve Horovod into distributed FaceNet

® Adjusted the learning rate by

Ir X \/hvd. size()

® Applied ring all-reduce as
communication method

Communication per node
2(N-1)/N

Almost irrelated to number of

nodes

o &NVIDIA

Send

N

Send

GPUs arranged in a logical ring
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Trouble-shooting: on Multi GPUs

Send

Y

PCle
Switch |

Reducer

GPU

t
< F
Receive

(multi-ring communication, 2017 by IBM)

GPUs arranged in a logical ring

RING V, RING V; RING Vy_

(
e o o o + 1

a8
o o -
’ L ('. ) .‘\1 ’ : : RING H (0.1) (l;l) “._.' (X'l’l) p

o~
ol ER N HEIIN e

-
Intra Ring over PCIE/NVLink Inter Ring over GPU Direct RDMA Broadcast over PCIE/NVLink v v v

7

RING Hy— | &,

(Three-phase all-reduce, 2018 by Tencent) (2D-T all-reduce, 2018 by Tencent)
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Results on Multi GPUs: Near Linear Scalability

16000

14000

12000

10000

8000

6000

Training Time (s)

4000

2000

Training time per Epoch

1 2
ner Epoch(s
1

32000
19000
8250

600000

500000

Time (s)

14720

9327.878
375375

Total Training Time

1024000
722000
272250

400000
300000
R?=0.9999 R? = 0.9653
200000
. 100000
0
4

Iteration*Epoch | Total Training
time (s

471040
354459.4
123873.8
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Results on Multi GPUs: P100 vs V100

Time consumption per batch

Upper:
Almost the same for 2 and 4 GPUs, but increase for 6
GPU - Communication between GPUSs?
—4x\V100
—DGX-1 Lower:
1.25 times per epoch
GPU number —>Clarify the influence of Nvlink

Time consumption per epoch

Deep Learning Training in Less Than a Workday
8X Tesla V100

300 —4xV100 5.1 Hours
8X Tesla P100
200 —DGX-1 15.5 Hours
100
0 & g 12 16
0 Tima to Solution in Hours-Lower |s Bettar
0 1 2 3 4 5 6 7
GPU number Server Config: Dual Xeon E5-2699 vih 2.6 GHz | BX NVIDIA® Tesla® P100 or V100 | ResNet-50 Training on MXMet

for 90 Epochs with 1.28M ImageNet Dataset
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Results on Multi GPUs: Communication

. * Not a problem for Nv-link, with its bandwidth of
o \J\/\/\/\ >100GB/s,
2‘5"%3.0- » For communication between nodes, may be a
z - burden for 25Gbps Ethernet
=R » For Ethernet and cloud computing environment,
£ 20] we need to improve communication methods
-
g TN /\’\/_‘\/\"\/‘f
Q
>
= 0.5 —— Squeezenet . . . .

\J —— Inception.Resnet - Gradient Fusion communication
0.0 o 20 5o 50 00 130 140 Size of fused grgdients: Memory size
Time (s) Number of gradients

—> Half precision communication
full to half precision before All-reduce;
half to full precision before applied

Nv-link communication between each two GPUSs.
(distributed training with 4 P100)
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Conclusion

B Teye, as part of Al station, is effective in monitoring computational consumption, reflecting
performance in clusters, and indicating methods to optimize parallel computations.

B With the assistance of Teye, we found the bottleneck in optimizing the performance of FaceNet.

B On asingle GPU, the influence of data preprocessing was almost diminished. We got A 17%~54%
performance improvements for Inception.Resnet, and a 47%~135% performance improvement for
SqueezeNet.

B On multi GPUs, we got near linear scalability.
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\ Thank You!




