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AWS 2t48 Ll HPC 7|8t Design Environment =
> CAD/CAE/EDA %/ &3} A

+ K| etE Computing Power > &5 20| £X3 -Scalability > HEX 2| £ Time-to-Market = 4!

- H|'¥ Shared File Storage0fl & A|=2{ 0|8 HE MF -S3/MVNE S Storage Option > d&/H|& 284
*H/W Refresh Cycle0| Cliet CHS EHE « X| M Instance2 2| X|&£X Q1 HA

o ZHH| M D ALRF Workstation 2 2 *Thin Client 7|8t 2FHd =2 Remote Access 7=

The traditional CAD/CAE/EDA stack has limits Migrating workloads such as EDA to AWS

Corporate data center [ Remote r.__]r._1[_1hir_‘_1 Virtual Priva don AWS
workstations

AMYS BFE 511 OF20] 7/21 =0/ AWS HPCE EFE 3F Time-to-Market 84S EH &b



7nm2| IT challenge & ALY &2H4l
> Resource Gap =X|

@ MediaTek case

“7nm AIAILY EHEXZf 02 3}El Z[ == HIEFC =2 MALEOf ofef C/Xf 2/ & il B, EDA workload, & compute
A Y EBFHIIf £ On,. Al BEEFA L0 HIE R&D FE HECZ 918 resource gap 0] Z7}3}= 2R}

HF —
= "(D”Of_[_ g(’l:l_ L/Ef, ” -Yi-Ching Lee, General Manager, IT, MediaTek

* R&D product plans change due to business uncertainties

Design complexity 17x 1

* A single project schedule shift could generate a huge resource gap

EDA job numbers

EDA workload 10)(]‘ g g|aAgko ig% AMH EHe 2|AaAR

Compute scale 15)('

s per proje

- ERMX|AE EX T, EDAjob /5, Z2HE - Al S2HA/do 2 Q15| R&D AH20| HE S
MH 27} 3= 104 O|AF S 7}5t - Resource gap OF7| &




AWS Hybrid Cloud =& £ Cha Uen e Ol &
JTHE AFY =20 &HE 59X resource M-S

@ MediaTek case

Pl
I

“8j0|HZ|E F3RE £EMS HE 6 M a Qa6 B GMeT glon) o B2
oI E{Z 30/ X 0 Af scaling 252 £2/3fd QI&LIC}. X3/ E AwS 8}0/E 2/ = 5-5/425 Z 95
/C(;I-OZZ;IEE /(f O.Ix.l 7<72 gé‘IO// [l_ St 'Ié /Q(I,QJE:L/E}. ” -Yi-Ching Lee, General Manager, IT, MediaTek

[

5G-SoC tapeout 2A| &0 27| Sl

XOI o} CH O|AFO| CH2E o
* To meet 5G-SoC tapeout schedule, we required 1,000+ large-memory servers in one week 1 0" L 000 H I I H © I}"E I

* Leverage hybrid cloud to increase IT agility and fulfill business variable demands A‘I H‘I 7|' "é' Q_gﬂ%

AWS 22 EE Tl Z8s 22 E
QAARAE LA &850 HehEl A7t LYo
d8Hoz ZHE F4de




Hybrid Cloud 2 22t =l
=ctFE 7|89 EDAR

@ MediaTek case

T aglutyE o
N7-SoC “H4F

=

Adl
oNe

QGO0 S MY 2 TP MY # AUS
A-I.EI-IO/M = L/E/L ”

“X}ALO] 5G SoC tapeout 2 FEE £/off ofo/E /= 2L

EE £ 23l IT agilityE SH&AIZ +

L/C}. BAf2EXOZ 5G6SoC EEMEL

-Yi-Ching Lee, General Manager, IT, MediaTek

¥

WW 1=t N7-SoC on Cloud High Scale Compute Huge Data Volume
Static-Timing-Analysis 30,000 STA run 8,000TB Data (TW+*>US)
1000 EC2 instar mory per instance
12 m -hours

-
w
L

* Seamlessly collaboration (24 X 7 war room) to implement adaptive cloud
architecture

* AWS tailored compute instances for MediaTek’s demanding EDA workload

* Successfully eliminated IT compute resources bottleneck to support 5G
SoC tapeout

~ AWS2}°| seamless collabora

Cteat €2 41t 248;

2) 1,000CH2| EC2 InstanceS
2tH > 1,2002F Core-Hour
gap Closing

3) CHZE2| active H|O|E{ 2t

tion

o

SOl

0,000 Core




Digital’

> H

D

D A=

@ western Digital? Case

AWS2| H

PC 7|2 B4

O] AlZF 20

L ug|ZOf HHE EHE] HO/L}H M EEE YIEZLE oA 348 O|FOf= BIISHE
TfLBIAIE + QSf 50/ A8I2 B O ElL/C”

FEE

- Barry Bolding, Director of Business Development, HPC, AWS

Architect your workflows
to make the most of

Diversity of Virtually
instances unlimited
scale

Take advantage of the scale available

Western Digital.

Over 2.3 million simulation
jobs on a single HPC cluster

of 1 million vCPUs
— built using Amazon EC2 Spot Instances

Time to results: 20 days 2 8 hours

AWSO| Ei 0t yCPUZE 74
HPC SE{AHEZE 2894 34Ol
MOl & HE| > &
SA|ZtS ZE A|ZH EFS

L—

1) Western Digital (WD): O|=2| 3t= C|A3 YA AR 20123 S|EHX| S| StEL|AT AP E

Q=5 M7 Z[chel StEC|AT YMHANZ S=
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(3) Formula 1 Case

“Problem SolvingS/ DNAS 272} +

D (Computational Fluid Dynamics)

A2 0 M AJZF 20| M gA[ZtO &2 Ehs

Hf X HF RaceE S 2Z + 9= &

22T AA

B[Af, Formula 12} AWSZ} & 2{offA] Formula 18/ #1= 0/
oA /Z;/ ol X Ilgﬁag ]IyH/'oF A OIO-IE/L ”

Rob Smedley, Performance Expert / Technical Consultant, Formula 1

Loss of downforce
New 2021 car

1second -5%

055econd
(distance to pass) 7A

*Formula 1 #=2| L|== BEC}

«CFD" = Wind Tunnel? - Track
X| €St Race >37|HsH0| 52!

Test2| Golden TriangleE X}
« ™zt
- Downforce: &= 422}

258 E = 9ol XHHE =™ - Formula 1 X2 24|2| Key:

Aerodynamic Wake Effect2| X| 22}

omputational Auid Dynamics: =X| 3§10t HO|E F=E &30 FA O 2HE X E s Zdt= &E 2) Wind Tunnel: &
A 7

M| KOl MiniatureE 2HS0] HIE S S2f ELITA, Xt A2 37|98 SEEE

- Wake Effect =Xl & AWS HPC7| 4t
CFDE of| 4

«One Car A| =&{|0|M0f| 7| = 4¥ 28

>AWS HPCE Two Car A|E2jo|M
SA|ZHLY 2t=

o« [AMX} 702 1X X} Downforce X Z:
30 2> 5%



AWS ML (Machine Learning) Stack
> 7 1 e E Qe ML A IS

AA L—

Al SERVICES

VISION SPEECH TEXT SEARCH NEW CHATBOTS PERSONALIZATION FORECASTING FRAUD NEW DEVELOPMENT NEW  CONTACT CENTERS NEW
== - 0 i /’ _/-’J i, - 0 ’
=Q @ \ afl] «(. @
=
Amazon Amazon Amazon Amazon Amazon  Amazon Amazon Amazon Amazon Amazon Amazon Amazon Contact Lens
Rekognition Polly Transcribe Comprehend Translate Textract Kendra Lex Personalize Forecast Fraud Detector CodeGuru For Amazon
+Mediical NEW +Mediical +Medical NEW Connect
ML SERVICES
SageMaker Studio IDE NEW
Amazon SageMaker Ground  Augmented SageMaker
Truth A\ Neo
Built-in SageMaker SageMaker Model SELVELETS SageMaker Model SageMaker
algorithms Notebooks NEW Experiments NEW tuning Debugger NEW Autopilot NEW hosting Model Monitor NEW
ML FRAMEWORKS & INFRASTRUCTURE
NEW NEW
* TensorFlow m GLUON K Keras
t Deep Learning GPUs & Elastic Inferentia FPGA
. NEW N AMIs & Containers CPUs Inference
PYTHRCH &
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Y4 L ean ML (Distributed ML) on AWS
> ML Training A|[ZF 16HH Tt

(4) Toyota Research Institute Case

“L 2= Machine Learning /0 Toyota Production SystemOf S/Cf® 1210 Z U7} A= 1 8/ZHLC},
Distributed Machine Leal‘ning onA W57f H[‘E ILEBHIEE 7/5 5/5"‘”2{@‘. -Adrien Gaidon, Machine Learning Lead, TRI

Time = Space - High resolution Lean DL with PyTorch on AWS Training time

P3.16x

P3.16x

A 2 BT B szzzzezzzzz ||y v100
& e _mlli.::E |
\\\ a3 Fs e mlRNE
N = PU W P3.16x
= ’ 8 x V100
X -BiHIE O
llllll_ll =

SuperDepth: self-supervised, super-resolved monocular depth (Pillai,
Ambrus, Gaidon)

DF -
8x VIOO

- Lean: Bottleneck &0} %| X 3}sl= A «X7| S3 DataE CPUE HLjf O|O|X| - Distributed Machine Learning on
* Object Detection & El‘% 4z o> 2Y/HSt T GPUE DL & > Slow AWS O}7|EI X & Sl Iteration

Collide Prevention S +3 - Performance %| X3} Journey A|E} CycleOil CHet &R A|ZF 16l T
EB/SIE /RS _Tl_oHJgE o|O| X| —S3 - RAM Disk - Distributed FS

Training A| 7}0| Bottleneck (71 &) —~CPU 3 > P3 > P3 &4tK 2|



AWS ML/HPC A{H| A

> S ™ K| Classification H=HE /

@ Insitro? Case

I"’.

P

“AWSS| ZfE]3F Computing PowerS S Af BIL}{3F ScaleC] DataS 4/ 4/o}= Bio-Data FactoryS T+=if,
Y El Datadl| HEZ ML Z15/FS piffos 2E2 + AL

— Daphne Koller, Founder & CEO of Insitro

Cellular systems

A @I@]@)

Advances in
biological data
generation

? '{':"_ High-content
« ~’| phenotyping

insitro

iEisl=

The cellular
phenotypic manifold

JonX nMr>
rx of of 19

-Biological data 4 7|= {4l HR

1) Insitro: L7+ 2 High quality dataset2 2+, O|0f LRt ML 22 E2||0|'dS S3f def 712 S R

U TBO| S TN HE &M sl >
ML E¢ot 28| 5| 2

-P3/C5 5 %|A4E Instance?l} Batch S
AWS ML/HPC &M M 82 E9|

8 o

StE MZ2A| AT 9| Start-up

Classification of
genetic interventions

Neural Neton insitro end-to-end
CellProfiler model

Accuracy 57% 70%

Three months ——— Two days

-HHo| S NK= A
Classification d 2t g4t
—Classification &= 7| E 57%
> 70%2 ThAt
—Classification 22 A|Zt 7| & 374 &
> 22E t=



Modern Technology 7|8 A& G378 43}
> Public Cloud B Et 218 7|= def =2t

@ Verizon Case

E—
¥

“AWS= Verizon TransformationS/ Key ComponentLC}|. VerizonSf O x| = 124 7fX] Z&0ff & FA/7/L,
AWSS/ Cloud A{H[A E &0ff On-Demand Scale, 2/ &S 22 o} 0f Application ModernizationE & & 0/Lf.
= b"/, of o Experiment Of1 Fail FastoffA] eiil = £ =0[ELJ AWSE 28 S O0fLL. 7 vahmoud Elassir, sVP & CTO, Verizon

f

¢ Verizon2 Cloud S Technology Verizon’s Technology
Journey= HAIHEQI XM +H F Transformation journey is a

£ N multi-year, massive-scale:
¢” Modern TechnologyE S5l 44 ,

- . . e Enable technology excellence
N8It AES FE5t= A0| Mission

e Focus on Efficiency, Speed & Innovation

g
¢SS Afple SHAIA XI=
L 2ES, _.I.I.I —_ I—I 00" HS D o  Shifting investments from capital to

Cloud 29| Mzt Eol 7|= EXI=E success based expense

I|-501| kl |:|| -g-gg H%-GI'E 7Jdo| -5—||||*:I Right workload on the right cloud

Scale the adoption of emerging

F .
¢ AI/ML, RPA, AR/VR, Chatbot 5 rleeain i

° b
Emerging Tech & > X['83}F 124
da &S U A& 40 =ty VErIZONY " Srowiei s s oupoonrte

All trademarks used herein are property of their respective owners
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Amazon EFS I__'L—| Amazon EC2 Instances
l=I ? Amazon 53 L] (Compute and accelerated)
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» Docker 7|22 ZAH| O[] 7] & 4
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Portal VPC
(WEB/WAS/DB)

} (AWS Direct Connect)

Sk X 2] VPC
(WEB/WAS/DB)

@

ob IO =40, BHEHD)

LGE &h¢ =M VPC
(EKS, EFS, GPUs)

U+ 81 X oS

LG CNS 2 FH 39

Mol 40| £ op7|HH

« Architecture E%

1) BQHd L3}
- HGAE vPCc B2 £A%tn

=L A
st MEY oI

2) HIEAN (AWSH H) CH| 22

- 8t& At (GPU, EFS )
MEE E =2 4 X H

OO L O 11—

- C}¥SH Instance Type X| &
(p3, p2, g4dn &)

3) B FH| U S AIZHEHS
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