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~ The state of Al in 2020 ~




ATHBEDEL (1/4)

AlphaGo (2016)
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AlphaGo Zero (2017)

—AlphaGo ZeroM &5 (20174 11R)

— CNFETHDAIphaGoBED ARDHEEFZ A NEL TV -DELEIFELRY ., ZLICBEEEDHEITIA
Ko AHZELDILEEPLDLIIETARDBREZEZ =,

AlphaGao Zero

Discovering new=knowledge

Elo Rating

5000 1
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-1000 -

-2000 -

0 days
AlphaGo Zero has no prior knowledge of the
game and only the basic rules as an input.

I ) T T L T 1
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=== AlphaGo Zero 40 blocks  ¢ee« AlphaGo Lee seee AlphaGo Master

http://www.zdnet.com/article/deepmind-alphago-zero-learns-on-its-own-without-meatbag-intervention/
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AlphaGo Zero (2017)

—AlphaGo ZeroM &5 (20174 11R)

— CNFETHDAIphaGoBED ARDHEEFZ A NEL TV -DELEIFELRY ., ZLICBEEEDHEITIA
Ko AHZELDILEEPLDLIIETARDBREZEZ =,

5000

4000 -

AlphaGo Zero

Discovering new=knowledge 2000 -

3 days

AlphaGo Zero surpasses the abilities of AlphaGo
Lee, the version that beat world champion Lee Sedol
in 4 out of 5 games in 2016.

1000

Elo Rating

-1000 -

-2000 -
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=== AlphaGo Zero 40 blocks <=« AlphaGo Lee sese AlphaGo Master

http://www.zdnet.com/article/deepmind-alphago-zero-learns-on-its-own-without-meatbag-intervention/
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AlphaGo Zero (2017)

—AlphaGo ZeroM &5 (20174 11R)

— CNFETHDAIphaGoBED ARDHEEFZ A NEL TV -DELEIFELRY ., ZLICBEEEDHEITIA
Ko AHZELDILEEPLDLIIETARDBREZEZ =,

Discovering new=knowledge

Elo Rating

5000
AlphaGo Zero

1000 -

-1000 -

-2000 -

21 days

AlphaGo Zero reaches the level of AlphaGo Master, the
version that defeated 60 top professionals online and
world champion Ke Jie in 3 out of 3 games in 2017.
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w=== AlphaGo Zero 40 blocks  eees AlphaGo Lee  sees AlphaGo Master

http://www.zdnet.com/article/deepmind-alphago-zero-learns-on-its-own-without-meatbag-intervention/
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AlphaGo Zero (2017)

—AlphaGo ZeroM &5 (20174 11R)

— CNFETHDAIphaGoBED ARDHEEFZ A NEL TV -DELEIFELRY ., ZLICBEEEDHEITIA
Ko AHZELDILEEPLDLIIETARDBREZEZ =,

5000 "

4000 -

AlphaGo Zero

t . o
overing ne WIE S .
Discovering newknowledge § 2000 40 days
S 1000 - AlphaGo Zero surpasses all other versions of AlphaGo

and, arguably, becomes the best Go player in the world.

0 - 2 : :
It does this entirely from self-play, with no human
-1000 - intervention and using no historical data.
~2000 -
! ] 1 ] ] ] ] I 1
0 5 10 15 20 25 30 35 40

=== AlphaGo Zero 40 blocks  ¢es« AlphaGo Lee  seee AlphaGo Master

http://www.zdnet.com/article/deepmind-alphago-zero-learns-on-its-own-without-meatbag-intervention/
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AlphaZero (2018)
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AZwins [l AZ draws AZ loses AZ white () AZblack @

: http://www.itmedia.co.jp/news/articles/1812/09/news018.html
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Microsoft Suphx (2019)
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~ The 5 steps of “enterprise data analysis™~




AT HIRE(AD). #HFE (ML) & Deep Learning(DL)

Deep Learning (DL)
MLOY Tty THY . #m=F
BDERITIZAIDTA—T
Za—FILRYRIT—IH AL
Y (W)

Deep Learning
AT XNEE (Al)
aAEaA—R(Z&>TAME
DREZLDIZEREFTE
on HWEE (ML)
AIDY Ty THY. BB
TR TRT IV
FIZavEa—43nNT—4
MoFET HHETEK

Machine Learning

Artificial Intelligence



IW—ILR—=ZXDAIMNG, BHEE . T4—T7—=2T9~

BAY FEMBTEBEDFRDS Y (s). BE(be)bbAL(ba)DE., [LEH)DDFRTS

HMRNIL—ILZEEREL. AT INIEEN-T—2EVreEHE  BRFELEFREAKVEH

(27055 LTRIRTS: House 1: s = 9, be = 2, (TEE DA IDRZHA)
ba = 2, f = 1000,
if (s==9 and be==2 price = $1000000
and ba==2 and f==1000) House 1: s = 4, be = 2, S
then ba =1, f = 700,
price = $1000000; orice = $600000 be
else if (..) then .. BA#(ETIVZEETD ba f3
else if (..) then .. F: (s,be,ba,f) -> price f £2
price = F(s,be,ba,f) = f1
wl*s + w2*be + w3*ba + w4*f
— - _ F: (s,be,ba,f) -> price
price = F(s,be,ba,f) =
wl~wi4DixEfEZEKD D f3(f2(f1(s,be,ba,f)))



Machine Learning & Deep Learning MELY
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Healthcare: Smart City: Agriculture: Marketing: Media: Oil Refinery: Banking:

Radiology Video Crop Disease Recommender Sentiment Predictive Fraud
Diagnosis Surveillance Study System Analysis Maintenance Detection
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Image Preprocessing

- FR{RE R
- PARDEL
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Text Preprocessing
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7_-‘\—95}1;?/ {47’5/{‘/0) r59 0)Z7_"yjj Based on Crisp-DM

— and data Harvard data science course

Plan Acquire Transform Model Visualise
Understand the business Data Understanding Data Preparation Build &Testing Communicate and evaluate

« What are your Are there Cleanse the data Select and build Communicate and
business goals? constraints to the Analyse/reduce a model visualise the
What outcome use of your data variables Train the model results
are you trying to What is the Plot the data Validate the What did we learn
change meaning and Discover first model Do the results
Are the answers relevance of your Insights into the Does the model make sense

you are looking data data teach us Can we deploy
{o] What sampling anything the model

» Descriptive methods were

* Predictive used

* Prescriptive




2. ALTFFEMEBATEIAYV

~ Container and Kubernetes as modern platform ~




17"7‘5%4 1D 1 —R 5 — R (I ILLFE

CICD Automation

+ Seamless application development and
deployment could be accelerated and
automated by the use of Container

* Benefit : Agility, IP Protection

Replacement of Virtualization

» Use container technology instead of
virtualization to minimize infrastructure tax

* Benefit : Performance, TCO

2018FFETICIX, FIRT7—o/O0—FDEHLLE(T
AT FRBEBICTFIO/4Eh5 (Ff-Stg-AEE)

Optimization, Flexibility

Gartner, Mar. 2016

AT DAy Al / Deep Learning Platform
» Higher utilization and performance of Al /
t)bj-lj-_l:“xa) %ﬂ DL frameworks such as Tensorflow could

be provided
Benefit : Efficiency, Agility, Innovation

I AVTFHERIZEY . T—E 9 OTRE L IATEEIZ | 27
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Docker®4
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En-Ea

TTYAPP)XETRE (SA4TIY, IRILOIT7EH) EFHEELTLNS

Speed

Cost

S

Scalable

T r—av ERTT
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Developers
Dockerf X—>
p— o P— Te— :f‘ @
oo e i epioy
| AR ation =T | | ZhThOFIYISELE

Dockerf A—U L TEHE

&% Dockerf A—< |IZE & A i AR IMNT-




DockerarTrF+RIENDH 5H
A T FHIEA——ERTAaRE[REEH LTS

IERARCIRIR A FFRIR VI O 7IREIE
(VMware / KVM etc)

O—H—ZERj J—Y —ZER]

1 —Y —ZER] oS oS
H—=)LZEME H—=)LZEMHE VM VM
OS OS Hypervisor

Hardware

Hardware Hardware

A—YEEEERIH T T TR OTOEX (7T r—2aV)bhbRAB)V—REHIBRT S
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Kubernetesé&lZ
Dockerz R EIRETHEETLH-HDDA—A—32Y—)L

>3 kubernetes

»Google

Docker Management Layer

Docker Engine Docker Engine

Docker Engine

Docker Engine

OS OS

OS

OS

Hardware Hardware

Il °
il °

Hardware

RDDocker = B/ —FOEH B/ — RIS 8L/ — %
W EL-EREEL AV
—1

Hardware
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Kubernetesé&ldk

DockerZ N 8IRIETHEEST H-HDA— AL —3Y—)L
B/ —LFE—DDH—/I\DEIHIEETES
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Kubernetesé&lZ
FELGERET RIS 5L

Workloads Load Balancing Rolling Update

0
J Y
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~ “MLaaS” for enterprise data analysis ~ #




MLaaS®#Hl: Uber
https://leng.uber.com/michelangelo/

GET DATA TRAIN MODELS EVAL MODELS DEPLOY, PREDICT & MONITOR

I

Realtime Predict
Service

Trai << Features Client
. Etre'am Cassendia (f"éend Predicti Service
ngine Featurfmg ode rediction >>

ONLINE

Batch Training Job

Training Cassandra
Algo Model Repo

Hive
Data Prep Job Feature Store

Data Lake Sggt / < Batch Pkedict Job
<y (Spark)
Outcomes Trained Predictions To Hive

(Training Set) Model & Kafka
v
/.

CET T

Sampled
Predictions)
— Performance Metrics

Monitor Job
(Spark)

To Monitor
System

OFFLINE




An End to End Data Pipeline

Functional View

Services and Solutions

Data Science Toolchains
Data Flow Design, Data Science Workbench, Model Management, Application Deployment

“Fast Data”

Core Processing of data in motion

“* I OT”
Edge Processing of data in motion
4 A
Analytic Services
Sensors ( ’Model\ "
Serving -,
- . == J
’ . s A
' Data Acquisition | | Distributed Data Flow Mgmt
(R l > /
—

Local Data Mgmt

Container Management

[ Edge Infrastructure Mgmt

Over time, the edge grows as fast data processing
moves from the core

—

Ve

Analytic Services

“Big Data”

Analysis of data at rest

“AIH

Deep Learning/Machine Learning

Models

@I
Serving ~ _— ~— )

\
s

Parallel Data Flow Mgmt

N

ﬁ

ﬁ

~

Parallel Analytic Framework

“Data Lake”

v

Deep Learning

o 3.&-5’%.;;_0

HPC Storage
v

On Prem On Prem or Cloud |
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An End to End Data Pipeline

Applications View

alteryx|!

Sensors
.
“i"'" Ty
e

=

/’Itﬁ

—

=
"" I\ DOMING
TE ® DataRobot
“IOT”
Edge Processing of data in motion
4 A
Analytic Services
T\Aodel N
Servin
Q 2T )
— e N
Data A;qwsmon Distributed Data Flow Mgmt
[
@p Lunifi Zemaz 00
Ferrne s I
o st \ ﬁibtr—ar‘w&rz )
—
[ Container Management

Edge Infrastructure Mgmt

Services and Solutions

Data Science Toolchains
Data Flow Design, Data Science Workbench, Model Management, Application Deployment

£ Alation
—< Datameer

Faraffel

“AI”

Deep Learning/Machine Learning

Apache Flink

/\
S

“Data Lake”
( Y'j

s

Rk TR

Deep Learning

“Fast Data” “Big Data”
Core Processing of data in motion Analysis of data at rest
e N
Analytic Services

- = —=( Model Y\ o NN Models
L Serving/ ~ _— ~— )

4 N ] )

Parallel Data Flow Mgmt Parallel Analytic Framework
ﬂ Al I-F M ﬁ
Emmg é . Spqr '1-""'{'1-:!'—7!— — '.ﬂrr + Calle

TeraorFlos
m Lh&enao .
HPC Storage

On Prem On Prem or Cloud |

37



TEDT—ITEIZHELR "MLaaS &1L ?
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cassandra Kubeflow

Fast Data/ Big Data Platform Scalable Container Platform

Hybrid Infrastructure

ARL—2—
Ay ak—k

9\

Caffe Q"

Chainer
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Deep LearningBiAa T BEEEY—EX
B

AH—E XL, Deep LearningBAFE1E L L TNVIDIA GPUZ & L7=HPE Apollo 6500 Gen10 H#—/\—%Red Hat OpenShift Container Platform (LLf&OpenShift) ®Node
H—/\—ELTHERL. 0 L TTensorFlow*>ChainerZ&MDeep Learning7 7 )7 —33>ar T+ 4B THRBEZEALE T, OpenShitDEFER TEHIBRELT UM BEE
ERT LT TEFENDGPUNY—RERHRICRFAZEDALTHIZEWHTHIEAAREL LD, VY —X ARIRIEEERME. XN EH O HE CREMEARIEIZM
ELSBIRBZIRHULVLET,

HPEMAIRH#E 9 B Deep Learning SR T EBIRSE

-~ Pl -~ -~
L d ~ L d ~ td ~ L d ~
Cd ~ Cd ~ td ~ - ~
'/ \I '/ \I l/ \1 '/ \1
[ 1 [ I I I
I o o I I : 4
BH5TSUNTA—LIN—Sar OREAIY T E | P V| i 1 i
N=) Bk ~ Lt d ~ Lt d ~ L d ~ Cd
IkbEL/_C*IJmEIHb_CT \\\”z \\\”z \\\”¢ \\\”1

MRE
HPE Deep Learning BRSO T+ EA51R1E
RED HAT
#= < nvipia = OPENSHIFT
| Container Platform
HPE Apollo 6500 Gen10 servers
2U, 8x GP GPU, 2X Intel Xeon Scalable Processors ¥aUTFREEEICIE, £ Apolloy—/S—DIMaster/Infratf —/N\—M BB EHEYFET,
HPE Apollo 6500 servers M4 OpenShiftIZ &k HBAFIRIED A vk
HPE Apollo System(&. Sv 9 &H-UREL AL D/ST+—I U REMEHERET S, Deep IA—F A XMIFaTFA—r AL —3y
Learning [ (FIZHRBILENF-R 7 — LT I RGPUY AT LTY, Docker iR FAREE E1iKubernetes# R~/ T4 IZHiE . T 2—T 54 XM I+5REE - SDN-Web
e RGNS VYL ERBEEEDOHELREE
B=EOGPU FRRL— y— 7 =
I\T/IDIA Tesla GxPU (PCle £L<I& NVLINK 16 A FETOHSATA/SAS/SSDELLIFAARET GPUYY ZQVJL?TTJFEEHF) HTHYARE N
2.0) #RASEFEH AIAE DNVMEZ# R T 42 ASEMDMNVIDIA GPUDT—YO—RIZEDLERALGEVLET. TTFMED)Y—RDBET
JEAGEHERR, X1 T4 N THF—TURDORAITENT, AEMEAREMICHELETS,
GPUNI A=YV REFENT . S—3ge i _ — D
A PP UB T B ST RiE Eﬁ/ $3>Deep Learnmg?l/- _.A'?_ OUDIE»._T:EEI )
T r— LavIcRiEt Deep LearningZL—L7J—%&£CUDA TookitZ4 75 &30 TH1b. EHIL—LT—ODRF
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