Future World Enters Twilight Zone

Machine Learning, Al, VR, Robotics &
Quantum Computing Ahead

(Welcome fo the Fifth Dimension )
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Rich’s Overview (@richniemiec & RS

«  Chief Innovation Officer, Viscosity North America: rich.niemiec@viscosityna.com
« Former CEO of TUSC
* Inc. 500 Company (Fastest Growing 500 Private Companies)
« 10 Offices in the United States (U.S.); Based in Chicago
* Oracle Advantage Partner in Tech & Applications
* Former President Rolta TUSC & President Rolta EICT International
» Author (5 Oracle Best Sellers — #1 Oracle Tuning Book for over a Decade):
* Oracle Performing Tips & Techniques (Covers Oracle7 & 8i)
* Oracle9i Performance Tips & Techniques
* Oracle Database 10g Performance Tips & Techniques

Oracle Database 11g Performance Tips & Techniques

Quick Start Guide to Oracle Query Tuning (2015)

Oracle Database 12¢ <=="12

» Oracle Database 12cR2 Performance Tips & Techniques e e
Former President of the International Oracle Users Group M
IOUG Top Speaker in 1991, 1994, 1997, 2001, 2006, 2007 ST
MOUG Current President & Top Speaker Twelve Times Oracle Query Tuning WAoo bt
National Trio Achiever award - 2006 Lok
Oracle Certified Master & Oracle Ace Director ‘
Chris Wooldridge Award — 1998, 2012 -

Chicago Entrepreneur Hall of Fame - 1998

MIT Machine Learning & Al

Purdue Outstanding Electrical & Computer and Engineer Alumni — 2007

Board Member — TEC, Entrigna, Ask DB Experts

E&Y Entrepreneur of Year & National Hall of Fame - 2001 2



Viscosity Pillars and Delivery Models

Data

Database

APEX & Apps

SAAS / PAAS

CX ERP SCM HCM

Infrastructure

Oracle Cloud
AWS
Azure

Data Integration I EBS/JDE/PS Engineered Systems
Exadata ODA ZFS
Data Warehousing Middleware @Customer
Analytics - .
GoldenGate — Virtualization
Web Applications VMware - KVM
Performance Tuning I Mobility RAC

Turnk Proof of - . M d
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Developer Resource Center /

Oracle ACE Program

v

Viscosity and Incorta

Enter into Long-term Partnership

Oracle ACE Program

The Oracle ACE Program recognizes and rewards community members for their
technical contributions in the Oracle community. > mncorta
—

Implementing S0+ Years of Innovation,
Expertise, and Excellonce

Craig Shallahamer

Charles Kim,
Applied Al Scientist

CEO & Co-Founder

Rich Niemiec,
Chief Innovation Officer

Twitter: @orapub

Twitter: @racdba Twitter: @richniemiec

A ORACLE

C
A Egr?aﬁ;;.;lre A ngaﬁch_lre " ALCE Director
Sean Scott, Gary Gordhamer, Julio Ayapan,
Consultant Consultant Consultant

Twitter: @ggordham
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Quick FREE notes

Send email to (for slides):
hello@yviscosityna.com

(richniemiec@gmail.com)

@richniemiec - twitter

=TS

MICHIGAN ORACLE USERS SUMMIT
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Agenda — Goal is Apply Technology & W.I.N.

d You’ve Just Entered the Twilight Zone =
 Twilight Zone that We See Now

1 Big Data and IOT - Data Is Coming Fast
d ML & Oracle - Overview & ADB

1 Applications of ML Algorithms & AutoML

 Machine Learning Future, Robots & VR

1 Future Tech from the Twilight Zone+

T oy ’ 4 r - e o , n
DOOK v action-at-a ANCE

richniemiec@gmail.com viscosityna.com @richniemiec
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Where Is Everybody?

Topics  Missions | Galleries NASATV = Follow NASA | Downloads = About
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The Fever

Deprived of Sports, Gamblers
Wager Outside Their Home Turf

2020 SPORTS BETTING SPENDING

Sports betting ads: Industry weighs how
much is too much?
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Number 12 Looks Like You (2020)

hide or disguise the presence of



The Brain Center at Whipple’s
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Leverag.e DB GPS & Robotlcsl Impact to Jobs?




The Obsolete Man




Autonomous Database —

Replacing the DBA?
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Are DBAs Obsolete?

“Pefore we go any further, let me briefly ans
“No Way!" OK .. _\\_‘il.b that out of the way, ¢

Every so often, some industry pundit gets h
“Database administrators are obsolete” or t

hear this, it makes me shake my head sadly

ran he

* BUREAU OF L_LABOR STATISTICS

Home « Subjects « Data Tools ~ Publications « Economic Releases ~

OOHHOME | OOUPATION TINDER | OOMFAQ | OOHGLOSSARY | AZINOEX | OOHSITE

OCCUPATIONAL OUTLOOK HANDBOOK

Database Administrator
San g = What They Do Work Environment

How 10 Become One Pay Job ¢

Summary

Quick Facts: Database Administrators

$87,020 per year

2017 Median Pay & $41.84 per hour

Typical Entry Level Education &9

Work Experience in a Related Occupation s None

Bachelor's degree

On-the=jots Training & Name  —
— .
A Number of Jobs, 2016 O 119,500 e

Job Outlook, 2016 26 &
! TEwmployment Change, 2016-26 &

11% (Faster than average)

13,700

What Database Administrators DG

Database administrators (DBAS) use speclalired soltware 1o store and organize dats, such as

Information and custamer shipping records hey make sure that data are available to users

Good News: DBA +11% Increase
(2016-2026)

16



Biju Thomas at ODTUG - Em

#8 Data Engineer

* 33% annual growth

* Skills

* Apache Spark
Hadoop
Python

ETL

* AWS

* Industries

Computer Software
Information Technology
Financial Services
Healthcare & Hospitals

Linked [}

2020
cmerging
Jobs Report

richniemiec@gmail.com viscosityna.com

erging Jobs

* Primary job responsibilities
involve preparing data for

Tamg
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team, providing data in a
ready-to-use form to data
scientists.
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Commonly deal with both
structured and unstructured
data sets

@richniemiec

*
o*



I Percentage of Time Allocated to Machine Learning Project Tasks _

ML Operationalization Dota Identification
2.0% 5.0%
ML Model Tuning Data Aggregation
3.0% % .
9" |The DBAis
ML Model Training Dato Cleansing
10.0% 25 0% most
ML Algorithm Dev. important
3.0%
part of the
Machine
[])glcz)tugmemoﬁon Lea rn i ng
| Process
Data Labeling
25.0%

liti Sharma An Introduction to Data Labeling in Artificial Intelligence Data Wrangling
consumes over 80% of the time in Al projects.
18



What You Need; Nick of Time (Predictive Analytics)

Evolution of Predictive Analytics
NG 8 BYAYFA




Characteristics of Big Data - The Five V’s

Volume Velocity . u
h N Ny o —-ﬁ E .
Value @ :’} "'."": / o VS E
siness B e - N
e S Veracity . q =
i OA.\.'..' 1'
Variety ¥ =]
o Single-purpose Converged Database
e A e Databases
Big Data Themes Big Data Domains
HW & SW technologies for large data volumes * Digital Marketing Optimization
Focus on Web 2.0 technologies * Data Exploration & Discovery
Database Scale-out * Fraud Detection & Prevention
Relational & Distributed Data Analytics * Social Network & Relationship Analysis
Real Time Analytics * Machine-generated Data Analytics 0



Converged Database - Oracle Multi-Model Database*

*Slide from Oracle’s,

* Benefits of Oracle’s Converged Database are broad Nitin Vengurlekar
. Integrated development tools (Apex, SQL Dev, v
m Relational Spatial Studio)
. 39 party and Open Source development tools v
E } JSON/XML . Machine Learning ;
. Node.js, Python, many others ”
E Key Value In-memory database =
- Spatial, Graph support

Pas v

ge-=4 Graph NoSQL (JSON, key-value, wide column, XML)
. Containers, microservices, virtualization (Docker, o/
Spatial MT) v
: v

Integrated Security

Files v

Deployment choice (on-prem, cloud, hybrid)

Integrated High Availability and Disaster Recovery H
e



Become a DA (Data Administrator): Not just DBA

Data Management as a Service

Analytic Views

_i
e n... O B @ @ é}) a Easier Access To You Data
sQL node REST R PHP  Java Python
/ : 3 Vi 9 ol
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Data is the New Oil...
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ALL-NEW

echodot

Add Alexa to any room

A Robot may not look like one!

Oh Yeah... they never complain, always happy to do more,
work anywhere, get smarter as time goes on, leverages Al &
ML, works 24x7, doesn’t ask for a raise, no union (yet).



=
A Robot may not look one!

*Robots that Manage a Database (ADW)!

*Robots that secure a system and use ML & Al




Autonomous DB : Future DBA & Robot DB

Self-Managing (Driving)

Self-Securing \ e
. Adapti
Se f'Tur"ng I\/IachinaepLIe\;erning

Self-Recovering
Self-Scaling Administration

Fully automated patching, upgrades, backups, & availability architecture

Hith RN

Oracle Unveils World's First
Autonmnomous Database Cloud

— ——
18< o=acee TSI



Reality of the Autonomous Database & ML

Will my job change?

* Absolutely...sure hope so!

* |t has many times in the past...

* Closer to the business & Innovation

« Data Critical & ML & Al driven by it.

« Data Admin/Architect/ML instead of DBA
« ML/Al/Data Science Developer instead of just Oracle
« Security Expert instead of Security on the DB

« \Watching over costs more
e Cloud Hidden Costs: Cloud, Hybrid, or On-Site Decisions
* Decide which databases should be Autonomous

richniemiec@amail.com viscosityna.com @richniemiec 27



US Eant (Ashburn) v

DB-20220510121752

[ Database Acticns 08 Connection Performance Hud [ Service Console More Actions «

PROVISIONING -
Autonomous Database Information ools Tag

General Information
Infrastructure

Database Name: DB20220810121752
. N
AVAILABLE Workioad Type: Transacton Pracessing Dedicated Infrastructure; No

T Autonomous Data Guard @
OCID: Gppdng

Status: Disablea Enaole
Createdt: Tue, Moy 10, 2022 1718:34 UTC :

OCPU count: 1 Backup

OCPU nuto scaling: Disabled (/) [

*
Storage: 1 T8 Last Automatic Backup: No active backups exist for s datnbase. 5% ‘1 "
- Manual Backup Store: Not Configured ]
Storage auto sealing: Owsabled (i)
License Type: License inciuoed
Network
Q4 Growth Rate Database Version; 19¢
Arvnes Nanns Al snrivn arcnan Bam soinm i Mmans




ATP — Scaling Database (50 sec.)

ORACLE Cloud exrch resousces. sarvices. documentat { markstplace US East {Ashbx

US East (Ashbum) v

DB-20220510121752

| Database Acsons DB Connection Pariormance Hub ] Service Consale More Actions =

Autonomeus Database Information Tools Tags

General Information

SCALM

Infrastructure

Database Name: DE0220610124782

! E cated | No
AVAILABLE Workioad Type: Transactian Processing Dedicated Infrastructure: No

Compartment: nchniamise (roatl) ;
e s Autonomous Data Guard ()
OCHD: . Gppang iy |

Crented: Tue, May 10, 2022, 17 1834 UTC Status; Dissbled Ernls

ocru t 2
o Backup 2l

OCPU auto scaling: Disabied ()

&4
. Last Automatic Backup: No aciive backups sost 1or 1N calsbass 1 4
Storage: 1 7B

Manual Backup Store! Not Configured
Storage suto scaling: Dsavled (()

L K wluded
icanse Type: Licanss include NetWka
Database Version: 1§c

Arnvane Ninar Alim saren ssrans am sien s hnra



ATP — Stop Database (25 sec))

ep—

DR_20220510
ORACLE Cloud

tation, and marketplace US East

—_— ) A

B = ORACLE Cloud

QOvearvisy Autonomous Databa latabas 3l

DB-20220510121752
Database Actions More Actions =
Autonomous Database Information Tools Tag
General Information

Infrastructure
Database Name: DB20220510121752
STOPPED

Ded d Infrastructure:
Workload Type: Transaction Processing NRSANI NIREUCIYS



PROVISIONING

Au

AVAILABLE

DB-20220510174437

[7 Dstabase Actons DB Connecticn

Autonomous Database information

General Information
Database Name: DE20220810174437
Workload Type: Data Warahouse
Compartment: nchresmiac (root)

OCID: ..iabypa Zn e

Creatad: Tua May 10, 202
OCPU count: 1

OCPU auto scaling: Disabied (7)
Storage: 178

Storage auto scaling: Disabled (i)

License Type: Licenss ncuded

Prasmimmmmn Vlmmmlmme €0n

Performance Hub

o

Satvice Consols More Actions v

Infrastructure

Dedicated Infrastructure: No

Autonomous Data Guard (&

Status: Disabled Tnabie

Backup

Last Automatic Backup: No active backups exst fr this database

Manual Backup Store: Not Configurad

Network



Autonomous DB: ATP-ADW-AJD-APEX

Compute

Storage
Notworking

Oracle Database ' Autonomous Database Autonomous Databases /i1 richniemiec (root) Compariment

Awcnomous Database cebvers fast parformance and requrres no database adminstiration it performs al routine datadbase mantenance tasks wivle the system)
15 running. without human intervantion. Actonamous Catabases iocated In e Oracle cloud can nun on dedcaned or shaned infrastructure, Laam ah

Databases

} Autonomous Database

o Create Autonomous Databasa
Dedicated Infrastructure —

Display Name State Dedicatnd OCPUs S1orage Workload Typs Automomenss Dala Guad Crenisg  ~

Analytics & Al
Developer Servi

Identity & Securt x wionomeus Cortalner Catanase

Obnervability & AutonaiTous T xacsa " - y Ua No 1 178 Data Varenouse H
SR2CA 101 7442 Stopped
M'k’ neni Erdcata Yas ure
Migration z No ! 178 APEX
List Scope Stoppea
Billing & Cost Ma
Corparment =
No T2 JSON Databass
Governance & Ad richniemiec rock] - Vo 1 178 JSON Databass
Finers -z L
a Sy No 1 178 Data Warehor.ae -y
I ] whi . 4
Workicao Type
Al ~ ° 1) P, Oct 4
e mathon
No 1 1 T8 e 2013 H
- 41349 Avalable Procesang

Staie 184384 UTC



ATP — Start Database (30 sec)

= ORACLE Cloud

US Eant (Ashbum)

ORACLE Cloud Search resources, services, documentation, and marketplace

Overview » Autonomous Database » Autonomous Database Details

STOPPED

DB-20220510121752

[1 Database Actions DB Connection Performance Hub [1 Service Console

Autonomous Database Information Tools Tags

STARTING

General Information

Infrast
Database Name: DB20220510121752

AVAILABLE

Workload Type: Transaction Processing Lae



ORACLE Machine Learir

i ADMIN RICH2 Project

4 How

4 Quid
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TNAME

RICH_TEST2

— ORACLES

I

ORACLE

Rich_test

ORACLE

Rich test
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-”Oracle Focus: Cioud Data, Apps = =2 Y %'.j'
Security, Self-Service, ML, &Al! 7 - rV —

Innovation Components for Business}).

"l admire risk takers. | like leaders - people who do things before
they become fashionable or popular. | find that
J kind of integrity msp:rat:onal

LAWRENCE |. ELLISON | Chatrman & Chef Ex
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Machine Learning Process (Supervised Learning)

First: Clear Business
Problem to Solve

Second: Function to
Perform

Third: Algorithms to use

First: Build/Train the Model:
When you build it use about
60% of your data.

Second: Test/Score Model
for accuracy/precision using
about 40% of data.

Compare Algorithms!

Machine Learning Functions (Image from Oracle Docs.)

o
e
Predict likely Discover groups >0
categories
.

Classification Clustering

<— Pradict numeric What do identity unusual ——» @
values you want cases »
to do? >
Regression Anomaly
Detection
-
— —
<— Determine important —— Create smaller set ——»
atributes of features
Attribute Feature
Importance Extraction
D y e il
_):,(U\c_’v*, probaby rt,, Identify the most Forecast
of co-occurrence o gl fboe by
items in a collection FWRIENEN rOws seque
Y Y
> o e am .
[T
. - £
P P | .
L

Association Row Importance Time Series



Business Understanding

Be Extremely Specific in Problem Statement:

Poorly Defined

Predict employees that leave
Predict customers that churn
Target “best” customers

How can | make more $$?

Which customers are likely to buy?
Who are my “best customers”?

How can | combat fraud?

» Based on past employees that voluntarily left:
* Create New Attribute Emp 1 Turnover = O/1

» Based on past customers that left (churn):
« Create New Attribute Churn = YES/NO

* Recency, Frequency Monetary (RFM) Analysis

* Specific Dollar Amount over Time Window:
* Who has spent $500+ in most recent 18 months

* What helps me sell soft drinks & coffee?

* How much is each customer likely to spend?

* What descriptive “rules” describe “best
customers”?

* Which transactions are the most anomalous?
* Then roll-up to physician, claimant, employee, etc.

38



OAA Model Build and Real-time SQL Apply
Simple SOL Syntax - Attribute Importance

ML Model Build (PL/SQL)

BEGIN
DBMS DATA MINING.CREATE MODEL (
model name => 'BUY INSURANCE.AL..sv:eseusnnus
mining function —Cz"IEBMS DATA MINING. ATTRIBUTE IMPORTANCE
data table name => TCUST M ATLTRI s Yanaasses $322303

case id column name => 'cust id',

target column name => 'BUY INSURANCE',

settings table name => 'CUST INSUR LTV SET');
END;

Model Results (SQL query)

Additional Detail:

drop table CUST_INSUR_LTV_SET;

exec
dbms_data_mining.drop_model('BUY_INSURANCE_Al");

create table CUST _INSUR_LTV_SET (setting_name
varchar2(30), setting_value varchar2(4000));

insert into CUST_INSUR_LTV_SET values
(‘'ALGO_NAME','ALGO_SUPPORT_VECTOR_MACHINES');
insert into CUST_INSUR_LTV values (‘PREP_AUTO','ON");
commit;

SELECT attribute name, explanatory value, rank
FROM BUY_ INSURANCE AI
ORDER BY rank attrlbute_name;

ATTRIBUTE NAME RANK ATTRIBUTE VALUE
BANK FUNDS 1 0.2161
MONEY MONTLY OVERDRAWN 2 0.1489
N TRANS ATM 3 0.1463
N TRANS TELLER 4 0.1156
T AMOUNT AUTOM PAYMENTS 5 0.1095




OAA Model Build and Real-time SQL Apply Prediction
Oracle Advanced Analytics (OAA) Simple SOL - Classification

ML Model Build (PL/SQL)

Additional Detail:
drop table CUST _INSUR_LTV_SET;

BEGIN
DB

END;

MS DATA MINING.CREATE MODEL (

model name _“.BQY RANISHEA= PP R T TTT T .
mlnlng function d:::__ bms data mining. ClaSSlflcaE}Rﬁ;:
data table name 'UUST INSUR Lw. EEEEEEEEEEEEEEE

case id column name —> "CUST ID',
target column name => 'BUY INSURANCE'
settlngsitableiname => 'CUSTiINSURiLTvisET');

exec doms_data_mining.drop_model('BUY_INSUR1');
create table CUST_INSUR_LTV_SET

(setting_name varchar2(30), setting_value varchar2(4000));

insert into CUST_INSUR_LTV_SET values
('ALGO_NAME','ALGO_SUPPORT_VECTOR_MACHINE';
insert into CUST _INSUR_LTV_SET values ('PREP_AUTO','ON');
commit;

Model Apply (SQL query)

Select prediction probability (BUY INSURI,

USING 3500 as bank funds,

'"Married'

as marital _status, 93 as MONEY

from dual;

825 as checking amount,
_MONTLY OVERDRAWN,

'Yes'

400 as credit balance, 22 as age,

1 as_house_ownership)

& W & sa

All Rows Fetched: 1in 0.043 seconds

if} PREDICTION_PROBABILITY(BUY_INSUR1,"YES'USING3S00ASEANK_FUMDS,825ASCHECKING_AMOUNT,400ASCREDIT_EALAMCE

1 0.9276956709510801

40



Create a Model (FYI Only)

DEMS DATA MINING'.CREATE _MODEL ( ..

-----
L] [ Ad
-------------------------

model name IN VARCHARZ,
mining function IN VARCHARZ,
data table name IN VARCHARZ,
case 1d column name IN VARCHARZ,
target column name IN VARCHARZ DEFAULT NULL,
settings table name IN VARCHARZ DEFAULT NULL,
data schema name IN VARCHARZ DEFAULT NULL,
settings schema name IN VARCHARZ DEFAULT NULL,

xform 1list IN TEANSFOEM LIST DEFAULT NULL

richniemiec@gmail.com viscosityna.com @richniemiec 41



DBMS DATA_ MINING Algorithms in Oracle*

Apriori

CUR Matrix Decomposition

Decision Tree
Expectation M
Explicit Semant
Exponential S
Generalized Lir
k-Means
Minimum Des

Naive Bayes

amization
ic Analysis
1OC )1|IIH1|

wear Model

riptor Length

Neural Networks

Non-Negative

Maltrix Factorization

Orthogonal Partitioning Clustering

Random Forest

Singular Value Decomposition and Principal

Component Analysis

Support Vecto

Machine

Abbreviation

AR

CUR

1

EM

ESA

ESM

GLM

KM

M|

NB

NN

NMI

O-Cluster

SVD and PCA

SVM

Function *QOracle Database PL/SQL Packa

Association

Attribute Importance
Classification

Clustering

Feature Extraction, Classification
Fime Series
Clasgification, Regression
Clustering

Attribute Importance
Classification
Classification, Regression
Feature Extraction
Clustering

Classgification

Feature Extraction

Classification, Regression, Anomaly Detection

42




DBMS DATA_ MINING Algorithms in Oracle*

ALGO NAME Value

ATGC

AT MDIL

11 i

| TRHE
rON M

1 EMANT

RK

Description

Minimum Description Length

Aprior]

CUR Decomposition
Declsion Tree
Expectation Maximization

Explicit Semantic Analysis

Exponential Smoothing

Language used for extensible

algorithm

Generalized Linear Maodel

Enhanced & Means
Naive Bayes
Neaoural Networlk

Non-Negative Matrix Factorization

O-Clusten
Random Forest
isition

Value Decomipe

Support Vector Machine

Mining Function

A

Ass0C

A

ttribute Importance

jation Rules

ttribute Importance

Clustering

(

ature Extraction

lassitication

Fime Serles

A

Classitication, Regression; also Featur

andl «

I mining functions supported

weneration

Clustering

Classitication

Classification

Fe

(8 I

ature Extraction

wature Extraction

wsiflcation and Regressie

» Selection

These are the actual
algorithm names
that need to be use.

These are values for
ALGO_NAME setting

There are many
additional settings
that go with each
Mining Function (i.e.
Confidence, Length,
Rules, Aggregates,
Cost, Number of
Clusters...etc.)

""" *Oracle Database PL/SQL Packages and Types Reference




One-Class SVM (ML Anomaly Detection)*

Support Vector Data Description (SVDD):
Find the smallest hypersphere containing all
. | data points (use supervised training to get it)

-
Ce
x H, - H
@
- @ -
&
¢, e @
@ PR @
o @)
O = @)
o Ogp
1 1 CD X4
The hypersphere Conta!nlng the H,; does not separate the classes. &)
target data having center a and radius Hy does, but only with a small margin.

H; separates them with the maximal
margin.

R. Objects on the boundary are
support vectors, and two objects lie i
outside the boundary having slack Linear SVM
greater than O.

* . . .
richniemiec@gmail.com viscosityna.com @richniemiec . Wikipedia



Machine Learning connection to ADW/ATP

= Autonomous Database Information = Tags

C >
- ORACLE i ADMIN_RICH2 Project [ADMIN_RI 3
Example Templates
4
f n I it tribute Iy yesif | | nl
} f fertil { " [
g
Da | 1 1 16 PM i i ) O 1116 PM 1 1 }
M 1 1 ] |
5 Likes ¥, W2 Likees L K | 1 Likcess 3
Ciu ] M ' | i L I
U ) )
s bl 1 111 idead Date Add 16 I'M tded 1 '
I bear i ) g | o 1 \ 1 i
e 1 Like & A Likes & 1 Lk B Likes &




Machine Learning connection to ADW/ATP

ORALCLE il ley ) B ADMIN_RICH2 Project JADMIN_R) . ADMIN RICH

Bulld Anomaly Detection model (1-Class Support Vector Machine)

script
Bulld Anomnal et tion Mode ) (1-Class VM) e CUSTOME RS O data
DrciL ARl

sO1l varchar2(l00)
BEGIN

Cr it v MUl g Setting table for Model Build

L0 VAR R I 2 T OO

EXECUTE ITMMEDIATI CREATE TADLE CUSTOMERSIGO SET (¢ tring_name VARCHARZ(IO),setting
EXECUTE IMMEDIATLE INSERT INTO CUSTOMERSIGO SET (setting _name, ptting vlue) VALUEY Al NAMI

EXECUTE IMMEDIATI INSERT INTO CUSTOMERSAGO SET (setting name, etting s lue) VALUES ( 'i’i?l'z‘---.u-ru-,--..._ ......... by

DEMS OUTPUT  PUT _LINE ('Created model bulld atting table CUSTOMERSAOOD _SET )

Butld the 1-Cla VM model

FXECUTE ITMMEDIATE CALE.BMS DATA MINING, CREAT) FHOMODE | CLASSTIFICATION . CUSTOMERS 3OO ' ', CUST 1D , null, CLUSTOMER®

DBMS OUTPUT . PUTYT LINE ('Crs S RCR EETELTE AP B R T Y T

Ho .

Graph all Customers's PROBABILITY_ANOMALOUS vs. YRS_RESIDENCE grouped by CUST_MARITAL _STATUS

FND
Created model bulld settings table: CUY
Created modunlt CUSTOMERS GO MODE |

PL/ZSQL procedurs uccensfully completec
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Machine Learning connection to ADW/ATP

ORrRACLE Kine Lea ‘ B ADMIN_RICH2 Project IADMIN_RIC.. ADMIN RICH

Display the top 15 most anomalous customers

E o © | ViewPrediction_Details that explain why the record was selected as anomalous

CUST ID or|

03154 0.7 -
. . S Tate
TR =
CUsST ID FIRST ATTRIBUTE SECOND_ATTRIBUTE THIRD_ATTRIBUTE
00645 CUST_MARITAL STATUS™ actuaiValue="Widowed CUST_YEAR_OF BIRTH" actuaiValue="154 Sight= 8" "CUST_CREDIT_Lh actualValue="1500" weight=
sight="226
029822 TAL_STATUS" actualValue="Widowed 1 CUST_CREDIT_LIMIT™ actualValue="1500" weight=
0344 CUST_MARITAL_STATUS" actualValue="Widowed S< sight= 7T "EDUCATION" actualValue="Bach eight=" 078
eight="222
104286 EDUCATION" actualValue="9th" weight= - HOUSEHOLD_SIZE™ actuaiVaiue="4-5" weight=" 1485 CUST_CREDIT_L# actualVaiues"150 egnts




Decision Tree Algorithm (ML Classifier)

Flow Chart calculates whether to settle

A decision tree consists of three types of nodes:!] T
a case or not based on costs/probabilities

1. Decision nodes — typically represented by squares
2. Chance nodes — typically represented by circles
3. End nodes — typically represented by triangles

100%
$0.00

$0.00

1.2 0% 0%
e $$0.00 ‘sc.oo

I New Decision Tree $0.00

\I
\ 159 f—— ~( e
A o
‘/‘ ) _—
[ 1
Investment
dacision

e Influence Diagram is
Fraofit .. ﬁ
Also a Decision Tree




OML (OAA) Oracle Data Mining SQL Sample (PARTIAL)
2"dmdtdemo.sql=DBMS_DATA_MINING package — Decision Tree

—--Glveh d‘emographlc data about a set of customers, predict the [ &l script Output % "
-- customer response to an afflnlt_y card program using a classifier # & H B E | Taskcompleted in 3.075 seconds
-- based on Decision Trees algorithm.
CUST_ID PREDICTION FROBABILITY COST
INSERT INTO dt_sh_sample_ settln_g_s V_AL.LJES..-----------------------......__ . 100001 0 .966183575 .270531401
(dbms_data_mining.algo_| name.,_(;lbms data_mining.algo_decision tree)-_.': 100001 1 .033816425 .966183575
. SEESEssssssssssmssEmssEEssmEmmnEEned 100002 0 .740324615 2.0765923077
100002 1 .259615385 .T740384815
o CR_EATE A NEW MODEL 100003 0 .90903090% ,727272727
-- Build a DT model 100003 1 .090909091 .909090909
100004 0 .909090909 727272727
BEGIN 100004 1 .090909091 .909090909
DBMS_DATA_MINING.CREATE_MODEL( 1000 L T
« T2 Ll L L L4
m_oc!el_name. => D_T...SH.‘CJQSS sa.mnl.e...........___ 100006 0 1.000000000 .000000000
mining_function 5 th;ms d_qt_a mlnlng class_|f|cat|or3,..- 100006 1 .000000000 1.000000000
data_table_name =>'mining_data build"V 100007 0 .909090909 .727272727
case |d COlUmn name => CUSt |d 100007 1 .090909091 .9090903909
- — L ! 100008 0 .909090909 .727272727
target_column_name =>'affinity_card’, 100008 1 .090909091 .909090309
settings_table_name =>'dt_sh_sample_settings"); 100009 0 .272357724 5.821138211
END, - 100009 1 727642274 272357724
/ 100010 0 .675965665 2.592274678
100010 1 .324034335 .6759656865
SELECT T.cust_id, S.prediction, S.probability, S.cost
FROM (SELECT cust_id,
PREDICTION_SET(dt_sh_class_sample COST MODEL USING *) pset " A A AVAVAVAVAVA
FROM mining_data_apply v Oas -7 sdiraaa
WHERE cust_id < 100011) T, 0 L : 49
ORDER BY cust_id, S.prediction; A AT




OAA Oracle Data Mining SQL Sample

Starter SQL and PL/SQL Scripts for Learning and Fast-Starts
ORACLE S
saL %, e

Data Mining Sample Programs

OAA Oracle Data Mining SQL Sample Programs saL & ‘;
Directory Listing of the Data Mining Sample Programs Data Mining Sample Programs
dmaidemo.sql dmsvrdem.sql dmshgrants.sql
dmkmdemo.sql dmdtxviddemo.sql dmglrdem.sql
dmsvddemo.sql dmocdemo.sql dmstardemo.sql
dmardemo.sql dmtxtnmf.sql dmhpdemo.sql
dmnbdemo.sql dmemdemo.sql dmsvcdem.sql
dmsvodem.sq| dmsh.sql

"'_"Ej"r-ndtdemo.sc.q.l. ..... dmtxtsvm.sql 50



https://docs.oracle.com/database/121/ARPLS/d_datmin.htm
http://www.oracle.com/pls/db121/vbook_subject?subject=dma
https://docs.oracle.com/database/121/SQLRF/functions002.htm

A Game of Pool (Talent / Luck / Work / Nerve )
Your Current Team Plays Robots built on the Best Past Teams or ML

Gambling on virtual reality: the
online casinos of the Future
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Machine Learning & Al

- Oracle’s Built-In Algorithms

Oracle’s Machine Learning & Adv. Analytics Alg&thms _sae

ssmmmmnn
asguuenEREEl B8R880%8800,, Nan gt

CLASSIFICATION """"

l"lll

---l“

N3eE Bayses """ _%,f.‘, o000
Logistic Regression (GLM)
Decision Tree

- Random Forest
Neural Network
Support Vector Machine
Explicit Semantic Analysis

CLUSTERING ke
Hierarchical K-Means "*** %%

-Hierarchical O-Cluster
Expectation Maximization (EM)

ANOMALY DETECTION ,_
— One-Class SVM .

TIME SERIES (MM iy
- State of the art forecastlng usmg
Exponential Smoothing.

- Includes all popular models
e.g. Holt-Winters with trends,

REGRESSION
Linear Model .
Generalized Linear Model

— Support Vector Machine (SVM)

— Stepwise Linear regression
Neural Network
LASSO * °, :

YL R A g | [,

ATTRIBUTE IMPORTANCE
Minimum Description Length
Principal Comp Analysis (PCA)
Unsupervised Pair-wise KL Div
CUR decomposition for row & Al

AssSOCIATION RULES ‘w'] (&%
A priori/ market basket '## (&3

PREDICTIVE QUERIES
— Predict, cluster, detect, features

SQL ANALYTICS
SQL Windows, SQL Patterns,
SQL Aggregates

| soL_

FEATURE EXTRACTION

AY A2 A3 AA AT AG AT

STATISTICAL FUNCTIONS
— Basic statistics: min, max,

Spork
. python
Principal Comp Analysis (PCA)
Non-negative Matrix Factorization
Singular Value Decomposition (SVD)

— Explicit Semantic Analysis (ESA)
TEXT MINING SUPPORT

— Algorithms support text type

-~ Tokenization and theme extraction

Explicit Semantic Analysis (ESA) for

documentsimilarity

median, stdev, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

n
R PACKAGES
- CRAN R Algorithm Packages e

through Embedded R Execution

- Spark MLIlib algorithm integration
EXPORTABLE ML MODELS

- REST APIs for deployment

seasons irregularity, missing data
* OAA (Oracle Data Mining + Oracie R Enterprise) and ORAAH combined
* OAA includes support for Partitioned Models, Trwnﬁartmnpl Unst Argchige (q' Geo- -spatial, ’(r;ja[?hﬂﬂa Y rarved |
* OAA is Oracle Advanced Analytics; ORAAH is Oracle R Advanced AnaIytlcs for Hadoop 52




Nalve Bayes (ML Classifier)

* Probabilistic classifier (Bayes Theorem):

output = prior x likelihood/evidence (simplified)
« Word frequencies for text categorization (reduce spam)
« Also used in Medical diagnosis

* Probability as extension of logic: quantify knowledge
shared (supervised learning)

* Probability as extension of logic:
Includes personal beliefs.

« Good for supervised learning
Is it M / F based on variables:
Height/Weight/Shoe Size)

Email Spam Detection Face Recognition
Categorizin g News

LT




Logistic Regression (ML Classifier)

* Probability of two alternatives based on variables (also 2+)

« Estimating the parameters of logistic model

* Predicts mortality based on Injury score (TRISS)

* Predict customer tendencies of purchases

* Predict voting based on demographics (D or R)

 Predict mortgage default likelihood (O or 1)

» Predict risk of developing disease e NESEORERRTN

- Example:
Pass/Fail based on Hours Studied - logistic E-jl_ij F— o
Childs Height changes 2”/yr - linear %,




Logistic Regression (ML)

Where’s line for multiple values (linear regression)

L

”! 0.2 e 08 0.8 1.0
=
..1| 10
-t
Flot of logitip) = the comain of 0 10 1, where the base © -
MWgare % ¢ e - =
. e
Isita 0 or 1; Log Odds or Logit : .
Probability of passing exam versus hours of studying -20 -10 10 20 30 40 50 60
coefficient of determination
g R* = 98,92 % o4
S R? = 57,13%*. ¢
Hours Stuaying s ® 3 - ot .o -
Graph of a logistic regression curve showing probability of passing &3 D - ..; i g
AN exam versus hours studying g .. e . ¢
M t *, .
. .
Hours | 050 | 075 100125 | 1.50 | 1.75 | 1.756 | 200 | 225 | 250 275|300 325 3250 400 425 450 475 | 500 550 .
Pass O [e] o o 8] e} 1 [e] 1 [s] 1 e} 1 o 1 1 1 1 1 1 o "




Decision Tree (ML Classifier)

* Tree model for decisions and consequences

Great for decision making to reach a goal
Great to calculate odds of different choices
Can have chance outcomes PetroSkills.com

£ commerciAL WELL
075

Can calculate costs & “utility” (value) o= s

0.35/{/ ' \\\ 0.25
P D

o :
C ou | d b e use d fO I C h atb OtS oeﬁ'/ 3 N5 ® :ns%ongggm WELL
/_@ \‘\ '
(Get monthly payments) DoNTORLL Do vore an

-200K*.65 +500K*.35*.25 + 3000K*.35*.65 = 701K

56



Random Forest (ML Classifier)

« Multitude of Decision Trees (picks the mode) TowardsDataScience.com

« Qutput: Class of decision tree most likely
* Mode of the classes is mean or most likely ﬁ
* Mode is found during training time v

] Predict 0 Predict 1
« Separate the Real Data from the Noise! o
(divide and conquer) .

« Fix decision tree “overfitting” or “too close of fit”

with supervised learning training set. & &
it £ 45

« Miss the outliers if overfitting occurs Prodict0

. . . - Tally: Six 1s and Three Os
« Bagging will smooth things out (stability) Prediction: 1

richniemiec@gmail.com viscosityna.com @richniemiec 57



Temperaturs

Fixing Random Forest (ML Classifier)

80

| T
100 150

Ozone

Fixing Random Decision Forest by
avoiding overfitting and provide stability
to the model or graph.

Bootstrap aggregating. also called bagging.
is a machine learning ensemble meta-
algorithm designed to improve the stability
and accuracy of machine learning algorithms
used in statistical classification and
regression. It also reduces variance and helps
to avoid overfitting. Although it is usua

58



Neural Network (ML Classifier)

 Artificial Neural Networks (ANN) make ML/AI fast

* Deep Learning (Google’s Tensor Flow leverages this)
* Image Classification with Tensor Flow

« Classify patterns & sequences, regression testing...

« Data Mining, Spam Filtering, Robotics

« Supervised or Unsupervised Learning
 Autonomous Vehicles

« Use for Predictive Modeling

« Used with Speech Recognition




Neural Network (ML Classifier)

Biological Neural Network

Cell body
| Axon Telodendria _
\ - \ K4
\ \ 3
2 \ ¢
< |\ ] /—\\ o
\‘ o !
Nucieus \ \ / e 4L ,f///
\\ &
1 "N ~—Axon hifock ) Synaptic terminals
- Sy
7 ~
”~ ha
/./ P, ™ Golgi apparatus
Endoplasmic A _
reticulum /L 4
/ >4
Mitochondrion N ~Dendrite
/ \\\
S S—= Dendritic branches

A neural circuit is a population of neurons
interconnected by synapses to carry out a
specific function when activated. Neural
circuits interconnect to one another to form
large scale brain networks. Biological neural
networks have inspired the design of artificial
neural networks. but artificial neural ne

Al Neural Network

29

RLl
X e 20y
/666680000

/

12229
€44433> -

‘“’
£45533 -

'

MIT OpenCoursaWare

Use BP or Backpropagation to update weights to minimize loss;
use gradient descent or stochastic gradient descent [ differential].

(PyTorch autograd / Dropout so you don’t overfit)

a .

y = vector/image

W=weight (each line weight/strength)

b = thresholds/vector or bias

y times W is just Vector x Matrix

h = rectified linear unit (>0)

Set: #layers / W’s / b’s / #ineurons / features




Neural Network - CNN (ML Classifier)* sHelifromFinland

Convolutional Neural Networks (CNN, or
ConviNet)

Vers o = T BT
Filter 5 "D

1 (oM ON)
e Flattening Neural Network

- o o
& - - - - -
- - -

LEAT =T Farostosres e mtroe Lo Chaannifa ation

Deep Learming
@o- R =1 >

& - - - e - _— - -
<>- ~ap- ~ @
frvgaeat Fasistosrw saxtraacticon = ClassifNoation Onatgrar

https://towardsdatasclience.com/why-deep-learning-is
Nneeded-over-traditional-machine-learming 1b6aggi1 77063



Support-Vector Machine (ML Classifier)

« Used to Classify Data (groups/separates objects)

* They analyze the data used for regression

« SVM as binary non-probabilistic linear classifier

« Classify images, text, & even hand written text.

« SVM maps training data into separated areas

e Supervised Learning: T pe
Uses Algorithms with your data N <™\

 Unsupervised Learning:
Data clustering of random data

Sl sein



Explicit Semantic Analysis (ML Classifier)

Used for NLP (Natural Language Processing)
Used to Categorize Text entiment Analysts
Text represented as a Vector Q
String of words as the Centroid of Vectors
Semantic relatedness based on vectors

Must use a Knowledge Base (Learning)

NLP is Very Hard in world of ML (use pre-built)
Uses weighting factors based on frequency...

richniemiec@gmail.com viscosityna.com @richniemiec 63
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- Oracle’s Built-In Algorithms

Oracle’s Machine Learning & Adv. Analytics Alg&thms _sae

......

CLASSIFICATION .
Naive Bayes gﬂ
Logistic Regression (GLM)
Decision Tree

- Random Forest
Neural Network
Support Vector Machine
Explicit Semantic Analysis

‘--.-III-I sEEEm llllll...... >t
—

%o CLUSTERING.....-*  9¢. ‘00
Hierarchical K-Means "*** %%
-Hierarchical O-Cluster

Expectation Maximization (EM)

ANOMALY DETECTION ,_
— One-Class SVM .

TIME SERIES (MM iy
- State of the art forecastlng usmg
Exponential Smoothing.

- Includes all popular models
e.g. Holt-Winters with trends,

REGRESSION
Linear Model .
Generalized Linear Model

— Support Vector Machine (SVM)

— Stepwise Linear regression
Neural Network
LASSO * °, :

YL R A g | [,

ATTRIBUTE IMPORTANCE
Minimum Description Length
Principal Comp Analysis (PCA)
Unsupervised Pair-wise KL Div
CUR decomposition for row & Al

AssSOCIATION RULES ‘w'] (&%
A priori/ market basket '## (&3

PREDICTIVE QUERIES
— Predict, cluster, detect, features

SQL ANALYTICS
SQL Windows, SQL Patterns,
SQL Aggregates

| soL_

FEATURE EXTRACTION

AY A2 A3 AA AT AG AT

STATISTICAL FUNCTIONS
— Basic statistics: min, max,

Spork
. python
Principal Comp Analysis (PCA)
Non-negative Matrix Factorization
Singular Value Decomposition (SVD)

— Explicit Semantic Analysis (ESA)
TEXT MINING SUPPORT

— Algorithms support text type

-~ Tokenization and theme extraction

Explicit Semantic Analysis (ESA) for

documentsimilarity

median, stdev, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

n
R PACKAGES
- CRAN R Algorithm Packages e

through Embedded R Execution

- Spark MLIlib algorithm integration
EXPORTABLE ML MODELS

seasons irregularity, missing data
* OAA (Oracle Data Mining + Oracie R Enterprise) and ORAAH combined
* OAA includes support for Partitioned Models, Trwnﬁartmnpl Unst Argchige (q' Geo- -spatial, ’(r;ja[?hﬂﬂa Y rarved |
* OAA is Oracle Advanced Analytics; ORAAH is Oracle R Advanced AnaIytlcs for Hadoop 64

- REST APIs for deployment



Hierarchical K-Means (ML Cluster)

Use the K-means (Lloyd’s) Algorithm
Use observations of the Data Set

Clusters generated based on each
observation with nearest mean &
hierarchies of clusters.

= 100% -
£
2 80% -
:
S 60%
5
5 40% -

F 20% 4
e d

s
e 0%

_—
f‘;,-/"’"dw

LA

/

1 2 3 4 5 6 7 8 9

Numb et of clusters

Centroid. clgster IS new mean - Repeat

How Many? Elbow Method (4 in image)!

o

P

llllllllllll




Orthogonal Partitioning Clustering
Oracle-Proprietary clustering algorithm
Algorithm operates recursively

Creates dense areas in attribute space . .
Hierarchical grid-based with Axis-parallel (orthogonal) partitions
Sensitivity defines baseline density level (to separate peaks/valleys)
Areas with peak density above baseline are clusters
Clusters used to generate Bayesian probability

Outliers can cause issue; pre-clip outliers

K-Means is Distance Based; O-Cluster is Density Based!
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Oracle’s Machine Learning & Adv. Analytics Alg&thms _sae

......

CLASSIFICATION .
Naive Bayes gﬂ
Logistic Regression (GLM)
Decision Tree

- Random Forest
Neural Network
Support Vector Machine
Explicit Semantic Analysis

CLUSTERING ke
Hierarchical K-Means "*** %%

-Hierarchical O-Cluster
Expectation Maximization (EM)

...._ANOMALY DETECTIQN.-

-One-Crass'sVii - Sa3% .
TIME SERIES (MM iy
- State of the art forecastlng usmg

Exponential Smoothing.
- Includes all popular models
e.g. Holt-Winters with trends,

REGRESSION
Linear Model .
Generalized Linear Model

— Support Vector Machine (SVM)

— Stepwise Linear regression
Neural Network
LASSO * °, :

YL R A g | [,

ATTRIBUTE IMPORTANCE
Minimum Description Length
Principal Comp Analysis (PCA)
Unsupervised Pair-wise KL Div
CUR decomposition for row & Al

AssSOCIATION RULES ‘w'] (&%
A priori/ market basket '## (&3

PREDICTIVE QUERIES
— Predict, cluster, detect, features

SQL ANALYTICS
SQL Windows, SQL Patterns,
SQL Aggregates

| soL_

FEATURE EXTRACTION

AY A2 A3 AA AT AG AT

STATISTICAL FUNCTIONS
— Basic statistics: min, max,

Spork
. python
Principal Comp Analysis (PCA)
Non-negative Matrix Factorization
Singular Value Decomposition (SVD)

— Explicit Semantic Analysis (ESA)
TEXT MINING SUPPORT

— Algorithms support text type

-~ Tokenization and theme extraction

Explicit Semantic Analysis (ESA) for

documentsimilarity

median, stdev, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

n
R PACKAGES
- CRAN R Algorithm Packages e

through Embedded R Execution

- Spark MLIlib algorithm integration
EXPORTABLE ML MODELS

seasons irregularity, missing data
* OAA (Oracle Data Mining + Oracie R Enterprise) and ORAAH combined
* OAA includes support for Partitioned Models, Trwnﬁartmnpl Unst Argchige (q' Geo- -spatial, ’(r;ja[?hﬂﬂa Y rarved |
* OAA is Oracle Advanced Analytics; ORAAH is Oracle R Advanced AnaIytlcs for Hadoop 67

- REST APIs for deployment



One-Class SVM (ML Anomaly Detection)

« Support Vector Machine (SVM)

- One-Class Classification (OCC) .
« Used to Classify Data , A
« Supervised Learning using Algorithms Fraud detection

 Identify specific objects of a class based on
supervised learning based on objects of that class.

« SVM maps training data into separated areas
 Unsupervised Learning does data clustering

* They analyze the data used for regression

« SVM as binary non-probabilistic linear classifier

« Classify images, text, & even hand written text.
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- Oracle’s Built-In Algorithms

Oracle’s Machine Learning & Adv. Analytics Alg&thms _sae

......

CLASSIFICATION .
Naive Bayes gﬂ
Logistic Regression (GLM)
Decision Tree

- Random Forest
Neural Network
Support Vector Machine
Explicit Semantic Analysis

CLUSTERING ke
Hierarchical K-Means "*** %%

-Hierarchical O-Cluster
Expectation Maximization (EM)

ANOMALY DETECTION |25
-One-Class SVM ———
'-'....TIME SERIES VAW 'M
~State of the art forecastlng usmg
Exponential Smoothing.
- Includes all popular models
e.g. Holt-Winters with trends,

REGRESSION
Linear Model .
Generalized Linear Model

— Support Vector Machine (SVM)

— Stepwise Linear regression
Neural Network
LASSO * °, :

YL R A g | [,

ATTRIBUTE IMPORTANCE
Minimum Description Length
Principal Comp Analysis (PCA)
Unsupervised Pair-wise KL Div
CUR decomposition for row & Al

AssSOCIATION RULES ‘w'] (&%
A priori/ market basket '## (&3

PREDICTIVE QUERIES
— Predict, cluster, detect, features

SQL ANALYTICS
SQL Windows, SQL Patterns,
SQL Aggregates

| soL_

FEATURE EXTRACTION

AY A2 A3 AA AT AG AT

STATISTICAL FUNCTIONS
— Basic statistics: min, max,

Spork
. python
Principal Comp Analysis (PCA)
Non-negative Matrix Factorization
Singular Value Decomposition (SVD)

— Explicit Semantic Analysis (ESA)
TEXT MINING SUPPORT

— Algorithms support text type

-~ Tokenization and theme extraction

Explicit Semantic Analysis (ESA) for

documentsimilarity

median, stdev, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

n
R PACKAGES
- CRAN R Algorithm Packages e

through Embedded R Execution

- Spark MLIlib algorithm integration
EXPORTABLE ML MODELS

seasons irregularity, missing data
* OAA (Oracle Data Mining + Oracie R Enterprise) and ORAAH combined
* OAA includes support for Partitioned Models, Trwnﬁartmnpl Unst Argchige (q' Geo- -spatial, ’(r;ja[?hﬂﬂa Y rarved |
* OAA is Oracle Advanced Analytics; ORAAH is Oracle R Advanced AnaIytlcs for Hadoop 69

- REST APIs for deployment



Seasonal, Irregular & Missing Data: Time Series Algorithm

Video Game Sales Are Extremely Seasonal

the U ed St

Vi ni ind rv sal

$3.5b d A M
$3.0t The power spectrum S.,...(f) of a time serles
a(t) describes the distribution of power into
frequency components composing that signal.
$2.5b According to Fourier analysis, any physical
signal can be decomposed Into a number of
5 0b discrete frequencles, or a spectrum of
+2.0D frequencies over a continuous range
$1.5b airbnt Nighly Rate in Austin Spikes During SXSW
- SXSw SXSW
$1.0b
$0.5b | I |
g
0 [ s Lty X
2013 2014 2015 2016 2017 2018 City Limits Festival
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Exponential Smoothing (Time Series)

- State of the art Forecasting Tool e
 Keep the pattern & lose the “noise.” i e G

* |nstead of Simple Moving Averages (SMA),
recent data gets higher weighted.

« SMA all data equal & no smoothing occurs.

« Older data is weighted lower based on smoothing
factor.

« As the smoothing factor nears zero, there is a
greater smoothing effect on older data.

« A smoothing factor of 1 causes no smoothing.
« Smoothing gets rid of the “noise” in a signal
« Also, Holt-Winters double exponential smoothing

richniemiec@gmail.com viscosityna.com @richniemiec 71
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Naive Bayes
Logistic Regression (GLM)
Decision Tree

- Random Forest
Neural Network
Support Vector Machine
Explicit Semantic Analysis

CLUSTERING ke
Hierarchical K-Means "*** %%

-Hierarchical O-Cluster
Expectation Maximization (EM)

ANOMALY DETECTION ,_
— One-Class SVM .

TIME SERIES (MM iy
- State of the art forecastlng usmg
Exponential Smoothing.

- Includes all popular models
e.g. Holt-Winters with trends,

gauuzuEEESEREEERENnN TRaaa,,
L]
.

CLASSIFICATION %~ % .....RE

EGRESSION | ....-

Tinearodel
Generalized Linear Model
— Support Vector Machine (SVM)
— Stepwise Linear regression
Neural Network
LASSO * °, :
YL R A g | [,
ATTRIBUTE IMPORTANCE
Minimum Description Length
Principal Comp Analysis (PCA)
Unsupervised Pair-wise KL Div
CUR decomposition for row & Al

AssSOCIATION RULES ‘w'] (&%
A priori/ market basket '## (&3

PREDICTIVE QUERIES
— Predict, cluster, detect, features

SQL ANALYTICS T
SQL Windows, SQL Patterns,
SQL Aggregates

FEATURE EXTRACTION

AY A2 A3 AA AT AG AT

STATISTICAL FUNCTIONS
— Basic statistics: min, max,

Spork
. python
Principal Comp Analysis (PCA)
Non-negative Matrix Factorization
Singular Value Decomposition (SVD)

— Explicit Semantic Analysis (ESA)
TEXT MINING SUPPORT

— Algorithms support text type

-~ Tokenization and theme extraction

Explicit Semantic Analysis (ESA) for

documentsimilarity

median, stdev, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

n
R PACKAGES
- CRAN R Algorithm Packages e

through Embedded R Execution

- Spark MLIlib algorithm integration
EXPORTABLE ML MODELS

- REST APIs for deployment

seasons irregularity, missing data
* OAA (Oracle Data Mining + Oracie R Enterprise) and ORAAH combined
* OAA includes support for Partitioned Models, Trwnﬁartmnpl Unst Argchige (q' Geo- -spatial, ’(r;ja[?hﬂﬂa Y rarved |
* OAA is Oracle Advanced Analytics; ORAAH is Oracle R Advanced AnaIytlcs for Hadoop 72




Linear Model (Regression)

Linear Regression (below):

Using simple Linear Regression we find the
line between the points. There is one
independent and one dependent variable.
This helps us get to predictive analytics.

Regression analysis
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Linear Regression (above):

Unemployment goes down & GDP goes up

coefficient of determination

R? = 98,92 % oo

R? =57.13%"°, ¢

73



Generalized Linear Model (GLM)

 GLM: Flexible generalization of linear regression

 GLM allows output that doesn’t match normal
linear regression & generalizes it by a link function
based on variance from predicted value. L S

« GLM for varying situations without Normal
Distributions

« GLM assumes observations uncorrelated
e GLM assumes random vs. normal effects

 GLM mixed models allow random effects that can be
correlated through some probability.

,  income

hours.per.week
o
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Support-Vector Machine Regression (SVR)

NOT used to Classify Data (which groups/separates objects),

but for regression.
Both Linear and Non-linear SVM Regression

The Model is Produced by SVM Classification, but depends
on only a subset of training data

SVM analyzes the data used for regression

Cost function to build model is not concerned with training
points that are beyond the margin.

A margin of tolerance (Epsilon) is used for an
approximation (the higher epsilon the less error)

Supervised Learning uses Algorithms
Unsupervised Learning uses Clustering




Machine Learning & Al

- Oracle’s Built-In Algorithms

Oracle’s Machine Learning & Adv. Analytics Alg&thms _sae

......

CLASSIFICATION .
Naive Bayes gﬂ
Logistic Regression (GLM)
Decision Tree

- Random Forest
Neural Network
Support Vector Machine
Explicit Semantic Analysis

CLUSTERING ke
Hierarchical K-Means "*** %%

-Hierarchical O-Cluster
Expectation Maximization (EM)
ANOMALY DETECTION ,_
— One-Class SVM ———

TIME SERIES (MM iy
- State of the art forecastlng usmg
Exponential Smoothing.

- Includes all popular models
e.g. Holt-Winters with trends,

REGRESSION
Linear Model C
Generalized Linear Model

— Support Vector Machine (SVM)
— Stepwise Linear regression
Neural Network
LASSO *

N

o.-Al-rBlBUTE lMPORTA.NCE T4 A1AZ A3 A4 ASAG AT

Minimum Description Length
Principal Comp Analysis (PCA)
Unsupervised Pair-wise KL Div
CUR decomposition for row & Al

AssOCIATION RuLes (43 fi;l]],;‘.:
A priori/ market basket ol (Fglee

PREDICTIVE QUERIES
— Predict, cluster, detect, features

SQL ANALYTICS
SQL Windows, SQL Patterns,
SQL Aggregates

| soL_

Spork

FEATURE EXTRACTION
Principal Comp Analysis (PCA)
Non-negative Matrix Factorization
Singular Value Decomposition (SVD)

— Explicit Semantic Analysis (ESA)

. python

TEXT MINING SUPPORT

— Algorithms support text type
- Tokenization and theme extraction

Explicit Semantic Analysis (ESA) for
documentsimilarity
STATISTICAL FUNCTIONS M
— Basic statistics: min, max,
median, stdev, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

n
R PACKAGES
- CRAN R Algorithm Packages e
through Embedded R Execution
- Spark MLIlib algorithm integration

EXPORTABLE ML MODELS
- REST APIs for deployment

seasons irregularity, missing data
* OAA (Oracle Data Mining + Oracie R Enterprise) and ORAAH combined
* OAA includes support for Partitioned Models, Trwnﬁartmnpl Unst Argchige (q' Geo- -spatial, ’(r;ja[?hﬂﬂa Y rarved |
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Minimum Description Length (Attribute Importance)
 Use MDL to find the general form of a model and its ié)
)

parameters =
« Formalization of Ocam’s Razor (keep it simple) by

compressing the data (describe things using fewer symbols)

« Hypothesis that includes the main things (MDL) & removes
things that are only relatively important

 |f methods would lead to poor results, the method should be
dismissed.

« Similar to Bayesian inference; Model and data correspond to
prior probability & marginal likelihood in Bayesian framework
(it's close to Bayes)

« Similar to MML (Minimum Message Length), but MML is
subjective Bayesian & MDL is avoids assumptions about
Data generating process (there are other differences)
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Principal Component Analysis (Attribute Importance)

« PCA: Adimension-reduction tool taking large set of
attributes to small set (reduction) with most important
Information .

« Use Feature Selection of Most Important Attributes

« PCA speeds up your ML - reducing dimension input

* "The eigenvectors and eigenvalues of a covariance (or
correlation) matrix are the “core” of PCA and...

 The eigenvectors (principal components) determine the
directions of the new feature space, and
the eigenvalues determine their magnitude.”

 PCAIs the simplest eigenvector based analysis
(multivariate)

(see next slide for example & later slides for example on PCA Feature Extraction)




Unsupervised Pair-Wise KL Div (Attribute Importance)

Kullback-Leibler Divergence (KL Divergence)

A measure of how one Probability Distribution is different
from another (the divergence).

Applications include: time-series randomness, entropy of
iInformation, information gain when comparing models

Also called Relative Entropy (decline to disorder)
Identical - KL divergence is zero -
Measurement of surprise E. 4

Example: Compare NBA Players |




Machine Learning & Al

- Oracle’s Built-In Algorithms

Oracle’s Machine Learning & Adv. Analytics Alg&thms _sae

......

CLASSIFICATION .
Naive Bayes gﬂ
Logistic Regression (GLM)
Decision Tree

- Random Forest
Neural Network
Support Vector Machine
Explicit Semantic Analysis

CLUSTERING ke
Hierarchical K-Means "*** %%

-Hierarchical O-Cluster
Expectation Maximization (EM)

ANOMALY DETECTION
— One-Class SVM

0’1‘. Lt

TIME SERIES AAUAAW

- State of the art forecastlng usmg
Exponential Smoothing.

- Includes all popular models
e.g. Holt-Winters with trends,

i ASSQCIATION, RyLES ¥ (43 32 o

REGRESSION
Linear Model .
Generalized Linear Model

— Support Vector Machine (SVM)

— Stepwise Linear regression
Neural Network
LASSO * °, :

YL R A g | [,

ATTRIBUTE IMPORTANCE
Minimum Description Length
Principal Comp Analysis (PCA)
Unsupervised Pair-wise KL Div
CUR decomposition for row & Al

EEEEEEEES®
muEEEEEER EEEn ......... o

ﬂ v'"

A'priori/ market basket (58 =

PREDICTIVE QUERIES
— Predict, cluster, detect, features

SQL ANALYTICS
SQL Windows, SQL Patterns,
SQL Aggregates

| soL_
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Spork

FEATURE EXTRACTION
Principal Comp Analysis (PCA)
Non-negative Matrix Factorization
Singular Value Decomposition (SVD)

— Explicit Semantic Analysis (ESA)

. python

TEXT MINING SUPPORT

— Algorithms support text type
- Tokenization and theme extraction

Explicit Semantic Analysis (ESA) for
documentsimilarity
STATISTICAL FUNCTIONS M
— Basic statistics: min, max,
median, stdev, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

n
R PACKAGES
- CRAN R Algorithm Packages e
through Embedded R Execution
- Spark MLIlib algorithm integration

EXPORTABLE ML MODELS
- REST APIs for deployment

seasons irregularity, missing data
* OAA (Oracle Data Mining + Oracie R Enterprise) and ORAAH combined
* OAA includes support for Partitioned Models, Trwnﬁartmnpl Unst Argchige (q' Geo- -spatial, ’(r;ja[?hﬂﬂa Y rarved |
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Apriori / Market Based (Association Rules)

« Apriori Algorithm is used for association rule *‘{D
! BIG
ie': SALE

learning databases. Oracle Excels here!
 ldentifies frequently associated database items
* Frequent items determine Association Rules (trends)

* Helps with Market Basket analysis (purchase
behavior of customers (retail) by using information to
discount/promote items

* Also shows items bought together (cheese/crackers)

The algorithm may scan database many times
(downside)

* Finds too many matches (must limit this at times)
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A Priori / Market Based (Association Rules)

v N " il
Eggs, Cold Drink Cold Drink ; 1tem Count
Juice ‘ 1
Cake

(2) : Bread Diapers 3
-.'...,'.l-- Q Bread Milk 3

Beer Diapers 3

Malk ln l Milk F s
: 2 e Fogs Diapers Milk
599“ ' Eggs
Eggs, Cold Drink Eggs. Cold Drink Cold Drink } Item Count
i C Beer Diapers Bread 2 prune
(%) o Beer Diapers Milk 2 -~ ‘Bread Diapers Milk ‘ 3 ‘
, w Bread Diapers Milk 3
Milk 2 Fggg' Cold Drink 2
Eggs
Egas, Cold Drink J o S - i - . )
e = O O e minimen gt 1 Emory Univ. CS: Maybe we don’t need the

: L beer that close to the Bread, Diapers & Milk
T4Tutorials: Finding best Items Frequently

Bought together.
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- Oracle’s Built-In Algorithms

Oracle’s Machine Learning & Adv. Analytics Alg
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CLASSIFICATION .
Naive Bayes gﬂ
Logistic Regression (GLM)
Decision Tree

- Random Forest
Neural Network
Support Vector Machine
Explicit Semantic Analysis

CLUSTERING ke
Hierarchical K-Means "*** %%

-Hierarchical O-Cluster
Expectation Maximization (EM)

ANOMALY DETECTION ,_
— One-Class SVM .

TIME SERIES (MM iy
- State of the art forecastlng usmg
Exponential Smoothing.

- Includes all popular models
e.g. Holt-Winters with trends,

REGRESSION P g
Linear Model B
Generalized Linear Model

— Support Vector Machine (SVM)
— Stepwise Linear regression
Neural Network
LASSO * °, :
YL R A g | [,

ATTRIBUTE IMPORTANCE
Minimum Description Length
Principal Comp Analysis (PCA)
Unsupervised Pair-wise KL Div
CUR decomposition for row & Al

AssSOCIATION RULES ‘w'] (&%
A priori/ market basket '## (&3

PREDICTIVE QUERIES
— Predict, cluster, detect, features

SQL ANALYTICS T
SQL Windows, SQL Patterns,
SQL Aggregates

AY A2 A3 AA AT AG AT

STATISTICAL FUNCTIONS
— Basic statistics: min, max,

thms _sae

. python

PrlnC|pa1 Comp Ana|y5|s (PCA)
Non-negative Matrix Factorization
Singular Value Decomposition (SVD)

— Explicit Semantic Analysis (ESA)
TEXT MINING SUPPORT

— Algorithms support text type

-~ Tokenization and theme extraction

Explicit Semantic Analysis (ESA) for

documentsimilarity

median, stdev, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

n
R PACKAGES
- CRAN R Algorithm Packages e

through Embedded R Execution

- Spark MLIlib algorithm integration
EXPORTABLE ML MODELS

- REST APIs for deployment

seasons irregularity, missing data
* OAA (Oracle Data Mining + Oracie R Enterprise) and ORAAH combined
* OAA includes support for Partitioned Models, Trwnﬁartmnpl Unst Argchige (q' Geo- -spatial, ’(r;ja[?hﬂﬂa Y rarved |
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Principal Component Analysis (Feature Extraction)
PCA Feature extraction reduces large data sets, by building

new set of attributes making it faster to process
Present the same information with Fewer Variables

Ensure you preserve the structure (variance)
Use Feature Extraction vs. Feature Selection Com e e ot rcogmon K

PCA is a dimension-reduction tool taking large set of
variables to small set with most important information.

First component has largest variance and succeeding
variables are orthogonal & highest variance.

PCA uses orthogonal transformation to convert possibly
correlated variables (numeric) into linear uncorrelated
variables (principle components) e

New Attributes a Combination of Old Attributes

\ - ‘:'-'.:'




Singular Value Decomposition (Feature Extraction)

SVD is the most widely used Matrix decomposition method.
Used In Linear Regression, Image Compression, PCA, Least
Squares and De-Noising Data (take the noise out)

SVD is factorization (decomposition) of a Matrix.

The key is to get the constituent elements from the Original Matrix
(through an iterative process)

SVD can find singular vectors & values from the Original Matrix

SVD lowers the amount of features (feature reduction) of the large
original matrix (a type of feature extraction)

Used in widely in Statistics to see more than the orlglnal matrix is
showing . S ——

Many books on SVD using Python
(Jason Brownlee)
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Singular Value Decomposition (Feature Extraction)
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Reducing dimensions
from r to k
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- Oracle’s Built-In Algorithms

Oracle’s Machine Learning & Adv. Analytics Alg&thms _sae

......

CLASSIFICATION e R
Naive Bayes 187 0000
Logistic Regression (GLM)
Decision Tree

- Random Forest
Neural Network
Support Vector Machine
Explicit Semantic Analysis
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CLUSTERING 0.4 ‘0o

Hierarchical K-Means "% %

-Hierarchical O-Cluster
Expectation Maximization (EM)

ANOMALY DETECTION |25
~One-Class SVM ———

TIME SERIES (MM iy
- State of the art forecastlng usmg
Exponential Smoothing.

- Includes all popular models
e.g. Holt-Winters with trends,

REGRESSION
Linear Model .
Generalized Linear Model

— Support Vector Machine (SVM)
— Stepwise Linear regression
Neural Network
LASSO * °, :
YL R A g | [,

ATTRIBUTE IMPORTANCE
Minimum Description Length
Principal Comp Analysis (PCA)
Unsupervised Pair-wise KL Div
CUR decomposition for row & Al
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PREDICTIVE QUERIES
— Predict, cluster, detect, features

sSaL ANALYTICS \s T
UL WAHESWS, SQL Patterns,
SQL Aggregates

FEATURE EXTRACTION
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Spork
. python
Principal Comp Analysis (PCA)
Non-negative Matrix Factorization
Singular Value Decomposition (SVD)

— Explicit Semantic Analysis (ESA)
TEXT MINING SUPPORT

— Algorithms support text type

-~ Tokenization and theme extraction

Explicit Semantic Analysis (ESA) for
documentsimilarity

STATISTICAL FUNCTIONS: M

T BSOS MM, max,
median, stdev, t-test, F-test,
Pearson’s, Chi—Sq, ANOVA, etc.

n
R PACKAGES
- CRAN R Algorithm Packages e

through Embedded R Execution

- Spark MLIlib algorithm integration
EXPORTABLE ML MODELS

seasons irregularity, missing data
* OAA (Oracle Data Mining + Oracie R Enterprise) and ORAAH combined
* OAA includes support for Partitioned Models, Trwnﬁartmnpl Unst Argchige (q' Geo- -spatial, ’(r;ja[?hﬂﬂa Y rarved |
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SQL Analytics (Windows / Patterns / Aggregates)*

A 4
‘ |

-I'
/i

Product Mgr. View

Market

Avedy;

iy

Financial Mgr. View

’—ﬂ

'_A

Regional Mgr. View

Cubes show many dimensions for
various users of the system.

*Qracle Docs

In-Memory will use Vector
Group By Aggregation




Statistical Functions in Oracle (Partial List)*

Numeric Functions Analytic Functions Aggregate Functions Data Mining Functions
AVG * MAX * \PPROX_COUNT MEDIAN CLUSTER_DETAILS
CLUSTER DETAILS MIN * APPROX_COLINT_DISTINCT CLUSTER_DISTANCE
e CLUSTER DISTANCE  NTH_VALUE * HPADN COUNTDETICT ARG, PORCENLIAMK CLUSTER ID
ATAN2 CLUSTER ID NTILE PPROX MEDIAN  PERCENTILE DISC CLUSTER_PROBABILITY
e Somrwen morow o SSGR H
CORR * PERCENTILE_DISC APPROX PERCENTILE, DETAI STATS_BINOMIAL TEST EEEEEE—;STNAIP&RE
COUNT * PREDICTION L PR ATS CROSSTA i S
COVAR POP * PREDICTION_COST et OELFTET FEATURE ID
LOOA COVAR SAMP * PREDICTION_DETAILS COLLECT it FEATURE SET
LN CUME_DIST PREDICTION_PROBABILITY CORF STATS MW TEST FEATURE VALUE
LOG DENSE_RANK PREDICTION_SET AT STATS_ONE_WAY_ANOVA ORA_DM_PARTITION_NAME
MOD FEATURE DETALLS  RANK e R PREDICTION
FEATURE_ID RATIO_TO_REPORT OVAR_SAMI DOEV' PREDICTION_BOUNDS
VEI _ L
REMAINDER FEATURE_SET REGR_(Linear Regression)  CUME D51 STDDEV._POF PREDICTION_COST
FEATURE_VALUE ROW_NUMBER r = i PREDICTION_DETAILS
SIGN FRST STDDEV * ROUP T S OO PREDICTION_PROBABILITY
FIRST_VALUE * STDDEV_POP * GROUPI! it -
G . s el B YSXMUAGG PREDICTION SET
STDDEV_SAMP O APPROX COUNT DISTINGT
LAST VALUE * VAR POP * ‘ VAR POI
TANH, LEAD VAR_SAMP * ISTAGH vapince  Also: T-Test, F-Test, Chi-Squared, ANOVA
s ‘.,j” il LISTAGG VARIANCE * MAX (MLA (Analysis of Variance), Pearson’s Test...

* Oracle Database SQL Language Reference



Machine Learning Functions* - Oracle Docs.

First: Clear Business
Problem to Solve

Second: Function to
Perform

Third: Algorithm to use

First: Build/Train the Model
when you build it using
about 60% of data.

Second: Test/Score Model
for accuracy/precision using
about 40% of data.

Compare Algorithms!

Machine Learning Functions™

o
2
>0 .
2
Clustering

Predict likely
Categones

Discover groups

Classification

<— Pradict numeric What do identity unusual ——» @
values you want cases ‘.
to do? >
Regression Anomaly
Detection
-
m— —
<— Determine important —— Create smaller set ——»
attributes of features
Attribute Feature
Importance Extraction
D y e il
_):,(U\c_’v*, probaby rt,, Identify the most Forecast
of co-occurrence o el i padoo S breer 3P
itemns in a collection FWRIENE rOws seque
v Y v
> o == o .
s s ]
. - £
P P | .
L

Association Row Importance Time Series 90



Oracle Example: Business Issue, Build & Score Model

-- PL/SQL procedure to Build a Decision Tree -- SQL to dynamically score and return all

-- classification model to predict customer -- customers with likelihood > 50% to be

-- acceptance of offer -- AFFINITY_CARD responders from MINING_DATA_APPL'

BEGIN DBMS_DATA_MINING.DROP_MODEL('PRED_AFFINITY DT');  SELECT * FROM (

EXCEPTION WHEN OTHERS THEN NULL; END; SELECT CUST_ID,

/ PREDICTION_PROBABILITY(PRED_AFFINITY_DT, ‘1’

DECLARE USING A.*) PROBABILITY
v_setlst DBMS_DATA MINING.SETTING_LIST; FROM MINING_DATA_APPLY A)

WHERE PROBABILITY > ©.5

BEGIN
ORDER BY PROBABILITY DESC;

v_setlst('PREP_AUTO') :
v_setlst('ALGO_NAME') :

'ON’;
"ALGO_DECISION_TREE";

DBMS_DATA_MINING.CREATE_MODEL2(

'PRED_AFFINITY_DT',
"CLASSIFICATION',
"SELECT * FROM MINING_DATA_BUILD',
v_setlst,
"CUST_ID',
"AFFINITY_CARD');

END; -
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Time Enough at Last for ML with Autonomous DB
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AutoML for Autonomous Database— 3/18/2021

ORACLE

ORACLE 1acine Lo




AutoML i1s here for Autonomous Database

- ORACLE Machine Learning B ML_USER Project [ML_USER Works..

AutoML_Rich




= ORACLE Machine Learning # Quick Actions
Aanrond, R e ] Netatocas e T
(roete gnd rae AN R Soohctpmd Ther gl fon dete e tie reele=ts by e N
o e a1 ] BEVNO T O S R L
AutoML_Classify ¢ :xw s 2. a
Recent Activities
4 woday
Build Data
Kaython T Namar: PR ADetS|_ e, stetioon M ISR Proact ML LSER Womagacn
\ 1A
Import oml
¢oluum - (&‘Sigm‘ 'cm#mn LIMIT' , “CUST_GENDER® , 'CUST_INCOME_LEVEL' , 'CUST_MAIITAL_STATUS® , 'CUST_YEAA_OF BIRTH' , "(DUCATION' , 'MOUSEMOLD_SIZE' , "OCCUPATION' , "YRS_RESIDEMNCE' |,
mm-'m USER"
tables CUSTOMERS 30D
colum « *, ' Join(calumns)
query = SELECT “ » column + ' FROM ° 4 schema ¢+ "." + table
data_bulld « cel.s “query
v el Aara mdld\www ) Y
Create Train Data ArALyY D 32
Kpython -
import oml
X !rlln'- dats_bulld{:,['CUST_T0', 'CUST_CREDIT_LIMIT', “CUST_GENDER', ‘CUST_INCOME_LEVEL', ‘CUST MARITAL_STATUS', ‘CUST_YEAR_OF_BIRTM', 'EDUCATION', ‘MOUSEMOLD_SIZE®, 'OCCUPATION', 'VRS_RESIOENCE',
X
y traln « data w“m AFFINITY CAND') ~
Build 'SUPPORT_VECTOR_MACHINES' Model REAY [ 201
Roython -
Import onl
svm_settings « g
SAPLE SIZE' | "1204" |, ‘Sws CWL!!!W_MITN' 1 08, nmnnmo "sSws l!lﬂ!t FUNCTION' | 'Sws MUSHAN' , 'SV _STD ! 2!0“797709079‘ "CLAS_WETGHTS BALANCED' | 'OFF' ,
EVFB PIVOTS' 1 "2’ , 'ﬂfk_uﬂ!l.!‘ 1 "ODMS_DISABLE" |, 'OOMS_ wum' ' MMLM mau' ’ TALGO e ‘860

)
s _mod « cal.avm(**svm_settings)

A ol o« S omod FIEOK fealng v tratnd



Exadata Cloud Machine: ALL Features

Oracle’s Juan Loaiza presentation on Exadata Cloud

Exadata Cloud: Compatible, Scalable, Available, Secure

Decades of Database Innovation Proven at Millions of Mission-Critical Deployments

Ll &
- A A

-

Multitenant

In-Memory DB

Real Application
Clusters

Active Data Guard

Partitioning
Advanced
Compression

Advanced Security,
LabelSecurity, DB Vault

Real Application
Testing

Advanced Analytics,
Spatial and Graph

Management Packs for
Oracle Database

All Oracle
Database
Innovations

""I"
n
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R x4 8 AL ARSALE L
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All Exadata
DB Machine
Innovations

Offload SQL to Storage

InfiniBand Fabric

Smart Flash Cache, Log

Storage Indexes

Columnar Flash Cache
Hybrid Columnar
Compression

1/O Resource
Management

Network Resource
Management

In-Memory Fault
Tolerance

Exafusion
Direct-to-Wire Protocol
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Oracle Machine Learning Algorithms and Analytics in Oracle Database

e
CLASSIFICATION 285 oo
Naive Bayes

Logistic Regression (GLM)
Decision Tree

Random Forest

Neural Network

Support Vector Machine (SVM)
Explicit Semantic Analysis

» XGBoost*

ANOMALY DETECTION |, *. ..
» One-Class SVM .
* MSET-SPRT* ~“=ae

CLUSTERING —
+ Hierarchical K-Means %§. . —+%
« Hierarchical O-Cluster ~** o
» Expectation Maximization (EM)

TIME SERIES /M\\/\s W
« Forecasting - Exponential Smoothing
* Includes popular models
e.g. Holt-Winters with trends,
seasonality, irregular time series

rith [

Copyright 6 2022, Oracle and/or its affiliates. All fights reserved

° 4 - -
REGRESSION "’\*z‘&.

» Generalized Linear Model (GLM)
» Support Vector Machine (SVM)
» Stepwise Linear regression

« Neural Network
+« XGBoost*

ATTRIBUTE IMPORTANCE

Random Forest
Unsupervised Pairwise KL

ASSOCIATION RULES
* Apriori

SQL ANALYTICS
* SQL Windows
« SQL Patterns
* SQL Aggregates

o

il

AT AT ATM AS AQ AT

Minimum Description Length

Divergence

CUR decomposition for row & Al

&y
@\- .

@ python

AutoML

FEATURE EXTRACTION

« Principal Comp Analysis (PCA)

« Non-negative Matrix Factorization

+ Singular Value Decomposition (SVD)
« Explicit Semantic Analysis (ESA)

Row IMPORTANCE
* CUR Decomposition

RANKING T\, ~z@
« XGBoost* \-t‘—‘@ e’ éa ~

TEXT MINING SUPPORT

« Algorithms support text columns
» Tokenization and theme extraction
« Explicit Semantic Analysis (ESA)

STATISTICAL FUNCTIONS
« min, max, median, stdev, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

Includes support for partitioned models,
integrated text mining,
automated data preparation

*Newinlic




Types of ML Algorithms in Healthcare on PubMed*

*Stroke and vascular neurology (snj.bmj.com)

M Support Vector Machine
® Neural Network
W Logistic Regression
“ Discriminant Analysis
B Random Forest
M Linear Regression
“ Naive Bayes
'Nearest Neighbor
Decision Tree
Hidden Markov
¥ Others

Note: Markov is Bayesian, NN is k-NN, DA close to PCA



Machine Learning has many parts

Meaningful

Compression

Structure Image

_ Customer Retention
Discovery Classification

Big data Dimensionalicty Feature Idenity Fraud

i Diagnostics
Visualistaion Reduction Elicitation Detection Classification g

Advertising Popularity
Prediction

Learning Learning Weather

Machine

Growdh
Predicton

RL:L(_'HI‘VIIL‘IIL]L‘I Unsupervised SuperVised

Systems

Clustering Regression
largewted

Marketing

Market
Forecasting

Customer

Learning

Estimating
life expectancy

ARTIFICIAL INTELLIGENCE
MACHINE LEARNING
s g cmaen DEEP |EARNING

1w 4530y 10 b withiut el
nu«qmupmmmw A wstaat of ML which make the

of mut-lrper teatat
Q‘A\‘ o lesibyie

1050 1IN0y 100U 1SN0 19)01 ‘O)s 204 h

Real-time decisions

Reinforcement
Learning

Image: wordstream.com




From Agnes with Love (Computers try to help)

TEA
AGNES KNOWS BEST

amagon

Hey Siri, why den't sy
reiationships work cut?

B8 Microsoft

-

Gixby

Google
Assistant

WHEN ALEXA
FINDS OUT YOU'VE

BEEN LOOKING
UP GOOGLE HOME




Biju Thomas at ODTUG - Emerging Jobs

#1 Al / ML Specialist (Engineer)

Linked([f}

* 74% annual growth
» Skills
* Machine Learning
QOQO * Deep Learning
TensorFlow
E ' Python
merg] ng Natural Language Processing
* Industries
JObS Report * Computer Software
* Information Technology
* Higher Education
* Consumer Electronics

richniemiec@gmail.com viscosityna.com

Take the data scientists’ code
and making it more effective
and scalable.

Introduce various
programming rules and good
practices.

Join the results from
potentially unrelated tasks to
enhance the models
performance even more.

Glue all the “data science” and
“software” parts together.

@richniemiec 102



Python is #1 Language for Machine Learning*

{ 0}
b 20%

*Quora

TensorFlow

409

&0

60.6%

Jupyter notebooks

saL
C/ C++
R 33.3%
Unix shell / awk
Amazon Web services
MATLAB/ Octave
sava
NoSQL
spark / MmLiib [
Hadoop/ Hive/Pig
Google Cloud Compute

Other 11.4%

ouvo

Python | - .

Increasin
*cfb-bots.com ne
<8 - complexities &
proce>>" " costs
. ﬂhro\’%“
gua\gh ‘ )
Artificial
‘ . Intelligence
y Machine | with deductive
Y| 2 Learning with analytics
Robotic prescriptive
Process analytics & decision
Robotic A : engines
utomation
Desktop with digital triggers
Automation or self service
with manual
intervention |
; Data-driven
|
Doing Process-driven Thinking




Oracle integrates Python with OAA

Oracle Machine Learning for Python ses
Oracle Advanced Analytics Option to 18c+

» Similar architecture to OAA’s Oracle R Enterprise @
SQL Interfaces

* OML4Py Transparency Layer gtthon
SQL*Plus,

— Use Oracle Database as High Performance sQLDeveloper, ...
Computing environment

* OML4Py OAA Model Build and Apply
— Use OAA parallel and distributed ML algorithms

— Manage Python scripts and Python objects ‘ ™ Database
in Oracle Database § S el Server
Machine

User tables

* OML4Py Embedded Python
— Make callout to Python packages
— Integrate Python results into applications via SQL

104



George Mines ADW with Oracle Analytics Cloud (OAC)

OAC: Data Visualization Cloud Services (DVCS), Bus. Intell. CS (BICS), Essbase, Smart View (EE/SE)

ORACLE Data Visusizaton

| SSB_Analysis - Project

© Ot here o dvag 1ata lo wdd 4 She Is
# of Order Lines Distinct Customers Order Lines by Month e
Distinct Orders Distinct Suppliers " I ,
1 276 B 9 71 M Order Lines by Countries
' ' f
'l‘ .' .‘"'.‘;.' A U
Distinct Parts Years of History ﬂ o
11.37TM  6.52 ‘
I
ang Y Counts *  BandPol v Cavi! * Bk v T v @ 4 »

@richniemiec www.viscosityna.com 105



Oracle Analytics Cloud (OAC) to Cluster Data

Easy Models

richniemiec@gmail.com viscosityna.com @richniemiec




ML & Business Apps - Today at 4:15;

ORACLE
E-BUSINESS SUITE

ORACLE
SALES CLOUD

ORACLE

s : AR ORACLE
RETAIL CLOUD oz U":::ren"i:;ed SEZ :::::Zd IDENTITY MANAGEMENT
. | Machine
cocufsif:ie = —— - bt
I . . Cuiskarais . ey Estimating
AND QUOTE Scgmermatiar Lear nin g e axpoccaney FINANCIAL SERVICES
cLOUD
ORACLE
e HUMAN CAPITAL
MANAGEMENT
_""l CLOUD

Image:
wordstream.com 107



Better World — Leverage Tech!

é\ COMPUTERWORLD
N
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Robots Wg_Grew up With...




Robots Now... Closer to the Future




Actual Robots Now . Beyond Science Fiction




Living Doll

These dolis are spying on your kids,
consumer groups say

D

WARNING
1]

-
AUDIO SURVEILLANCE

-

[

ROBOT GIRL
LOTTIE

L%-A"




Mirror Image

jM/f_fOf /mage ”

BAGGAGE HERE




Prof. Hiroshi Ishiguro, right, inspects his
robotic twin, Geminoid HI-1, also known

as '‘Gemmy,” who handles his teaching duties
at Osaka University in Japan. Photo courtesy
of ATR Intelligent Robotics and Communica-
tion Laboratories.




Fun with Machine Learning! (@citizenPlain)




The Lonely (Robot Companionship)




Leveraging — DB & Robotics!
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&
-
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Pepper the Robot as Host at Sushi Restaurant (SynchroJapan)
| everage Robotics & Database

Rich Niemiec @RichNiem Af . @ SynchroJapan * Food & Restaurant Culture in Japan
The ire is here! This : [ in charge of reservations &

seating at ‘ [ { . Spend time on

with the

Q SynchroJapan + Food & Restaurant Culture in Japan

AMERATIESL

1./2./ 3 4=




Use Oracle Virtual Assistant with Robots

SER-10 Oracle Virtual Assistant the Chatbot for Service

SERVICE
‘ @ ® & B

F“'b"‘* weChat

C)RACLE |

WhatsApp

Offer Natural, Conversational o . 0

Interactions at Scale with a Smart o
Automated Solution

VIRTUAL ASSISTANT

Oracle Virtual Assistant the Chatbot for Service



Oracle Virtual Assistant Interface
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Twilight Zone that’s not here yet... fully

» N y

 EscaPEVRE

THE BASEMENT « Metaverse
“The New Reality




Five Characters in Search of an Exit

EscaPEVRE

THE BASEMENT

EscaPEl3VR |

~THE BASEMENT- ==

LT =)




A World of Difference (Getting Closer)

: i 5 — ‘.

I - ‘ 3
! . g

. |

..........




Leveraging — DB, Al & Virtua

Virtual

Reality

> Immersion in virtual worlds
> Total interaction with virtual
> E.g. Oculus Rift

This poster is not for sale, This poster is free of use,
You have the right to use it, share it and reproduce it

: A

> Virtual World integrated to reality
> Interaction between reality and virtual
> E.g. Microsoft HoloLens

| Reality!

TRy-—

actimaqge | digital intelligenc

124



Elegy (Build Archive to Communicate with)

The
_ § TWILGHT
' ZONE




Elegy (Future?)

Funeral parlour looking for

'volunteers' for 'Black Mirror"

project to create immortal Al

SCIENTIS] |

Hy MATT DRAKI

® @ @ ®

‘It’s heartbreaking’: how coronavirus pandemic is
changing funerals, grieving and ways we say
goodbye to loved ones

Pepper Now Available at Funerals as a More
Affordable Alternative to Human Priests > In
Japan, thrifty Buddhists can now hire the

Pepper robot as a funeral assistant




In His Image (Available Now - 100K Waiting List)

ETERQ

The most daring
experience ever made
on the Internet.

Artificial intelligence




I Gusst

It's time for workers to worry about Al

GARY GROSSMAN,

EDELMAN

QG

ARY

Su

MOST READ

Remote AR will make it so we can work —



Future Tech is in Al:

You can Leverage this NOW!

deep learnin
5 machine learning
supervised (ML) »
unsupervised

content extraction

Machine Learning
Bulld, Deplay and test ML models

classification

natural language
processing (NLP)

machine translation

question answering

text generation

(Al

Artificial Intelligence }

expert systems

image recognition

5 B Dialog & Context
machine vision
e Daclarative tlow model & Context from

.. Vision

SpCOCh to text device. Time, Calendar, Photograph, Web

text to speech spoech Pg;? e_st'lnlsigms
planning SRSt
robotics he
n) . i) o
N (m e ) 0 - 0
- = 100% >50% 85%
[, il | 4 of cloud applications wil of enterprise data of all Interactions will be

éﬂl | —_—_ | feature Al managed autonomously automated



The After Hours (Future Sentience Issues Ahead)

- Is now a Citizen
- Wants to get degree
- Wants to have kids

- What is Alive?

- Sentience Issues?
- Robot’s Feelings?
- Ethical Issues +++




The Digital Transformation Ahead
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The Future of Implant Technology




Connection to the Brain — Currently Working

\
* \“\7 Y - . \‘\

=
)

o
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© Johns Hopkins University \ AN e



Walking Distance (Create your past to view)

Developer Creates VR Time
Machine To Relive His Past Year







Leveraging — DB & Robotics!

Mini Insect Robocops: Engineers,
Government Work on RC Insects

The Fifth Trumpet

...2They also had thoraxes like breastplates of iron,
and the sound of their wings was like the roar of many
horses and chariots rushing into battle. 10 They had

tails with stingers like scorpions, which had the power

to injure people for five months. 11 They were ruled by







Twilight Zone - Maybe you can build it...

.

 EscaPEVRE

THE BASEMENT « Metaverse : " 7
The New Reality BR W B ‘/f

~
L




The Issues to Overcome moving Forward...

Year
of
Traction

Augmentation Extortion/Control

Data Extortion/Corruption

beersecurity

isk Grows

Device Takeover

Engineering

Viruses




Digital — How did we go from Magical to Toxic?

TOXIC

MANIC

MAGIC




Black Mirror - Dystopian  EESk o omnon

24

Nosedive (season 3, episode 1) i

Nosedive. (Social Meeting Addiction & Ratings)

Hated in the Nation (season 3,
episode 6)

o
o
ﬁi“\' A
A | -
- - W i

Hated in the Nation
(Cancel Culture) w

Be Right Back (ETER9)

The Entire History of You
(Kapture / Google Glass / Google Clips)

Metalhead (Robot Dog)

141



A Thing About Machines - People Frustrated




Oracle Database 12¢ =212 FUH Encted Database

Release 2 Performance

Tuning Tips and Techniques I P1o| XY oF: To-R = 1[4 8" (] K ANY) =

Oracle Database Security Encryption in the Silicon (M7)
Built over MANY years... Oracle Multi-Tenant Security (PDBs)
Oracle Audit Vault
Oracle Database Vault 18c: User-defined Master
DB Security Evaluation #19 -~ Encryption Key (bring
Transparent Data Encryption Gl own key - keystores)
EM Configuration Scanning Database
Fine Grained Auditing (9i)

19c: Oracle DB supplied

Secure application roles
1 C ORACLE schema-only accounts

Client Identifier / Identity propagation Database
Oracle Label Security (2000) have passwords removed
Proxy authentication (not sample accounts)
Enterprise User Security
Global roles 2 C Global Fault-Tolerant Key
Virtual Private Database (8i) 1 Vault & Oracle Data Safe

Database Encryption API
Strong authentication (PKI, Kerberos, RADIUS)
. . 2022 +
Native Network Encryption (Oracle7)

1977 Database Auditing - 143
Government customer



Gartner Hype Cycle August 2018
h Creating a New Realit

EICEATBON NEhiotube
— loT Platform
Virtual Assistants
Silicon Anode Battenes
Blockchamn

Autonomous Mobile Robots -
Smart Robots
Deep Neural Netwaork ASICs —

vennnnnnnnnnnnn 2L R2AS,
Quantum Compuling —— "

“taaa,
Illlllllllllllllllllsc
Volumetric Displays ——__
Self-Healing System Technology
Conversational Al Platform

Autonomous Driving Level 5
Edge Al

Exoskeleton —

Blockchain for Data Security 4
Knowledge Graphs ——

4D Printing —

Artifficial General Intelligence 4\

gumns

_ Neuromorphic
Hardware

Smart Fabrics @_ -

Smart Dust A
_ » A Flying Autonomous Vehicles
L A Biotech — Cultured or Artificial Tissue

As of August 2018

time

144

Plateau will be reached:
: ' ! ®

O t o



Gartner 2020 hype cycle

0,
82% 42%
of consumers believe that
robots will replace financial
Knowledge Graphs N professionals in the future.
Inteligent Apphcabons Digntal Ethics
Deep Newral Netwark ASICs Edage Al

of consumers believe it
will happen in the next
5 years or already has.

Data Labeling ana

Consumers also want help from a robot

Decsion Intefigence
eveloper and Teaching Kits

i v SIS

armang

gen

Things as Customers
Responsibie Al

O

SPU Acceieralors

Al Markeiptaces Q FPGA Acceierators

T
Smal Data Chatcots
LR amn®

Artiicial General Intelligence A  GaELLLLELL

"aa,

expectations

Q) Computer Vision (&}

nsight Engines

A IONOMon

ume



What’s comes after the Exadata Zone?

YOU will soon be in for more...

Directly Addressable Indirect/Extended
4 Bit: 16 (640)
8 Bit: 256 (65,536)
16 Bit: 65,536 (1,048,576)
32 Bit: 4,294, 967,296
64 Bit: 18,446,744,073,709,551,616

128 Bit: 3.4 x 10e+38... quantum leap! L

77 N
7

Qubits allow multiple states so that you can look at all of the
possibilities/probabilities at one time (IBM Q is 20 gubits).

%
A 4

L P,

 The “Quantum Zone” next (Quantum Physics is incomplete — Einstein)(@l

« Just 512 qubits would store 512-bits of addressable memory or 2512 (which is well
over a googol or 1 with 100 zero’s after it — a googol is about 2332),

Brush up on your Eigenvectors, Eigenvalues, Pauli Matrices & Grover’s Algorithm
Create Singularity ... all atoms of a person by 2045 (I think earlier); 12-Monkeys
Private universes — Is there one for each person? (Schroeder’s cat — | think not)
Rearranging atoms to create new objects; Nanotech + Quantum Physics coming!




We are now shifting from
the Information Age to:

THE G@®D EFFECT

QUANTUM ENTANGLEMENT,
SCIENCE'S STRANGEST PHENOMENON

. The Age of Entanglment

TELEPORTATION, AND
THE ULTIMATE COMPUTER

\..
BRIAN CLEGG
-

c.f




Gartner 2021 hype cycle for Emerging Tech

Hype Cycle for Emerging Technologies, 2021

W Masaachusetts
Instingte of

Nonfungible Tokens (NFT)

a Data Fabric
Employee Communications Decentralized Identity
Applications

R 2
Composable Applications )/

Al-Augmented Software Engineering

s ¢
LI Generatlve A]..'/

Muluexpenence

Digital Humans
Active Metadata

w
= | Management
g Real-Time Incident ’
<C Center-aaS
'5 Decentralized Finance
&l Composable Networks
5 Self-integrating
| Applications
PP : Homomorphic
Sovereign Cloud Encryption
Physics-
Informed Al Industry Clouds
Named Data
Networking Machine-Readable Legislation
‘_.-...---..--.,.‘ J . Influence.Engingering
4, | Quantum & . .,_;u Driven. lnnovanch

EI TIPS U B - ugm ted D -
g Digital Platforiii Coniductor Tools As of A

Innovation Peak of Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity
TIME
Plateau will be reached: <2 vrs 2-5vis ® S5-10vrs >10 vrs X Obsolete before plateau

Source: Gartner (August 2021) 148



Artificial Narrow
Intelligence (ANI)

Stage-1i

Machine
Learning

» Specialises in one area

and solves one problem

II ‘@‘ I%l

Siri Alexa

Cortana

3 Types of
Artificial Intelligence

Artificial General
Intelligence (AGI)

Stage-2

Machine
Iintelligence

» Refers to a computer

that isas smart as a
human across the
board

>

Artificial Super
Intelligence (ASI)

<72

Stage-3

Machine
Cconsciousness

An intellect that is
much smarter than the
best human brains in
practically every field




Final Thoughts... world changing fast!

“Those who use things of the world should not become attached to

them. For the world in its present form is passing away.”
1 Corinthians 7:31




Star Trek

Communicator - Motorola Flip Phone
Phaser - EPM or Stun Gun / Taser
Tablets (Medical) - Tablet Computers
Tricorders - Many Medical Devices (below)
Translators - Google Translate (others)
Tractor Beam - MIT has it in concept
Telepresence - Zoom Virtual Conferences
Geordi’s Visor - Robotic Eyes / Implants
Communicator Badges - Many Security Badges
Food Replicator - 3D Printer

Holodeck - VR

Teleportation - Quantum Entanglement
Big Screen TV - Everyone has it
Hands Free Phone Bluetooth headset/Alrpods

e iy

MouthLab

151



The Digital Transformation Ahead




Summary — Goal is Apply Technology & W.I.N.

d You’ve Just Entered the Twilight Zone (20+) —

 Twilight Zone We See Now
1 Big Data and IOT - Data Is Coming Fast
d ML & Oracle - Overview & ADB

1 Applications of ML Algorithms & AutoML

 Machine Learning Future, Robots & VR

1 Future Tech from the Twilight Zone+

T oy ’ 4 r - e o -~ L]
DOOK v action-at-a ANCE

richniemiec@gmail.com viscosityna.com @richniemiec



Flnal Thoughts Catch your Ride!
%'lgh g7 ."'ﬁ | i ‘ BE e

B e

“Things may come to those who Waft,
only the things left by those who hustle.”

— Abraham lLincoln






Oracle never caught from behind

Great Sales/Marketing
* Great Database

* Applications Leader

» Bl Leader -
* In the lead except Cloud = "]é\\’

Who is the Dr. pictured below?

-
-

3 CAME OVER
* Hardware/Software Engineering!
* Have Everything to Win in Cloud + Al!

In Memory of Ken Jacobs, Dr. DBA & Joel Kallman



12c R2 Book — Available Now!

Ty (L Tany
022 021 01

+
+
L UM
b
¢
+
+
+
+
“
*20 2
i %
+
4
+
2 &
+
b P

DBMS

Database Model

Jan (L bon
022 021 02

Top New Release

amaZOn niemiec
L = Ty Prim

Your Amazon.co

Departments -~

Books Advanced Search New Releases

Oracle Database 12c

by Richard Niemiec (Author)

= I3 e 7

Oracle Database 12¢c ===-=12¢
Release 2 Performance
Tuning Tips and Techniques

Best Practices for Optimizing Database Performance

Books * Computers & Technology » Databases & Big
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O R A P U B Calendar Training Tools Blog Support Login

POWERED BY VISCOSITY

Join Thousands Of Happy Customers
And End The Frustration
In Tuning Oracle Databases

Our services give you the training you need so your Oracle database runs
faster and more efficiently. And, you get the credit!

CMEMBERSHIPS) TRAINING ( FREETOOLS )




Viscosity Speaking Events

Register for upcoming webinars: & vseosivnan e

viscosityna.com/event iy ocouiig et
Follow us on July 14, 2021 - Webinar
LinkedIn, Facebook or |
Twitter: @viscosityna mm
Email me at

katie.barnes@viscosityna.com



https://viscosityna.com/event/
https://www.linkedin.com/company/viscosity-north-america/
https://www.facebook.com/viscosityna
https://twitter.com/ViscosityNA
mailto:katie.barnes@viscosityna.com
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looking to improve!

* Rich Niemiec ©2022. This document cannot be reproduced without
expressed written consent from Rich Niemiec, but may be reproduced or
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Getting Started—Oracle ML/Al Resources

ORACLE

UNIVERSITY

Oracle Advanced Analytics Overview Information
Oracle Machine Learning Newest Features and Road Map.pptx presentation
Blog post: Simple Guide to Oracle’s Machine Learning and Advanced Analytics
Oracle Advanced Analytics Public Customer References
Oracle’s Machine Learning and Advanced Analytics Data Management Platforms white paper on OTN

YouTube recorded Oracle Advanced Analytics Presentations and Demos, White Papers

Oracle's Machine Learning & Advanced Analytics 12.2 & Oracle Data Miner 4.2 New Features YouTube video
Library of YouTube Movies on Oracle Advanced Analytics, Data Mining, Machine Learning (7+ “live” Demos
e.g. Oracle Data Miner 4.0 New Features, Retail, Fraud, Loyalty, Overview, etc.)

Overview YouTube video of Oracle’s Advanced Analytics and Machine Learning

Getting Started/Training/Tutorials

OAA/Oracle Data Miner Workflow GUI Online (free) Tutorial Series on OTN

OAA/Oracle R Enterprise (free) Tutorial Series on OTN

Try the Oracle Cloud Now! You ()
Getting Started w/ ODM blog entry P
New OAA/Oracle Data Mining 2-Day Instructor Led Oracle University course A wg g
Oracle Data Mining Sample Code Examples Oracle’s Machine Learning “m
ORACLE Haip Contar and Advanced Analytics <
Additional Resources, Documentation & OTN Discussion Forul Release 12.2 and "us !MI
Oracle Advanced Analytics Option on OTN page Oracle Data Miner 4.2 New Features
OAA/Oracle Data Mining on OTN page, ODM Documentatio ~ ~ o ~~ s
OAA/Oracle R Enterprise page on OTN page, ORE Docume Il/ B e enmsormation o
Oracle SOL based Basic Statistical functions on OTN i . o =l

Analytics and Data Summit , All Analytics, All Data, No Nonsense.

Oracle R Advanced Analvtics for Hadoop (ORAAH) on OTN %"

162

NMarch 12 .14 25010 PaoadwnnAd ShArce CA


https://stbeehive.oracle.com/content/dav/st/Oracle Machine Learning & Advanced Analytics PM Workspace/Public Documents/OAA Presentations and Product Collateral/Oracle Machine Learning Newest Features and Road Map.pptx
https://stbeehive.oracle.com/content/dav/st/Oracle Machine Learning & Advanced Analytics PM Workspace/Public Documents/OAA Presentations and Product Collateral/Oracle Machine Learning Newest Features and Road Map.pptx
https://blogs.oracle.com/datamining/a-simple-guide-to-oracle%E2%80%99s-machine-learning-and-advanced-analytics
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/odm-customers-086483.html
http://www.oracle.com/technetwork/database/options/advanced-analytics/oaa122whitepaperv2-3787080.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
https://youtu.be/WoxXSCf0aeU
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
https://www.youtube.com/watch?v=OvtoLJTbO-E&feature=youtu.be
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
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Quick FREE notes

Send emaill to (for slides):

hello@viscosityna.com
(richniemiec@gmail.com)

@richniemiec - twitter
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