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Safe Harbor Statement

The following is intended to outline our general product direction. It is intended for
Information purposes only, and may not be incorporated into any contract. It is not a
commitment to deliver any material, code, or functionality, and should not be relied upo
In making purchasmg decisions. The development, release, and timing of any features
Fdzy OUA2y It AGeé RSEONAOSR F2NJ hNJI Of SQa L
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Why statisticians | data analysts | data scientists use R
R Is a statistics language similar to Base SAS or SPSS statistics

n<- 5

R>
R> g <~ glin, 100, n*100}
R> x <= rnorm{(n¥100} + sqrt{codes{g}} Math can be beautiful ...
R> boxplot{split{x,q}, col="lavender", notch=TRUE)
R> title{main="Notched Boxplots", xlab="Group", font.main=4, font,lab=1>
R>
ctl <- c(4,17,5,58,5,18,6,11,4,50,4,61,5,17,4,53,5,33,5,14>
R> trt <- c{(4,81,4,17,4.41,3,59,5,87,3.83,6,03,4,89,4,32,4,69)
R> group <- gl{2,10,20,labels=c{"Ct1","Trt">}
R> weight <- cictl,trt)
L] anovallm, D3 <- lm{weight“group}}
Analysis of Yariance Table
Response: weight Given : depth
Df Sum Sq Mean Sq F PrOF) Wos aA00L 00  eges 10
group 1 0,6882 0,6882 1.413 0,248 | /o 5 N AN
—— amidinl 10 07007 o domA 1 — <
@ R File Edit Format Workspace Packages & Data Misc Window Help 3 BB (<i(Charged) Tue 2:14 PM stefano iacus
- —
A G ra h I Cal @00 R Console R Workspace Browser =
< 7] ey 10 - Quartz (2) - Active (-
P ® B GWE X O 6 B B fm=esm XY
Abort Source/Load | Quartz History . StartX11 SetColors Authentication Save Open In Editor - ‘2 o 4 Object Type Structure
{Users/jago. Q P —————— == Pdati data.frame dim: 20 4
[——
g factor levels: 10
- - - r 5 n <- ylim[2 ylim[1] + 1 © © © R DataEditor (= 5 1 numeric length: 12
xtensive statistics , . b——
= S 19 05 e »opar list length: 2
height | weight L@ | ™. pie.sales numeric length: 6
115 - i *g Pin numeric length: 2
rgl > P ) 117 scale numeric length: 1
- - s N
‘ 120 usr numeric length: 4
8 P2 Ys picol) 123 ¥women data.frame dim: 15 2 S FAGHORS
126 AR \ = height numeric length: 15
129 weight numeric length: 15 .
132 x numeric length: 87 =
135 o A
- 139 Refresh List
I z I C e CO S Ste s
| I I I I 146
® 00O : R Package Manager
y 4 69 150 J
|70 154 Refresh List
BoxDens=function(data, npts = 200., x = c(®., 71 159 ‘"paysuge“»
. ; add = TRUE, col = 11., border=FALSE,collin o 1qy ‘ SEatOs Package DRsEripHon L
{ o = . "=
i ~10K open source packages T s T, P e
dx <- dens$x GL device 1 (active) ! not loaded  grid The Grid Graphics Package

ot loaded  lattice Lattice Graphics

)

(add == LSE loaded methods Formal Methods and Classes
L] - - - plot(@., ="", xlim = x, ylim =y, 3 not Inadad ranes: CAMe swith OOV cmanthnace actimatin
ylab =
ifCorientation "paysage") { | O
dx2 <- (dx - minCdx))/(maxCdx) - minCdx)) * (x[2.] - x| .
x[1.] | The R Graphics Package

dy2 <- (dy - min(dy))/(max(dy) - minCdy)) * (y[2.] - yi
y[1.] |
segbelow <- repCy[1.], length(dx))

Free ey b ety |
http://cran.r-project.org/

DED)]

tation for pack “graphics' version 2.0.0

dy2 <- (dx - min(dx))/(max(dx) - min(dx)) * (y[2.] - y| Help Pages

ABCDEEGH
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Traditional R and Data Source Interaction

Read/Write using builtin R capabilities

Data Source

read Flat Files extract / export

«— | | ——

export E load E

ORACLE'

RODBC / RIDBC / ROracle

A Access latency

Deployment AParadigm shift: B Data Access Languade R
onon AMemory limitationg data size, caty-value
ASingle threaded
AAd hoc production deployment

Alssues for backup, recovery, security

ORACLE
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How to take R to new heights
for scalability and performance?

l.e., to work on Big Data

ORACLE
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big da-ta

extremely large data sets that may be analyzed computationally to reveal patterns,

trends, and associations, especially relating to human behavior and interactions.

"much IT investment i1s going towards managing and maintaining big data”
https://www.google.com/search?g=big+data&ie=t8&oe=utt8

@
-
\ /

Big data s a term for data sets that are so large or complex that
traditional data processing applications are inadequate to deal with
them. Challenges include analysis, capture, data curation, search,
sharing, storage, transfer, visualization, gquerying, updating and
information privacy. The term "big data” often refers simply to the use of

predictive analytics, user behavior analytics, or certain other advanced
data analytics methods that extract value from data, and seldom to a
particular size of data set [l "There is little doubt that the quantities of

data now available are indeed large, but that's not the most relevant
Variability

ORACLE

characteristic of this new data ecosystem."l=!
https://en.wikipedia.org/wiki/Big_data
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Capabilities that take ansoarent Dat
W U 2 y S é f -ET_] K Acci2ss. Analysis

- and Exploration

Scalable Maching

Production

Deployment Learning

Data & Task ol
Parallelism ﬂ I H M

ORACLE
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Transparent data access, analysis, and exploration

Offload processing

to more powerful
machines and
environments using

@ Light local data.frameproxies

Processin :
2 Avoid data movement
All Translate R invocations
Processing

SQL " spark HiveQL

Java, Pytho
ScalaR

- Main Main Main X
Processing Processing Processing

Data Source

ORACLE
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—

Transparent data access and manipulatic

ol £
b
]

?\,1'

AMaintain language features and interface

ATransparently translate R to language of powerful & 3

data processing engines w N
AReference data to eliminate data movement o U
AAnalyze all of your data
Copyright ©20170racle and/or its affiliates. All rights reserved. | 9




Sepal.Length Sepal. Width Petal.Length Petal. Width Species

- - 1 51 3.5 14 0.2 setosa
Proxy objects for Big Data :
3 4.7 3.2 1.3 0.2 setosa
4 46 31 15 0.2 setosa
5 5.0 3.6 14 0.2 setosa
A L. § 39 17 N4 =etnsa
= str{iris)
"data.frame”: 150 obs. of 5 variables:
§ sepal.Length: num 5.1 4.9 4.7 4.6 5 5.4 4.6 5 4.4 4,9 ..
ata. ra | I % sepal.width : num 3.5 3 3.2 3.1 3.6 3.9 3.4 3.4 2.9 3.1
§ petal.Length: num 1.4 1.4 1.3 1.51.4 1.7 1.4 1.5 1.4 1. 5 e
% petal.width : num 0.2 0.2 0.2 0.2 0.2 0.4 0.3 0.2 0.2 0.1 ...
§ sSpecies : Factor w/ 3 levels "setosa","versicolor™,..: 11 11111111..
Inherits from -~ er (e :
"data.frame’ : 150 obs. of 5 variables:
Formal class "ore.frame' [package "OREbase"] with 12 slots

..® .Data o Tist()
..@ dataqry : Named chr "( select /*+ no_merge(t) */ “"Sepal.Length" vALO0O1l,%"Sepal.wid

Proxy
data.frame

"( select /*+ no_merge(t) */ “'sepal.Length'" wvaLOO0l,%"Sepal.width'" vAL
002 ,%"pPetal.Lengthy” vaL003,%"Petal.width\"” vaALO04 ,%"Species’" vALODS fro
m “%._"RQUSER‘%._ VIIRISVNT T )T

.3 5CTassc Chr numer1c numer1c numer1c numer1c

..@ sglName : chr

..@ sglvalue : chr "Wsepal.Lengthy"" "\ "sepal.width\"" "\"petal.Length\"" "\ "Petal.width
UL

..@ sgqlTable : chr "% "RQUSERY".Y"IRISY""

..@ sglpPred : chr ""

.. @ extref o Tist()

.. @ names : chr

..& row.names: int

..@ .53Class : chr "data.frame"”

ORACLE
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Transparency Examples

library(ORE)

ore.connect (" rquser "," orcl ",
"localhost "," rquser ", all=TRUE)

ore.ls()

df <- with( ONTIME_S
ONTIME_SDEST=="SFO"|DEST=="B0OS",1:21])

df $SLRGDELAY <-

hist (MY_TABLEARRDELAY breaks =100)

merge ( TEST_DF1, TEST_DF2

by.x ="x1", by.y ="x2")
#with  OREdplyr in ORE 1.5.1...
select( FLIGHTS, year, month, dep _delay )
rename( FLIGHTS, tail num = tailnum )

ifelse  (df SARRDELAY> 20,1,0) filter(  FLIGHTS, month ==1, day == 1)
head( df ) arrange( FLIGHTS, year, month, day)
mutate( FLIGHTS, speed= air_time /distance)
summary( df )
ore.frame  Proxy Object

ORACLE
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Scalable Machine Learning

Offload model building
to parallel software and
@ powerful machines and
environments
Enable new technologies
Processing as they arise

Build models using powerful hardware
Processing YR LIFNIEESEt FfIA2NRIKY:

RDBMS Hadoop
Spar Flink

Main Main

Data

Main Main

Processing Processing Processing Processing

OAA ORAAHMLIib FlinkML  ORAAH, Mahout

Copyright ©20170racle and/or its affiliates. All rights reserved. | 12
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Scalable Machine Learning

AMaintain R machine learning interface

Algorithm Algorithm

I Easy to specify formulaminimal lines of code Facade
I Include transformations, interaction terms, etc.

Target Predictors

log(ARRDELAY) ~ DISTANCE + ORIGIN + DEST +
as.facto(MONTH) as.facto(YEAR) as.facto(DAYOFMONTH) +
as.facto(DAYOFWEEK#as.facto(FLIGHTNUM)

ORACLE

Copyright ©20170racle and/or its affiliates. All rights reserved. |
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Scalable Machine Learning

AMaintain R machine learning interface
I Easy to specify formulaminimal lines of code
I Include transformations, interaction terms, etc.

ABring the algorithm to the data
I Eliminate or minimize data movement
| Leverage proxy objects to reference data

A

Algorithm

ORACLE

Copyright ©20170racle and/or its affiliates. All rights reserved.
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Scalable Machine Learning

AMaintain R machine learning interface
I Easy to specify formulaminimal lines of code
I Include transformations, interaction terms, etc.

ABring the algorithm to the data
I Eliminate or minimize data movement
| Leverage proxy objects to reference data

AParallel, distributed algorithm implementations :

I Oracleproprietary parallel, distributed algorithms

I Leverage other open source packages and toolkits A ]
e.g., Apache SpaMllib, ApacheFlinkML Algorithm

ORACLE
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Linear Model Performance Comparison

APr edi ct nTot al Revenueo of a customer based on 31
on 184 million records using SPARC T5-8, 4TB of RAM
AData in an Oracle Database table

Threads Memory Time for Date  Time for

Algorithm Used* required** Loading*™* Computation
OpenrSource R Linear Model (1 220Gb 1h3min 43min 1h46min 1x
Oracle R Enterprise Im (ore.ln 1 - - 42.8min 42.8min 2.47X
Oracle R Enterprise Im (ore.ln 32 - - 1min34s 1min34s 67.7X

57.97s 57.97s 110X
41.69s 41.69s 153X

Oracle R Enterprise Im (ore.In 64 -

Oracle R Enterprise Im (ore.ln 128 -

ORACLE’

*Opersource R Im() is single threaded
**Data moved into t heouRel8(gregsiieall damtaipeeionp r y, Since ope
***How long it takes to load 40Gb of raw data intesttiewper e R Sessi onds memory

Copyright ©20170racle and/or its affiliates. All rights reserved. | 16



Not all parallel implementations are the same

Comparing performance with varying Spark memory footprints

Benchmark on single X5Node with 74 threads and 256 GB of Total RAM, Spark 1.6.0 on CDH 5.8.0

Ly LJzi 5F0F A& mMpD. éhyiadAaAYSeé ANIAYS RIFIGIFHAaSG 6A0K ™MH

LM in Spark Performance GLM in Spark Performanct 9DgN9|j.

1,000 1,000
908

900

900

5 0 B ORAAH LM o 800 m ORAAH GLN
2 700 m Spark MLIib LM g 700 m Spark Mllib GLM
§ 600 8 600
) s00 N 500
.GE) 400 'E 400
g 300 g 300
= 200 = 200

100 100

48 24 12 8 4 48 24 12 8 4
Spark Context memoriyn GB Spark Context memory in GB

LM formulausedARRDELAYDISTANCE + ORIGIN + D&STaetor(MONTH+as.factor(YEAR-as.factor(DAYOFMONJHas.factor(DAY OFWEEts.factor(FLIGHTNUM)
D[ a FT2NXdz I dzaDBSHANCE b ORIGIN +9ODESTz+ as.factor(MONTH) + as.factor(YEAR) + as.factor(DAYOFMONTH) + as.factor(DAYOFWEER)NJsH.factol

Copyright ©20170racle and/or its affiliates. All rights reserved. | 17
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_ Routes of
A7 Rome's Aqueducts

Tiber River &

&
-

Data and Task Parallel Execution »

AEasily specify parallelism and data partitioning
i Simplified APt all-in-one .
I Build and score with millions of models ,_

AAutomated management of parallel R engines
I Insulation from hardware details

| Limit resources as appropriate
| Startup and shutdown automatically

AAutomated loading of data into parallel R engine

e
: : ~
-Q \

b\ Alban Hills

T @

TWO-TIER BRIDGE SIFHON

AlLeverage CRAN packages

ORACLE

TUNNEL
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Data and Task Parallelism

XM

Handcode logic

to spawn R engines
and partition and feed data @
to R engines as

they become available ”

r Processing

Data

ORACLE

parallel
Rserve
Rmpi
snow

.Rdata

Execute usedefined R
function on baclend servers
@ in data-parallel or
task-parallel manner
Auto-partition and feed data
Invoke while also leveraging CRAN packages

Partition data by value
Partition data by count
invoke function with index

R
R
R

Copyright ©20170racle and/or its affiliates. All rights reserved. | 19
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Repository

Spawn & control R engines
Provide function and data

R Object
Repository




Example API

ASupply data

ASpecify function

AUse CRAN packages
AStore and load R objects
APass Arguments
ASpecify parallelism

AGet/use results
I R objects
| structured data
I Images
| etc.

ORACLE

library(e1071) No parallelisn
mod <- ore.tableApply (IRIS_TABLE ,
function(  dat ,datastore ) {
library(e1071)
dat$Species  <- as.factor (dat$Species )
mod<- naiveBayes (Species ~ ., dat )
ore.save ( mod,name=datastore )
h
datastore ="NB_Model - 1")
scoreNBmodel <- function( dat, datastore ){
library(e1071) Data para”e
ore.load (datastore ) byChunk
dat$PRED <- predict(mod, newdata = dat)
dat
}
IRIS PRED < - IRIS_TABLE[1,]
IRIS_PRED$PRED <- "A"
res< - ore.rowApply (IRIS_TABLE , scoreNBmodel , datastore ="NB_Model -1"
parallel =4, FUN.VALUE=IRIS PRED, rows=10)
DAT <- ONTIME_S[ONTIME_S$DEST %in% Data para“e
c("BOS","SFO","LAX","ORD","ATL","PHX","DEN"),] by partition
modList <- ore.groupApply (
X=DAT, INDEX=DAT$DEST, parallel =3,
function (dat ) IN(ARRDELAY ~ DISTANCE + DEPDELAY,  dat))

Copyright ©20170racle and/or its affiliates. All rights reserved. |
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Deployment

AAvoid costly recoding or translating R cod

Alnvoke R easily from neR environments
AMap data structures and types naturally

ASeamlessly returdata.frames images, XML, JSON in
local environment data structures

ORACLE
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Deployment

Application / o
Application rJavaAPI Dashboards Q”O\r/]\/bapp(ljlctatltl)nts and
Busi Loai i ; 3 asnboara tools 1o
usiness Logic RSSrve: client/server TCP/IP Business Logic > familiar, existing
C, C++, Java, etc. rpy C. C++ Java SQL protocols for
system() SQL invoking R
cron¢ independent
X Invoke R from SQL
results as table: structured, image, XML, JSON
data.frame automate parallel and concurrent execution
images \Q
R objects
RDBMS
Scripts Data Englne
oSl @
Hive R Scrlpts NoSQL
File system Hive

Data

ORACLE
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Deploy R using SQL

AStore named R function in Script
Repository from R or SQL

AReturn values
I Images as PNG BLOB column
I data.framecontent as database table
I XML withdata.frameand image

A Benefits
I Fewer moving parts
I IPC data transfer speeds at backend
I Invoke same function from R or SQL
I Security
I Integrated backup and recovery

ORACLE

begin
sys.rqScriptDrop
sys.rqScriptCreate

(' RandomRedDots");
( RandomRedDots',

" function(){

id< - 1:10

plot( 1:100, rnorm (100), pch =21,

bg ="red", cex =2, main="Random Red Dots"

)

data.frame (id=id, val =id/ 100)

});
end;
select ID, IMAGE
from  table( rqEval ( NULL,'PNG' , 'RandomRedDots '));
select id, val
from  table( rqEval ( NULL, 'select lid, 1 val from dual’

' RandomRedDots" ));

-- Return structured and image content within XML string
select *
from  table( XML,

rqEval (NULL, ' RandomRedDots" ));

-- In R, invoke same function by name

ore.doEval (FUN.NAME= RandomRedDots" )

Copyright ©20170racle and/or its affiliates. All rights reserved. |
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Architectural Elements:
Enabling R for Big Data

ALeverage powerful baends for the et - Access, Analysi
N 1 and Exploration

KSI @& tATFGAYIXGNT y o [
ALeverage new, more powerful baekds

more easily as they appear
AEnable parallelism quickly and easily for gggﬁollyﬁgggt 5ca|€§;emni/%cmn
big data processing

Almmediately leverage data scientist R
scripts and results in production

Avironmen B | h’\ /
€ 0 ents Ne ey & Data & Task
L RS S Parallelism

ORACLE
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Oracle R Enterprise
Part of Oracle Advanced Analytics option to Oracle Database

AUse Oracle Database as o
HPC environment
Alh

AUse indatabase parallel and R Client
distributed machine learning algorithms
_ : racle R Enterprisg

AManage R scripts and R objects

In Oracle Database

SQL Interfaces
SQL*Plus,
SQLDeveloper >

/N

Alntggcgateh R rezults_ inéo zit_pplications e e
and dashboards via al\ in
Q El:%:g %5 Indb

" stats

User tables

Database
Server
Machine

ORACLE
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Oracle R Enterprise
Part of Oracle Advanced Analytics option to Oracle Database

ATransparency layer
I Leverage proxy objectsie.frameg - data remains in the database
I Overload R functions that translate functionality to SQL .
i Use standard R syntax to manipulate database data ‘I.

AParallel, distributed algorithms
I Scalability and performance
I Exposes hilatabase algorithms from ODM
I Additional Rbased algorithms executing and database server

ORACLE

SQL Interfaces
SQL*Plus,
SQLDeveloper >

/N

R Client
Oracle R Enterpris

W

AEmbedded R execution
I Manage and invoke R scripts in Oracle Database
; _ "':g %\ Indb
I Dataparallel, taskparallel, and nosparallel execution Etg W\ stats
I Use open source CRAN packages User tables

Oracle Database

Database
Server
Machine

ORACLE

Copyright ©20170racle and/or its affiliates. All rights reserved. |

26



OAA / Oracle R Enterprise 1.5.1

XLX dza 2 LISy &2 dzNOS w LJ O+ 3

Predictive Analyticsalgorithms inDatabase i embedded R datand taskparallel execution

Classification Clustering Market Basket Analysis
ADecision Tree

AL ogistic Regression AHierarchical Means AApriori ¢ Association Rules
ANaiveBayes AOrthogonal Partitioning

ASupport Vector Machine AExpectation Maximization

ARandomForest Feature Extraction
Attribute Importance ANonnegative Matrix Factorization

ALinear Model o o APrincipal Component Analysis
AGeneralized Linear Model AMinimum Description Length ASingular Value Decomposition
AMulti-Layer Neural Networks AExpectation Maximization AExplicit Semantic Analysis

AStepwise Linear Regression

ASupport Vector Machine _ _ _

: Al Class Support Vector Machine ASingle Exponential Smoothing
*g%\g |1n2c2>§5y1.5.1 ADouble Exponential Smoothing

ORACLE
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Oracle R Advanced Analytics for Hadoop
UsingHadoop/Hive/Spark Integratigmplus R Engine and Op&ource RPackages

Oracle R Advanced Analytics for Hadoop (ORAAH) .

on Hadoop Cluster .I.

R Client
R Analytics

R interface to HQBasic Statistics,

Data PrepJoins and View creation
Oracle R Advanced

Analytics for Hadoop

A ORAAH Spark algorithni3eep Neural, GLM, LM .

A Spark MLIib algorithms: LM, GLM, LASSO, Ridge " Acgraclez)itakl)atl_se ]
Regression, Decision Trees, Random Forests, SVM wi vanced Analytics option m.

k-Means, PCA SQL Client
SQL Developer

Parallel, distributedlgorithms:

Use of OpersourceR packages viaustom
R Mappers / Reducers

Other SQL Apps
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