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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 upon
In making purchasing decisions.

The development, release, and timing of any features or
functionality described for Oracle’s products remain at the sole
discretion of Oracle.
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. Agenda

* Overview of R

« Oracle’s R Technologies
— Oracle R Distribution
— ROracle
— Oracle R Enterprise (Oracle Advanced Analytics)
— Oracle R Advanced Analytics for Hadoop

* Use cases
— Massive Predictive and Clustering Modeling
— Face Recognition
— Densifying Sparse Text via Hadoop
— Simulations

* Demonstration of Oracle R Enterprise
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CRAN Task Views

. What is R?

Bayesian Bayesian Inference
ChemPhys Chemometrics and Computational Physics
CliricalTrials Clical Trial Design, Montoring, and Analysis
* Ris an Open Source language and environment for . Clister Cluster Analysis & Fnite Misure Model
statistical computing and graphics Mirors E— Frebabiy Disouters
. . What's new? Econometrics Cotmputational Econometrics
h tt D . //WWW . R - p ro I eCt .0r q / Task Views Environmetrics Analysiz of Ecological and Enmronmental Data
Search EzxperimentaDesign Design of Experiments (DeE) & Analysis of Experimental Data
) . About R Fimance Empirical Finance
« Started in 1994 as an alternative to SAS, SPSS, and E Homepage Genstics Statsical Genetis
Other proprietary StatiSticaI environments The R Journal Graphics Graphic Displays & Dynarnic Graphics & Graphic Devices & Visualization
Software it ghaphical Models n B
B Sources HighPerformance Computing High-Performance and Parallel Computing with B
* An integrated suite of software facilities for data & Pinarcs Machinel ¢aming Machine Learnng & Statsucal Learning
. | . | . | I I . d h . %gﬁ Medicallmaging Medical Image Analysis
manipulation, analytical calculations, and graphics Other Miltvagiate Midtivariste Stafistcs
A . Documentation WatwrallanguageProcessmg Matural Language Processing
° Over 2 mi I I ion R users wor I dW I d e % OfficialStatistics Official Statistics & Survey Methodology
3
_ . . . s Contrbuted Optirnization Optimization and Mathematical Programming
W I dely taug ht In universities R Pharmaccokinetics Analysis of Pharmacokinetic Data
— Many corporate analysts know and use R Phglogenetics Phglogenstics, Espesially Comparative Methods
Peychometrics Paychometric Models and Methods
BeproducibleResearch Beproducible Eesearch
« Athriving ecosystem with thousands of open fobust Fobust Sttitical Methods
SocialSciences Statistics for the Social Jciences
sources paCkag es Spatial Analysiz of Spatial Data
Survival Survival Analysis
TimeSeries Time Series Analysis
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http://www.r-project.org/
http://www.r-project.org/
http://www.r-project.org/

. Why statisticians/data analysts use R

R is a statistics language similar to Base SAS or SPSS Statistics

R environment is
* Powerful

» Extensible

» Graphical

> n <=5
9 £ 81, 100, 100>
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notel
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E s tnaint orchad noxplnu » xlab="Group", font.main=4, font,lab=1>
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@& R_File Edit_Format_Workspace _Packages & Data_ Misc_ Window _Help

R Console

Math can be beautiful ...

B3 (ai(Charged Tue 2114 PM_stefano lacus

R Workspace Browser
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Q o data.frame dim: 20 4 f
- . . _—| ¢ factor levels: 10
e EXxtensive statistics e ! e
B FE = n numeric length: 1 |
= »opar list length: 2 |
haight [weight pie.sales numeric length: 6 |
- . . pin numeric length: 2 |
« OOTB functionality with
120 sr numeric length: 4
Fola g Y, €oLonmes 123 ¥women data.frame dim: 15 2 n Motions
126 height numeric length: 15
1 I 129 weight numerlc length: 15
many ‘knobs’ bu . lhels
139 [ Refresh List |
smairt defaults
015 [Refresh i |
a- 23y Jbonden ‘°“"‘7z 164 status Package Description

- Ease of installation and use g

dx <- denss$x

add == >
plot(@., 0., axes = F, main = **, Xlim = x, ylim = y,
ylab =
* Free o g
2 < (e - URCaOIRaxC) - mincd) * (x[2.] - X

x[1.]
dy2 < (dy - minCdy))/CmaxCdy) = minCdyd) * Cy[2.] - |
1

seqbelow <- repCy[1.], length(dx))
CFILL = T)
confshade(dx2, seqbelow, dy2, col = col)
Cbordera=TiUE) pointsCdx2, dy2, type = "1, col = of

{
dy2 <- Cdx - minCdx))/(max(dx) - minCdx)) * Cy[2.] - y|

PTPRTPSTRIPRCL device 1 (active)
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ot losdad | mn.

graphics

ot loaded  grid
Jnot loaded  lattice

methods

The R Graphics

Help Page

The R Graphics Package

The Grid Graphics Package
Lattice Graphics.

Formal Methods and Classes

CAM- sith COM rmnothnner actimatia

Package

DED)

Documentation for package “graphics' version 2.0.0
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. Third Party Open Source IDEs, e.g., RStudio

Oracle R Enterprise is compatible with Third Party tools

(@ rstudio o
File Edit Code View Project Workspace Plots Tools Help
Q- - = ) project: (None)
@] produce_select_modelR % @] test_produce_select_modelR » @] demo.R @] demozRx  » =] Workspace  History 0
‘,i “brarE{S::;eht;n save | Q /- =#Run | [o%| = Source: Files | Plots | Packages Help =
; 1orah & zoom  EHexport~ | @] 3 Clearall =
B grapl
5 g < barabasi.game(100)
& plotlg, layout=layout.fruchterman.reingold, vertex.size=4,
7 vertex. label.dist=0.5, vertex.color="red"”, edge.arrw.size:o.s)]
58 2 http:/Mww.kdnuggets.com/polls/2011/r-gui-used.htr
5550 82 24 47 o8 ! Which R interfaces do you use frequently?
67,79 6 3136 pyg &2 puilt-in R console (225) I 40%
48 ) P
;'; 39173 & RStudio (135) I 24%
- ¢z 2504 < i i
o T e e 2653.3 + e]ﬁ}j - Eclipse with StatET (90) I 16%
s _—— 29,20 .38 :' & 51 | RapidMiner R extension (80) I 14.2%
> TioraryCioraph 557 ok’ & 7 51 TnR (62) 1%
S — 9577 G #Hpa —
> T . ESS (Emacs Speaks Statistics) (59) N 10.5%
- barabasi. 47
: g];t(g‘.ar?a:?utg?ﬁ;%:.o%ruchterman.reingolﬂ. vsrtex.sizeﬂ. . 3931 4934 < fS . Rattle GUI (53} -9_4%
. vertex. label.dist=0.5, vertex.color="red", edge.arrow.size=0.5) 51 81082 434 R Commander (43) =
9;3 59 7545 oo Revolution Analytics (31) Hs55%
2
9T Rkward (22) H39%
JGR (Java Guifor R) (21) Hat%
RExcel (18) B32%
R via a data mining tool plugin (12} 121%
Red-R (8) 11.4%
SciViews-R (6) 11.1%
Other (44) [
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Three Concerns for Enterprise Data

ORACLE
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. Three concerns for enterprise data analytics

- Scalability - =

- Performance ‘ * Y R

* Production Deployment

ORACLE
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. A fourth concern...

- Remain in the R language and environment
— Same paradigm
— SQL not required
— Design, code, test, deploy from R

=

ORACLE
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. Oracle’s R Technologies

* Oracle R Distribution

Software available to
R Community for free

* ROracle

* Oracle R Enterprise

 Oracle R Advanced Analytics for Hadoop

ORACLE
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Oracle R Distribution

ORACLE
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. Oracle R Distribution

Ability to dynamically load

| Intel Math Kernel Library (MKL) | OraC | e
AMD Core Math Library (ACML) SU p p O rt

Solaris Sun Performance Library

» Oracle’s redistribution of open source R

» Enhanced linear algebra performance using Intel’'s MKL, AMD’s ACML, and Sun
Performance Library for Solaris

« Improve R scalability at client and at database server for embedded R execution

« Enterprise support for customers of Oracle Advanced Analytics option,
Big Data Appliance, and Oracle Linux

* Free download
« Oracle makes bug fixes and enhancements available for open source R

ORACLE
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. Oracle R Distribution (ORD) Performance with MKL

Oracle R Distribution 2.15.1 x64 - Benchmark Results

©2014 Oracle — All Rights Reserved

Oracle R Distribution 2.15.1 x64 - Benchmark Results

100 500
B ORD (open source R) B ORD (open source R)
ORD+MKL 4 threads ORD+MKL 4 threads
B ORD+MKL 8 threads 400 - B ORD+MKL 8 threads
80
g g
2 60 5 300
@ &
RS @
@ @
£ 200
20 100
; B = "
s s = 5 3 £ e £
o [&] el = ¥ s 3 2
a = = S = = g £
@ o = o ﬁ a S
s = 2 & @
> 2 (&) [=]
& o = s
3 'S £ 3-node cluster
% ) ) ) = 24 cores
https://blogs.oracle.com/R/entry/oracle_r_distribution_performance_benchmark 3.07GHz per CPU
47 GB RAM
Similar results for ORD 3.0.1 https://blogs.oracle.com/R/entry/oracle_r_distribution_3_0 Linux 5.5
ORACLE




Oracle R Enterprise
Component of the Oracle Advanced Analytics option

ORACLE
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. Traditional R and Database Interaction

R=

read Flat Files extract / export

. h
i
export a load a

i RODBC / RIDBC / ROracle i

* R memory limitation — data size, call-by-value
R script * R single threaded
cron job

* Paradigm shift: R > SQL 2> R

* Access latency, backup, recovery, security

* Ad hoc script execution or “porting” code to target environment
ORACLE
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. Oracle R Enterprise

* A comprehensive, database-centric environment for end-to-end
analytical processes in R, with immediate deployment to
production environments

* Operationalize entire R scripts in production applications —
eliminate porting R code

+ Seamlessly leverage Oracle Database as HPC environment for
R scripts, providing data parallelism and resource management

« Execute R scripts through Oracle Database server machine for
scalability and performance

* Enable integration and management through SQL
* Avoid reinventing code to integrate R results into
existing applications
« Score R models in Oracle Database
+ Transparently analyze and manipulate data in Oracle Database

through R using versatile and customizable R functions @ @ @ @/

Eliminate memory constraint of client R engine
* Get maximum value from your Oracle Database and Exadata
* Integrate R into the IT software stack, e.g. OBIEE

ORACLE
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Client R Engine
SQL*Plus,
SQLDeveloper, ...

SQL Interfaces

Transparency Layer

Database Server
Machine




OBIEE Dashboard Integration

Parameterized analytics and graph customization

ORACLE

OR Integration Examples

Layout Option () Horizonksd

@ vertical

Graph A: Unigue Carriers ALL
Graph A: Start Year 2003
Graph A: End Year 2008
Graph A: Region ALL
Graph A: Airport Category (@) g giact
@ Least Busy
Graph A: Color (") gaig
@) Red
@
Graph B: Start Year 2000
Graph B: End Year 2003
Graph B: Region ALL
Graph B: Airport Category (@1 g ciact
@ Least Busy
Graph B: Color (" goig

@

Business Intelligence

Box Width | Eived width Boxes

[« e e T«

[« [« 1]«

Flight Delay by Airport (Boxplot) " Quality Contrel Chart
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-
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Improve time to insight

Accommodate diverse
consumption paths

Deliver analytics that scale
with data volumes,
variables, techniques

Integrate readily with IT
infrastructure and
software stack

Leverage CRAN packages
at database server



Integrated Business Intelligence
Integrate a range of in-DB SQL & R Predictive Analytics & Graphics

Ble Edit  Wiew History Bookmarks  Tools  Help

o I n - d atab as e | L) oracle B1 Interactive Dashboards [ =]

ORACLE" Business Intell

C O I I St r u Ctl O n || LT Prediction | LTy Details | Classification Tres " LT¥ Probabiities | What I Scoring ~ Geo LT Prediction ' Regression | Regression Model { Results Map

w Datamining @ Return to Main Index page

of predictive T o
Location LTV Prediction Geo LTV Predi n
m O d e I S th at i s 4847071 932507 AR Fime s 44707 93250 7 AR

I i ||| [Map Formats View >
ude OBIEE_STATE
= [Z [} a8 SK B Qc -
B W B 1- Revenue (Bar Graph)
BHIGH, 1- Revenus
WLoW, 1- Revenus
NE MEDIUM, 1- Revenue
| BIVERY HIGH, 1 Reverue
w ¥ EIM1S Cust Frabab High LTV (Color F
M First Tenth
M Second Tenth
I Third Tenth =

Help ~

Signed In As_weblos

C65 Longitude,C64 Lal
[V ElProbabilty of wery High LTv (variable M)
M First Tenth T omwe
M second Tenth
W Third Tenth
M Fourth Tenth
W Fifth Tenth
Sixth Tenth
Sewenth Tenth

predict
customer
behavior

SAanh m Eighe Tenth ot Tomet
Hinkh Tenth “co W Fifth Tenth
, B Last Tenth Soomi B st Tentts
- OBIEE’s |\ =~ e -
1- Revenue
t t HIGH Low MEDIUM  [VERVHIGH  [Grand Total
integrate
omi | ®acifica flaska 35,574 127,574 163,848
. frkansas 52,224 56,405 108,629
S atl aI Skm | |/ Califarnia 3,215,591 | 1,820,802 | 3,142,587 509,122 8,688,700
Colorado s2,935|  zes1z 52,093| 152,441
p Florida 76932| 32,330 109,263
e Taca7a| ivazie| 59,308 X eae
. e Bt =m0
l I Ia In =~ Idaho 50,754| 46,640 35,114 55,1591| 151,698
lincis 84,400 51,801 136,201 =
C «“ . ”» Indiana 3,834 52,935 166,768
ustomer “most likely” to be s Tirm| s e 1at7er
S h OWS Wh e re Kansas 50,532 67,580 36,456 60,205 274,771
ereucky 29,074 39,408 76,751| 146,132
Louisiana 66,778 7,827 105,316 219,921
HIGH and VERY HIGH value ran
Maryland 31,304 31,404
. Michigan 33,777 33,777
Minnesots 122,853 54,345 207,199
CuS OI | ler In e u u re Mississippi 24895 95,471 32,601 150,968
Missoun 1a0,260| 4267z 182,491 365,424
N Montana 162,932 162,932
hiebraska 7807 | 78,747 47,807 74,725| 299,245
Nevada 28,069 28,063
e Jersey 36,520 36.520
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Oracle Database 12c Parallel Distributed Advanced Analytics
Real world proof points

 Linear Regression (ore.1m) on Exadata X3-2 half-rack
— Data set: 2.9 billion rows spanning 12 months of data with over 350 predictors
— Elapsed time ~5 minutes!

 Logistic Regression (ore.glm) on Exadata X3-2 half-rack
— Data set: 2.9 billion rows spanning 12 months of data with over 350 predictors
— Elapsed time ~30 minutes!

* Neural networks (ore.neural) on T5-4 Solaris

— Data set: 1 billion rows with 40 columns
— Elapsed time ~6 minutes with 10 hidden neurons & 421 weights

Processing data at this scale not feasible with vanilla R
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Oracle Advanced Analytics
Option to Oracle Database EE

ORACLE
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. Oracle Advanced Analytics Option

Fastest Way to Deliver Scalable Enterprise-wide Predictive Analytics

« Better Decisions with Deeper Insights & Predictive Analytics

— Understand and predict customer

| /]
-
Graph
T Cluster Segments
& i
s
CUST_INSUR LTV .
l R Script
S Y
Filter Clcdumns New Culslomer

@ @
& — B

Predictive Models Target Customers

behavior for churn, fraud, F . A
cross-sell, etc. problems o L | — I ﬁﬂiﬁm
- Easy to Use Jl“li-

— Data analysts: Mining work flow GUI (part of SQL Developer)

— Data scientists: SQL and R languages supported

— DBA: SQL integration
« Comprehensive Analytics on a Simple Architecture

— Performance and scalability of the Oracle Database

— Lowest Total Costs of Ownership; no need =
for separate analytical servers A

W o 7 (7198%) W o :64 (3637%)
0 ves 174 (8024) o Yes:2 (303%)
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. GUI for automated analytics

ofSCLAIMS * |o{3Claims Anomaly Detection * |2 ANOM_SVIM, x G
Edit ¥iew Navigate Run Diagram Ver: c He Coeffidents | Compare | Settings
208 90 XEEm Q-0 & e

Bypata Miner D) |elScustomer Analyties | Pas kmss  |Pass emss | Paas s s s tnesr | ldsExplore Data 2 (=) @ component Palette (=] Predictive Class: Anomalous (1)

&l | [Workftow Edit ~|
; L = e a ort by absolute value Fetch Size:
Connection @
& LapTOR B  Models
e % g s s Coefficients: 118 out of 118
off Customer Analytics Sevaien
off Fraud Detection NEW CUST_INSUR_LTV1 | Classification lte ke Cpeffident
off Warket Bashet analysis oot et 2 % @ Custering <Intercept=> 100004479
Insurance R Us o
i IQZ . % P Model
i Thurbrel ) CUSTINSUR LTV 5 Response Mpdols § R:gvees:ﬂ:‘s
Coum leren A g“ DAYSPOLICY-ACCIDENT  morethan30 v, B
= Evaluate and Apply
Aoy POLICEREPORTFILED Mo o 7smee7
sk 0 17 2 sex viale o esmsm
T @ ®:‘ ACCIDENTAREA Urban - 58I
- " Data
B g Clust Buld 21 i FALLT PolicyHolder - 45761857
: 3P 1 NUMBEROFCARS 1vehide IS 15
5 | Explore Data v
2, = heandtonms ADDRESSCHANGE-CLAIM nochange e 2+
B dawogatc VEHICLECATEGORY Sedan R 202055

8 . . 5 | B Fiter Columns " ALSTATUS Married G
O 2 Fiker ART arre 436303
5 Re Mpdls - Pr ty I te
S s Roseone Mol - roperty Inspactor B Fiter Rows FRALDFOUND No I .. 43451920

B r= iz (& I g o
Soee || Models & FRAUDFOUND Yes I 0.39544541
Analical .. DemosRUS &7 || Buld Model Settings R U BAa @ ) B sample DRIVERRATING D 036339593
Test Buid Test Tune Algarithm Commert: < B Transform REPNUMBER ] -0,35708129
BEED T30 6:07... B F13/10 6:07... Atomatic Generalized ine .. A= rext
101066, . @ 1510606, Automalic  Suppor ectr 3 ronty ot MARITALSTATUS Single . 0.39696783
@ 13/106:06... @ 771310 6:07... Automatic Support vector .5 Buld Text WEEKOFMONTH ] -0.34381250
FH310 60 7I3/10 £:06,., Automatic Decision Tree. f Link. _
7310 i 7/13/10 606, Automatic MNaive Bayes %] Text Reference NUMBEROFSUPPLIMENTS fone -0.33437406
BASEPOLICY Colision ] -0.31190335
I Linking Nodes.
& WEEKOFMONTHCLAIMED ] -0,29774053
AGEOFPOLICYHOLDER 31ta35 ] -0.29460101 e
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. R integration for data analysts/scientists

Transparency
: Oracle Database ,
R script Oracle R Enterprise ROracle F o - | packa es}
{CRAN R = SQL Translation _ R Script 1 ‘ N | 9
Repository SN

packages}

Embedded R script execution
\ P /

Execute XML & PNG graph
R function representation
In-d_atabas_e o v
Analytic functions from SQL dashboards

Benefits

Enables development of ‘'one-stop’ R scripts for end-to-end analytical process running in-database

SQL-R integration allows immediate operationalization of R scripts
SQL-R integration allows any IT software to readily leverage advanced analytics

Enables the database to serve as a high performance compute platform for R quants

A W N PRE

ORACLE
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ORE Transparency Layer

ORACLE
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Transparency

No need to learn a different programming paradigm or environment
Operate on database data as though they were R objects using R syntax
Require minimal change to base R scripts for database data

Implicitly translates R to SQL for in-database execution, performance,
and scalability

The Transparency Layer supports in-database data exploration,
data preparation, and data analysis en route performing predictive
analytics with a mix of in-database and CRAN techniques.

ORACLE
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Establish a connection to Oracle Database

library (ORE)

ore.connect (user="rquser", sid="orcl",
host="localhost", password="rquser", all=TRUE)

ore.ls ()

= ore.connect("rquser”,"orcl”,"localhost"”,"rquser™,1521, all=TRUE)

= ore. 1s()

1] "AaLL_2011" “ALL_2011_DT_RULES™ "ALL_2011_PREDS™ "CLAIMS™ "IRIS™
6] "MARROW" "ONTIME_5" "TEST_DF1™ "TEST_DF2™

ORACLE
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. Data Sel eCtI on R> df <- ONTIME_S[,c("YEAR","TEST", "ARRIELAY"}]

B> class(df)
[1] "aore,frame"

. attr(,"package") g g*{ig;i dging$DEST=="5m"r]
* Column selection %1 OREbase ] o e
df <- ONTIME S[,c("YEAR","DEST","ARRDELAY") ] RS head! df) ﬁﬁrﬁaéggckage"}
class (df) YEAR DEST ARRIELAY B e
11337 HMsP 4 Ry df? <— df [dF$DEST=="5F0",c(1,33]
2 1387 3JC B Ry df3 <- df[dF$DEST=="SF0" | df$DEST=="F05",1:3]
head (df) 31387 OAK 7 R head(df1)
head (ONTIME_S[,c(1,4,23)1) sy o7 o 1 Ta oy RIS
head (ONTIME S[,-(1:22)]) B 1397 MG 4 21987 SFO ]
B head(ONTIME_S[,c(1.4,23)]) 2 1337 5SRO -3
YEAR DAYOFMONTH TAXIOUT 4 1987 SFO 5
1 1987 1 N 5 1937 SFO 7
) 2 1987 1 M E 1987 SFO 11
* Row selection 3 1507 1 A R> head(df2)
4 1397 1 A YEAR ARRDELAY
dfl <- df[df$DEST=="SFO", ] 1 1987 24
G 1997 1 N 5 1307 -
class (df1l) £ 1987 1 ey S Taar 3
THXIOUT CANCELLED CANCELLATIONCODE Ig jaas 27
df2 <- df[df$DEST=="SFO",c(1,3)] 1 NA 0 o> |2 Tar i
df3 <- df[df$DEST=="SFO" | df$DEST=="BOS",1:3] % ”E g Eﬁgi R> head(df3)
YEAR DEST ARRDELEY
head (df1) 4 HA 0 MNE> |1 1987 SFO 24
head (d£f2) 5 HA ] <HA: |2 1987 SFO e}
head (d£3) P M ’ RV I
5 1937 SFO 7
£ 1937 RS M

ORACLE
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Summarize Data

res <- summary (ONTIME S[,1:13])

class (res)

res

# table

= Fes «<- summary(ONTIME_S[,1:13])

= Class(res)
[1] "table"

= res

YEAR

Min. 11996
1=t Qu. :1999
Median :2002
Mean 12002
3rd Qu. : 2005
Max. P 2008

CRSDEPTIME
Min. : ]
1=t Qu.: 925
Median :1325
Mean 11329
3rd Qu. 11725
Max. 12359

MONTH

Min.
1=t Qu.:
Median
Mean

3rd Qu. :
Max.

RS IV T R oy e

i1

. 000
. 000
v eln]
.514
. 000
. 000

ARRTIME

Min.
1=t Qu.:
Median
Mean

3rd Qu. :
Max.
MA's

1
1116

(1521
114592

1918

12722
13066

MONTH2 DAYOFMONT
M7 11246 Min. - 1.
ME& 11234 1=t Qu.: 3.
M3 111024 Median :16.
ME 110934 Mean 115,
M10 10929 3rd Qu. :23.
M5 109238 Max. $31.
(Other) 63374
CRSARRTIME UNIQUECARRIER
Min. : 0] WH 20187
1=t Qu.:1115 DL 115654
Median :1520  AA 114954
Mean 114589 UA 113464
3rd Qu. :1912 us 12425
Max. 2 2400 MW 10570
(Other) :42415

H

oo
oo
oo
75
oo
oo

DAYOFMONTHZ2 DAYOFWEEK
011 4459 Min. 1. 000
D21 4417 1=t Qu. :2.000
D7 4388 Median :4.000
D2 4347 Mean :3.932
D28 4345 3rd Qu. :6.000
D23 4327 Max. 7. 000
{(Other):103356
FLIGHTMNUM TAILNUM

Min. : 1 ENAME? 15814
1=t Qu.: 514 UNENOW 583
Median :1148 1] 538
Mean 11597 ANKNO ;. 273
3rd Qu. :1994 N510 B9
Max. 19599 (Other) :125882

MA's 210

©2014 Oracle — All Rights Reserved

DEPTIME

Min.
1=t Qu.:
Med1an
Mean

3rd Qu.:
Max.
WA=

1
932

t1332
t1347

1738

12617
12766

ORACLE



. Aggregate Data

R

aggdata <- aggregate (ONTIME S$DEST,
by = list (ONTIME S$DEST),

FUN = length)
class (aggdata)
head (aggdata)

Client R Engine

Transparency Layer

©2014 Oracle — All Rights Reserved

R} agodata <- aggregate(ONTIME_S$DEST,
by = list{ONTIME_S$DEST),
+ FUM = length)
Fe class{aggdata)
[1] "ore,frams"
attr(, "package")
[1] "OREbasze"
R headiaggdata)

Group,1 ¥
Q ABE 237
1 ABI 34
2 AEB 1357
3 ABY 10
q ACK 3
5 ACT 33

SQL

select DEST, count(*)
from ONTIME S

group by DEST

ORACLE



. Data preparation — recoding and binning

Using transform ()

ONTIME <- transform(ONTIME_S,

DIVERTED = ifelse (DIVERTED == 0, 'Not Diverted',

ifelse (DIVERTED == 1, 'Diverted', '')),
CANCELLATIONCODE =

ifelse (CANCELLATIONCODE == 'A', 'A CODE',

ifelse (CANCELLATIONCODE == 'B', 'B CODE',

ifelse (CANCELLATIONCODE == 'C', 'C CODE',

ifelse (CANCELLATIONCODE == 'D', 'D CODE', 'NOT CANCELLED')))),
ARRDELAY = ifelse (ARRDELAY > 200, 'LARGE',

ifelse (ARRDELAY >= 30, 'MEDIUM', 'SMALL')),

DEPDELAY ifelse (DEPDELAY > 200, 'LARGE',

ifelse (DEPDELAY >= 30, 'MEDIUM', 'SMALL')),

DISTANCE ZSCORE =(DISTANCE - mean (DISTANCE, na.rm=TRUE))/sd(DISTANCE, na.rm=TRUE))
head (ONTIME)

ORACLE
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. Visualize Data

Overloaded graphics functions for in-database statistics

Customer LTV by Region Distribution

JR—
T

I
' '
R S— R

dat <- LTV

value <- CUST_LIFETIME_VALUE$LTV

part <- dat$REGION

bd <- split(value, part)

boxplot (bd, notch = TRUE, col = "red", cex = 0.5,
outline = FALSE, axes = FALSE,

35000
1

30000
|

25000
1

Lifetime Value ($)

main = "Customer LTV by Region Distribution",
ylab = "Lifetime Value ($)", xlab = "Region")
axis(l, at=1l:length(levels(part)), labels=levels (part))

20000
1

15000
1

axis (2)

10000
1

I T T T 1
Midwest NorthEast South Southwest West

Region
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ORE Analytics Packages and Functions

ORACLE
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High performance in-database predictive techniques
available through ORE packages

OREdm package OREmodels package

« Support Vector Machine * Neural Networks

« Generalized Linear Model  Linear Regression

« K-Means clustering « Stepwise Regression

« OC clustering * Generalized Linear Model

* Naive Bayes

* Decision Trees

« Association Rules

« Attribute Importance

ORACLE
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. R Interface to In-Database Statistical Functions

* Special Functions « Density, Probability, and Quantile Functions
— Gamma function — Beta distribution — Negative Binomial distribution
— Natural logarithm of the Gamma function — Binomial distribution — Normal distribution
— Digamma function — Cauchy distribution — Poisson distribution
— Trigamma function — Chi-square distribution — Sign Rank distribution
— Error function — Exponential distribution — Student's t distribution
— Complementary error function — F-distribution — Uniform distribution

. Tests — Gamma distribution —  Weibull distribution
— Chi-square, McNemar, Bowker — Geometric distribution — Density Function
— Simple and weighted kappas — Log Normal distribution — Probability Function
— Cochran-Mantel-Haenzel correlation — Logistic distribution — Quantile
— Cramer'sV

— Binomial, KS, t, F, Wilcox
* Base SAS equivalents

— Freq, Summary, Sort

— Rank, Corr, Univariate

ORACLE
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ORE Embedded R Script Execution

ORACLE
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Embedded R Execution

* Ability to execute R code on the database server
» Execution controlled and managed by Oracle Database

 Eliminates loading data to the user’'s R engine and result
write-back to Oracle Database

* Enables data- and task-parallel execution of R functions

* Enables SQL access to R: invocation and results

» Supports use of open source CRAN packages at the database server
* R scripts can be stored and managed in the database

« Schedule R scripts for automatic execution

ORACLE
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. Motivation —why embedded R execution?

 Facilitate application use of R script results
— Develop/test R scripts interactively with R interface
— Invoke R scripts directly from SQL for production applications
— R Scripts stored in Oracle Database

* Improved performance and throughput
— Oracle Database data- and task-parallelism
— Compute and memory resources of database server, e.g., Exadata
— More efficient read/write of data between Oracle Database and R Engine
— Parallel simulations
* Image generation at database server
— Available to OBIEE and BI Publisher, or any such consumer
— Rich XML, image streams

ORACLE
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. ore.tableApply with parameter passing

build.GLM.model <- function(dat, family) ({
mod <- glm(ARRDELAY ~ DISTANCE + DEPDELAY,
data=dat, family=family)
coef (mod)

}

class (ONTIME S) # ore.frame

modCoef <- ore.tableApply (
ONTIME S[,c("ARRDELAY",6 "DISTANCE", "DEPDELAY")],
build.GLM.model,

family = gaussian());

modCoef

©2014 Oracle — All Rights Reserved
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ore.tableApply using CRAN package

dat.ore <- ore.push(iris)

library(el071)

build.NB.model <- function(dat) {
library(el071)
dat$Species <- as.factor (dat$Species)

naiveBayes (Species ~ ., dat)

mod <- ore.tableZApply(dat.ore, build.NB.model)
class (mod)
mod

local.mod <- ore.pull (mod)

F» dat,ore <- ore,pushliris)

B> library{elO7l)

Loading required package: class

R

R build, MB,model <- functionidat) {

+ librarylel071)

+ dat$Species <- as,factor(dat¥Species)

+ haiveBayss(Species ™ ., dat)
+

R

R¥ mod <- aore,tablefpplyldat,ore, build,NB,model)
R» class(mod)

[1] "ore.object”

attr(, "package"]

[1] "OREembed"

R mod

Maive Bauyes Classifier for Discrete Predictors

Call:
naiveBayes,defaultix = ¥, y = ¥, laplace = laplace)

A-priori probabilities:

setoza verzicolor wirginica
0,3333333 0,3333333  (0,3333333

Conditional probabilities:
Sepal.Length
¥ [.1] [.2]
zetosa b,008 0,3524857
verzicolor §,926 0,5161711
virginica 6,583 0,6353736

ORACLE
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ore.tableApply with batch scoring returning ore.frame

score.NB.model <- function(dat, mod) {
: F» score, MB,model <- function{dat, mod)
library (el1071) N Library(e1071)
datS$Species <- as.factor (dat$Species + dat$Species <- as.factor{dat$Species)
$Sp (dats$sp ) + dat$PRED <~ predict(mod, newdata = dat)
dat$PRED <- predict(mod, newdata = dat) + }dat
+
dat B> IRIS <- aore.pushiiriz)
B> IRIS_FPRED <- IRIS[1.]
} E> IRIS_PRED$PEED <- "A" I
F» res <- ore,tablefipplyf
IRIS <- ore.push(iris) + IRIS, =zcore, NB,model,
+ mod = local,mod,
IRIS_PRED <- IRIS[1,] + FUM,VALUE = IRIS_PRED)
B> class(res)
IRIS_PRED$PRED <- "A" [1] "ore,frame"
attrl, "package")
res <- ore.tablelApply ( [1] “"OREbaze"
B> head(res)
IRIS, score.NB.model, Sepal.lLength Sepal. Width Petal,Length Petal,Width Species  PRED
d=1 1 d 1 b1 3.5 1.4 0,2 setoza setosa
moa = local.mod, 2 4.9 2.0 1.4 0,2 =zetoza zetoza
_ 3 4.7 3.2 1.3 0,2 =etoza setosza
FUN.VALUE = IRIS—PRED) 4 4.F 3.1 1.5 0,2 s=etoza setosa
] 5.0 2.6 1.4 0,2 =zetoza zetoza
class (res) E 5.4 3.9 1.7 0,4 setoza setosa
head (res)

ORACLE
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ore.rowApply — data parallel scoring

Ry res <% ore,rowfipplyl

res <- ore.rowApply (
IRIS ,
score.NB.model,
mod = local.mod,
FUN.VALUE = IRIS PRED,
rows=10)

class (res)

table (res$Species, res$PRED)

IRIS ,

goore, MB, model ,

mod = local,mod,

FUM,WALUE = IRIS_PREL,
rows=10

R classires)

[1] "ore,frame"

attri, "package")

[1] "OREbasze"

R» tablel(res$Species, res$PRED)

+ + + +

+

zetoza versicolor wirginica

ORACLE

setosa Lo ] ]
wversicalaor ] 47 3
wirginica ] a 47

Goal: Score data in batch (rows=10) using data from input ore.frame

Data set loaded into R memory at database R Engine and passed to
function

Return value specified using IRIS_PRED as example representation.
Result returned as ore.frame

©2014 Oracle — All Rights Reserved



. ore.groupApply — partitioned data flow

build.LM.model <- function(dat) {

Client R Engine |

1m (ARRDELAY ~ DISTANCE + DEPDELAY, dat) E]

modList <- ore.groupApply (X=ONTIME S,
INDEX=ONTIME_S$DEST,
build.LM.model) ;

class (modList)

modList local <- ore.pull (modList)

summary (modList_local$BOS) ## return model for BOS

ORACLE
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Production Deployment — same R function, multiple uses

begin SQL
sys.rqgScriptDrop ( 'RandomRedDots') ;
sys.rqgScriptCreate ('RandomRedDots’, L4 °
. ] e o
'function () { . b ®e ® Y °
. . ‘8_ 7 " ® @] b a @
td <= 1:10 E o '0".'03..:.0.?‘° AN, X %
plot(1:100,rnorm(100) ,pch=21,bg="red",cex =2) g - | o9 ... ° e ® ‘. o
data.frame (id=id, wval=id / 100) o ® ° ® ®
} ' ) ; é 2IO 4IO 6I0 80 1(IJO
end; 1:100
/ = ore.doEval (FUN. NAME="RandomRedDots")
select value id wval
1 1 0,01
from table (rgEval ( NULL, 'XML', 'RandomRedDots ')); 7 7 0.02 .
3 3 0.03 "1 . * . o,
4 4 0.04 e o%s f. .
select ID ’ IMAGE 5 5 0,05 L] 'J .ﬁ..o..' o ‘....
from table (rgEval ( NULL, 'PNG', 'RandomRedDots ')); 6 6 0.06 g ':_: o of e, R
7 7 0.07 7 N % o ¢ .oo‘ '.o..
8 5 0.08 ®
select * 9 9 0.09
10 10 0,10 .
from table (rgEval ( NULL, . a6 n % om
'select 1 id, 1 val from dual', 'RandomRedDots')) ; "

ORACLE
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. ‘XML’ result
ReS U ItS SOL> =et long 20000

et pages 1000

begin
syz.rqScriptCreate( 'Examplet ',
‘PNG’ result "functioni }{
res ?— 110 (100)
; plott 1:100, rnora(l00), pch = 21,
it ID |IMAGE b = fred”, cex = 2 )
- res
1 1 {BLOE) o

SOL> end:
s

zelect value

‘select 1 id, 1 val from dual’ result fram tablefrgEval( NULL, '$HL', 'Examplef’ )):
sSoLx 2 3 4 5 E 7 a 9 1o
i} D i} VAL PLASOL procedure successfully completed,
1 1 0.01 sl 2
2 2 0.02 VALLE
3 3 0.03 <root<R-datg Ni-vector_objx<valuex1< valuex</ROl-vector _obj><R0OW
—vector_obj '/REIhJ —yector_objRO-vector_objr<value>3< values< R
4 4 0.04 QW-vector_objs<REUl-vector_obj><waluerd < value> < /Rill-vector_obj><R0W-vector_objx<
5 5 0.05 valuer5d valuex</Rlll-vector u:uI:u._]><REIhJ vector_obj><ualuerBl value>ROl-vector_obj
FROW-vector_objr<values7< valuer</Rlll-vector_objx<ROl-vector DbJ><ua1ue>B<ﬁualu
= & 0.06 er</ROll-vector_obj»<R0l-vector_objr<valuer3< value< RO-vector_obi><ROW- ueu:tu:ur‘_
7 7 0.07 objx<valuex10l e lue < Ril-vector_obj»</vector_obj> </R-datf img
' sro="datas image/prnobasebd "< [COATA[ 1 YBORWOKGooRARAMSUHEL o AR EREEE mmepnziz s
3 2 0.08 CAAAGAE ] EQVRAN0zdL1x T1xBGECCHEE,jolq0 I DnDYul sRESkyZ0 j IUNC Dk DhgZbwuhalbeRYFFRFRUBF
a 9 0.09 Ex'flrarGRAZGAguOudy T A Ba TERESG4C AL 4f KugS JzdPGL A o 3HwLORw+nwICCCHYROHWADghh T hGEZ o
' QUuQUFWHCCIFTYEAT TUROUYEmhBASRONAEELKF EVolgi RULSqCSFET 1 GEToOUOUUF mhBCSBOVAE T TN
0 10 0.1 loAkhRESRgSaEED I FEZo00ulUFWRCC JFTYEATIUROUYEmhEASROWAEELEFBYolgi RU1SqCSFETLGE Jol

QOUUFmhBCSEOYET Tk YNUoAkHRESRSaEED ] FEZolUuiUFWRCCIFTVRATTUROUYEmhBRSROWAEELKFEY
nila i R SafSFRETTERTAOOM NF mhRESROWAF T ThWNHnAk hRFRRaSAFFTI FRA DD ONFRLCC TFTYRATTHR

ORACLE
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Oracle R Advanced Analytics for Hadoop
Component of the Big Data Connectors Software Suite, option for BDA

ORACLE
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. Goals

« Expand user population that can build models on Hadoop

 Accelerate rate at which business problems are tackled

 Deliver analytics that scale
— Data volumes
— Variables
— Techniques

ORACLE
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Oracle R Advanced Analytics for Hadoop

R script

{CRAN
packages}

Hadoop Cluster (BDA)

HCache

(Hadoop Abstraction Layer }

HDFS
~ Hadoop Job MapReduce

Mapper Hive

;J‘ sqoop/OLH

MapReduce HDFS
Nodes Nodes
=2 (R
. Reducer ORD
R Client

packages}

- Provide transparent access to Hadoop Cluster Oracle Database
- Manipulate data in HDFS, database, and file system - all from R -
* Write and execute MapReduce jobs with R

* Leverage CRAN R packages to work on HDFS-resident data

* Move from lab to production without requiring knowledge of Hadoop internals,
Hadoop CLI, or IT infrastructure

ORACLE
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. ORAAH Analytics Functions

orch.cor Correlation matrix computation

orch.cov Covariance matrix computation

orch.kmeans Perform k-means clustering on a data matrix stored as an HDFS file. Score data using orch.predict.

orch.Im Fits a linear model using tall-and-skinny QR (TSQR) factorization and parallel distribution. The function computes
the same statistical parameters as the Oracle R Enterprise ore.Im function. Score data using orch.predict.

orch.Imf Fits a low rank matrix factorization model using either the jellyfish algorithm or the Mahout alternating least
squares with weighted regularization (ALS-WR) algorithm.

orch.neural Provides a neural network to model complex, nonlinear relationships between inputs and outputs, or to find
patterns in the data. Score data using orch.predict.

orch.nmf Provides the main entry point to create a nonnegative matrix factorization model using the jellyfish algorithm. This
function can work on much larger data sets than the R NMF package, because the input does not need to fit into
memory.

orch.princomp Principal components analysis of HDFS data. Score data using orch.predict.

orch.sample Sample HDFS data by percentage or explicit number of rows specification

ORACLE
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HDFS
DataNode

ﬁ (key, values...)

ma

v

(key A, values...)

\

(key B, values...)

v

(key C, values...)
v

HDFS
DataNode

-V

ma

Map Reduce Example — Graphically Speaking

(key, values...)

(key A, values...)

(key B, v\l/alues...)

For “Word Count”

There’s no key, only value
as input to mapper

Mapper output is a set of
key-value pairs where
key is the word and

value is the count=1

(key C, values...)
2

shuffle and sort — aggregates intermediate values by output key

(key A, intermediate values...)

reduce

\/

Final key A values

(key B, intermediate values...)

reduce

\/

Final key B values

(key C, intermediate values...)

©2014 Oracle — All Rights Reserved

reduce

\/

Final key C values

Each reducer receives
values for each word

key is the word
value is a set of counts

Outputs key as the word
and value as the sum

ORACLE




corpus <- scan("corpus.dat", what=" " ,quiet= TRUE, sep="\n")
corpus <- gsub (" ([/\\\":,#.@-]1)", " ", corpus)
input <- hdfs.put(corpus)
res <- hadoop.exec(dfs.id = input,
mapper = function(k,v) {
x <- strsplit(as.character(v[[1]]), " ")
x <- unlist(x)
x <- x[x!=""]
orch.keyvals (x,rep(1l,length(x)))
},
reducer = function(k,vv) {
orch.keyval (k, sum(vv$val))
},
config = new("mapred.config",

job.name = "wordcount",

map.output data.frame (key='a', val=0),

data.frame (key='a', val=0),
30)

reduce.output

reduce. tasks

res
hdfs.get(res)

ORACLE
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Mapper and reducer code in ORAAH for “Word Count”

Load the R data.frame into HDFS
Specify and invoke map-reduce job

Split words and output each word

Sum the count of each word



. Mapper and reducer code in JAVA for “Word Count”

import java.io.IOException;

import org.apache.hadoop.io.IntWritable;

import org.apache.hadoop.io.LongWritable;

import org.apache.hadoop.io.Text;

import org.apache.hadoop.mapred.MapReduceBase;
import org.apache.hadoop.mapred.Mapper;

import org.apache.hadoop.mapred.OutputCollector;
import org.apache.hadoop.mapred.Reporter;
public class WordMapper extends MapReduceBase

implements Mapper<LongWritable, Text, Text,
IntWritable> {

public void map (LongWritable key, Text value,

OutputCollector<Text, IntWritable> output,
Reporter reporter)

throws IOException {

String s = value.toString() ;

for (String word : s.split("\\W+")) {
if (word.length() > 0) {

output.collect (new Text(word), new
IntWritable (1)) ;

}

}

import java.io.IOException;

import java.util.Iterator;

import org.apache.hadoop.io.IntWritable;

import org.apache.hadoop.io.Text;

import org.apache.hadoop.mapred.OutputCollector;

import org.apache.hadoop.mapred.MapReduceBase;

import org.apache.hadoop.mapred.Reducer;

import org.apache.hadoop.mapred.Reporter;

public class SumReducer extends MapReduceBase implements
Reducer<Text, IntWritable, Text, IntWritable> {

public void reduce (Text key, Iterator<IntWritable>
values,

OutputCollector<Text, IntWritable> output,
Reporter reporter)

throws IOException {
int wordCount = O0;
while (values.hasNext()) {
IntWritable value = values.next();
wordCount += value.get() ;
}
output.collect (key, new IntWritable (wordCount)) ;

ORACLE
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 Low Rank Matrix Factorization

— Performan . . . .
erformance Training Time Time per Iteration
800 800
4 600 — 4 600
§ 400 S 400
[0 Q
N “ 200 :. — ? 200
— Scalability 0 - B 0 -
MovieLens Netflix MovieLens

Oracle R Advanced Analytics for Hadoop

Runtime: number of rows

800

© 600

S 400
?
# 200 -
° Tl Ix Ix

100M

X Mahout crashes at ~20M

200M 400M

Runtime: number of

columns

600
35
S 400
S 200
2 500 -
2 e Bl

50M 100M 200M
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. Oracle Big Data Platform

Oracle Big Data Oracle Oracle Oracle
Appliance Big Data Exadata Exalytics
Optimized for Hadoop, CO nnectors “System of Record” Optimized for

R, and NoSQL Processing

Optimized for DW/OLTP Analytics & In-Memory Workloads

Oracle R Oracle Enterprise
= Enterprise Performance
R ‘ Management
=08 $ : Oracle R
_ Oracle Data
- Oracle R Advanced Analytics Mining :
Distribution for Hadoop + ... Oracle Business
f - _ _ Data Intelligence Applications

' — W Warehouse
Y | Oracle NoSQL ,
a0 ) Database Oracle Data
i = ===t 'L Integrator Oracle
Database

Oracle Business
Intelligence Tools

Oracle Endeca
Information Discovery

Stream ‘Acquire ‘ Organize ‘ Discover & Analyze

ORACLE
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. Oracle Big Data Platform

Low-density data
streaming in

Oracle R
Distribution

—— [— |=
Oracle NoSQL
Database

== f== =5 [>F.

Applications

Stream ‘Acquire ‘ Organize ‘

Analytics generating

higher density data

loaded to Oracle Database

Oracle R
Advanced Analytics
for Hadoop + ...

Oracle Data
Integrator

Advanced analytics
on database data

Oracle Advanced
Analytics

Data
Warehouse

Oracle
Database
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Enterprise distribution
of analytical results

Oracle Enterprise
Performance
Management

Oracle Business
Intelligence Applications

Oracle Business
Intelligence Tools

Oracle Endeca
Information Discovery

Discover & Analyze
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Use Cases

ORACLE
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Massive Predictive Modeling

ORACLE
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Sensor Data Analysis

* Model each customer’s usage to understand
behavior and predict individual usage
and overall aggregate demand

« 200 thousand households, each with a utility
“smart meter”

* 1 reading / meter / hour

« 200K x 8760 hours / year = 1.752B readings
- 3 years worth of data =» 5.256B readings

« Each customer has 2628 readings

 |f each model takes 10 seconds to build, 555.6 hours (23.2 days)
...with 128 DOP =>» 4.3 hours

ORACLE
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Database-centric architecture
Smart meter scenario
Oracle Database

R Script

f(dat,args,...) f(dat,args,...) f(dat,args,...) f(dat,args,...)

J J Y !
®R R @
B =

ORACLE

f(dat,args,...) {
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Database-centric architecture
Smart meter scenario
Oracle Database

R Script

f(dat,args,...) f(dat,args,...) f(dat,args,...) f(dat,args,...)

J y

® @R ®

f(dat,args,...) {

!

R

R Script
score scores scores scores scores
data cl c2 ci cn
ORACLE
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Build 200K models stored in database, partition on CUST _ID

ore.groupApply (CUST_USAGE DATA,

CUST USAGE DATA$CUST ID, 1 4 l i nes

—function(x, ds.name) {
cust id <- x$CUST ID[1]
mod <- Im(Consumption ~ . -CUST_ID, x)
mod$effects <- mod$residuals <- mod$fitted.values <- NULL
name <- paste("mod", cust_id,sep="")

L -
assign (name, mod)
ds.namel <- paste(ds.name,".",cust_id,sep="")
ore.save (list=paste("mod",cust_id,sep=""), name=ds.namel, overwrite=TRUE)
TRUE
— },

ds.name="myDatastore", ore.connect=TRUE, parallel=TRUE

ORACLE
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Score 200K customers in database, partition on CUST _ID

ore.groupApply (CUST_USAGE_DATA NEW, .
CUST_USAGE_DATA NEW$CUST_ID, 1 6 l lines

— function(dat, ds.name) {

cust id <- dat$CUST_ID[1]

ds.namel <- paste(ds.name,".",cust_id,sep="")

ore.load (ds.namel)

name <- paste("mod", cust_id,sep="")

= mod <- get (name)

prd <- predict(mod, newdata=dat)

prd[as.integer (rownames (prd))] <- prd

res <- cbind(CUST_ID=cust_id, PRED = prd)

data. frame (res)

b,
—
ds.name="myDatastore", ore.connect=TRUE, parallel=TRUE,

FUN.VALUE=data. frame (CUST_ID=numeric(0), PRED=numeric(0))
)

ORACLE
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Massive Clustering Modeling
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Massive Clustering Model Building

From customer POC
* Identify number of clusters (between 2 and 5) that best describes customer behavior

Data
— 5.64M customers with total of 1.8B transactions over past year (~320 records/customer)

Approach

— Execute ore.groupApply that spawns parallel computations for each customer's transactions —
building multiple clustering models per customer (

— Build 5 k-means models and basic computations to select the top transaction types and
volumes for each set of customer transactions
Return value
— For each customer, produce columns containing centroids for clusters found to be optimal
— Top 8 transaction types and volumes output as new columns
— Output automatically converted to an ore.frame / table by ore.groupApply
Timing
— Execution built a total of 28M open-source k-means models (+ auxiliary functions) in 25.25
minutes, with a very high utilization of available hardware.

ORACLE
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| = |create table "FINGERP_OUTPUT" as with OB1327_27 as { select "id" 79 gad DMUSER  oracle@ed05db05. oraclesc.com.mx (PO74)  tigo tigol
! [m] 02 MVALDDI,”LAT_CENT_ " WALDDZ,"LAT_CENT 2" WALDD3,"LAT_CENT_3" _ _
I VALODH, "LAT_CENT 4" YALODS,"LON_CENT_1* YALOOR, "LON_CENT_2" 79 396 DMUSER  oracle@edD5db0S. oraclesc.com.mx (POB4)  tigo tigol
- | 02 7mb| YALOD7,"LON_CENT_3" WALDODS,"LON_CENT_4" ¥ALODS, "FROB_CENT _1" WALDI0,"P... 79 1378 DMUSER  oracle@edD5db05.oraclesc com mx (P0B4)  tigo tial
r |02 flyBkbhhEvdsy  SELECT SYESEUSERS figod 7Y 149 DWMUSER  oracle@ed05db05. oraclesc.corm.mx (POBS)  tigo tigol
r Rl GnjtknxcuE0gd  SELECT SYSSUSERS tigo2 ¢ 1034 DMUSER  oracle@ed05db0B. oraclesc.com.mx (PO77)  liga tigo2
| | o GpwBukBkOddy  SELECT SYSSUSERS tignl [ EERE DWUSER  oracle@ed0adbh05 oraclese com myx (PD94)  tigo tigal
r o1 Garmyablvau2y?  INSERT tinn tiaoz T REE DMUSER  oracle@ed05db0B.oraclesc.com.mx (POBE)  tigo tign2
bamygolyggeys tgos
‘ Total Sample Count: 38,003
r |0 BwnbhxS2ymmm UPDATE tigo. tigo2
r |m TuyplpgdwEDh?  SELECT SYSHUSERS tigod
Actions | Schedule SOL Tuning Advisor ¥ 507
Totel Sample Court: 37,953

Additional Links
Top Seqrients

Cluster Cache Coherency "
https:/flocalhost: 5500/2mjiconsole/dat abasefinstance/sglDetailrevent=dol oadatarget=tign_tigolatype=oracle_database...asdtpslungplanHashyalue=14943533128¢efreshChoice=RT_MANleftEdge=13808564876628¢ight Edge=1380856 78766 28 pageum=2 j
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Artificial Neural Networks
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Artificial Neural Networks

Mathematical model inspired by biological neural networks
in some sense mimicking the functioning of a brain
— Consists of an interconnected group of artificial neurons (nodes)
— Non-linear statistical data modeling tools
— Model complex nonlinear relationships between input and output variables
* Find patterns in data
— Function approximation: regression, including time series prediction, fithess approx, modeling
— Classification: pattern / sequence recognition, novelty detection, sequential decision making
— Data processing: including filtering, clustering, blind source separation and compression
— Robotics: including directing manipulators, computer numerical control
* Applicable to neuroinformatics, neurorobotics
« ore.neural: L-BFGS (Limited-memory BEGS) algorithm used to solve underlying
unconstrained nonlinear optimization problem
— ore.parallel option used by ore.neural to determine preferred DOP to use within ORE server
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http://en.wikipedia.org/wiki/Limited-memory_BFGS
http://en.wikipedia.org/wiki/Limited-memory_BFGS
http://en.wikipedia.org/wiki/Limited-memory_BFGS

ore.neural Architecture Specification

* Input Layer
— Numerical or categorical
— No automatic normalization of data
— Supports up to 1000 actual columns (due to database table limit)
— No fixed limit on interactions
— No fixed limit on cardinality of categorical variables
* Hidden Layers
— Any number of hidden layers - k
— All nodes from previous layer are connected to nodes of next Layer 1
— Activation function applies to one layer
» Bipolar Sigmoid default for hidden layers
*  Output Layer
— Currently single numeric target or binary categorical
— Linear activation function default, all others also supported
« Calculate number of weights Layer k

— (#input units) x (# L1 nodes) + (# L1 nodes bias) +
(# L1 nodes) x (# L2 nodes) + (# L2 nodes bhias) +

Input Layer X1 X, X X,

(# Lk nodes) x (# output nodes)
* Initialize weights
— Change initialization with random seed
— Set lower and upper bound, typically -0.25, 0.25

Output Y,
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Unique aspects of ore.neural

« Hidden layer structure complexity
« #Activation functions - 15

» Support for categorical variables and transformations of all variables —
predictors and targets

» Support for logistic regression through entropy activation function

* No competitive CRAN package available for neural networks

« Scalability on several dimensions including HYPER SPARSE data sets
— Scale-up and Scale-out

« Works with data sets that do not fit in memory

— SAS HPNeural requires complete data set to fit into distributed memory before it can
solve any HP* models
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Face Recognition
http://cbcl.mit.edu/projects/cbcl/software-datasets/FaceDatalReadme.html

* |s this image a face or not?

Data: 6,977 training, 24,045 test, 363 columns

— 19x19 pixel image

— From Center for Biological and Computational Learning at MIT
5 Neural Network Layers of size — to explore scalability

— (1000L, 500L, 250L, 200L, 50L)

T5-8 took ~10 minutes to calculate 1,048,051 weights

3.8% error rate on test set

GLM produced a 8.43% error rate
— not surprising since only 362 weights, compared to neural 1M+
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Face Recognition

fit <- ore.neural(is_face~.,FACES_TRAIN,
c(1000L, 500L, 250L, 200L, 50L),
activations = c("tanh","bSigmoid", "bSigmoid", "bSigmoid", "bSigmoid", "sigmoid")))

hiddenSizes

user system elapsed
3.727 0.058 593.042

. . > fit
> fitSnIterations Number of input units 361
[1] 28 Number of output units 1
> fit$nObjEvaluations Number of hidden layers 5
[1] 41 Objective value 1.083448E+00
Solution status Optimal
> fit$nThreads Hidden layer [1] number of neurons 1000, activation 'tanh'
[1] 1024 Hidden layer [2] number of neurons 500, activation 'bSigmoid'
. Hidden layer [3] number of neurons 250, activation 'bSigmoid'
> fit$nUpdates Hidden layer [4] number of neurons 200, activation 'bSigmoid'
[1] 20 Hidden layer [5] number of neurons 50, activation 'bSigmoid'
> fit$nWeights Output layer number of neurons 1, activation 'sigmoid'
[1] 1048051 Optlmlzat19n 59lver L-BFGS
Scale Hessian inverse 1
> fit$solutionStatus Number of L-BFGS updates 20

[1] "Optimal"
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Densifying Sparse Data via Hadoop
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Densifying Twitter Data

Big Data
Appliance

Oracle Database

“Sparse” social data

Tweets about “Dense”
a bank’s products predictive variables
Which customers tweeted Build predictive model
about which bank products for Lifetime Value

Which customers tweeted
about which bank products

©2014 Oracle — All Rights Reserved
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. Tweets — using format from twitteR

"text","favorited","replyToSN","created","truncated","replyToSID","id","replyToUID","statusSou

rce","screenName","retweetCount","retweeted","longitude","latitude"

"Doing a great job #SavingsAlpha #BankOfOracle #SavingsBeta",FALSE,NA,2014-01-01
00:00:00,FALSE,NA,3.430311e+17,NA,"<a href=""http://www.hootsuite.com™"
rel=""nofollow"">HootSuite</a>","MEE.COMER.CU1142",0,FALSE,NA,NA

"Where can | get #SavingsBeta #BankOfOracle",FALSE,NA,2014-01-01
03:40:28,FALSE,NA,3.430311e+17,NA,"<a href=""http://accounts.vitrue.com/™
rel=""nofollow"">Vitrue Accounts</a>","LAURINDA.ROWLAND.CU1144",0,FALSE,NA,NA

“I'm a fan of #BOOCD #SavingsBeta #SavingsAlpha",FALSE,NA,2014-01-01
07:20:57,FALSE,NA,3.430311e+17,NA,"web","ANNETT.MCMULLEN.CU1145",0,FALSE,NA,NA

"I'm a fan of #BankOfOracle #SavingsBeta #SavingsAlpha",FALSE,NA,2014-01-01
11:01:26,FALSE,NA,3.430311e+17,NA,"<a href=""http://www.tweetcaster.com™""
rel=""nofollow"">TweetCaster for Android</a>","THELMA.DELONG.CU1146",0,FALSE,NA,NA

"Where can | get #CheckingPlusPlus",FALSE,NA,2014-01-01
14:41:55,FALSE,NA,3.430311e+17,NA,"<a href=""http://www.tweetdeck.com™
rel=""nofollow"">TweetDeck</a>","CRISELDA.HAWKINS.CU1147",1,FALSE,NA,NA
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Workflow

* Load tweets into HDFS

« Convert sparse tweets into dense counts of specific hash tags using
ORAAH on BDA

* Move dense data to Oracle Database for processing with ORE
« Merge/join customer hash tag counts with customer data
 Build predictive model for lifetime value (LTV)

« Score new customers to identify likely to have high LTV

* Flag those customers who are currently at a lower LTV than
predicted
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Processed Tweets — “densified”

> head(tag_summary2)

bankoforacle boacd checkingplusplus savingsalpha savingsbeta screenname
1 3 3 1 6 2 AJA .BROOKS.CU290
2 4 0 3 1 4 ALANA .BEARD.CU12607
3 4 1 5 4 4 ALBERTO.LE.CU425
4 2 1 0 3 5 ALEIDA.RAMSEY.CU11958
5 5 0 1 1 4 ALFONSO.WOODY.CU5213
6 3 1 0 3 5 ALLEN.ELDRIDGE.CU13612

« Join with Life Time Value (LTV) data based on “screenname”
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. Load Tweets into R and HDFS

tweetsB0O.id <- hdfs.upload("/home/mh/datasets/TweetsBankOfOracle-100K. txt",
dfs.id="tweetsBOO",
header=FALSE, overwrite=TRUE, key.sep='\1",

value.sep=',') # use bogus key.sep for no key

hdfs.meta (tweetsB0OO.id, names=c("text", '"favorited", "replyToSN", "created",
"truncated", "replyToSID","id", "replyToUID",
"statusSource", "screenName" , "retweetCount",
"retweeted","longitude","latitude"))

hdfs .meta (tweetsBOO.id,pristine=TRUE)
hdfs.meta (tweetsB0OO.id, quote='"")

ORACLE

©2014 Oracle — All Rights Reserved



Specify Mapper

mapHashTags <- function (k,v) {
X <- strsplit(vStext, " ")
x <- x[x!'=""]
importantTags <- tolower (importantTags)
for(twt in 1l:length(x)) {
for(tag in x[[twt]]) {
if (substr(tag,1,1) == "#") {
taglL <- tolower (tag)
if (tagl. %$in% importantTags) ({
orch.keyval (v[twt, "screenName"] , tagL)

}}11}
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. Specify Reducer

reduceHashTags <- function (screenName, tags) ({

importantTags <- tolower (importantTags)

tags <- factor(tags$val, levels=importantTags)
tagCounts <- as.data.frame(t(as.matrix(table(tags))))
orch.keyval (screenName, tagCounts)

ORACLE

©2014 Oracle — All Rights Reserved



. Invoke MapReduce Job

importantTags <- c("#BankOfOracle", "#BOACD", "#CheckingPlusPlus",
"#SavingsAlpha", "#SavingsBeta" )

tag.summary <- hadoop.exec (tweetsB0O.id,
mapper = mapHashTags,
reducer = reduceHashTags,
export = orch.export(importantTags=importantTags),
config = new("mapred.config",
job.name = "TwitterScreenNameHashTags",
map . tasks = 100,
reduce.tasks = 50,
map.output = data.frame (key='a', val='a'),

reduce.output data. frame (key='a',BankOfOracle=0,
BOACD=0, CheckingPlusPlus=0,

SavingsAlpha=0 ,SavingsBeta=0)))

hdfs.get (tag.summary)
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Simulations
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. Simulation with ore.indexApply

simulation <- function(index, n) {

set.seed (index)

X <- rnorm(n)

res <- data.frame(t(matrix(summary(x))))

names (res) <- c("min","ql","median","mean","q3", "max")
res$id <- index

res

}
(res <- simulation(1,1000))

= (res <- simulation(1,1000))
min ql median mean g3 max id
1 -3.008 -0.6974 -0.03532 -0.01165 0.6884 3.81 1
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. Simulation with ore.indexApply

stats <- ore.pull (ore.indexApply (10, simulation, n=1000,
FUN.VALUE=res[1l,], parallel=TRUE))

Library (reshape?2)
melt.stats <- melt(stats, id.vars="id")
boxplot (value~variable, data=melt.stats,

main="Distribution of Stats - sample 1000, 10 trials")

Distribution of Stats - sample 1000, 10 trials

> stats
min ql median mean g3 max id N —
1 -3.498 -0.6556 0.022300 0.017400 0.6919 3.402 5 —_
2 -3.282 -0.7268 -0.028480 -0.041260 0.6634 2.978 & &
3 -3.056 -0.6845 0.032340 0.006397 0.6767 3.519 3 .
4 -3.008 -0.6974 -0.035320 -0.011650 0.6884 3.810 1 o 4 —— ———
5 -2.722 -0.6313 0.050140 0.062000 0.7711 3.009 2 _—
6 -3.012 -0.6774 -0.003001 0.011370 0.7275 3.541 10 w |
7 -4.919 -0.6851 -0.069410 -0.025270 0.6484 3.238 © ' _
8 -2.973 -0.6581 -0.022490 0.003048 0.6780 2.967 7 =
9 -2.840 -0.6661 -0.039790 -0.034430 0.635%0 3.174 4 ¥
10 -3.041 -0.6486 0.031070 0O.005885 0.6623 2.763 9 °

T T T T T T
min q1 median mean q3 max
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. Simulation with ore.indexApply

num. trials <- 100

for(n in 104(1:6)) {
tl <- system.time(stats <- ore.pull (ore.indexApply (num. trials,

simulation,

n=n,
FUN.VALUE=res[1l,], parallel=TRUE))) [3]
cat("n=",n,", time=",tl,"\n")
melt.stats <- melt(stats, id.vars="id")
boxplot (value~variable, data=melt.stats,
main=paste ("Distribution of Stats - sample",n,",",
num. trials, "trials"))

gc ()
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. Plot Results

Distribution of Stats - sample 10, 100 trials

Distribution of Stats - sample 100, 100 trials

Distribution of Stats - sample 1000, 100 trials
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T T T T T T
min q1 median mean g3 max

Distribution of Stats - sample 1e+06 , 100 trials
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. Simulation with ore.indexApply - igraph

library (igraph)
simulation <- function(index, n, p.or.m) {
library (igraph)
set.seed (index)
g <- erdos.renyi.game(n, p.or.m)
max.clique.size <- clique.number (g)
res <- data.frame(id = index, max clique size=max.clique.size)
res

}
(res <- simulation(1l, 100, 0.3))

= (res <- simulation(l, 100, 0.3))
id max_clique_size
1 1 6
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Simulation with ore.indexApply - igraph

n <- 300
p-or.m <- 0.35
num. trials <- 200

stats <- ore.pull (ore.indexApply (num.trials, simulation,
n=n, p.or.m=p.or.m,
FUN.VALUE=res|[1,],
parallel=TRUE) )

hist(statsSmax clique size,
main=paste ("Distribution of Stats -",
n,"vertices at ",p.or.m,",",

num. trials,"trials"))
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Distribution of Stats - 300 vertices at 0.35, 200 trials

150
|

B> system,timel
+ ztats <- ore,pulliore,indexfpplylnum,trials, simulation, n=n, p.or.m=p.or.m,

100
I

+ FUMWALUE=re=[1,], parallel=TRUE}) §
+ 03] :
elapzed | 2
169,278 S {—w
Distribution of Stats - 300 vertices at 0.35, 1000 trials
B> n <- 300 o
B> poor.m < 0,35 I

B num, trials <— 1000

R sustem,timel

+ atatz <- ore,pulllore,indexfpplylrum,trials, simulation, n=n. p.or.m=p.or.m,

+ FUM.YALUE=re=[1.], parallel=TRUE}) 7
+ 3[3]
elapsed
34,897

600
|

400 —

200

1
ao 85 8.0 a5 100

stats$max_clique_size
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Demonstration
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Resources

« Book: Using R to Unlock the Value of Big Data

* Blog: https://blogs.oracle.com/R/

e Forum: https://forums.

oracle.com/forums/forum.jspa?forum|iD=1397

* Oracle R Distributio
* ROracle

Oracle R Enterprise
* Oracle R Advanced
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http://www.amazon.com/Using-Unlock-Value-Big-Data/dp/0071824383
https://blogs.oracle.com/R/
https://forums.oracle.com/forums/forum.jspa?forumID=1397
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