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Machine Learning



Data Science and Machine Learning HITACHI

What?

“Data mining, an interdisciplinary subfield of computer science, is the
computational process of automatic discovering interesting and useful
patterns in large data sets”

Other Related Technologies:

Artificial

= \/isualization
L] Big Data Statistics Databases

= High Performance Computing

= Cloud Computing
Machine Other
= QOthers.. Learning Technologies




Data Science and Machine Learning

Why?

The objective of data
science is to provide you

with actionable insights to
support decision making....

W ¥

Vision Analytics

Advertising
analysis

Social network
analysis

Weather
forecasting for
business planning

Pricing analysis
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Recommendation
engines

diSEOVery and
document Predictive
archiving Maintenance

Fraud Personalized
detection Insurance



Data Science and Machine Learning HITACHI

How?

Classification Learning Time Series Analysis

Build a model that can predict the target class Analysis of temporal data to forecast
of an input case future values

Regression Modeling Probabilistic Modeling

_ _ Compute the probability of an event to occur
Build a model that can estimate the response given a set of conditions

value given an input case

Similarity Analysis

Identify similar cases to a given input case
based on the input features

Association Rule Discovery .. .o . w0 . men s

ELSE IF .. AND .. THEN C

Extract frequent patterns present FLSE R oo AND < THEN 8

in the data -
ELSE C
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From Experimental Data Science to
Operational Machine Learning



Data Science Activities lﬂﬁlﬁ?ﬂh

Exploratory Data Analysis

Experimentation vs. Operationalization

Q

Data Analysis & Experimentation

Collect Data

= |nteractive

Blend

= Easy to perform

Prepare

= Rich Visualizations

Learning
Dataset

()
N
©

S
2
>

ML Experiment

Algorithm Selection II|-| I.

Parameter Tuning

Report of Visuals &
Findings

-e

Decision!
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Experimentation vs. Operationalization & Batch
Operathna| ML PIpE“ﬂES Automated ML Pipeﬁne @
» Pipelined (ETL Integration)

Data Ingestion Prolgg;iing Model Training Scoring

= Scalable
= Apps Integration

Aojdag

Model
Web APIs
Online Apps
| —ox]

Real-time
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Microsoft Advanced Analytics
Technologies
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Microsoft Advanced Analytics

Cortana Intelligence Suite

https://gallery.cortanaintelligence.com/
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Information Big Data Stores Machine Learning Intelligence
Data Management and Analytics Oo people
Sources DD
— Machine Cognitive
h Data Factory i ez S & Learning @ Services
1N fed  SQL Data Data Lake < > Bot r ------ Web -----
ﬂ Data Catalog st Warehouse Analytics 57 Framework @

Bn Apps

53

Event Hubs

HDInsight

_w# (Hadoop and

o Cortana

—— [] Mobie

Spark) Apps
*-"J”“‘a Stream Analytics Bots
Dashboards & [
Visualizations
Sensors
Automated
& ggﬂices .IEI. Power Bl @ Systems
N M N .
Data > Intelligence > Action
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Microsoft Advanced Analytics

Data Science, Machine Learning, & Intelligence

Azure Machine Microsoft R Server — SQL

Server R Services
oof ¢

Learning

Data Mining — SQL Server
Analysis Services -

N
N

Cognitive Features — Azure Azure Cognitive
Data Lake Analytics Services

Microsoft Bot Framework

HITACHI
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Microsoft Azure Machine Learning
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Azure Machine Learning A HITACHI

MS Cloud-native Data Science

» Cloud-based Machine Learning Services
= |nteractive Data Science Studio Limitations

= Rich built-in functionality = Only Cloud-based (Data Regulations)

= Imports data from everywhere = Scalability — Maximum dataset size = 10GB
» Easyto develop and productionize — Web Services = Microsoft R Open is not supported, yet

= Extensible via R and Python scripts = No Source Control

Retrain Model

Azure Machine
Learning
Web Services

Build and deploy a
models in the cloud @

Batch Scoring

Import Data

Result

i .t@




Azure Machine Learning A lﬂgl%?ﬂlt

Real-time Predictions

Azure ML Web

Service
1

Receive
Output

Send
Input

——————p
¢ ——————

Send Results

Send data points ~ |—y Consume messages (Input, Output)
eeees) ="s @ —
el

Event Hub Stream Analytics

Power Bl
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Built-in Features

16

Saved Datasets

Data Format Conversions

Data Input and Qutput
Data Transformation
Feature Selection

Machine Learning

OpenCV Library Modules

Python Language Modules

R Language Modules
Statistical Functions
Text Analytics

Web Service

Deprecated

Pl & Data Format Conversions
Convert to ARFF
Convert to CSV
Convert to Dataset
Convert to SVMLight
Convert to TSV

] a; Data Input and Output
Enter Data Manually
Export Data
Import Data

Unpack Zipped Datasats

H .
4 Smm Data Transformation

Filter

Learning with Counts
Manipulation
Sample and Split

Scale and Reduce

4 Filter
Apply Filter
FIR Filter
IIR Filter
Median Filter
Moving Average Filter
Threshold Filter

User Defined Filter

4  Manipulation

Add Columns

Add Rows

Apply SQL Transformat...

Clean Missing Data
Convert to Indicator Va..
Edit Metadata

Group Categorical Valu..
Join Data

Remove Duplicate Rows

Select Columns in Data..

Select Columns Transfo..

SMOCTE

4 z"| Statistical Functions
Apply Math Operation
Compute Elementary Statist...
Compute Linear Correlation
Evaluate Probability Function
Replace Discrete Values
Summarize Data

Test Hypothesis using t-Test

4 5=

rl '?-,r] Python Language Modules
Execute Python Script

4 € RLlanguage Modules
Create R Model

Execute R Script

Text Analytics
Feature Hashing

Mamed Entity Recognition

Score Vowpal Wabbit Versio..
Score Vowpal Wabbit Versio..
Score Vowpal Wabbit Versio..
Train Vowpal Wabbit Versio...
Train Vowpal Wabbit Versio...

Train Vowpal Wabbit Versio...

4 p Feature Selection
Filter Based Feature Selectio..
Fisher Linear Discriminant A...

Permutation Feature Import...

4  Sample and Split

Partition and Sample

Split Data

4 5Scale and Reduce

Clip Values
Group Data into Bins
Mormalize Data

Principal Component A..

4 @ Machine Learning
4 Evaluate
Cross Validate Model
Evaluate Model
Evaluate Recommend...
4 Initialize Model
Anomaly Detection
Classification
Clustering
Regression

4 Score
Apply Transformation
Assign Data to Clusters
Score Matchbox Reco...
Score Model

4 Train
Sweep Clustering
Train Anomaly Detect...
Train Clustering Model
Train Matchbox Reco...
Train Model

Tune Model Hyperpa...
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Azure Machine Learning A

Algorithms Cheat Sheet

ANO DETECTION STERING MULTI-

17

One-class SVM

>100 features,
-—
aggressive boundary

PCA-based anomaly detection +—Fast training

REGRESSION

Ordinal regression

Poisson regression

Fast forest quantile regression

Linear regression

Bayesian linear regression

Neural network regression

Decision forest regression

Boosted decision tree regression

»— Data in rank

»— Predicting event counts

*——— Predicting a distribution

=— Fast training, linear model

+——Linear model, small data sets.

+—Accuracy, long training time

K-means

Two-class SVM

Two-class averaged perceptron «—

Two-class logistic regression

Twao-class Bayes point machine «—

Fast training, linear model ——= Multiclass logistic regression

Accuracy, long training times —— Multiclass neural network

Multiclass decision forest

all memory footprint—e Multiclass decision jungle

Depends on the two-class

i e o —= One-v-all multiclass
classifier, see notes below

IFICATION

—= Two-class decision forest

._:»10[! features,
linear model

= Two-class boosted decision tree

Fast training,
linear model Accuracy,
small memory —= Two-class decision jungle
footprint
Fast training,

linear model -~
00 features —s Two-class locally deep SVM

Fast training,

linear model Accuracy, long

T T Two-class neural network
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ML Studio

m PROJECTS

E EXPERIMENTS
@ WEB SERVICES

:; NOTEBOOKS

g DATASETS
"]
f' TRAINED MODELS

a SETTINGS

Projects srevew

NAME

prg-sqlbitsdemos

AUTHOR

Khalid Salama

CONTENTS

42 @ &

HITACHI
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i;i reg-sample-data.csv
L]

[ ﬁ sqlbits-RegModel

)

—

[ Score Model v J

sion

[ Model

% reg-sample-data.csy

¢

B SoltData
v
v
\
Score Model o

@ Evaluate Model

@ Bayesian Linear Regression

=

[Z] Train Moge!

2<

@ Score Model L'

i

v

v

© Hitachi Consulting Corporation 2017. All rights reserved.
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Webh Service

Web service consumption options

~
Excel 2013 o later Excel 2010 or earfier
Sample Code 5
Basic consumption info
Want to see how to consume this information? Check out this easy tutorial.
Request-Response Batch

Primary Key  hvNUKjLjUsd5sP+8P6vxwvQSlhcnpaY3MeploiicQQWI/AyDABAUZ35THUiOdgbRgn6C2UKXiAmAbj/Rd

C# Python Python 3+ R

Secondary Key  2PTjNK4unpg8zovCibOPfTsh4ZqKWmkLiX+UK8pWIGbrwyqR+NO7kzqdnzKfvOPgBLIRf/dQQEXq/xC]
/] This code requires the Nuget package Microsoft.Asplet.WebApi.Client to be installed.
// Instructions for doing this in Visual Studio:

/] Tools -> Nuget Package Manager -> Package Manager Console o

_ i A quest-| https; ervices.azureml.net/subscriptions/030b516729344453b3238d28287ae375/servi
/] Install-Package Microsoft.AspNet.Webfpi.Client fc/executeZapi-version=2.0&format=swagger

using System; Documentation

using System.Collections.Generic;
Batch Requests  https:/europewest.services.azureml.net/subscriptions/030b516729344453b3238d28287ae375/servi

i System.I0;
using System.IO; fc/jobs?api-version=2.0

using System.MNet.Http;

using System.Met Http.Formatting;
using System.Met.Http.Headers;

using System.Text; Request-Response Batch
using System.Threading.Tasks;
v inputl g [ v outputl
namespace CallRequestResponseService
{
class Program a
& input 9
{ input 9
static void Main(string[] args)
{ output 1
InvokeRequestResponseService() . Wait(); output 1

Scored Labels 11.7567170744107




Azure Machine Learning A I,E'J;E‘??,?ﬂ!t

Stream Analytics Integration N
(W s fnciors | N

i sa02-sqlbits-estimation - Functions

Analytics job

L Search (Ctrl+/) + Add
% Overview - NAME PARAMETERS OUTPUT TYPE FUNCTION TYPE
ﬁ\ Activity log aml-EstimateOutput 2 record Azure ML

sa02-sqglbits-estimation

;ﬁ Access control (IAM)

& Tags
Hf-— Q! Discard 'E'Teﬂ
3( Diagnose and solve problems
- 5 Inputs (1) Need help with your query? Check out some of the most common Stream Analytics
SETTINGS o
: input-eventhub-regdata sen 1 with estimation
& locks 2 AS
3 (
JOB TOPOLOGY - Outputs (2) 4
. 5 SELECT
= Inputs {al) output-powerbi 6 input,
Functions . astimation 7 [aml-EstimateQutput](Input,@) as result
8 FROM
> Query 9 [input-eventhub-regdata]
16 )
11
12 SELECT
13 Input,
14 CAST(result. [Scored Labels] AS float) AS Output
15 INTO
16 [output-powerbi]
17 FROM
18 estimation
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AzureML R Library

library(AzureML)
ws <- workspace(id = "1f2bS6bcf5fed4f3foci2eed3?7
auth = "VsvDbAo+nhoBzPxphaoZZfdyY57T6QHDpdyM4P 7l

api_endpoint = "https://eurcpewest.studio.azurel
management_endpoint = "https://eurcopewest.manag

head(experiments(ws))

data_file = "C:/Master/data.csv"
data = read.csv(data_file, header = TRUE)
model = lm(output ~ input, data = data)

test = data.frame(input = c(1, 10, 1€0))
predict(model, test)

predictOutput = function(input) {

data = data.frame(c(input))
colnames(data) = c("input")
output = predict(model, data)
return(output)

HITACHI
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api <- publishWebService(ws, fun
inputSchema
outputSchema

predictOutput, name = "aml-predictOutput”,

list(output = "numeric"
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Microsoft R Server
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R in Microsoft World

Microsoft R Open (MRO)

» Based on latest Open Source R (3.2.2.) - Built, tested, and distributed by Microsoft

» More efficient and multi-threaded computation

» Enhanced by Intel Math Kernel Library (MKL) to speed up linear algebra functions
» Compatible with all R-related software

Qzl/c')LUﬂON
ANALYTICS

Microsoft Completes Acquisition of

Revolution Analytics

MICROSOFT BLOG REVOLUTIONS BLOG '
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Comparison
CRAN MRO MRS
In-memory In-memory In-memory & disk

Efficiency Single threaded Multi-threaded Multi-threaded, parallel
processing 1:N servers
Support Community Community Community + Commercial

Functionality 7500+ innovative analytic 7500+ innovative analytic 7500+ innovative packages +
packages packages commercial parallel high-
speed functions

Licence Open Source Open Source Commercial license.
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Microsoft R Server lﬂﬂﬁgﬂh

4 W »

Components and Compute Contexts

MS R Client

e o) Microsoft R Server ‘ Spq ‘f”(\z
— < ErEED

Microsoft
SQLServer I

ScaleR

= |nstalled on Windows or Linux

= ScaleR - Optimized for parallel execution on ConnectR

Big Data, to eliminate memory limitations.

= ConnectR — Provides access to local file DistributedR

systems, hdfs, hive, sqglserver, Teradata, etc.

CRAN & MS R Open

MicrosoftML-Package

= DistributeR - Adaptable parallel execution
framework to enable running on different

(distributed) compute contexts. Operationalization
(msrdeploy)

Different Compute Contexts

» Operationalization (msrdeploy) — Deploy
the model as a Web API.

) TR ADATA E



https://msdn.microsoft.com/en-us/microsoft-r/microsoftml-introduction
https://msdn.microsoft.com/en-us/microsoft-r/operationalize/about

Microsoft R Server

HITACHI
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Microsoft R Server — ScaleR Example

Check Environment

- Load XDF
Revo.version titanic_xdf = "data/titanic.xdf"
Revo.home() rxImport(titanic_csv, titanic_xdf, colClasses = col_classes, overwrite = TRUE)
rxGetComputeContext() titanic_xdata <- RxXdfData(titanic_xdf)
#rxSetComputeContext() rxGetInfo(titanic_xdata, getVarInfo = TRUE, numRows = 1”
rxSummary( ~ Survived, titanic_xdata)

Prepare Data — Process XDF

rxDataStep(titanic_xdata, titanic_xdata,

transforms = list(
Survived = factor(Survived, levels = @:1, labels = c('No', 'Yes')),
FareToAgeRatio = Fare/Age Build Predictive Model
)5
overwrite = TRUE) rx_decision_tree <- rxDTree(Survived ~ Age + Sex + Fare + Pclass,
data = titanic_xdata, pruneCp = "auto",
prepare_data <- function(data) { reportProgress = @)
age_mean = mean(data$Age, na.rm = TRUE)
data$Age[is.na(data$Age)] <- age_mean
return(data)
I}
Perform Prediction
rxDatastep(titanic_xdata, titanic_xdata, test_data = data.frame(Age = c(30,28), Sex = c("male","female"))
transformFunc = prepare_data, predictions = rxPredict(rx_decision_tree, test_data)
overwrite = TRUE)

head(predictions)
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Microsoft R Server

Microsoft R Server — ScaleR Functionality

Data Preparation

Data import — Delimited, Fixed, SAS, SPSS,
OBDC

Variable creation & transformation
Recode variables

Factor variables

Missing value handling

Sort, Merge, Split

Aggregate by category (means, sums)

Descriptive Statistics

Min / Max, Mean, Median (approx.)
Quantiles (approx.)

Standard Deviation

Variance

Correlation

Covariance

Sum of Squares (cross product matrix for set
variables)

Pairwise Cross tabs

Risk Ratio & Odds Ratio

Cross-Tabulation of Data (standard tables & long
form)

Marginal Summaries of Cross Tabulations

Statistical Tests

Chi Square Test

Kendall Rank Correlation
Fisher’s Exact Test
Student’s t-Test

Sampling
Subsample (observations & variables)
Random Sampling

Predictive Models

Sum of Squares (cross product matrix for set
variables)

Multiple Linear Regression

Generalized Linear Models (GLM) exponential
family distributions: binomial, Gaussian, inverse
Gaussian, Poisson, Tweedie. Standard link
functions: cauchit, identity, log, logit, probit. User
defined distributions & link functions.
Covariance & Correlation Matrices

Logistic Regression

Classification & Regression Trees
Predictions/scoring for models

Residuals for all models

HITACHI
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Variable Selection

. Stepwise Regression

Simulation

Simulation (e.g. Monte Carlo)
Parallel Random Number Generation

Cluster Analysis

K-Means

Classification

@c

Decision Trees

Decision Forests

Gradient Boosted Decision Trees
Naive Bayes

ombination

rxDataStep
rxExec
PEMA-R API Custom Algorithms
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SQL Server (in-database)
R Services



SQL Server R Services & et
&

In-database Analytics \lﬁth e T

» R Services (in-database) — Keep your analytics close to the data 2016

= T-SQL Script — Can be encapsulated in Stored Procedures

= Models are built, trained, saved as part of the ETL process (SSIS) Limitations

= Used for batch prediction (as part of the ETL process) »= Not supported in Azure SQL DB/DW, yet
» Visual Studio SQL Database Project, Source Controlled, etc. » Not suitable for Interactive Data Science
= Uses Microsoft ScaleR libraries * Only R, no python, yet.

Data Sources

Microsoft
Y F SQL Server Process Train R ‘ Serialize ‘ Maintain
— — Rl Data Model Store Models Models Training Pipeline

D EXECUTE sp_execute_external script

Process Perform Prediction Pipeline

I'.‘

ETL Using SSIS
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SQL Server R Services

T-SQL Script

Build and Save Model

DECLARE @model varbinary(max);

EXEC sp_execute_external_script
@language = N'R’

-- Begin Learn Model Script
.@script =

model <- 1m(Output ~ Input, data = inputData);
print(summary(model))
modelbin <- serialize(model, NULL);

-- End Learn Model Script

, @input_data_1 =
N
SELECT
Input,
Output
FROM
demo.Data;

, @input_data_1_name = N'inputData’
. @modelbin = @model OUTPUT;

INSERT INTO demo.Models kName,Hodel,MadifiedDate}
SELECT ‘regModel-demo-v2',@model,GETDATE()

<2éil;

Configure

HITACHI

Inspire the

Exec sp_configure
Reconfigure with override;

‘external scripts enabled’, 1

Model Summary

0% ~
[ Resuts 3 Messages
STDOUT message(s) from external script:

Call:
lm(formula = Output ~ Input, data = inputData

Residuals:

Min 1Q Median 30 Max
-56.193 -13.545 -1.576 10.008 62.790
Coefficients:

Estimate Std. Error t value Pr(>ltl)

(Intercept) -1.0852 5.8035 -0.187 0.852
Input 1.9662 0.1105 17.794 <2e-16 ***
Signif. codes: 0 "***' 0.001 *#*#' 0.01 '*' 0.05 '.' 0.1 "' ' 1

Residual standard error: 20.82 on 48 degrees of freedom
Multiple R-squared: 0.8684, Adjusted R-squared: 0.8656
F-statistic: 316.6 on 1 and 48 DF, p-value: < 2.2e-16

, @params = N'@modelbin varbinary(max) OUTPUT’

Prediction Output

W% -

:;a Resutts E;: Messages
Input  Output

1

Prediction

Next

DECLARE @input_in FLOAT - 20;]
DECLARE @model_in VARBINARY(MAX);

SELECT
FROM
WHERE

@model_in = Model
demo.Models

EXEC sp_execute_external_script
@language = N'R’"

-- Begin Predict
,@script =

N’
mod <- unserialize(as.raw(model));
output <- predict(mod, InputDataSet);

InputDataSet$output = output
data_output = InputDataSet

print(data_output)
-- End Predict

,@input_data_1 = N'SELECT @Input AS Input;’
,@output_data_1_name = N'data_output’
,@params = N'@model varbinary(max),
@input float'
,@model = @model_in
,@input = @input_in
WITH RESULT SETS (([Input] FLOAT, [Output] FLOAT));

ModifiedDate IN (Select MAX(ModifiedDate) FROM demo.Models);

© Hitachi Consulting Corporation 2017. All rights

reserved.
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Microsoft Analysis Services
Data Mining



SQL Server Analysis Services / \ HpAcHL

Data Mining % %Qlf: Server

» Process data from many OLEDB and ODBC data sources 2016

= Easy to build, interpret, deploy, and productionize Limitations

= SSIS Support — Tasks to Train & Predict * Limited Extensibility

» Interactive Visuals for model interpretation = Limited Algorithms & Functionalities

= Excel Integration — Data Mining Add-in " NoAzure PaaS Service

Azure SQL DW/DB SQL Server Online Apps

Analysis Services
Build Model DMX Query

@—

f Y
Batch Scoring m @ Retrain Model

Explore/Interpret Model
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Overview % %Qlf: Server
2016

v

Data Source View

=  Decision Tress
= Naive-Bayes

» Linear Regression

=  Neural Networks

Mining Algorithm Mining Model

= Association Rules

= Clustering
= Sequence Clustering

= Time Series
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Visualizing Models

HITACHI
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‘fﬁ §Qsolf: Server

2016
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Excel Data Mining Add-in

HITACHI
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nalysis Services ]\

% §Qf Server

2016

H 9- @ &- w &= [0 8 5 = JAULAS  DATA  REVIEW  VIEW  POWERPIV
HOME INSERT PAGE LAYOUT DATA REVIEW VIEW DATA MINING é VZT -_—# ,ﬂgl

i T '-
@ ﬁ ﬂ% % E—' '%@ rﬁ .# "% -orecast Advanced Accuracy Classification Profit  Cre
— - Chart Matrix  Chart Valic

Explore Clean Sample

Classify Estimate Cluster Associ

e Forecast A

vanced | Accuracy Classification Profit  Cross -

. N = Yation
Data Data~ Data = Chart Matrix Chart Validation — ﬂ Create Mining Structure
Data Preparation Data Modeling Accuracy and Validation =
2:00:00 | @ Add Model to Structure
83 ®- ' Al o b E ¥EB O s O & -
| o7 - » oW &
|
[ 4 A | 8 e ;] O S 6 H [ G i
i1 Key Influencers Report for "Purchased Bike'
{21
2 Key Influgncers and their impact over the values of ‘Purchased Bike' Discrimination between factors leading to "No' and 'Yes'
4 |Filter by "Column® or "Favors' to see how various columns influence 'Purchased Bike'  Filter by ‘Column’ to see how different values favor 'No' or Yes'
N column Bl value Bravors Bl Relative impact column Bl value B Favors wo Bl Favors es a
| & Cars 2 No f Cars. '!
| 7 [Marital Status. Married No E Cars 0 B
I‘- & Region North America No E Marital $tatus Married [ 3
1 9 |Cars o Yes W Marital Status Single E
| 10 Marital Status. Single Yes E Cars. 1 | 4
;' 11 | Cars 1 Yes E Region Pacific E
| 12 Region Pacific Yes E Region North America ||
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Azure Cognitive Services

Ready-to-use Intelligence

Language Speech .
guag P Vision
Allow your apps to process natural language, evaluate sentiment and topics, and Processing spoken language in your applications State-of-the-art image processing algorithms to build more personalised apps
learn how to recognise what users want. by returning smart insights such as faces, images and emotion recognition.
Bing Speech API .
Language Understanding Intelligent Service O . o
anguag ding 9 Convert speech to text and back again to understand user O

Detect, analyse, organise and tag faces in photos
Teach your apps to understand commands from your users intent

: Emotion API
9 Text Ana ';.-TICS AP @ Spec Ker Re[ngtiCﬂ API Personalise user experiences with emotion recognition
Easily evaluate sentiment and topics to understand what users Use speech to identify and authenticate individual speakers

want
Search

, Web Language Model API Make your apps, web pages and other experiences smarter and more engaging

Use the power of predictive language models trained on web- with the Bing Search APIs.

scale data

Bing Search APIs Knowledge

3mq Spell Check API Search, image, video and news APIs for your apps Map complex information and data in order to solve tasks such as intelligent
9 - recommendations and semantic search.

Detecting and correcting spelling mistakes in your app

Bing Autosug

API Recommendations AP
Give your app intelligent autosuggest options for searches Predict and recommend items that your customers want
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Azure Cognitive Services

Setup a Cognitive Services API

& Cognitive Services APls (preview)

Cognitive Services is currently in preview. * Account name

Cognitive Services is a collection of APIs that enable natural and contextual interaction with tools Enter a name for your AP account
that augment users’ experiences via the power of machine learnt models from Microsoft.

https://www.microsoft.com/cognitive-services/

* Subscription
With Cognitive Services you can tap into an ever-growing collection of powerful Al algorithms

developed by experts in their fields-APls including Academic Knowledge, Bing Autosuggest, Bing
Search, Bing Speech, Bing Spell Check, Computer Vision, Content Moderator, Emotion, Face,

Language Understanding Intelligent Service(LUIS), Recommendations, Speaker Recagnition, Text
Analytics, Translator Speech, Translator Text, and Web Language Model APls. They simplify a variety ‘ 156'54’1'/? by Api text. A
of Al-based tasks, giving you a quick way to extract insights from data.

Visual Studio Premium with MSDN v

* APl type 8 Microsoft R vy occount O
Cogpnitive Services

Home APls v Apps Docs + Help v Pricing

Academic Knowledge AP (preview)

These APls integrate into whatever language and platform you prefer. The APls are constantly | Bing Autosuggest API
improving, learning, and getting smarter, so experiences are always up to date. Bing Search APls

oan | Bing Speech API Cognitive Services APIs

Bing Spell Check API Tap into the p of machine learning with easy-to-use REST APIs
PUBLISHER Microsoft

Get started for free

Computer Vision AP| (preview)
Content Moderator (preview)
More about Microsoft
ocumentation

Custom speech service (Preview)

Emotion API (preview)

USEFUL LINKS . Face API (preview)
Su
F'ret- Language Understanding Intelligent Service (LUIS) (preview)

Recommendations API (preview)

Put intelligence APIs to work

Speaker Recognition API (preview)
Microsoft Cognitive Services let you build apps with powerful algorithms using just a few lines of code.
Text Analytics API (preview) ™ ~+4- ==-~s5 devices and platforms such as iOS, Android, and Windows, keep improving, and are
Translator Speech APl

Translator Text API

Web Language Model AP (preview)
:



https://www.microsoft.com/cognitive-services/
https://www.microsoft.com/cognitive-services/
https://www.microsoft.com/cognitive-services/
https://www.microsoft.com/cognitive-services/
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Azure Data Lake Analytics HITACHI

Inspire the Next

Cognitive Features &
* Pre-built intelligence — Text & Image Analysis

» Integrated with your data processing pipelines (DLA)

» Used for batch recognition (not singleton real-time)

» Scheduled & Automated using Azure Data Factory Limitations
= R & Python Extensions! » Limited Features
= Scalable — Suitable for Big Data = Not suitable for real-time scoring
Data Processing & Patten
Recognition
Source Data
(Text, Images, etc.) Enterprise Data Warehouse
@ m» ' 4T
Data Lake
@ Analytics Jobs
Azure SQL DW

Data Lake Store I Data Lake Store

Azure Data Factory


https://docs.microsoft.com/en-us/azure/data-lake-analytics/data-lake-analytics-u-sql-python-extensions

Azure Data Lake Analytics

First-time Installation

Sample Scripts

* Copy Sample Data

=** More

= New Job Sample Scripts | [2) Data Explorer @ Delete  afw View All Jobs
— Sample Data Missing
ssentials A .
Click here to copy sample data
Resource group (¢ Pricing tier
kspocs-rg Consumption
Status Default Data Lake Store
Running kspocs e Copying U-SQL extensions files ...
Location Learn
Central US Explore
Subscription name (change) Getting Started
Visual Studio Premium with MSDN Explore int
Subscription 1D X
030b5167-2934-4453-b323-8d28287ae375 B Query a TSV file
Manage
View Job Data Sources E Create Database and Table
Enterjob url P 15,
- m kspocs (defaul 9
Populate Table
Add User Wizard & P
JO° Query Table
STATUS JOB NAME AUS LANGUAGE DURATION
@ Preparing Install U-SQL Extensions - RegisterAll.usql 1(0.4%) U-saL Just Now
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Data Explorer

-

Storage accounts

» kspocs (default)

Catalog

w (%) kspocs

» |l demo
~ W master
» Tables
» Views
» Table Valued Functions
» Procedures
~ Assemblies
[T ExtPython
R ExtR
[T FaceSdk

[ ImageCommon
[ ImageEmotion
[ ImageOcr

5 ImageTagging
[ TextCommon
[ TextKeyPhrase
[ TextSentiment

HITACHI
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Y Filter [ New Folder

kspocs P

NAME
catalog
contoso
demo-data
Qutputs
resources
sqlbits
stream-data
system

usqlext
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Azure Data Lake Analytics

U-SQL Script

’ Submit Job @ Data Explorer * Open File ! Save As

* Job Name @ Priority @ AUs @ Estimated Cost @
dla-reviews-sentiment vy 1000 |:| 1 0.03 USD/minute

REFERENCE ASSEMBLY [TextCommon];
REFERENCE ASSEMBLY [TextSentiment];
REFERENCE ASSEMBLY [TextKeyPhrase];

DECLARE @input_file string = "sqlbits/input-data/book-reviews-sample.csv";
DECLARE @output file string = "sqlbits/output-results/reviews-sentiment.tsv";

@input_data =
EXTRACT Score decimal,
10 Text string
11 FROM @input_file
12 USING Extractors.Csv();

0NNk W N e

14 (sentiment =

15 PROCESS @input_data

16 PRODUCE Score,

17 Text,

18 Sentiment string,

19 Conf double

20 READONLY Score,

21 Text

22 USING new Cognition.Text.SentimentAnalyzer(true);

25 OUTPUT @sentiment

HITACHI

Inspire the Next
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Azure Data Lake Analytics

Execution & Output

dla-reviews-sentiment

’ Resubmit O Refresh |:'|--I Duplicate Script

O c

Job Summary
Preparing Queued Running Finalizing
o o o
28s 18s 2min 5s
Succeeded
Duration 2min 51s
Author the_flame_head@hotmail.com

3/23/2017, 2:34:13 PM

' Show more...

Input | Output

NAME

|:| book-reviews-sample.csv

3.12MB

o

E Progress

V}D

book-reviews-sample.csv

\‘/

SV1 Extract
v +]R: 3,12 MB
5 w:3.27 M8

V2 PodAggregate
i 1 vertex S]R:3.27 MB
= w: 3.28 MB
5000 rows

'
reviews-sentiment.tsv

0 0s

HITACHI
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it is very well written. It covers a topic th...

vorites; that's not something | can say ab...

ault in our stars is that our sun contains ...

t defies its genre in all the best ways pos...

anger among the Nerdfighter community...

asochistic things that you will ever do. Thi...

begin with the author's assurance of bein...

is one. | wanted very much to like it and f..

for several months. | was vaguely aware ...

her and YA lit lover, so | was expecting gr...

a negative review of this book as | am ve...

ttention because it felt like it was in the sa..

ad it 2.5 times since then. Every time | rea...

Negative

Positive

Negative

Positive

Negative

Negative

Positive

Negative

Negative

Positive

Negative

Positive

Positive

-0.588958059409439...

0.611546231721756

-0.533393141312441...

0.560975730692288

-0.557053135439017...

-0.5218289524489319

0.53763207041451855

-0.537612193725128...

-0.589140697376104...

0.51583341165808971

-0.639900366695452...

0.517728929394922

0.52928033676817154
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Spark ML on HDInsight



Spark ML on HDInsight ¢ HpAcHL

Scalable ML for Big Data
* Rich Spark ML Libraries SpQ

= Scalable, distributed, in-memory

K

= Extensible — Python, R, Java, Scala

Perform Predictions

= Suitable for Big Data - Batch Model Training and Scoring Limitations
= Spark Streaming for Real-time predictions = Expensive to keep it up & running
= Scheduled & Automated Using Azure Data Factory =  Slow to spin-up
e Enterprise Data Warehouse
ﬁ S
':l = Process Data SQL
— = Build Model
= Save Model
J\: = Load Model Azure SQL DW

Spark

- . Save Results
I HDInsight

Azure Data Factory
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Spark ML on HDInsight @ HITACHI

Spark ML Pipelines

Spark ML standardizes APIs for machine learning algorithms to make it easier to combine Spo
multiple task into a single pipeline, or workflow.

» Transformers — used for data pre-processing. Input: DataFrame - Output:DataFrame
= Estimators — ML algorithm used to build a predictive model. Input: DataFrame - Output: Model.
» Parameters — Configurations for Transformers and Estimators

» Pipeline — Chains Transformers and Estimators

ML Pipeline
Dataset Transformer A - Transformer Z (Sf“LmatF’r Model
(DataFrame) (pre-processing) (pre-processing) SER Evaluation

Algorithm)

Parameters




Spark ML on HDInsight ¥ HpAcHL

Spark ML Functionality

Spark:

Text Feature Extraction Feature Type Conversion Classification
= TF-IDF (HashingTF and IDF) = Binarizer = Decision Trees — Ensembles
= Word2Vec = Discrete Cosine Transform (DCT) = Naive-Bayes
= CountVectorizer = OneHotEncoder = SVM
=  Tokenizer = Bucketizer Regression
= StopWordsRemover = QuantileDiscretizer = Linear Regression
= n-gram Feature Scaling = SVM
Feature Selection = Normalizer
= VectorSlicer = StandardScaler Other (Unsupervised)
= RFormula = MinMaxScaler
= ChiSqgSelector Feature Construction = Clustering
Dimensionality Reduction = SQLTransformer * Collaborative Fllterl_ng
. = Frequent Pattern Mining
= PCA = ElementwiseProduct
Features Vector Preparation = PolynomialExpansion

= VectorAssembler
= Vectorindexer
= StringIndexer
= IndexToString
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Spark ML on HDInsight @

HITACHI
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Spark ML - Example

from pyspark import SparkContext

from pyspark.sgl import SQLContext

from pyspark.sqgl.types import *

from pyspark.ml impert Pipeline

from pyspark.ml.classification import DecisionTreeclassifier

from pyspark.ml.feature import StringIndexer, VectorIndexer

from pyspark.ml.evaluation import MulticlassClassificationEvaluator

# Set up spark and sgl contexts
sparkContext = SparkContext('spark://headnodehost:7
sglContext = SQLContext (sparkContext)

, 'pyspark')

data_path = "adls:///ml data/sample data.txt"

# Load the data stored in adls as RDD.
data_text = sc.textFile(data path)

# parse data
data_parsed = data_text.map(lambda line: line.split('!')).filter(lambda row: row[0] =!

data_frame = sglContext.CreateDataFrame(data_parsed,[])

# Index labels, adding metadata to the label column.
labelIndexer = StringIndexer (inputCol="lzbel", outputCol="indexedLabel").fit(data_frame)

# RAutomatically identify categorical features, and index them.
featureIndexer = VectorIndexer (inputCol="features", outputCol

# Split the data into training and test sets (30% held out for testing)
(trainingData, testData) = data_frame.randomsplit([0.7, 0.31)

# Train a DecisionTree model.
dt = DecisionTreeClassifier(labelCol="

indexedLabel", featuresCol="indexedFeatures")

# Chain indexers and tree in a Pipeline
pipeline = Pipeline(stages=[labelIndexer, featureIndexer, dtl)

# Train model. This also runs the indexers.
model = pipeline.fit(trainingData)

# Summary only.
treeModel = model.stages[2]
print(treeModel)

ndexedFeatures”, maxCategories=4).fit(data_frame)

Spark:

model path = "adls:///ml models/sample model.mlm"

# Save Model.
model.save (model_path)

# Load Model.
model = DecisionTreeClassifier.load(model_path)

# Make predictions.
predictions = model.transform(testData)

# Select (prediction, true label) and compute test error.
evaluator = MulticlassClassificationEvaluator (labelCol="indexedLabel", predictionCol="prediction"”, metricName="accuracy")
accuracy = evaluator.evaluate (predicticns)

# Print Accuracy
print("Test Err

2g " % (1.0 = accuracy))
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BigDL — Intel’s Distributed Deep Learning Library

https://azure.microsoft.com/en-us/blog/use-bigdl-on-hdinsight-spark-for-distributed-deep-learning/

DataFrame

HITACHI
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Concluding Remarks

Interactive Data Science
Studio

Extensibility

= Spark on HDI
=  Azure ML = Azure ML
= Microsoft R Server

Pre-built Intelligence

= Azure Cognitive Services
= Azure Data Lake
Analytics

HITACHI
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Built-in
Features
= SSAS Data Mining
= Azure ML = Microsoft R Server
= Spark on HDI

Integration with
Operational Apps

Scalability (Big Data)

= Microsoft R Server
Azure ML = Spark on HDI
Azure Cognitive Services

Microsoft R

Operationalization

Rich Model Interpretability
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My Background

Applying Computational Intelligence in Data Mining
= Honorary Research Fellow, School of Computing , University of Kent.

= Ph.D. Computer Science, University of Kent, Canterbury, UK.

= 28+ published journal and conference papers in the fields of Al and ML

E HOME  QUESTIONS  JOBS

w Khalid Magdy Salama 1
by, [E—

Contributions  Timeline

Your resarch

Saorted by Newest -

faHigh

Ant Colony Gptimizatic
Order neural Network
shial M. Abdelbor - Knalid Magdy Salama

Upload fulltext | Addtoproject  Add resources v

Data reduction for classification with ant colany algorithms

Article| Sep 2016 Inteligent Data Anal

Khalic Magdy Salama - Ashraf M. Abdelbar - smail Anwar

Conference Paper  Dec 2016 - 2016 IEEE Symyosium Series on Computaticns

Add anew Artig

https://www.researchqgate.net/profile/Khalid_Salama

ied Machine Learning

Machine learning with Spark

Spark with HDInsight

prise Cloud Data Platf

Enterprise Cloud Data P

https://www.linkedin.com/in/khalid-salama-24403144/
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O Pull requesty

Khalid Salama

khalid-m-salama
A data scientist & engineer who is

passionate about solving real-world
problems using technology

42 Hitachi Consulting UK
@ London, UK

B4 khalid.m.salama@gmail.com

Overview Repositorie|

Popular repositories
csharp-repo

This repository contains my play]
demos

[ Jeg

4 contributions in the last

Learn how we count contributiof

https://github.com/khalid-m-salama/sqlbits-2017
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