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Deep Believe Deep Convolutional Deep Deep Convolutional
Network (DBN) Network (DCN) Network (DN) Inverse Graphics Network (DCIGN)

General tive Adversial | Echo Network Kohonen

Ol
Machine (ENM) Network (KN)

Deep Residual Network (DRN) Support Vector Machine (SVM) Neural Turing Machine (SVM)
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Regression
Ranking

Logistic Regression

ANOVA (@)

Skewness ()
Matrices & Linear Algebra Fundamentals ({§) e -
ontinuos Distributions °

Hash Functions, Binary Tree, O(n) ‘\Iurmal. Poisson, Gaussian)

Cumul Dist Fn (CDF) (@)
Relational Algebra, DB Basics ()

Random Variables (@)
Inner, Outer, Cross, Theta Join ()

Bayes Theorem
CAP Theorem () L4

Tabular Data o
Data Frames & Series ()

Sharding (@)
oLar (@

nal Data Mode! ()

Probability Theory ()
6;”’%) Percentiles & Outliers ()
Histograms (@)}

Exploratory Data Analysis .
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Sampling (@)

Using ETL (@) Stratified

How much Data? ()

. . Feature

Extraction
. Using

Mahout

Using
.Weka

@ Vsing NLTK

Data Frames ()

Factors ()
Arrays;

Reading Raw Data () ys @)

Matrices
Subsetting Data () ®

Vectors ()

Reading CSV Data ()

Manipulate
Data Frames
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Expressions ()

R Basics ()

R Setup
R Studio

Descriptive Statistics
{mean, median, range, SD, Var)

Pick a Dataset
{UCI Repo)

X

sampling

Principal
Component ()

Google OpenRefine . Analysis
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Data Survey ((j—

Rapid () Name & Data Nodes
Miner

. Setup Hadoop (IBM / Cloudera / HortonWorks)

IBM
Spss (@ Data Replication Principles

@ Hors

@ Hadoop Components

@ Vap Reduce Fundamentals
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@ Data Exploration in R (Hist, Boxplot etc)
@ Uni, Bi & Multivariate Viz

@ ool
@ Histogram & Pie (Uni)
@ Tree & Tree Map
o 10. Toolbox
. Scatter Plot (Bi)
@ Line charts (8) @ Vs Excel wl Analysis ToolPak
@ spatial Charts @ Java, Python

@ sy it @ R Rstudio, Rattle

@ Timeline

Decision Tree

. Weka, Knime, RapidMiner
. Hadoop Dist of Choice
@ soark, Storm

@ Flume, Scibe, Chukwa
@ hutch, Talend, Scraperwiki

Zookeeper . Webscraper, Flume, Sqoop
® o
Y Storm: Hadoop (@) tm, RWeka, NLTK

Realtime:
Rhadoop, @ rHFE

RHIPE

@

@ Cassandra

@ 11ongoDB, Neodj
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