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Disclaimer

* This presentation session was prepared or accomplished by Cupid Chan in his personal
capacity. The opinions expressed in this talk are the author's own and do not reflect the view
of any United States Government Agency or Department.
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e CTO of Index Analytics
* Board of Directors and TSC, Linux Foundation ODPi

* Organizer of a Big Data In Action Meetup in
Washington/Baltimore area with 1600 members

in www.linkedin.com/in/cupidchan/
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Probability to guess the 3 cards correctly
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“Dad, what are you doing at work?”
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Computer can help you to do something for you and people
will think you are doing that.

Based on Turing Test...



How did you teach your younger sister?

Supervised Learning - Maps an input to an output based on example input-output pairs







Supervised Learning Example — Detecting
Cancer

(a) cancer image (b) non-cancerimage



Glenn

Second Law of Thermodynamicsresean

Cente

Law of Entropy

Heat Transfer
* The total entropy of an
isolated system can never
decrease over time

AS = Entropy = _‘*:r_Q

There exists a useful thermodynamic variable called entropy (S).
A natural process that starts in one equilibium state and ends

in another will go inthe direction that causes the entropy of the
system plus the environment to increase for an imreversible
process and to remain constant for a reversible process.

S;= 8, (reversible) S,;> S, (ireversible)
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Unsupervised Learning Example — Customer
Segmentation
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Reinforcement Learning

Take actions in an environment so as to maximize some notion of cumulative reward



Reinforcement Learning Example - Robotics




Major Types

of Al

Image
Structure Classification
Discovery Feature o Customer
o Elicitation Fraud ® Retention

Meaningful Detection ®

compression

_ o TV @ Diagnostics

Big data
Visualisation
® Forecasting

SUPERVISED

Recommended UNSUPERVISED .
Systems LEARNING LEARNING / ® Predictions
CLUSTERING REGRESSION
Targetted MACHINE ® Process
Marketing Optimization
LEARNING ~
<
Customer New Insights
Segmentation

REINFORCEMNET
LEARNING

Real-Time Decisions @ ® Robot Navigation
Game Al ® ® Skill Aquisition

@
Learning Tasks



Regression — a prediction method with a real number as an output
Classification — a prediction method with a predefined category




How a kid learn?

Rules

Form/

Kid

Result

Observe Yes/No




Old way of program
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Key Steps of Al

Data

G =

01
0110

0001

0110 1Q
Train

‘ Collect
- Develop Test

Al Algorithm

Predict

Result




Give a Man a Fish, and You Feed H|m for a Day...
Teach a Man To Fish, and You Feed H|m for a Lifetime — Proverb




Give a Computer a Code, and You Help It Solving for one Situation...
Teach a Computer To Code, and You Help It Solving for a Collection of Situations — Cupid Proverb



Overfitting

Memorize VS Generalize

e Whatis2+17?

e How about 1+ 27
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Making
predictions

The newly-trained decision tree
model determines whether a
home is in San Francisco or
New York by running each data
point through the branches.

Decision Tree

0/0

------

0/0






Main Algorithms of Al

Naive Bayes
Averaged One-Dependence Estimators (AODE

Bayesian Belief Network (BBN
Deep Bolzmann Machine (DBM) Bayesian
Gaussian Naive Bayes
Deep Belef Networks (DEN)
Deep Learning Multinomial Nawe Bayes
Convolutional Neural Network (CNN)
Bayesian Network (BN
Stacked Auto-Encoders
Classification and Regression Tree (CART
Random Forest

lterative Dichotomiser 3 (D3
Cradient Boosting Machines (CEBM
C4.5
Boosting
5.0

trapped Aggregation (Bagging Ensemble Decision Tree

Chi-squared Automartic Interaction Detection (CHAID
AdaBoost
Decision Stump
Stacked Ceneralization (Blending
Conditional Decssion Trees
Cradient Boosted Regression Trees (GBRT

M5
Radial Basis Function Network (RBFN
Principal Component Analysis (PCA)
Perceptron
Neural Networks Parval Least Squares Regression (PLSR
Back-P gaton
Sammon Mapping
Hopfield Network Machine Learning Algorithms
Multidimensional Scaling (MDS)
Ridge Regression
Projection Pursun
Least Absolute Shrinkage and Selection Operator (LASSO
Regularization Principal Component Regresson (PCR)
Elastic Net Dimensionality Reduction

Angle R AR Partial Least Squares Discriminant Analysis
Least Angle Regression (LARS
Mixture Discriminant Analysis (MDA)

Cubist
Quadratic Discriminant Analysis (QDA
Ore Rule (OneR
Rufe System Discriminant Analysis (RDA)

roR

Zero Rule (Z

Flexible Discriminant Analysis (FDA)

Repeated Incremental Prurung 1o Produce Error Reduction (RIPPER
Linear Discriminant Analysis (LDA)

Linear Regres
k-Nearest Neighbour (kNN)

Ordinary Least Squares Regression (OLSR)

Learning Vector Quantization (LVQ
pwise Regression Instance Based
Regression Self-Orgarizing Map (SOM)

Multivariate Adaptive Regression Splines (MARS)
Locally Weighted Learning (LWL

Locally Estimated Scatterplot Smoothing (LOESS)
k-Means
Logistic Regression

k-Medians

Clustering
Expectation Maximization

Hierarchical Oy







“Al can help me to do homework and the

teacher will not find out | didn’t do that?”

RIGHT

\. WRONG=2/

There is no Right or Wrong, only Right or
Left. But no matter which direction you pick,

be persistent and you will cross the finish line
of success via either route




Bl is dead

Unless you incorporate Al and other approaches into your Bl Strategy



Process

Strategies to

resurrect Bl

Principal




Process: Cross-industry standard process for data mining

How its done in the real world
CRISP-DM' framework

Business —_ Data
Bl understanding [ understanding

https://en.wikipedia.org/wiki/Cross-industry standard process for data mining



https://en.wikipedia.org/wiki/Cross-industry_standard_process_for_data_mining
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Operation
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;l Batch Processing 2= Stream Processing (API call to data sources,
Ingest ¥ (SFTP, files) = streaming system or message subscription)
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Principal

Single comprehensive platform to One version of the truth helps Enterprise grade self-service that
centralize business data used for protect against data scientists training empowers business users and data

machine learning models on the wrong dalta scientists to work together

. \ ( 1 11|~
OPEN| : REST ¢ LT|

Open to the ecosystem of APIls to expose your governed Enable the workforce to take
machine learning business data to cutting edge open- action on predictive workflows

technology and services source and vendor ML products used wherever they are
by your data scientists today




Framework:
S.OW.E

Solutions Outreach

Self-Service Analytics User Groups
empower the data curious share, collaborate, and celebrate
Shared Services Marketing & Promotions

leverage investments raise awareness

Visualizations
& Reports

identify trends and
patterns easily

Data Stewardship

Sl champion the data

Analytics

Stewardship

The =X
Intelligent
User
- |
0 @ Coaching
&

Governance Trainings

Workforce
Enablers Development
Agile B Modernization Coaching

break the “data do loop” crawl, walk, run

Governance Trainings
enable alignment learn and improve
IT Modernization Learning Portals

meet future needs get answers on your time
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Very Good Story for a presentation Cupid
But | don’t believe you really taught your kid Al as you said
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