DS 4400

Machine Learning and Data Mining |

Alina Oprea
Associate Professor, CCIS
Northeastern University

January 10 2019



Class Outline

Introduction — 1 week
— Probability and linear algebra review
Supervised learning - 7 weeks

— Linear regression

— Classification (logistic regression, LDA, kNN, decision trees,
random forest, SVM, Naive Bayes)

— Model selection, regularization, cross validation

Neural networks and deep learning — 2 weeks

— Back-propagation, gradient descent

— NN architectures (feed-forward, convolutional, recurrent)
Unsupervised learning — 1-2 weeks

— Dimensionality reduction (PCA)

— Clustering (k-means, hierarchical)

Adversarial ML — 1 lecture

— Security of ML at testing and training time



Schedule and Resources

* |nstructors

— Alina Oprea
— TA: Ewen Wang

* Schedule
— Tue 11:45am — 1:25pm, Thu 2:50-4:30pm
— Shillman Hall 210

— Office hours:
* Alina: Thu 4:30 - 6:00 pm (ISEC 625)
 Ewen: Monday 5:30-6:30pm (ISEC 605)

* Online resources

— Slides will be posted after each lecture

— Use Piazza for questions, Gradescope for homework and
project submission



Grading

Assignments — 25%

— 4-5 assignments and programming exercises
based on studied material in class

Final project — 35%

— Select your own project based on public dataset

— Submit short project proposal and milestone

— Presentation at end of class (10 min) and report

Exam — 35%

— One exam about 3/4 in the class

— Tentative end of March

Class participation — 5%

— Participate in class discussion and on Piazza



Outline

Supervised learning

* Classification
* Regression

Unsupervised learning

* Clustering

Bias-Variance Tradeoff
Occam’s Razor
Probability review



Example 1

Handwritten digit recognition
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Images are 28 x 28 pixels

Represent input image as a vector x € R784

Learn a classifier f(x) such that,

MNIST dataset: Predict the digit
Multi-class classifier




Supervised Learning: Classification

Training
Pre- Feature Learning
Data : :
processing extraction model
Labeled Normalization Feature Classification
; ; Selection
x(l)’ y(l) - {0,1} f(x)
Testing

New Learning .
——> Hblsdee v = f(x') € {0,1
Unlabeled ;Z;:tix,ee
X
x! f( ) Classification




Classification

Training data

— x® = [xf), ...xc(ll)]: vector of image pixels
— Size d = 28x28 = 784

— y(i): image label (in {0,1})

Models (hypothesis)

— Example: Linear model

e f(x)=wx+b

— Classify 1if f(x) > T ; 0 otherwise
Classification algorithm

— Training: Learn model parameters w, b to minimize error (humber
of training examples for which model gives wrong label)

— Output: “optimal” model
Testing
— Apply learned model to new data and generate prediction




Example Classifiers

® o @ Linear classifiers: logistic
regression, SVM, LDA
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SVM polynomial kernel ;



Real-world example: Spam email

=] googleteam GOOGLE LOTTERY WINMER! CONTAC

From: googleteam Tos
Subject: GOOGLE LOTTERY WINNER! CONTACT W OUR AGENT TO CLAIM Y OUR PRLEEE.

GOOGLE LOTTERY INTERMATIOMNAL

INTERMATIOMNAL PROMOTION / PRIZE AWARD .

(WE ENCOURAGE GLOBALIZATION)

FROM: THE LOTTERY COQORDIMNATOR,

GOOGLE B.W. 44 9459 PE.

RESULTS FOR CATEGORY "A" DRAWS

Congratulations to you as we bring to your notice, the results of the First Ca
inform you that your email address have emerged a winner of One Million {1.(
money of Two Million (2.000,000.00) Euro shared among the 2 winners in this
email addresses of individuals and companies from Africa, America, Asia, A
COMGRATULATIONS!

Your fund is now deposited with the paying Bank. In your best interest to avo
award strictly from public notice until the process of transferring your claims
MOTE: to file for your claim, please contact the claim department below on e

&

SPAM email

* Unsolicited

* Advertisement

* Sent to alarge number of people
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Classifying spam email

[=1googleteam GOOGLE LOTTERY WINNER.! CONTAC

From: googleteam Tog
Subject: GOOGLE LOTTERY WINNER! CONTACT YOUR AGENT TO CLAIM YOUR PREZE.

GOOGLE LOTTERY INTERNATIOMAL

INTERNATIOMAL PROMOTION / PRIZE AWARD .

(WE ENCOURAGE GLOBALIZATION)

FROM: THE LOTTERY COORDINATOR,

GOOGLE B.V. 44 9459 PE.

RESULTS FOR CATEGORY "A" DRAWS

Congratulations to you as we bring to your notice, the results of the First Ca
inform you that your email address have emerged a winner of One Million (1.
money of Two Million (2,000,000.00) Euro shared among the 2 winners in this
email addresses of individuals and companies from Africa, America, Asia, AL
CONGRATULATIONS!

Your fund is now deposited with the paying Bank. In your best interest to avo
award strictly from public notice until the process of transfermng your claims
MOTE: to file for your claim, please contact the claim department below on e

Content-related features
* Use of certain words
* Word frequencies

* Language

Sentence

—'mid J:j-'? ¥ i..r' 3 _'I'C'D"W'ﬁ- i Help
g B/ 2 pn.abing, o

[——
Subgact: Editonal assstart Poston - Susen Sham
(Cattachments: |
tomal || | s oA BIUEE = EISEE T

Dear Hiring Managaer,

| would like 1o express my interest in 8 position 83 editonal azsistant for your publishing company. As a recent graduate
with wiiting, editing, and administrative expenence, | believe | am a strong candidate for 8 positsan 8t the 123 Publishing Compary

You specify that you ane looking for Someone with strong writing skills, A% an English major, a wniting utor, and an sdorial
intim for bath a govemmént magazing and a collége marketing office, | hae become & shilled witer with a vanely of axpansnce

Althcugh | am a recent college graduste, my matunity, practical expedience, and eagemess 1o anter the publiching business
will make me an excellert editonal assistant. | would love to begin my caresr with your company. and am confident that I
kould be a beneficial additicn to the 123 Publishing Comgany

| herve attached mry fegumse. Thank youl 80 much ] wour time and considerabon
Sincaraly

Susan Sharp

Susan Sharp

123 Main Strest

XYE Town, NY 111114

Emasl- guisgn sharpifmail oo
Call: S55-555-8555

Structural features

* Sender IP address
* |P blacklist

* DNS information
* Email server

* URL links (non-matching) "



Classifying spam email

REGULAR

Feature extraction e

* Content
e Structural
Labeled data Training
Numerical l e SPAM
- e REGULAR
Classifier

* Logistic regression
* Decision tree
« SVM

New email l

SPAM =——> Filter
/ Testing
: »  Model \

REGULAR =p Allow
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Example 2
Stock market prediction

S&P/TSX COMPOSITE
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Copuright 2008 Yahoo! Inc, http://finance .yahoo .com/

» Task is to predict stock price at future date
* This is a regression task, as the output is continuous
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Regression
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« Suppose we are given a training set of N observations

xMxM™ and y@ L yWNM e R Numerical

» Regression problem is to estimate y(x) from this data

x() = (xii), ---,xéi)) d predictors (features)
y(i) response variable



Income Prediction
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Non-Linear Regression
Polynomial/Spline Regression

Linear Regression
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Supervised Learning: Regression

Training
Data Pre- Feature Learning
processing extraction model
Labeled Normalization Feature Regression
] ] lection
x(l) y(l) eER Se f(
, x)
Testing

New S LT = N y'=f(x') ER
data model

Unlabeled Rveasrri):;ée
/ X
X f( ) Regression
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Example 3: image search

Clustering images

Find similar images to a target one
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K-means Clustering
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K-means Clustering

20 40 &0

100
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Unsupervised Learning

* Clustering
— Group similar data points into clusters
— Example: k-means, hierarchical clustering
* Dimensionality reduction
— Project the data to lower dimensional space
— Example: PCA (Principal Component Analysis)
* Feature learning

— Find feature representations
— Example: Autoencoders



Supervised Learning Tasks

* Classification

— Learn to predict class (discrete)

— Minimize classification error 1/N Y~ [y = f(x®)]
* Regression

— Learn to predict response variable (numerical)
— Minimize MSE (Mean Square Error)

~ 1NZL[y®@ — f(x®)]°
* Both classification and regression

— Training and testing phase

— “Optimal” model is learned in training and applied in
testing



Learning Challenges

* Goal
— Classify well new testing data
— Model generalizes well to new testing data

e \ariance

— Amount by which model would change if we
estimated it using a different training data set

— More complex models result in higher variance
* Bias
— Error introduced by approximating a real-life problem
by a much simpler model

— E.g., assume linear model (linear regression), then
error is high

— More complex models result in lower bias

Bias-Variance tradeoff



Example: Regression

S ! 3
& & &
x
Size Size Size' .
0o + 01 0o + 012 + B2 O + Orx + 2z + O32° + 042"
High bias “Just right” High variance
(underfit) (overfit)
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Bias-Variance Tradeoff

Generalizes well on new data
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4 B Total Error
8
5 :
Qo
oo
g
s
g
. E .
o gl ; Variance
i :
Ei352
=T ==
& -
Model Complexity
Model underfits Model overfits the

the data data
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Occam’s Razor

«  William of Occam: Monk living in the 14t century
* Principle of parsimony:

“One should not increase, beyond what is necessary, the number of
entities required to explain anything”

« When many solutions are available for a given problem, we should
select the simplest one

Select the simplest machine learning model that gets reasonable
accuracy for the task at hand

26



Recap

* ML is a subset of Al designing learning
algorithms

* Learning tasks are supervised (e.g., classification
and regression) or unsupervised (e.g., clustering)
— Supervised learning uses labeled training data

* Learning the “best” model is challenging
— Design algorithm to minimize the error
— Bias-Variance tradeoff
— Need to generalize on new, unseen test data

— Occam’s razor (prefer simplest model with good
performance)



Probability review



Discrete Random Variables

* Let A denote a random variable
— A represents an event that can take on certain values
— Each value has an associated probability

* Examples of binary random variables:
— A =1have a headache
— A = Sally will be the US president in 2020

« P(A) is “the fraction of possible worlds in which
A is true”

29



Visualizing A

* Universe U isthe event space of all possible worlds
— Itsareais 1

- P(0) = 1
U

« P(A) = area of red oval
worlds in which

A is true

* Therefore:
P(A)+ P(—-A) =1
P(—A) =1— P(A) worlds in which A is false




Axioms of Probability

Kolmogorov showed that three simple axioms lead to the
rules of probability theory

— de Finetti, Cox, and Carnap have also provided compelling
arguments for these axioms

1. All probabilities are between 0 and 1:
0<P(A)<1

2. Valid propositions (tautologies) have probability 1, and
unsatisfiable propositions have probability O:

P(true) =1; P(false)=0

3. The probability of a disjunction is given by:
" P(Av B)=P(A) + P(B) - P(A A B)

31



Interpreting the Axioms

L] The area of A can’t get
any smaller than O

A zero area would
mean no world could
ever have A true

32



Interpreting the Axioms

<P(A) <1
(true) =1
(false) = 0
(Av B)=P(A) + P(B) - P(4 A B)

The area of A can’t get
any bigger than 1

An area of 1 would
mean A is true in all
possible worlds

33



Interpreting the Axioms

« 0<P(A)<1

* P(true) =1

+ P(false) = 0

« P(Av B) = P(4) + P(B) - P(4 A B)

A AAB

34



The union bound

For events A and B
P[AUB] < P[A] + P[B]

U

Axiom: P[AU B ] =P[A] + P[B] — P[A n B]
fANB =@, then P[AUB] =P[A] + P[B]

Example:
A, ={ allxin{0,1}" s.t Isb,(x)=11 } ; A,={ allxin{0,1}" s.t. msb,(x)=11 }

P[ Isb,(x)=11 or msb,(x)=11] = P[A,UA,] < %+h = 7

35



Negation Theorem

0<P(A) <1
P(true) = 1; P(false) = 0
P(Av B) =P(A) + P(B) - P(A A B)

From these we can prove:
P(-A)=1-P(A)

Proof: Let B = —A. Then, we have
P(AV B)=P(A)+ P(B) — P(ANB)
P(AvV —-A) = P(A)+ P(— P(AN-A)
(true) P(A) + P(— (false)
= P(A) + P(—
P(ﬂA) =1—P(A)

A) -
A) -
A) =
]
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Random Variables (Discrete)

Def: a random variable X is a function X:U—V
Def: A discrete random variable takes a finite number of values: | V| is finite

Example: X is modeling a coin toss with output 1 (heads) or O (tail)

Pr[X=1] = p, Pr[X=0] = 1-p Bernoulli Random Variable

We write X <«— U to denote a uniform random variable (discrete) over U

forall ueU: Pr[X=u] = 1/|U]|

Example: If p=1/2; then X is a uniform coin toss

Probability Mass Function (PMF): p(u) = Pr[X = u]



Example

1. X is the number of heads in a sequence of n
coin tosses

What is the probability P[X = k]?

PIX =k] = (Z) p(1 —p)*Fk Binomial Random Variable

2. X is the sum of two fair dice

What is the probability P|X = k] for k € {2, ...,12}?
P[X=2]=1/36; P[X=3]=2/36; P[X=4]=3/36

For what k is P[X = k] highest?



Expectation and variance

Expectation for discrete random variable X

E[X] = z vPr[X = v]

1%

Properties
 ElaX] =aE|[X]

[X]+EY]

Var[X] £ E[(X — E(X))?]

e Llinearity: E[X+Y]|=E
Variance
E(X -E[X]))] = E

- E
- E

X2 — 2E[X]X + E[X]?]
X°] - 2E[X]E[X] + E[XT’

X?] - E[X]2,
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Conditional Probability

 P(A | B) = Fraction of worlds in which Bis true
that also have A true

U What if we already know
that Bis true?

That knowledge changes
the probability of A4

* Because we know we’rein a
world where Bis true

P(AA B)
P(B)
P(AAB) = P(A| B) x P(B)

P(A| B) =

Def: Events A and B are independent if and only if
Pr[AN B]=Pr[A] - Pr[B]

If A and B are independent

_ Pr[An B] Pr[A]Pr[B]
Pr[A|B] = P = priE] - Pr[A] .
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