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Study recommendation

* A good foundation 1n algebra(especially linear algebra), calculus,
probability, and statistics

* Python or R as a programming language, and their corresponding libraries
for Data Science.

* Knowledge of SQL to make queries about databases

* Obtaining data from different sources (API queries, web scrapping, ...)

* Cleaning and preprocessing of data (and the famous feature engineering)
* Machine Learning (algorithms, modeling, evaluation, optimization, etc).

* Deep Learning, Reinforcement Learning, Natural Language Processing,
Computer Vision, ...
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« But Math is Boring!?!?

© Prof. Kim Byung Chun
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numbers, operations, laws

A=)
—

ol

AN
T




1 Natural numbers

2 Integers

3 Rational numbers
4 Real numbers

5 Complex numbers
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« ALMXH+, -, x, / 22| v,3 &)E O
1= true, false(Boolean).

G- Vydz(z® = y)

Numbers + Operators



Basic Operations

* The basic operations used in mathematics are
addition(+), subtraction(-), multiplication(*), and division(/)

* |In addition to these operations, there are also inequalities (relational
operators):

equals (=),

greater than (>),

less than (<),

greater than or equal to (),
L ess than or equal to (<),

not equal (#).



Law(E &l)

e Commutative Law of Addition: a+b=b+a
* Associative Law of Addition: (a+b)+c=a+(b+c)

 Commutative law of multiplication: x xy=y xx

* Associative law of multiplication: a xb xc=(a xb) xc=a x (b xc)

* Distributive law of multiplication:

(a+b) xc=a xc+b xc
c x(a+b)=cxa+cxb
O|:5x (6-2)=5x6-5x%x2=30-10=20


https://math-from-scratch.com/basic-laws-of-math#yak1
https://math-from-scratch.com/basic-laws-of-math#yak2
https://math-from-scratch.com/basic-laws-of-math#yak3
https://math-from-scratch.com/basic-laws-of-math#sochetatelnyj_zakon_umnozheniya
https://math-from-scratch.com/basic-laws-of-math#yak5

Field(Xl|; 88, 1K)

A field is a set F together with two binary operations of F called addition and multiplication. A binar¥
operation on F is a mapping F x F - F. These operations are required to satisfy the following properties,
referred to as field axioms(in these axioms, a, b, and c are arbitrary elements of the field FQ)J:

» Associativity of addition and multiplication: a+ (b+c)=(a+b)+c,anda-(b-c)=(a-b)-c.

« Commutativity of addition and multiplication: a+b=b+a,anda-b=>b"-a.

« Additive and multiplicative identity: there exist two different elements 0 and 1 in F such that
a+0=ganda-1=a.

e Additive inverses: for every a in F, there exists an element in F, denoted -a, called the additive
inverse of a, such that a + (-a) = 0.

« Multiplicative inverses: for every a # 0 in F, there exists an element in F, denoted by a™* or 1/a, called
the multiplicative inverse of a, such thata - o™ =1.

 Distributivity of multiplication over addition: a - (b+c¢)=(a - b) + (a - ¢).



https://en.wikipedia.org/wiki/Associativity
https://en.wikipedia.org/wiki/Commutativity
https://en.wikipedia.org/wiki/Additive_identity
https://en.wikipedia.org/wiki/Multiplicative_identity
https://en.wikipedia.org/wiki/Additive_inverse
https://en.wikipedia.org/wiki/Multiplicative_inverse
https://en.wikipedia.org/wiki/Distributivity
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Geographical

Transport Cultural

Natural Scientific

Types pf Data

Meteorological @ Financial

Statistical

Some of the different types of =
data.
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« A function described
metaphorically as a
"machine" or "black box"
that for each input yields
a corresponding output
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Probability(2t&) = 2|(Axiom)
* Let (Q,F,P)be a measure space with P(£) being the probability

of some event E. and P(Q)=1
1. the probability of an event is a non-negative real number;

P(E)eR,P(E) >0 VE €¢ ' where F'is the event space.
2. P(Q)=1.

3. Any countable sequence of mutually exclusive events,

Eq, By, ... satisfies - -
P (U E) =) P(E;).
1=1 1=1



&gt 42} B7} mutually exclusiveO|™, 4np =0

P(AU B) = P(A)+ P(B)

_ P(ANB)
~ P(B)

, P(B)>0

P(A|B)=P(A) or P(B|A)=P(B)
<> A and B are statistically independent



The Total Probability Rule and Bayes' Theorem

= Bayes' Theorem

Given a set of prior probabilities for an event and some
new information, the rule for updating the probability of
the event is called Bayes’ theorem.

~ P(ANB)
P(BlA)_P(AﬂB)+P(AﬂBC)
or
P(BIA) - P(A|B)P(B)

P(A|B)P(B)+P(A|B°)P(B°)



Example : Bayes' Theorem

Assume that 99% of the individuals taking a polygraph test tell the truth.
These tests are considered to be 95% reliable (i.e, a 95% chance of
actually detecting a lie). Let there also be a 0.5% chance that the test
erroneously detects a lie even when the individual is telling the truth.

An individual has just taken a polygraph test and the test has detected
a lie. What is the probability that the individual was actually telling the
truth?

Let D denote the outcome that the polygraph detects a lie and 7
represent the outcome that an individual is telling the truth.



2 Given the following probabillities,

Posterior
Prior Probability Conditional Probability  Joint Probability Probability
P(T) = 0.99 P(D|T) = 0.005 P(DNT)=0.00495 | P(T|D)= 034256
P(T¢) = 0.01 P(D|T9 = 0.95 P(DN T = 0.00950 | P(T<|D) = 0.65744
P(T) + P(Te) =1 P(D) = 0.01445 P(T|D) + P(T|D) =1
P(DNT)

We find P(T| D) = e DAY
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=
P(A)=1/10:event A= D EL} SHX}
P(+|A)=0.9, P(-]A)=0.1
P(+|A9)=0.01, P(-]A%)=0.99
=0{0f & A2 P(A]+)

Pl |+~ PAND P(A)P(+| 4)
P(+)  P(A)P(+| A)+ P(A)P(+| A
(0.1)(0.9) 009 0.09

= = =~ =0.909
(0.1)(0.9)+(0.9)(0.01)  0.09+0.009 0.099

=90.9%
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P(A)=3/100;event A= ZEL} 2kX}
D(+]A)=0.9(2I 2 £), P(-|A)=0.1
P(-]A9)=0.99(= 0| &), P(+|A)=0.01,

E0{0F & A2 P(A]+)------- T80 S =
pA| 4= PAND) P(A)P(+] 4)
P(+)  P(A)P(+| A)+P(A)P(+| A)
(0.03)(0.9) 0.027

=(0.73569

} (0.03)(0.9)+(0.97)(0.01) ] 0.027 +0.0097


https://blog.naver.com/kfdazzang/222640236513
https://blog.naver.com/kfdazzang

Random variable(2h& )

X(w)=x, X 1s function,
@ : element 1n Domain Set
x: real number

Then X 1s called the random variable

o x(&™)=1, x(xH)=0



2t = & X (Probability Distribution)

SEHs X O i (x=x)2 &= 7t

* X is discrete(O|4h) rv, when x is 1-1 to integer
=AS £, 4, BEAT0 5

* X is continuous( ¥ <) rv, when x is 1-1 to real numbers
&, AL



Cumulative djstribution function

(58 =2 &)
CDF of X is P(X < x)

X7FOJAIOl A2 |[P(X<x)= ) P(X=0)=) f@)

all x<t all x<t

we call P(X =t) 1s probabity mass fuction

P(X<x)=[ f, ()t
f, () 1s called probabity density fuction




Probability function

» Probability mass function(Z2t&
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Probability function(’omf I =pdf), cumulative distribution
functions = AQI7}?
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Example:



Expectation: £(X): 7| CH X

E(X)=) x-P,(X =x)

all x

:J.j:ox-fX (x)dxz,u

Of: =A%l 8%

6

21

E(aX +b)=aE(X)+b

(a and b are constants)

E(X)=) x-P(X =x)= ; x-;

6




Close dispersion

/

Wide dispersion

/

T
Same mean and differnet dispersion

DataA:10 11 14 20 20 20 22 24 28 31
DataB: 2 9 13 14 20 20 24 26 32 40

4 8 12 16 20 24 28 32 36

The above data sets ( A& B) have similar mean but
have different dispersion.

Data set B is more dispersed or spread from its
mean.

Data set A is more clustered about the mean
( majority of data cluster around the mean ).



Variance : V(X): =&
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Standard Deviation = \/ Variance = o
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* The human brain, according to a 2010 article in Scientific American,
the memory capacity of the human brain was reported to have the
equivalent of 2.5 petabytes of memory capacity. As a number, a
“petabyte” means 1024 terabytes or a million gigabytes, so the
average adult human brain has the ability to store the equivalent
of 2.5 million gigabytes digital memory.

74 o
OfME M 22| 7t &5, £ 7F =&|Lt =>Algorithm0| &


http://www.scientificamerican.com/article/what-is-the-memory-capacity/

AFE(ANZE 217 KB 77t?
Computer > Human or Human > Computer?
(2016.3.9 ~3.15, 4:1)
(RFHO| K{2|7} 7Hs 8 Al HEE)
7

RO Watson® 71742l &, TR 2t 2 0122

Q: Can Humans beat computers at chess?



21M1712| 7+ Mo 240l O|O|H & £46t= 1tetAt= =3, =&, 4|, Computer Science,
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Data Scientist, the sexiest job of 215t century requires a mixture of multidisciplinary skills
ranging from an intersection of mathematics, statistics, computer science,

communication and business. Finding a data scientist is hard. Finding people who
understand who a data scientist is, is equally hard.



Artificial Intelligence

Computers that can imitate human
intellect and behavior.

> Machine Learning

Statistical algorithms that enable Al
implementation through data.

Deep Learning

Subset of machine learning which
follows neural networking.




Courses for Learning Data Science

« Step 1: Learn to code

Learn a programming language before going deep into the math and theory behind data science
models.

 Step 2: Statistics

Statistics is at the core of every data science workflow — it is required when building a predictive
model, analyzing trends in large amounts of data, or selecting useful features to feed into your
model.

« Step 3: Foundational Math Skills

Calculus and linear algebra are two other branches of math that are used in the field of machine
learning.

 Step 4: Machine Learning & Al

Finally, you can use the knowledge gained in the courses above to take_Introduction to Machine
Learning & Al courses. This program will walk you through the implementation of predictive
models in Python. Apart from just working with structured datasets, you will also learn to process
image and sequential data.



https://ocw.mit.edu/courses/electrical-engineering-and-computer-science/6-036-introduction-to-machine-learning-fall-2020/

Thanks!

« Math=Logic
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