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Machine Learning

Part 4: Classical Machine Learning Models

Zengchang Qin (Ph.D.)
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Linear Model
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Linear Model

Linear fit

[.inear decision b()undary



Linear Regression

30

25

20

15

10

L
.o. j.:""o':’:
T .
e S
3 3 Pt ol
7es Vel Be o5 3
- . L g [] .
L7 e el o}; s
_’,&/;‘ s i i
A 0 Ye ST e,
,6,’ Sty ﬁ”’ o
r/';. -t '.”f :r..’;'ft:fo 2ty b
L) e s LD
,"; ’:“,’ '!3% -

s Y 40
-, il 30
et 20

10
; ; ; ; ; 0
50 100 150 200 250 300

50

ho(x) = 0y + 012

ho(x) = Oy + 6121 + O219

h(x) = Z(?iafzi =0z
i—0

TO) = 5 3 (hola®) = )’
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In statistics, the most common occurrence is in connection with
regression models and the term is often taken as synonymous
with linear regression model.



_east Square

A mathematical procedure for
finding the best-fitting curve to a I . Y
given set of points by minimizing il e
the sum of the squares of the 1. 1 '},f"’\
offsets. *""1# _’,z\:’
T
S = Z Tiz Ty =Y — f (mz , B ) vertical offsets perpendicular offsets
i=1
Solving the least squares problem: Residuals are the vertical
distances between the data
oS or; _ : :
—ZF _9 Z” =0,j=1,...,m, points and the corresponding
op; 5 9B dicted val
predicted values.

Z af(m*is )
:—2 T.i :0, '=1,___’m_
i aﬁ:f !

since 7; = y; — f(x;, B) 5 = (XT-X)_IXTZI-



Matrix

thjﬁj = Yi, (i’ — 15 29 sm)a Xﬁ Y,
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(XTX)B =X"y.



Geometrical Interpretation
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Probabilistic Interpretation

B Let us assume that the target variables and the inputs
are related via the equation:

[ y =gl 4 E(i)J

where ¢ is an error term.

B We can write this assumption as ¢ follows a Normal
distribution:

- e ()]




Likelihood and Cost Function

i

variance




Likelihood

X1, X9, X3,... X, have joint density denoted

f@(:l:lax?; sy xn) — f(xla L2y e ey :En‘g)

Given observed values X; = z1, X5 = x4, ..., X,, = z,, the likelihood of 8 is the function

If X1, Xs,...,X, are iid N'(p, 0*) random variables their density is written:
lL.x;—p
5 %)

f(xla"'axn“J’a H \/—eXp o

F(@1,22,. .- 2 | 0) = f(21 | 0) X f(@2 | 0) X -+ X f(2n | 0).

‘C(a;mla“'smn):f(mlsw% wn|9) Hf(mz|9)

—————————————————————————



ML Estimation
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It implies that: p(y“[z";0) = N exp (_(y 9 ) )

0-2

B When we wish to explicitly view this as a function of 8, we will

instead call it the likelihood function:

m

Hp @1 20;0)

L(6) = L(6: X, §) = p(y]X: 6)

(y® — g7 ()2
exp( - )
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A Simple Classification Problem
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Sigmoid Function

1.0

P(z) =

1+e7%
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Equations

P(y = 1]x) = :

1 + exp(—w'x)

# How to learn the parameters?

# Can we do MLE?



Application

N
i=1

= f(w'x)

Top 10 Positive Terms
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Top 10 Negative Terms
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