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&Sb’ O B Jr )
Obijective function: we use sum squared error (SSE)
s (predicted; — actual)? == (residue;)?

Y=0,+pBX

* Minimize the objective function: we can take the
partial derivates of the objective function (SSE) with
respect to the coefficients. Set these to 0, and solve.

_ Xy =Xy _ Dy-B2x
/ an2 —(Z:x)2 o= hn
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X = [21, 35, 7, 33, 5, 14, 25] SUM_X=140
Y = [15, 21, 2, 13, 3, 8, 9] SUM_Y=71

n =7 09w xSy iy 4 J>

XY=[315, 735, 14, 429, 15, 112, 225] SUM_XY =1845
X?=1[441,1225,49,1089,25, 196, 625] SUM_ X2 =3650
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import matplotlib.pyplot as plt

# Income X
# Food Expenditure

N # Number of data points
# Calculating products of x and y, and squares of x
in" range(f
for 1n range(N

# Calculating the sums

§1Ca1cHlating the slope (B1) and inteﬁcept (BO)
B1 N

Soft Computing 9

#QW;)

# Plotting the scatter plot
1t "bl

g Sy b

p "Data points"
# Calculating the regression line values
range
B1 for in
# Plotting the regression line ) )
plt "red" "Regression line"
# Adding labels and title
Blt Food Expendlture
p%% "Income vs. Food Expenditure with Regression Line"
p
# Annotatlng the slope and 1ntercept
plt f"Slope (B1l): é 21} "red"
plt f”IntePcept (BO): {Bo:.2f}"
Wead”

# Displaying the plot
plt
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Income vs. Food Expenditure with Regression Line

2004 Slope (B1): 0.50

Intercept (BO): 0.14

Food Expenditure

@ Data points
-—— Regression line

5 10 15 20

25 30 35

Income
Soft Computing "
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[ Training Set ]

v

[ Learning Algorithm ]

Income Food

expenditure

Hypothesis:

h@(l‘) =0y + 01z

How do we represent h ?
hg(."ﬂ) = 90 + 9135‘

Income vs. Food Expenditure with Regression Line

nnnnn

Linear regression with one variable.
Univariate linear regression.

How to choose pasameters 0;'s ? 12
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hg(:l?) = 90 =+ 91:L‘

3 3 P . 3 Ng }
2 s 2 > 2 o
1 g S 1 b
0 + t ! TN 3 } i O+ : ]
o 1 2 3 o 1 2 3 o 1 2 3
90:15 > 90:0 2 90:
> 01 =0 > 0; =0.5 - 6, =05
Idea: Choose ¢, 01 so that
hg(x)is close to ¥ for our
training examples (,y) 13
(B Ogaw 55 il po [y
Simplified
Hypothesis:
ha( ) =6+ 61z hg(x) = b1z
S,=0
Parameters: /| ° A LEd
90,91 \V ?_1_ l ‘//J/ h (s )
Cost Function: m - .
sy J(00,61) = 5= f; (ho(x®) —y®)? | T(O1) = 7 12 (ho(a) — )
- %
Goal: migimize J (0o, 61) mingmize J(601) ®,\<m
Z7 0,Y1 1

’UF@MOM;)L}%‘,&@}A@UQJ;JS\»Q
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Hypothesis:

Parameters:

Goal:

Cost Function:

43 Wl 0oy Blas b Ogaw 55 ol yo o

]’LQ(CC) = 90 + 9158

9(}7 61

(0, 0) = 5 i (ho(a®) — y)?

minimize J (6, 01)
60,61

Soft Computing
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# Data from the table

# Number of data points
# Changed from N to M

o 3y b oo 5 Jé!»

# Income .
# Food Expenditure

# Defining the cost function
def

# Generating values for BO and Bl

# Calculating cost values for each combination of B@ and Bl

# Finding the minimum point

Soft Computing
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pl

o 3y b oo 5 Jé!»

# Elotting the 2D contour plot of the cost function

# %D Contour Plot with contour lines

pl
plt.cor
'viridis'
plt
plt
"black"
plt True
plt in, ) "red"
Elt f"Minimum Point\n(BO={ :.2f}, Bl={ 1.2},
ost={ 2"
"offset points"
g : # Adjust these values to move the text
center
"rad"
plt "Intercept (BO)"
plt "Slope (B1)' ) )
p%% "Cost Function Contour Plot with Contour Lines"
p

Soft Computing 17
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2%ost Function Contour Plot with Contour Lines
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o b ooy  Blus>
# Logarithmic scale for cost values (add a small value to avoid 10g(?))
stan

S # Adding a small con t
to avoid log(©@)

# 3D Surface Plot with logarithmic cost values

{F "o { DL 2F% { 1.2}

# Set the best view for the 3D plot . .
Y # Adjust these values to find the best

angle

# gabels and title

# Print minimum values

# Show plots
Soft Computing 19

4 4 G oo 8l
) 3 AL O
3D Plot of Logarithmic Cost Function

@® Minimum Point (B0=0.21, B1=0.50, Cost=4.31)

(3s0D)607

05
Slope ey, 1.0

6 e?
15 8 (C
2.0 10 b

# Generating values for BO and Bl

Soft Computing 20
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(1500)601

o b Qo Jlo>

3D Plot of Logarithmic Cost Function

@® Minimum Point (B0=0.14, B1=0.50, Cost=4.31)

# Generating values for B@ and Bl

Slope (B1)

4—6

2 )
4 L @80
81, 15 6 e
) 2.0 10 & e

27 Intercept (B0)

zconst Function Contour Plot with Contour Lines

Jm i a e gLl s

o b QS Jé!.»
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Have some function J(6p,61) = (o, /©,..,0,)

Want min J(6p,6;) Min T(Q,, .., ©)
00,61 sl By 8 SRS

Outline:
+ Startwith some  §,,0; (Say ©Go=9,6=4)

- Keep changing #6,, 6, to reduce .j(6,,6;)

until we hopefully end up at a minimum

Soft Computing 23
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Gradient descent algorithm

repeat until convergence {

d
_ aﬁ.](ﬁo,é‘l) (for j=0and j=1)
\ J

Learning rate

temp0 := g

templ := 6,
Oy := temp0
f, = templ

Correct: Simultaneous update | Incorrect:

-aég—DJ(Gg,Bl) temp0 := 90~oe9%0,](90,91)

0 By = temp0
(04 J(Gg 91) 0 B
6, 5 templ := 6; — 043%1:](90, 61)
f, := templ
Soft Computing 25
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0
0, =01 —a——J(8
1 1 CY(%,IJ( 1)

If a is too small, gradient descent
can be slow.

>
61
A
If a is too large, gradient descent \ .
—
N
td
61

can overshoot the minimum. It may
fail to converge, or even diverge.

Soft Computing 27
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Gradient descent can converge to a local
minimum, even with the learning rate a fixed.

d A
91 = 81 — O_’d—gla](gl)

J(01)

0

As we approach a local minimum, gradient descent will automatically
take smaller steps. So, no need to decrease a over time.
Soft Computing 28
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38
repeat until convergence { /

B := b — a% S (ho(z®) — y®)
i=1

e

obal 5 Sluly 3o S99
Gradient descent algorithm Linear Regression Model
repeat until convergence { he(x) = By + b1
Gj = 33' — aﬂJ(é’g, 91)
s L 5 @) _ )’
, , J(60,01) = 5= 3 (Ro(z?) — y?)
(for j =1 and j = 0) i=1
1
Soft Computing 29
obal 5 Sluly 3o S99
Gradient descent algorithm 5
Ty ’S(s“/g\)

update
90 and 91

0; := 0 — ot 3 (hp(z®)) — y®) ﬂ } simultaneously

} \

> s, )
20, ’
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“Batch” Gradient Descent

“Batch”: Each step of gradient de%%get us?%all the training examples.

ompu 31
Lol s (Sluuly 50 o3
J(0,0,) ,
Training and Validation Data
Soft Computing 32
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bl b

J(6,.0,)

Training and Validation Data

333 Jey

Soft Computing 33

he(x)

(for fixed By, @this is a function of x)

Price $ (in 1000s)

Training data
= Current hypothesis

1000 2000 3000 4000

J(903 91)

(function of the_p;m‘m?ers fo,07)

N

Size (feetz)

Soft Computing
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ho(z) J(6o,61)
(for fixed  fg, @1this is a function of x) (function of the parameters 0y, 6;)
700
600 X, y
X
- 500
8 X
= 400 .
» 300 X X DA **
§ X ex XK
& 200
100 Training data
0 ‘ —Current hypothesis
1000 2000 3000 4000 oo 00 0 500 1000 1500 2000
Size (feet”) Oy
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ho(z) J (6o, 61)
(for fixed  fg, @1this is a function of x) (function of the parameters 0y, 6;)
700

Price $ (in 1000s)

Training data
— Current hypothesis
1000 2000 3000 4000
Size (feetz)

1000 -500 0 500 1000 1500 2000

0

Soft Computing 36
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Size (feetz)

Soft Computing

-500

0

500 1000 1500
o

ho () J (60, 61)
(for fixed  fg, @1this is a function of x) (function of the parameters 0y, 6;)
700
600 ., "
X
- 500
o
o
= 400 -
=
& 300 X X e
§ X ex XK
& 200
100 Training data
0 ‘ —Current hypothesis il
1000 2000 3000 4000 oo 00 0 500 1000 1500 2000
Size (feet”) Oy
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ho(z) J (6o, 61)
(for fixed  fg, @1this is a function of x) (function of the parameters 0y, 6;)
700
600 ., "
X
- 500
o
o
= 400
=
300
& 200
100 Training data
‘ —Current hypothesis
om0 2000 3000 4000

2000
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ho () J (60, 61)
(for fixed  fg, @1this is a function of x) (function of the parameters 0y, 6;)
700
600 ., "
- 500
o X
o
= 400 ;
© 300 s X R AV
ﬁ \/f XX % <
& 200
100 Training data
0 —Current hypothesis
1000 2000 3000 4000 “Ro0 500 0 500 1000 1500 2000
Size (feet”) Oy
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ho(z) J (6o, 61)
(for fixed  fg, @1this is a function of x) (function of the parameters 0y, 6;)
700
600 x, .
X
- 500
8
= 400
E
300
8
£ 200
100 Training data
0 — Current hypothesis
1000 2000 S000 4000 o0 500 0 500 1000 1500 2000
Size (feet”) Oy
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ho(z)

(for fixed  fg, @1this is a function of x)

700

600

Price $ (in 1000s)
[ w B w
S & 5 o
o} =] =} =1

—
=
S

Training data
—Current hypothesis

(=

1000 2000 3000 4000
Size (feetz)

J(6p,61)

(function of the parameters 0y, 6;)

5 . . h .
-1000  -500 0 500 1000 1500 2000

o
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ho(z)

700

600

[ EN u
S =} f=3
I=} < S

Price $ (in 1000s)

[
[
=

i
[
S

Training data
| = Current hypothesis |
10007 2000 3000 4000
Size (fEEl’z)

o

(for fixed  fg, @1this is a function of x)

J(6p,61)

(function of the parameters 0y, 6;)

1000 -500 0 500 1000 1500 2000

By
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5 types of regression

o L »
O | .
. ‘.. [ b .
- /* NN . *
. /A o/ « e
# y =7 -4
= sssces ssce —*
Linear Logistic Polynomial Time series Support vector
regression regression regression regression regression

Predicts a continuous
output by modeling a
straight-line relation-
ship between input
features and target
variables, such as
estimating the impact
of price changes on
demand.

Models the probability
of binary outcomes,
such as predicting

customer churn;
commonly used in
classification tasks.

Captures nonlinear
relationships, such as
estimating the impact

of ad spending on

sales, by fitting a
polynomial curve
to data points.

Soft Computing

Predicts future values
in a time-dependent
data set; often
employed to forecast
future values based
on past observations,
as seen in stock
market analysis.

Approximates a
continuous function
by identifying a
hyperplane that best
represents the data’s
structure; valuable in
various applications,
including financial
market prediction.
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