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Recap (7@ ELTE
Previously on Lecture 1

\ B/,
YN=/ UNIVERSITY

Machine Learning

G |- N N
Artificial Intelligence i L%_.‘ -

Input Feature extraction Classification Output

A Deep

Learning

Most Learning
Algorithms

Any technique that enables computers to imitate
human behavior. Deep Learning

Machine Learning & o g%g?g% o >

Input Feature extraction + Classification Output Amount of Data

Performance

Computers capable of learning without
explicitly being programmed.

0 Google DeepMind

originally published Nov. 2023; updated Jan. 2024

Levels of AGI: Operationalizing Progress on
the Path to AGI

Meredith Ringel Morris', Jascha Sohl-dickstein', Noah Fiedel', Tris Warkentin', Allan Dafoe',
Aleksandra Faust!, Clement Farabet! and Shane Legg'
1Google DeepMind

Futuristic

We propose a framework for classifying the capabilities and behavior of Artificial General Intelligence

D l H (AGI) models and their This ki levels of AGI performance, generality,
e e p e a r“ I“ g and autonomy. It is our hope that this framework will be useful in an analogous way to the levels of
driving, by providing a I to models, assess risks, and measure

progress along the path to AGL. To develop our framework, we analyze existing definitions of AGI, and

C Om pu ters t hat Iea rn fro m d at a :j; distill six principles that a useful ontology for AGI should satisfy. These principles include focusing on
. = bilities rather than mechani ly evaluating lity and p and defining -
usu’]g Deep Neural Networks N stages along the path toward AGI, rather than focusing on the endpoint. With these principles in mind, Enterprlse
= we propose “Levels of AGI” based on depth (p and breadth (. lity) of bilities, and
- reflect on how current systems fit into this ontology. We discuss the challenging requirements for future
vy benchmarks that quantify the behavior and capabilities of AGI models against these levels. Finally, we
S— discuss how these levels of AGI interact with i ions such as and risk, and
e hasize the i of lecting Hi Al i i for ible and
B safe deployment of highly capable Al systems.
'S'
Keywords: Al, AGI, Artificial General Intelligence, General Al, Human-Level Al, HLAI, ASI, frontier models,
".J benchmarking, metrics, Al safety, Al risk, autonomous systems, Human-Al Interaction
o
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1. Linear Regression f@s ELTE

Meet Tim and Tom
Once childhood friends, but now on different life paths

Tim Gradient (25) Tom Tensor (25)

Software Developer at XenuAl, CEO of ScaliburAl

Stockholm, Sweden Zurich, Switzerland

Strong body [, sharp mind «, and family at heart *. Started young &, chasing wealth <, and hustling
nonstop. =

3/3/2025 Deep Network Development 5



1. Linear Regression 7@\ EITE

One day they met and...
Tim was mad at Tom for not Tom was mad at Tim for living in his
spending time with him comfort zone and not use his full

anymore. potential.

Tom, emotionally replied: “But you
will die first...”

Tim, emotionally said: “You’re
probably going to end up dead
alone...”

“No way! | am wealthier than you!”

“No way! | am healthier than
you!”

... and that is when they had an idea ...

3/3/2025 Deep Network Development 6



1. Linear Regression 7@\ ELTE A
Meet Tim and Tom |

TO USE ARTIFICIAL INTELLIGENCE TO PREDICT
THEIR LIFE EXPECTANGY!

3/3/2025 Deep Network Development 1



1. Linear Regression o ELTE A
Supervised Learning: Linear Regression

Life Expectancy function

flz)=y
* Have: (x, y)
o X-data
o y - label

« Goal: Learn a function to map r—Y f ( ) =77_6 years

« Regression — Predict real valued / continuous output: y € R
o What is the height of person B?

o What is going to be the price of a share tomorrow? : _
o How many cars are in a city? @Y =18.1 years
o What is the life expectancy of person A?

.

3/3/2025 Deep Network Development 8



1. Linear Regression &) ELTE
Qﬂ”{f/ UNIVERSITY
Collect a dataset

- Life Expectancy (WHO) Dataset
- Statistical Analysis on factors influencing Life Expectancy across different countries
« https://www.kaggle.com/kumarajarshi/life-expectancy-who

3/3/2025 Deep Network Development 9
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1. Linear Regression

Exploring the dataset

<class 'pandas.core.frame.DataFrame'>

Rangelndex: 2938 entries, @ to 2937

B

ELTE

g EOTWOS LORANDY
S UNIVERESITY

Data columns (total 22 columns):
. . # Column Mon-Null Count Dtype
- Dataset has 2938 data points, each having 20 factors oo e P
influencing Life Expectancy, the country name and the actual  ° o 2008 nonTull sbjeet
|_|fe Expectancy Va'ue 2 Status 2938 non-null  object
3 Life expectancy 2928 non-null  float64
4 Adult Mortality 2928 non-null  floated
. . 5 infant deaths 2938 non-null int64
« Adult Mortality - Adult Mortality Rates of both sexes, 6 Alcohol 2744 non-null  Floatea
probability of dying between 15 and 60 years per 1000 , pencentose Swenditure 2008 mon-nuiy Tloated
pOpll'atIOn, 9 Measles 2938 non-null inte4d
. . 18 BMI 2964 non-null  floated
« BMI - Average Body Mass Index of entire population; 11 under-five deaths 2938 non-null  intea
. . . . 12 Polio 2919 non-null  floated
» GDP - Gross Domestic Product per capita (in USD); 13 Total expenditure 2712 non-null  float6s
° 14 Diphtheria 2919 non-null  float6d
e 15 HIV/AIDS 2938 non-null floated
16 GDP 2499 non-null  floated
17 Population 2286 non-null  fleoat6d
18  thinness 1-19 years 2984 non-null  float6d
19  thinness 5-9 years 2984 non-null  floated
20 Income composition of resources 2771 non-null  floatéd
21 Schooling 2775 non-null  float64
dtypes: float64(16), int64(4), object(2)
memory usage: 585.1+ KB
3/3/2025 Deep Network Development 10



1. Linear Regression 7@\ ELTE
Life Adult Infant Percentage
Country Year Status Alcohol Hepatitis B| Measles BMI
expectancy | Mortality | Deaths Expenditure
Hungary 2014 Developed 75.6 137 0 0.01 160.9449 0 64.2
Income
Under-five Total Thinness | Thinness 5-
Polio Diphtheria | HIV/AIDS| GDP (Population composition of| Schooling
Deaths expenditure 1-19years | 9years
resources
0 99 7.4 99 0.1 14117.98| 9866468 1.7 1.6 0.834 15.8
3/3/2025 Deep Network Development 1



1. Linear Regression /ﬁ FEE A
Feature Selection N

Tom chose GDP (independent
variable) for predicting Life
expectancy (dependent variable)

Tim chose BMI (independent
variable) for predicting Life
expectancy (dependent variable)

X = GDP
Y = Life Expectancy

X = BMI
Y = Life Expectancy

3/3/2025 Deep Network Development 12



1. Linear Regression

(% )ELTE o
E | 8 Gy

Cost of residential real estate (Budapest VlIl.)
e X — (input) floor area (sq. meters) 120
« Yy — (output) price (in M HUF) °

100 - g

Cost of residential real estate (Budapest VIII., 2024)

80 A L ]

60 - '

Price (in M HUF)

40 ~ ~.'.

20

T T T T T T T
0 20 40 60 80 100 120 140
Floor area (in sq. meters)

3/3/2025 Deep Network Development 13



1. Linear Regression

Example

X — (input) number of residents
y — (output) number of cars

120

(2 )ELTE

Cost of residential real estate (Budapest VIII., 2024)

100 +
Seems to have a linear relationship (we try to fit a line):
— 80 7
5
I
A = 4
Yy =09+ 01x = 0x e
N
40
Variables 20
Describe a specific point
— b 07
y - |7n_7,X t = 20 40 60 80 100 120 140
- Floor area (in sg. meters)
Slope y-intercept
Describes the slope Describes where the
of the line line crosses the y-axis
3/3/2025 Deep Network Development 14



1. Linear Regression

(8) s M

Supervised Learning: Linear Regression

X - (Input) floor area (Sq thEI'S) Cost of residential real estate (Budapest VIII., 2024)

y — (output) price (in M HUF) 120
Seems to have a linear relationship. We want to find a function: |
h(z) =9=0¢+ 01z =0z % 60 {
To select best, 8 that minimiz% the loss: 5 ] y=6,x+6,
1 - A\ 2 20 =2 @.=2
J(G):_Z(g(Z)_y(Z)) 0,=2 6,="1
n Z:]- " (I] EID 4ID ﬁID EID l[I}'D lZI'D 140
1 n . . 2 Floor area (in sq. meters)
J@)==%" (gx(Z) _ y(z))
n
i—1

3/3/2025 Deep Network Development 15



1. Linear Regression ,.,} EIEGE A
Supervised Learning: Linear Regression o

X — (input) floor area (sq. meters)
y — (output) price (in M HUF)

Seems to have a linear relationship. We want to find a function:

Predicted Value

Actual Value

h(x)=9=20y+ 61z =0z > 4

To select best, & that minimize the loss:

7(6) = > (59 4 .

i—1 0 1 2 3 4 5 8 7 8 8 10
L (o) @) x
J(@):EZ(&C —y)
i=1

3/3/2025 Deep Network Development 16



1. Linear Regression

Vectorization 20" oR
2(2) e
Say we have 200 data points: T , Y o=
(200,2) e (200,1)
$(200)_ _y(200)_
[ 1-0g+2M; |
. 0 — 90 A 1 °90‘|—33(2)91
We want to find o lg,| Tor h(x) =9 =x0 =
That minimizes loss: 10 + 220,
1 N A\ 2 . .
J(6) = — (y( )=y )) 2(90 +x®g, — y®)

(vectorized form):  j(8) = (P —Y) (P —Y) = (X6 = V)T (X6 — 1)

(&) 2ez: A
\ Y

Slope y-intercept
Describes the slope Describes where the
of the line line crosses the y-axis

15F

10}

20

10 20 30 40 50 60

3/3/2025

Deep Network Development
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1. Linear Regression 7@\ ELTE A
Supervised Learning: Linear Regression |

The problem can be summarized:

6* = argminJ(0)
6

Find the optimal @* that minimizes the loss (in this case the Mean Squared Error):

n
1 : .
J©) = 1 (00 -5
How to find optimal 6™ ? i=1

« Analytical solution: Normal equation
« Numerical solution: Gradient Descent

3/3/2025 Deep Network Development 18



1. Linear Regression

LY '.:"": EOMNCES LOYRAND
PN UNIVERSITY

Analytical solution: Normal Equation

Say we have 200 data points: IR . o
=mx + : .
e Sl
€r —= z /
ctt 20 "0 10 20 30 20 50 60
1 (200)
6 = [6,01]"
_ [a,(1) ,,(2) (200)1T :
y=wy"9" . .y Normal Equation [1]: 0 = (XTX) " H(XTY)
y = X0
is the optimal parameter that minimizes the loss function
J(6) = (X6 — V)T (X0 - Y) 0 o)

[1] Normal equation derivation (different): https://elithegreenplace.net/2014/derivation-of-the-normal-equation-for-linear-regression/

3/3/2025 Deep Network Development 19



1. Linear Regression /ﬁ FEE A
Feature selection (recap) N

Tom chose GDP (independent
variable) for predicting Life
expectancy (dependent variable)

Tim chose BMI (independent
variable) for predicting Life
expectancy (dependent variable)

X = GDP
Y = Life Expectancy

X = BMI
Y = Life Expectancy

3/3/2025 Deep Network Development 20



1. Linear Regression

Analytical solution: Normal Equation (Tim)

y=mx+b, 0" = (X"X)'(X'Y)

def normal_equation(X,Y):
return np.linalg.inv(X.T @ X) @ (X.T @ Y)

tim_theta = normal_equation(tim_data_ready, Y) 90

print(f'y = mx + b')

print(f'y = {tim_theta[1]}x + {tim_thetal[0]}') i
y=mx+b :
y = 0.26743768477023727x 4+ 58.98617203832164 &

m -

g

Life expectancy

=

7@\ ELTE

. \\ B35 )/ eon
Life expactancy vs BMI

=

B

3/3/2025 Deep Network Development

21




1. Linear Regression 7@\ EITE

| EOTVOS LORAND

L i,
YN/ UNIVERSITY

Analytical solution: Normal Equation (Tim)

Life expectancy regression using 8o = 58.98617203832174 , 6, = 0.2674376847702362

90 def life_expectancy(X, theta):

X = np.concatenate((np.ones(1),np.array(X)),axis=0)

80 return round(np.dot(X, theta),1)

o height = 1.82 #float(input("Please input your height (in meters): ")) #1.82
weight = 80 #float(input("Please input your weight (in kilograms): ")) #80
bmi = weight / height*x%2

= print("BMI:",6 bmi)
life_exp_tim = life_expectancy([bmi], tim_theta)

50 print("Tim's life expectancy is", life_exp_tim , "years.")

: 4

. BMI: 24.151672503320853
' Tim's life expectancy is 65.4 years.

height = 1.80 #float(input("Please input your height (in meters): ")) #1.82

weight = 73 #float(input("Please input your weight (in kilograms): ")) #80

bmi = weight / height*=%2

print("BMI:",bmi)

life_exp_tim_tom = life_expectancy([bmi], tim_theta)

print("Tom's life expectancy predicted by Tim's model is", life_exp_tim_tom , "years.")

BMI: 22.530864197530864
Tom's life expectancy is 65.0 years.

3/3/2025 Deep Network Development 22



1. Linear Regression 7@\ ELTE

| EOTVOS LORAND

Ly 1'_5-‘" 'y
VNS UNIVERSITY

Analytical solution: Normal Equation (Tom)

07 o= 3 o -
] . L ] o
- el W »
Variables 80 1 ? . @ & ‘
Describe a specific point
£
£ 704
— ¥}
y=mx+0b :
I7_| I_I_l =
. & 60 -
Slope y-intercept =
Describes the slope Describes where the
of the line line crosses the y-axis
50 4
tom_theta = normal_equation(tom_data_ready, Y) ¢ 20000 40000 EDOOD  BOODO 100000 120000

GDP

mx + b')
{tom_theta[1]}x + {tom_thetal[0]}')

print(f'y

. ; Life expectancy regression using 8g = 66.90438993067774 , 6; = 0.0003114096238676879
print(f'y

y=mx+b "
y = 0.0003114096238676778x + 66.90438993067785 s

0 20000 40000 60000 80000 100000 120000

3/3/2025 Deep Network Development 23
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1. Linear Regression 7@ ELTE

Analytical solution: Normal Equation (Tom)

Life expectancy regression using 6 = 66.90438993067774 , 6; = 0.0003114096238676879
100 def life_expectancy(X, theta):
X = np.concatenate((np.ones(1),np.array(X)),axis=0)
% return round(np.dot(X, theta),1)
80
gdp = 8500 #float(input("Please input the GDP of your country: ")) #8500
70 life_exp_tom = life_expectancy([gdp], tom_theta)
60
* Tom's life expectancy is 69.6 years.
40

0 20000 40000 60000 80000 100000 120000

gdp = 5000 #float(input("Please input the GDP of your country: ")) #5000
life_exp_tom_tim = life_expectancy([gdp], tom_theta)
print("Tim's life expectancy predicted by Tom is", life_exp_tom_tim , "years.")

Tim's life expectancy predicted by Tom is 68.5 years.

3/3/2025 Deep Network Development 24



1. Linear Regression 7@\ ELTE A
Results '

Tim’s Life Expectancy predictions: Tom’s Life Expectancy predictions:
o Tim - 65.4 years o Tim - 68.5 years
« Tom - 65 years « Tom - 69.6 years

NO AGREEMENT!!

 Metrics?
« Further explore dataset?
- Better feature selection?

My model is better! NO! Mine is better!
I'll live longer! I'll live longer!

3/3/2025 Deep Network Development 25



1. Linear Regression

EOTWOS LORANDY

UNIVERSITY

Exploring the dataset part 2

Year 1 0.17 -0.08 -0.04 -0.05 0.03 0.09 -0.08 011 -0.04 009 0.08 0.13 -0.14 0.09 0.01 -0.05 -0.05 0.24 0.2
Life_expectancy 0.17 1 0.7 0.2 0.39 0.38 0.2 -0.16 0.56 0.22 0486 0.21 0.48
Adult_mortality -0.08 0.7 1 o0.08 -0.19 -0.24 -0.14 0.03 0.09 0.27 -0.11 -0.27
infant_deaths -0.04 0.2 0.08 1 -0.11 -0.09 -0.18 0.5 -0.23 0.17 -0.13 -0.18
L L]
Orre atl 0 n matrl X Alcohol  -0.05 0.39 0.19 0.11 1 0.34 0.08 0.05 032 £.11 o021 0.29 0.22
W h t - t h I t. h - b t t h d .ﬁ t Percentage_expenditure 003 0.38 .24  0.09 0.34 1 0.01 0.06 023 -0.09 015 017 0.14 0.1 -0.02 025 -0.25 038
a IS e re a IO nS I p e Wee n e I e re n HepatitisB  0.09 0.2 -0.14 -0.18 0.08 0.01 1 £0.09 013 0.18 041 0.05 0.5 0.1 0.06 -0.11 -0.11 -0.11 0.15 0.17
L]
features an t e Ife expe ctancy Measles -0.08 0.16 0.03 0.5 -0.05 -0.06 -0.09 1 0.18 051 -0.14 0.1 -0.14 0.03 -0.07 0.24 0.22 0.22 ©0.12 -0.12
L]
BMI 011 0.56 H +0.23 032 0.23 0.13 -0.18 1 0.24 o028 0.23 0.28 0.24 o028 -0.06 m 0.48 0.51
under_five_deaths -0.04 -0.22 0.09 . -0.11 -0.09 -0.18 051 -0.24 1 0.19 013 0.2 0.04 0.11 0.54 0.47 0.47 0.16 -0.21
Polio  0.09 0.46 .27 017 o021 0.15 0.41 0.14 o028 0.19 1 0.13 0.67 0.16 019 0.03 022 -0.22 0.36 0.39
Total_expenditure 0.08 0.21 0.11 0.13 0.29 0.17 0.05 0.1 0.23 £.13 013 1 0.15 -0 0.12 -0.07 027 -0.28 0.15 0.22
Diphtheria 013 0.48 .27  0.18 0.22 0.14 0.5 0.14 o028 0.2 0.67 0.15 1 0.16 0.18 0.03 023 022 037 0.39
HIV/AIDS -0.14 H 0.52 0.03 -0.05 0.1 0.1 0.03 -0.24 004 -0.16 -0 -0.16 1 £0.13 -0.03 0.2 0.21 0.25 -0.22
Positive Correlation No Correlation Negative Correlation
GDP  0.09 0.43 0.28 -0.11 0.32 0.06 0.07 o028 £0.11 019 0.12 0.18 0.13 1 0.03 027 027 044 0.43
x Data % 20.0 X x x Data & % Data
20 Correlation Line . ";x % x No Correlation Line 0 % r Carrelation Line
X% " X 17.5 x 5. )séé X, Population 0.01 -0.02 -0.01 0.55 -0.03 -0.02 -0.11 0.24 -0.06 054 -0.03 -0.07 -0.03 -0.03 -0.03 1 0.24 0.23 0.01 -0.03
x %% £ x x x x x, X & X Ly
x X x x x X WK, X, X*
x gk X 15.0 & x -5 L
15 Xy Xy x ¢ x x * » ¥ thinness 1-19 years 0.47 -0.25 -0.11 0.22 047 022 027 -0.23 0.2 -0.27 0.24
x
* x‘i”"* 12.5 T - X - % x
* x x -10 L e X
® § x x e X thinness 5-9 years 0.47 0.25 -0.11 0.22 047 022 028 022 021 0.27 0.23
> 10 x X X x > 10.0 Xoge x X > x X X KX x
x x - x x x
* R x X x x 2%
X% 75 L. i -15 = % XX Xy Income_composition_of _resources 014 042 038 015 012 048 016 036 015 037 025 044 001
xx§*§xxx x % x"x "xx x x X Xox T o x
A R m R 5.0 TR R x * W
% )g‘c’sk . % x, x x —20 % Schooling ©1% 05 039 017 012 051 021 039 022 039 022 043 -0.03
x x x
* x 25 xx x x x x x*
x X & > > ° H a n »
x i ¥ z 2z ¥ t 8§ 3% f : £ ¢t §f 3 & ;5 ¢t ¢ g ¢z
00 * -2 ‘ * 5§ § 3§ 8 2 ¢ 3 ® % & £ f 3 ¢ F & & 5 3
H i 1 | | ' ; ! i £ g 3 < K]
2 4 6 8 10 2 4 6 8 10 0 2 6 8 10 i ] T, 4 2 [ 2 T, € ] 2z 3 a @ 2 2
- E B g © [ ) I 3 = @ ¢ ]
X X X % o £ 3 2 H 2 a e A " 5
- T 9, ol ) e 8 %
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1. Linear Regression

Exploring the dataset part 2

0.38 0.2 -0.16 0.56 -0.22 0.46

0.39

-0.2

17

pectancy 0.

Life_ex

buijooyos

sa21nosal jJo uolyisodwod awoou|

sieak -G ssauuiyl

sieak 6T-T SSauulyl

uonejndod

ddo

SAlIv/AIH

enayydig

ainjipuadxa jejoL

oljod

syjeap 2Al) Japun

ling

sajsean

gsnnedaH

ainyipuadxa abejuadiad

[oyod|y

syjeap jueju]

fijeow 3 npvy

fouejdadxa ayn

deaj

28

Deep Network Development

3/3/2025



1. Linear Regression

Exploring the dataset part 2

Tim chose BMI, Adult Mortality and
HIV/AIDS (independent variables) for
predicting Life expectancy (dependent
variable)

X = BMI, Adult Mortality, HIV/AIDS
Y = Life Expectancy

5o g
" \” /) UNIVERSITY

Tom chose GDP, Income composition of
resources and Schooling (independent
variables) for predicting Life expectancy
(dependent variable)

X = GDP, Income comp. resources,
Schooling
Y = Life Expectancy

3/3/2025
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1. Linear Regression 7@\ ELTE

Multiple Linear Regression

 How many cars are in a city?
e x4 — (input) number of residents (in
thousands) o |
. Xy — (input) distance to capital (in km) 3D multiple linear regression model

« y — (output) number of cars
>
8000§ 8000%
- We can add more... x5, ..., x,, 6000 |3
4000Z ® 3
a 4000
2000 o
© (a8
0o © o 2000 v
©
O]
0 -0
\/
40 o 0200
e 20 60% S
Porositl)?(%) 10 10(?% Anenes
30
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1. Linear Regression 7@\ ELTE A
Multiple Linear Regression (Vectorization) -

» Similar (only dimensions change)
« Generalizable
- n features, +1 column with ones

R L 0,” "
2) 2) 0, (2)
P 1 z7 ... zy g — y — Y
(m,n+1) (Tl+1,1) (m,]_)
1 :Egm) :E,,(lm)_ 0, _y(m)_
y X 0

(m,1) ~— (m,n+ D(n+1,1)

3/3/2025 Deep Network Development 31



1. Linear Regression 7@\ ELTE

4] EOTVOS LORAND

UNIVERSITY

Multiple Linear Regression: Normal equation (Tim})

RMSE =

tim_theta = normal equation(tim data ready, Y) \\

print(f'theta = {tim_theta}")

theta = [ 6.95250308e+01 1.58686254e-01 -3.38199840e-02 -4.58041192e-01]

def RMSE(y_pred, y):
return np.sgrt(metrics.mean_squared error(y, y_pred))

tim_y_pred = np.dot(tim_data_ready, tim_theta)
tim_rmse = RMSE(tim y pred, Y)

print("Tim's RMSE: ", tim_rmse)

Tim's RMSE: 5.784750918898876

3/3/2025 Deep Network Development 32



1. Linear Regression

Multiple Linear Regression: Normal equation (Tim})

FITE

PN/ UNIVERSITY

height = 1.82 #float(input("Please input your height {(in meters): "})
weight = 88 #float(input(”Please input your weight (in kilograms): "))
bmi = weight / height**2

print("BMI:",bmi}

adult_mortality = 53

hiv = 8.1

life exp tim = life expectancy([bmi,adult mortality,hiv], tim theta)

print("Tim's life expectancy is", life exp tim , "years.")

BMI: 24.151672583328853
Tim's life expectancy is 71.5 years.

height = 1.80 #float(input("Please input your height (in meters): "})
weight = 73 #float(input(”Please input your weight (in kilograms): ™))
bmi = weight / height**2

print{"BMI:", bmi}

adult_mortality = 78

hiv = 8.1

life exp tim tom = life expectancy([bmi,adult mortality,hiv], tim theta)

print("Tom's life expectancy predicted by Tim is", life exp tim tom ,

BMI: 22.530864197530864
Tom's life expectancy predicted by Tim is 708.7 years.

“years.")

4] EOTVOS LORAND
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1. Linear Regression 7a\ ELTE

Multiple Linear Regression: Normal Equation (Tom)

n
1 . 9
tom_theta = normal_equation(tom_data ready, Y) RMSE — S E (fyz — yz)
print(f’'theta = {tom_theta}") N\ n < 1
1=
theta = [4.49681347e+01 8.26882411e-05 1.42744076e+01 1.22489350e+00 ]

def RMSE(y_pred, y):
return np.sqrt(metrics.mean_squared error(y, y_pred))

tom_y pred = np.dot{tom_data ready, tom_theta)
tom_rmse = RMSE(tom_y pred, ¥)

print("Tom's RMSE: ", tom_rmse)

Tom's RMSE: 6.288890108092894
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1. Linear Regression

Multiple Linear Regression: Normal equation (Tom)

(7@ ELTE

Ve ] EOTVOS LORAND

7 UNIVERSITY

gdp = 8588

income = 9.8

school = 16.5

life exp tom = life expectancy([gdp,income,school], tom_theta)
print("Tom's life expectancy is", life exp tom , "years.")

Tom's life expectancy is 77.3 years.

gdp = 5808
income = @.77

school = 15.5
life exp tom _tim = life expectancy([gdp,income,school], tom_theta)
print("Tim's life expectancy predicted by Tom is", life exp tom_tim , "years.")

Tim's life expectancy predicted by Tom is 75.4 years.

3/3/2025
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1. Linear Regression 7@\ ELTE

T u—'\." _.'_.' ECFIVOES LAY
PN/ UNIVERSITY

Results part 2

Tim’s Life Expectancy predictions:
e Tim - 71.5 years
 Tom —70.7 years

Tin's RMSE: 579 |

Tom’s Life Expectancy predictions:
e Tom - T71.3 years
e Tim-15.4 years

Tim’s RMSE: 6.29
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1. Linear Regression /@& ELTE

X '.:"": EOTWOS LORANDY
"N/ UNIVERSITY

Next steps...

 Normalization? Standardization?
« Gradient Descent?
o Artificial Neural Networks?

Tim vs Tom to be continued...
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1. Linear Regression 7@\ ELTE A
Normalization vs Standardization -

x; — min(x)

- - _—r -
Normalization " max(z) — min(z)

Consider a dataset containing two features:
* Age
* Income
The range of age can go from 0-100 years old, .
whereas the range of income can go from 0-1,000,000 HUF :

If we would do linear regression, income would have the « ° e S
highest influence because of its large values.

|

Actual Data After normalizing
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1. Linear Regression

Normalization vs Standardization

Standardization

Consider a dataset containing two features:
- Weight (Kg)
« Height (cm)

The range might be similar, but the meaning is different. For
example, 100 Kg is different than 100 cm.

Most importantly, the deviation and the mean are different for both
attributes.

For instance, it is more common to have people with a mean of 80
Kg and a few people with 100 or 200 Kg, than having people with a
mean of 80 cm tall (the majority will have more 160 cm).

2 )ELTE
8 i

XL — I
z ==
0}
L ] o
. . .'
e " o
. ] 1
il
& L J
Actual Data After standardization
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1. Linear Regression

Normalization vs Standardization

Normalization is recommended when your data has varying scales.
Standardization is recommended when your data has different units.

ﬁ} E EiE

S LOVRAN

"=/ UNIVERSITY

x; — min(x) r—x
max(z) — min(x) o
Normalisation Standardisation
Scaling is done by the highest and the Scaling is done by mean and standard
4 lowest values. deviation.
. * . Itis applied when the features are of It is applied when we verify zero mean and
- ® © * . separate scales. unit standard deviation.
[ ] -
- - -+ * Scales range from 0 to 1 Not bounded
[ ] . " @ ) P 1
. LI . N s T . Affected by outliers Less affected by outliers
- . b [
T It is applied when we are not sure about | It is used when the data is Gaussian or
> _l ——* l the data distribution normally distributed
1
Itis also known as Scaling Normalization | It is also known as Z-Score
Actual Data After normalizing After standardization
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[ EOTVOS LORAND

1. Linear Regression
Applications -

Object Detection (Bounding Box Regression)

. o (640, 0)

(0, 0)
. _
x
o
o
(<e)
<
P (420, 345)
.
g
= "
=l e ————"
(0, 480) l 322px | (640, 480)

41
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2. Artificial Neural Networks

How do ANNs work?

X —the inputs

w — weight parameters we will train

b - bias parameter we will train

£- nonlinear activation function
(ReLU, Softmax, ...)

0 — the output

Oy
8 Gy

Activation
function

One neuron with /minputs does the following: @

m
0=g ijxj+b
Jj=1
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2. Artificial Neural Networks 7@\ ELTE

X '.:"": EOTWOS LORANDY
"N/ UNIVERSITY

Deep Neural Networks

« Neural networks are built up from neurons, that have inputs and outputs
- Neurons are organised into layers
« Layers refine the output of the previous layers

Input Layer Hidder Layers Output Layer

Output
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2. Artificial Neural Networks ,.,} FITF !
Why do we need nonlinear activation functions?

What happens if we create a deep neural network with 2 hidden layers without an activation function?

Input Hidden Layers Output (vectorized)
g(z) ==z

(i);% W, hi(z) = g(Wiz + b)) = Wiz + by
ho(x) = g(Wax + by) = Wax + by

@*@*@*@

0 = ho(h1(x)) = ha(Wiz + by) =
@ — Wy (Wiz + b1) + by =

= WoWix + Wby + b

we get a bigger linear regression model
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2. Artificial Neural Networks 7@\ ELTE

X _I_‘.\,: EOTWOS LORANDY
"N/ UNIVERSITY

Why do we need nonlinear activation functions?

In short it allows the model to learn complex patterns
and relationships

Demo: https://playground.tensorflow.org R e - e - - ! . Do
o + - + - + - 2‘*’ L—_
di Sl | o
= Vo N
O showtestdaa [
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2. Artificial Neural Networks @ [LT[

f" UNIVERSITY

Numerical Solution: Gradient Descent

J(w)

36,.0,),

0,

3/3/2025 Deep Network Development 4]



2. Artificial Neural Networks /ﬁ BERE A
Numerical Solution: Gradient Descent |

A

1. Select @ randomly
2. Update @ :
(975 — Ht_l — CMVJ(Ht_l)

o where J(0) is the average error

J(w) Initial

I .
,// Gradient
/

3.Iterate until it converges L )W)
>
W
n n
JO) =2 Gi= 90 = 7 (s - %)
n — l l n - vl l
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2. Artificial Neural Networks FI_TF

Numerical Solution: Gradient Descent >

5 Linear fit
1.Select € randomly T cost function
2.Calculate 1/ for all training examples s
3.Calculate the gradient of the total loss: 0 |/ s
VJ(0i1) = V— ZL Jir i) /
4 Update : > ” Tl i
6, =6, 1 — aVJ (b, 1) B/
b.Iterate until it converges
s
20
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2. Artificial Neural Networks

Gradient Descent: Learning Rate

1.Update :

Too low

Just right

ﬁ‘-’r‘% WEL[E

AN _// UNIVERSITY

10)| | | 1(6) ,.f 1(0) [
| f ;, r\f
\ / / \ |
\ / \ / \ /
\ \ \—
\\ \\ \\
7]
A small learning rate The optimal learning Too large of a learning rate
requires many updates rate swiftly reaches the causes drastic updates
before reaching the minimum point which lead to divergent
minimum point behaviors
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2. Artificial Neural Networks (@\ ELTE
*ﬂ‘/j/ UNIVERSITY

Gradient Descent

J(w) Initial

/ __— Gradient

1
1
1
1

Easy visualization in 2D

Global cost minimum
J . (w)

min

>

But can be much harder: (demo)
https://losslandscape.com/explorer

More details in the next lecture
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2. Artificial Neural Networks @; [LTF

Stochastic Gradient Descent (SGD)

« Processing the whole dataset in one batch is
straightforward, may not fit into the memory
« Go through the training data in randomly selected
batches Ny
« A single pass through on the training data called . | ‘
epoch i
- batch size can be:
o Dataset size (full-batch)
o 1,2 4,8, 16, .. (mini-batch)

/L L\nm m

-100

—200

-200 -150 -100 -50 0 50 100 150 200

“SGD is like a drunkard trying to find his way home.”
— Geoffrey Hinton

Image from: https://towardsdatascience
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2. Artificial Neural Networks /,,} BERE
SGD with Momentum

« To get a smoother trajectory and reduce oscillations in
valleys lets introduce momentum
« [ controls the smoothing (weighted average)

X '.:"": EOTWOS LORANDY
"N/ UNIVERSITY

4. Update:

my = -my 1+ (1 - B8)VJ(0;-1)

Stochastic Gradient Stochastic Gradient
_ Descent withhout Descent with
0y =01 —a-my_4
Momentum Momentum

Image from: b
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2. Artificial Neural Networks @? [LT[

__// UNIVERSITY

Adaptive Moment Estimation (Adam)

« Gradient descent makes large adjustments to parameters Optimizer Comparison
with large gradients —we
« Solution: Normalize the gradients so we move fix e

— Adam

distances (learning rate)

4. Update:

= Bo-my_1 + (1 — Bo)VJI(0:_1) Measuring gradient and
vi=B1 Ve +(1—B)VI(0,1) applying momentum
iy, = m,/(1 - f)
Vi =vi/(1-B3)
0r =011 — a1y /( \/7+6 Normalize

Image from: https://e
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Backpropagation 7@\ EITE l

Backpropagation algorithm

Forward Propagation:
« The NN tries to make its best guess about the correct output
 We run the input data through its functions

Backward Propagation:
« The NN adjusts its parameters based on the error in its guess

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation Z9 ELTEA

Chain Rule

The chain rule is a formula that expresses the derivative of the composition of two differentiable functions:
h(x) = f(g(0),  h'&) =f'(g(x)g'(x)
Or, equivalently
hW=(fog9)=("°g9)-g
The chain rule may also be expressed in Leibniz’s notation:

dh(x) oh(x) dq 0z
dx  dq 0z 0x’

q = f(2),z=g(x)

3/3/2025 Deep Network Development o1



Backpropagation

Training our Regression Model

We have our model: Yy =00+ 01z =0z

Loss function: J(0) = — Z (9s — yi)2 = % (Oizi — y;

Update rule: 0, =0; 1 — aVJ(é’t_l)

VJ t9t 1 = V— ZL yuyz

https://pytorch.org/tutorials/beginner /blitz/ r rial.html

(8) s M
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Backpropagation 7@\ ELTE ﬂ
Backpropagation algorithm
Pytorch’s autograd keeps a record of data and all executed operations in a directed acyclic graph (DAG)
We create a DAG of our executed operations, where the arrows are pointing in the direction of the forward pass
The leaf nodes represents our parameters
The nodes represents the operations

«  The root node represents our loss function

The backward pass kicks off when we call .backward() on our root node (loss)

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation

Backpropagation algorithm (example)

0,

J(8) =@ —y)? 9y = ReLU(0, + x8,), ReLU(x) = {x

https://pytorch.org/tutorials/beginner /blitz/ r rial.html

x <0

x>0

"I_':-: J ] EOTVOS LORAND
"N==/ UNIVERSITY
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Backpropagation 7@\ ELTE A
Backpropagation algorithm (example) |

0, x <0

](8) — (5} — y)Z’ 57 = R@LU(QO + x@l), ReLU(x) — {X, x>0

1. Let’s create the directed acyclic graph of the operations

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation 7@\ ELTE A
Backpropagation algorithm (example) |

0, x <0

](8) — (5} — y)Z’ 57 = R@LU(QO + x@l), ReLU(x) — {X, x>0

1. Let’s create the directed acyclic graph of the operations

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation 7@\ ELTE A
Backpropagation algorithm (example) |

0, x <0

](8) — (5} — y)Z’ 57 = R@LU(QO + x@l), ReLU(x) — {X, x>0

1. Let’s create the directed acyclic graph of the operations

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation 7@\ ELTE A
Backpropagation algorithm (example) |

0, x <0

](8) — (5} — y)Z’ 57 = R@LU(QO + x@l), ReLU(x) — {X, x>0

1. Let’s create the directed acyclic graph of the operations

O® @
g

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation ’f*}ELTE A
Backpropagation algorithm (example) N

0, x <0

](8) — (5} — y)Z’ 57 = R@LU(QO + x@l), ReLU(x) — {X, x>0

1. Let’s create the directed acyclic graph of the operations

@060
g

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation ’f*}ELTE A
Backpropagation algorithm (example) N

0, x <0

](8) — (5} — y)Z’ 57 = R@LU(QO + x@l), ReLU(x) — {X, x>0

1. Let’s create the directed acyclic graph of the operations

00—
o ®

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation ’f*}ELTE A
Backpropagation algorithm (example) N

0, x <0

](8) — (5} — y)Z’ 57 = R@LU(QO + x@l), ReLU(x) — {X, x>0

1. Let’s create the directed acyclic graph of the operations

S
®0-0-0-0-60-—0
& ®

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation /ﬁ EITE A
Backpropagation algorithm (example) |

0, x <0

](8) — (5} — y)Z’ 5; = RQLU(QO + x@l), ReLU(x) — {X, x>0

2. Name these nodes

@ h g y f J
QQ/%@%%%%@%@

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation

Backpropagation algorithm (example)

(7% \ELTE

"I_':-: J ] EOTVOS LORAND
"N==/ UNIVERSITY

2. Name these nodes @ h g 9 i )

) !

s, 00089 ee
oo @

h=0.x

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation
Backpropagation algorithm (example)
3. Symbolic differentiation @ " .

@O0 @066
f=y-y / é)

'.;:‘: 4 EOTVOS LORAND
"N==~/ UNIVERSITY

Yy = ReLU(g)
d] _
g =h+0 a0,
d
h = 91x _] =7?
004

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation 7@\ ELTE
Backpropagation algorithm (example) -
3. Symbolic differentiation @ " N

g y f )
a9_, l

- @O0 600

f=y-y %=1 @

y = ReLU(g) ¥ _ {0' x <0

dag 1 x>0
d adg 0] 2
— 9 Y99 _ et
g=h+0, o =1 690_1 a0,
dJ
h=0.x Oh _  Oh _ — =7
1 ox 1 a0, B0,

https://pytorch.org/tutorials/beginner /blitz/ r rial.html
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Backpropagation @ ELTE

Backpropagation algorithm (example)
3. Symbolic differentiation @ )

g y f J
o] _ l

.., @0 0000
I =

of [

5 of

f=y=y 5= 0

y = ReLU(g) %7 _ {0' x<0

oo Th 9y 9] 9] of 9y ag
g=h+6, 221 "1 3037 af 9y da 30
oh a0, 0 ] f y o0g 0
heox _, on__ O 0] 0] 0f 9y dg Oh
! ox "' o0, " 9@, a] of 9y dg Ah a0,
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Backpropagation @ ELTE

Backpropagation algorithm (example) B) o

4. Substitution — forward pass
- &

g y f )
aqJ_, l
v . OO0 O QO
f=y-y %=1 @ P

y=RelLU(g) %Y _[0. x=0 ) -
ag {1 x>0 a] a] a] af ay ag
g=h+00 a_gzl a_'gzl ae a a a a 69 B
ah a0, 0 J f y dg 0 0y =
h=91x a—h=9 ﬂ—x 1=a]a]afayagah 61=—3
ox "1 96, 360, 0d] of dy dg Oh 00,4
a=20.1

3/3/2025 Deep Network Development 13


https://pytorch.org/tutorials/beginner/blitz/autograd_tutorial.html

Backpropagation @ ELTE

Backpropagation algorithm (example) B) o

2
4. Substitution — forward pass
- &

g y f J
a—]:l _3 \l/
— 2 9 _ .e .@ C C C
P of
F=y=y 5=t R
|f X =2

y=RelLU(g) %Y _[0. x=0 ) -
ag {1 x>0 a] a] a] af ay ag
g=h+00 a_gzl a_'gzl ae a a a a 69 B
ah a0, 0 J f y dg 0 0y =
h=91x a—h=9 ﬂ—x 1=a]a]afayagah 61=—3
ox "1 96, 360, 0d] of dy dg Oh 00,4
a=20.1
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Backpropagation

Backpropagation algorithm (example)

4. Substitution — forward pass

6]_1

J = f> %=2f

y = ReLU(g) %7 _ {0' x<0

dg 1 x>0
ag adg

=h+0 <=1 —=1
g 0 %n a0,
dh oh

1 ax ' a9, *

O
—>

a9
a0,
aJ

a0,

2
@h g y f )
l ¢ 1 0 1 1
—0—@—0C—0C—0
/ T
y

R

9] 3] af 8y ag

~ 9] af 9y ag a6,
d] a] af dy dg oh

] af @y dg Ah 90,

ﬁ? WEL[E

f" UNIVERSITY

If x=2
y:
90 —
61 =_3
a=0.1
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Backpropagation

Backpropagation algorithm (example)

4. Substitution — backward pass

6]1

J=r? T _of

y = ReLU(g) %7 _ {0' x<0

dg 1 x>0
ag adg

=h+0 <=1 —=1
g 0 %n a0,
dh oh

1 ax ' a9, *

aJ .@ -3
—

a9
a0,
aJ

a6,

2
@h g y f )
l ¢ 1 0 1 1
—0—@—0C—0C—0
/ T
y

R

9] 3] af 8y ag

~ 9] af 9y ag a6,
d] a] af dy dg oh

~ 9] of 9y ag oh a6,

ﬁ? WEL[E

f" UNIVERSITY

If x=2
y:
90 —
61 =_3
a=0.1
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Backpropagation

Backpropagation algorithm (example)

2
4. Substitution — backward pass @ h g 5

V_1 1

y O
—
— f2 o _ . .
] f af 2f 2 / T
5 of

f=y=-y 5= @1

y = ReLU(g) Q:{O' *<0q

oot Th 9y 9] 9] of 9y ag
g=h+6o -1 V-1 39 T3] of oy ag 08,
h—ox O, on__ 9 _0J 0] 0] 0y 0g Oh

=% 00,"* 38, o] of 0y dg oh 06,

ﬁ? WEL[E

f" UNIVERSITY

¢ )
-6 -1 0 -1 1
—0——C0O—6E—0

If x=2
y:
90 —
61 =_3
a=0.1
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Backpropagation 7@\ ELTE

Backpropagation algorithm (example)

9. Update weights

What happened? Did we learn?

) 9] 8] af 3y dg

- = . . i -0

20, 8] of 0y dg 06,

9 _9] o] af 0y ag oh _ 5

00, 9] of 0y dg Oh 060, y =
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Backpropagation @ ELTE

Backpropagation algorithm (other example) B) s

3. Symbolic differentiation @ h
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Backpropagation @ ELTE

Backpropagation algorithm (other example) B) s

2
4. Substitution — forward pass
- &
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Backpropagation @ ELTE

Backpropagation algorithm (other example) B) s

2
4. Substitution — backward pass @ h
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Backpropagation @ ELTE

Backpropagation algorithm (other example) B) s

2
4. Substitution — backward pass @ h

V_1 1

g y f J

) 4 k2 3 3 2 4
-0 00000
_p2 oy _

J=f1 of 2f 4 / T

S of

f=y-y %=1 @1

X =2
y=RelU(g) 7-(0 <=0 1 et toz
ag 1,ax>0 a] a] a] 6f ay ag
g=h+6y -1 Jl-1 39,8 af ay ag 96, 0, =
h—ox O, on__ 9 _0J 0] 0] 0y 0g Oh 6, = —1
ox 06, a0, 9] af @y dag dh 406,
: 2 a=0.1

hitps://pytoreh.org/tutorials/beginner /blitz/autograd_tutorial htm 1 4 1 1 1 2

3/3/2025 Deep Network Development 83


https://pytorch.org/tutorials/beginner/blitz/autograd_tutorial.html

Backpropagation @ ELTE

Backpropagation algorithm (other example) B) s

2
4. Substitution — backward pass @ h
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Backpropagation 7@\ ELTE

Backpropagation algorithm (example)

5. Update weights

What happened? Did we learn?
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Summary

Summary

- Linear regression is a supervised learning method
e |t tries to find the best-fitting linear model that minimizes the error
« Used when the output is continuous (not discrete)

» Can be solved with analytical or numerical solution

Analytica

(Normal equation)

o Closed-form, provides a direct solution

Numerica

(Gradient Descent)

o |terative approach, provides an approximation
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« Fully Connected Networks (Feed Forward Networks) are inspired by the biological neural networks in the brain
(but there are some differences)

« Can be used in tasks like Linear Regression where we optimize the weights and biases




Summary ELTEM
Summary o

In Artificial Neural Network we introduced non-linearity, we don’t have an exact solution, so we use the iterative
approach for optimizing:

- Gradient Descent: we calculate the loss on the whole dataset and adjust the parameters

- Stochastic Gradient Descent: we split our dataset into random mini-batches (and train, test, validation sets),
we calculate the loss on these mini-batches, update based on these

- Stochastic Gradient Descent with Momentum: we smooth out the updates by applying a weighted average of
the gradients

- Adaptive Momentum: we normalize the gradients, so the updates are uniform

Backpropagation algorithm:
o (Calculating the gradient for our deep learning model.

« Forward pass — prediction — loss — backward pass.
« (Calculating symbolic differentiation.
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Resources

Books:

« Courville, Goodfellow, Bengio: Deep Learning
Freely available: https://www.deeplearningbook.org/

« [hang, Aston and Lipton, Zachary C. and Li, Mu and Smola, Alexander J.: Dive into Deep Learning
Freely available: https://d2l.ai/

Courses:
« Deep Learning specialization by Andrew NG
- https://www.coursera.org/specializations/deep-learning
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That's all for today!
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