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Miles per Gallon Prediction

https:// archive.ics.uci.edu/ml/datasets/auto+m
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https://archive.ics.uci.edu/ml/datasets/auto+mpg
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Miles per Gallon Prediction
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Cancer prediction
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Cancer prediction
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Supervised learning problems

() Yset of objects, WYsetof f GT IJK A1 IJR Ror ¢ddb johjett 1 A 1J &
There is implicit dependency ¢ that maps object from Wto response from W

Input:
{8 @ } O & Ytraining samples from dataset @

a « (0HRQ pB ha are known response for the sample, {a B K 1O O

Output:
We have to find function |__D® O ¢ (decision function) that

approximates unknown dependency e« for every N ®




AYGI TgTTH | g7 AGIH KT ijh
Definition of "&h feature: QDM © OhQ phB F

Types of features:

A 'O 1ip Ybinary feature

A 'O is finite set Ynominal (categorical) feature

A 'O is finite set and O is ordered Y ordinal feature
A O k a Ycontinuous feature

Features vector for the object x: ")  ("A)h " A FQ(0) )

Q® Qo E Qo
"Weo 18 Fio ) 5 5 £ 5 Data Set
"0 06 E 00 (features data)
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Types of supervised learning problems

Classification problems:

A d mp ord ph p Ybinary classification
A & {phchB B} Ymulticlass classification

A & {mtp} Ymultilabel classification

Regression problems :
A ®k aordk a Ycontinuous variable prediction

Ranking problems (learning to rank):
A &is finite and ordered set




Classification problem
example (Fisher, 1936) = AR
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Number of samples & pu T . :
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What is learning algorithm?

()M ho Learning algorithm |
Data and » U » Decision

responses function

Learning algorithm always has two stages

Inference

apply decision function
for new data

Training
build decision function




Training and inference stages

Training stage:

4 , )
QW E Q W a
2 E é O ,é’]
"Qw E Qw Q
- J
Inference stage:
Qw E Qo
= E é
Qe E Qo -

U |

Decision
function

e @&




How to find decision function?

Model of decision function | :
NS D) DO N G I

where "QDO  w © ¢and  is the set of parameters
For the fixed 0 * we get concrete decision function | (0 "QaiD”

Example (regression problem, linear model):
"Ao) VU Qw

where0 (0 B )7 k s




Quality of decision function

0( ho) is loss function for the decision function | N O at the sample N @

Loss function for classification problems:
" mh| (@ ah

ADERY ok @ da

Loss functions for regression problems:

Ab(my |I@ «l

Ao(hy) (@ &d)

Empirical risk:

oy ) — Olho h |& a




From learning to optimization

Empirical risk minimization (ERM) principle:

o hd ) — Olho ©10ER
O Ry ) — 0Qom ke 0 0RYO T ET

Example (linear regression, least squares):

0(0) — (doh) @) - (é(((b) 0"9(30)




Example: Linear Regression

Linear model:

One dimensional case:
Q) 0 Qe A PG  ©
"Fod) O 0 W

Method of lest squares:

b) (a6 der)) o 1 El,
(f)(L'))
, m+ 0@° | ED 0
¥ (0°)
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Example: Curve Fitting

o
(] [ ]
M 0..0.“‘
®
e ® )
e o
¢ s o
8 10




Example: Curve Fitting

Model: "@atd) 0 Q@) 0 QAW 0 AY 0VAY O O OO O

Features: 7
AW p :
ey o T
“Q((b) (b ° .o
oW © e




Example: Curve Fitting

Model:

"Aohv)

Features:

0

V® U ORJ

0 2 4 6 8 10




Overfitting example
Example: (@) Yo ¢ o ¢® 0O (tmd)hoy mhp

Samples: o "YT1hp

~

Features vector: "(00) phaho ho B ho
Model: ‘Gafv) 0 O ® 0w OVw E 0 W
Training linear model with method of lest squares:

66) = (0 0o e E 0

a6) o i El,




Overfitting example a® w ¢ o @ §@fm)
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Overfitting example
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Overfitting example




