Introduction to Machine Learning
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What is Machine Learning ?

(MIFYUIVDUATDY ABDLls)



Machine Learning {unisldyatayadiogaiaasnaiuudnasd (Model) dmsulvinIos
(Computer %38 Machine) Tolunisiiasigivinuienauazn1sendula (Predictive Analytics
& Making Decision) (Ugue1 Utedazinds, 2563)




A9IN8LaURaly ?

x (input) 1 2 3 al 5 6 7 3 9 10

y (output) 1 al 9 16 25 36 49 64 81

You guess the function is X2



YUAVDY Machine Learning

1. SupervisedLearning

2. UnsupervisedLearning

3. Reinforcement Learning

Supervised
Leamning

Classification

ML

Unsupervised
Leamning
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anwey Supervised Learning

X1, X2

e features g

Data

Build Model
l f(X1, X2) =Y
_ X1, X2 A
= ¢
B—or— pkl—
Predict Y
New Dafta
Use Model

Source: https://mapr.com/blog/demystifying-ai-ml-dl/



sUnuUTayaly Supervised Learning

Aauds (Variables) | Qmﬁﬂ‘l&}mz (Features) Target | Label | Class

< > < >
e e R v Wy
Restaurant Many Friday Good Yes
Pub | Bar Many Saturday OK Yes
Pub |Bar Few Monday OK No
Restaurant Few Friday Bad Yes
Restaurant Many Friday Good No
Pub |Bar Few Saturday OK Yes
Pub |Bar Many Monday Good No
Restaurant Few Saturday OK No
Pub | Bar Many Friday Bad No
Restaurant Few Friday Good No



anwely Unsupervised Learning

Contains patterns Finds patterns Recognizes patterns w F“W
Customer purchase Train Algorithm Build Model Customer Groups
data

L
' i
M i
New Customer Use Model

Purchase Data Similar Customer Group

Source: https://mapr.com/blog/demystifying-ai-ml-dl/
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MIDE19UBY Reinforcement Learning

Multi-Agent Hide and Seek

@lﬁﬁ https://www.youtube.com/watch?v=kopol zvh5jY

Al Learns to Race (deep reinforcement learning)

@1691}‘171' https://www.youtube.com/watch?v=pJPdW8W\WAso



https://www.youtube.com/watch?v=kopoLzvh5jY
https://www.youtube.com/watch?v=pJPdW8WWAso

Machine Learning

No labeled data
Labeled data No feedback
Direct feedback “find hidden structure”

Unsuperwsed

Reinforcement
Learning

No labeled data
Delayed feedback
Reward signal

Source: Generative adversarial networks, Yunjey Choi
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Model = Algorithm (Data)

174 I~
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Talauma 1%ﬁ'1uﬂ8%’a§aﬁ‘lajl,ﬂmﬁu

(Predicting new unseen data)



1W11UN8289 Machine Learning A

GENERALIZATION

Ao anansnth Model [lgldvialy lisrinsuyadeoua (Dataset)
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4 Juneulun191 Machine Learning

Data Algorithms Parameter
Preparation Selection Tuning

Evaluating

Results

Step 1% Step 2nd Step 3" Step 4%



4 Funeulun15¥n Machine Learning

1. Data Preparation



v
ASULLUUUDUA
UU U

Aauds (Variables) | Qmﬁﬂ‘l&}mz (Features) Target | Label | Class

< > < >
e e R v Wy
Restaurant Many Friday Good Yes
Pub | Bar Many Saturday OK Yes
Pub |Bar Few Monday OK No
Restaurant Few Friday Bad Yes
Restaurant Many Friday Good No
Pub |Bar Few Saturday OK Yes
Pub |Bar Many Monday Good No
Restaurant Few Saturday OK No
Pub | Bar Many Friday Bad No
Restaurant Few Friday Good No



Feature Selection
~@aendauds naglulunisvia Model

Feature Engineering
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IANTS Missing Data

1. WIAlNaALAYY /
2. aundg \

Mean | Mode

UnAnaslivayauinwa 91435U

3. 252U



4 Juneulun15¥1 Machine Learning

2. Algorithms  Selection



There are 3 types of algorithms

Unsupervisd learning

Supervised learning

Reinforcemet learning

Algorithms

K-Means

Principal Component Analysis (PCA)
Association Rules

Social Network Analysis (SNA)

Linear Regression
Logistic Regression
Decision Tree
Random Forests

KNN

Support Vector Machine

Neural Networks

Multi-Armed Bandits (UBC, Thompson
Sampling)
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Decision Tree Mglunisuiauonoduliunlaninves
Model LﬁaqmﬂawmmLLa@ﬂugULLU‘U diagram
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1SN Decision Tree Lab

TmnaudnluAdUled IRIS UCH ud1wihns Download TWdTe iris.data

>> https://archive.ics.uci.edu/ml/datasets/iris



https://archive.ics.uci.edu/ml/datasets/iris

YA bALAEINUYATBYA Iris

yadoyanenliivesiinred iuyndeyanisifdeminnldiduseaietnnde
naaeutymnTinswinlsngulunnstsudveaniesiusgisninamwing

andoyaiiiudeyaveswantifana Iris Vianun 150 pondepnifiusausiaann
AruaynsNIa (Gaspe) UsemekauIn Laglonn1s wa Lnasau (Edgar Anderson) tn
ngnuans (Leessiaienitfeyanenlivesueunaidu)

ndoyaiiBugninanldlud 1936 Tnssetad fiwwes (Ronald Fisher) tinad



YINAULNLA Library Naglaginsea

~ Matplotlib 1Ju library @unisuansualuguiuu Visualization
~ scikit-learn \Ju library @%5U Machine Learning Alasuanuileu
lawdl algorithm #1149 9 M9 Machine Learning Tluausg1easuasy
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Step 1

#indn library pandas
import pandas as pd

#innsdniuaninanesluiezas

from google.colab import files
upload = files.upload()

© 1 library pandas
2 import pandas as pd
3
4
5 #vinsanivanlWaiiadluiaiag
6 from google.colab import files
7 upload = files.upload()

G No file chosen Upload widget is only available when the cell has been executed in the current browser session. Please rerun this cell to enable.
Saving iris.data to iris.data



Step 2

#mindn Library io
import 1o

#rinnasudeyaannind Tnaruundeneding

Mlusepal length', 'sepal width', 'petal length', 'petal width', 'class'

iris = pd.read csv(1i0.StringlIO (upload['iris.data'].decode ('utf-

8')), names=['sepal length', 'sepal width', 'petal length', 'petal width', 'class'])

+ Code — + Text

TNV o B RN

1 #12n library io
2 import iol

3 [

4 #vinsarutdayaannlld Teadvuatianadmitilu sepal length', 'sepal width', 'petal length', 'petal width', 'class’

5iris = pd.read _csv(io.StringIO(upload['iris.data'].decode('utf-8')), names=['sepal length', 'sepal width', 'petal length', 'p
6
|

ANNNINNVBINAURNBN (petal width) AINLETBINAUABN (petal length)

AMUNAITBINAUEDS (sepal width) ALENIVDINAULE S (sepal length)
AULTILLNEINY 0laN https://docs.python.org/3/library/io.html

Fuiiuifeniu decode laM https://www.digitalocean.com/community/tutorials/python-string-encode-decode



#0133
iris.head(10)

1 #62i01A

2 iris.head(10)

sepal length

0 5.1
1 4.9
2 4.7
3 4.6
4 5.0
5 5.4
6 4.6
7 5.0
8 4.4
9 4.9

sepal width petal length petal width

3.5
3.0
3.2
3.1
3.6
3.9
3.4
34
29
3.1

1.4
1.4
1.3
1.5
1.4
1.7
1.4
1.5
1.4

1.5

0.2
0.2
0.2
0.2
0.2
0.4
0.3
0.2
0.2
0.1

class
Iris-setosa
Iris-setosa
Iris-setosa
Iris-setosa
Iris-setosa
Iris-setosa
Iris-setosa
Iris-setosa
Iris-setosa

Iris-setosa

Step 3



#uanstedeyareaseen IRIS anwviug setosa

setosa = iris.loc[iris['class']=="'Iris-setosa'] Step 41
setosa
e L "3 * 9J
1 #ugauivdayanadaan IRIS &1aWug setosa VUL loc[] T
2 setosa = iris.loc[iris['class']=="Iris-setosa"'] - <o o
3 setosa WalnoIvayanie
& \/L = by,
sepal length sepal width petal length petal width class NBULUNEITNRINTT
0 5.1 3.5 1.4 0.2 Iris-set ot
e lun1sseyvayann?
1 4.9 3.0 1.4 0.2 lIris-setosa o el
(7]
2 47 3.2 1.3 0.2 lIris-setosa LasAaaluy
3 4.6 3.1 1.5 0.2 lIris-setosa &J@Qﬂqi
4 5.0 3.6 1.4 0.2 lIris-setosa
5 54 3.9 1.7 0.4 Iris-setosa
6 4.6 3.4 1.4 0.3 Iris-setosa
7 5.0 3.4 1.5 0.2 lIris-setosa
8 4.4 2.9 1.4 0.2 lIris-setosa
9 49 3.1 1.5 0.1 lIris-setosa
10 54 3.7 1.5 0.2 lIris-setosa
11 4.8 3.4 1.6 0.2 lIris-setosa

12 4.8 3.0 1.4 0.1 lIris-setosa



Step 4.2

#uanaiodeyaresnen IRTIS aeiug virginica
virginica = 1iris.loc[iris['class']=='Iris-virginica’]
virginica

1 #ugavrvdauaradnan IRIS &awWus virginica

2 virginica = iris.loc[iris['class']=="Iris-virginica']

3 virginica

sepal length sepal width petal length petal width class
100 6.3 3.3 6.0 2.5 Iris-virginica
101 5.8 2.7 5.1 1.9 Iris-virginica
102 7.1 3.0 59 2.1 Iris-virginica
103 6.3 2.9 5.6 1.8 Iris-virginica
104 8.5 3.0 5.8 2.2 Iris-virginica
105 7.6 3.0 6.6 2.1 Iris-virginica
106 4.9 2.5 4.5 1.7 Iris-virginica
107 7.3 29 6.3 1.8 Iris-virginica
108 6.7 2.5 5.8 1.8 Iris-virginica
109 7.2 3.6 6.1 2.5 Iris-virginica
110 8.5 3.2 5.1 2.0 Iris-virginica
111 6.4 2.7 5.3 1.9 Iris-virginica

112 6.8 3.0 5.5 2.1 Iris-virginica



#uanstasdayareseen IRIS avewug versicolor Step 43
versicolor = iris.loc[iris['class']=='Iris-versicolor']
versicolor

1 #udgavrvananadnan IRIS &aWug versicolor
2 versicolor = iris.loc[iris['class']=="Iris-versicolor']
3 versicolor

sepal length sepal width petal length petal width class
50 7.0 3.2 4.7 1.4 Iris-versicolor
51 6.4 3.2 4.5 1.5 lIris-versicolor
52 6.9 3.1 4.9 1.5 Iris-versicolor
53 5.5 2.3 4.0 1.3 lIris-versicolor
54 6.9 2.8 4.6 1.5 Iris-versicolor
55 5.7 2.8 4.5 1.3 Iris-versicolor
56 6.3 3.3 4.7 1.6 lIris-versicolor
57 4.9 2.4 3.3 1.0 Iris-versicolor
58 6.6 29 4.6 1.3 lIris-versicolor
59 5.2 2.7 3.9 1.4 Iris-versicolor
60 5.0 2.0 3.5 1.0 Iris-versicolor
61 5.9 3.0 4.2 1.5 lIris-versicolor

62 6.0 2.2 4.0 1.0 lIris-versicolor



#iwin library matplotlib
import matplotlib.pyplot as plt

#rmsplot mmﬂ%ﬁwmﬂ%mgm(sepal width) LAY ANEMTBINALIAE (Setal length)

plt.scatter (setosal'sepal length'], setosa['sepal width'], color='b'")
plt.scatter(virginical['sepal length'], virginical'sepal width'], color='r")
plt.scatter (versicolor(['sepal length'], wversicolor|['sepal width'], color='g'")
plt.xlabel ('sepal length')
plt.ylabel ('sepal width')
plt.show ()

1 #nah library matplotlib

2 import matplotlib.pyplot as plt

3 #1ins plot AMuNienaIndumang (sepal length) uaz AMNEIVAINALLA L (setal length)
4 plt.scatter(setosal 'sepal length’'], setosal'sepal width'], color="b")

5 plt.scatter(virginica[ 'sepal length'], virginica['sepal width'], color="r")
6 plt.scatter(versicolor[ sepal length'], versicolor[ 'sepal width'], color="g")
7 plt.xlabel( sepal length’)
8 plt.ylabel( sepal width")
9 plt.show()
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Step 5
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#aﬁmmwammmw 2

lnan1sluan Dataset Iris Data 2970 library

. emn Install User Guide APl Examples Community More ™~

[oo]

The Iris Dataset
scikit-learn 1.1.2

Other versions

Note: Click here to
download the full
This data sets consists of 3 different types of irises’ (Setosa, Versicolour, and Virginica) petal and sepal length, stored in a 150x4

. example code or to
numpy.ndarray
Please cite us if you use the

run this example in
. . . . your browser via
software, The rows being the samples and the columns being: Sepal Length, Sepal Width, Petal Length and Petal Width. Binder
The Iris Dataset

The below plot uses the first two features. See here for more infoermation on this dataset.

First three PCA directions

10193nua019 PIE

1

https://scikit-learn.org/stable/auto _examples/datasets/plot iris dataset.ntml?highlight=iris



Step 1

#miwdh library sklearn e import dataset uwsrtree (Fmhdrdayauuum 2)
from sklearn import datasets, tree

#mandaya

iris = datasets.load iris()

1 #1121 library sklearn wWa import dataset way tree (38UN2n%ayauuun 2)
2 from sklearn import datasets, tree

3

4 #1anaua

5 iris = datasets.load iris()



Step 2

ANAUAVMINUG
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Step 3

pal length, sepal width, petal length, petal width

o

gy ]

wr

1 #UdA9ARAaNARIUNAIUANR se

2 iris.data

JJJJJJJJJJJJJJJJJ
el B W F e W W B W e W e N W W B W e W e W e |

JJJJJJJJJJJJJJJJJ

Lo T B B O O B T, O o O IO Ty O B e O B IO |
JJJJJJJJJJJJJJJJJ
L o= O o= o~ ot =
[ e T o T T T O O o T B o T R T e T A T~ - '
JJJJJJJJJJJJJJJJJ
= O I~ D = O =t COho=f 00 00 MM ood M~ =
Rl S S N AT AT U T T M U TS S B A T A I
Ll el L e T i R B e I S S e R S S e e S I =



Step 4
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#isunlidanednn DecisionTree
clf = tree.DecisionTreeClassifier ()

#lddeyaiamnsuiuimg

clf = clf.fit(iris.data, 1ris.target)

1 #15anT1dadanadviu DecisionTree

2 c1f = tree.DecisionTreeClassifier()

3

4 #ldayaiansuTuiea

5 ¢clf = clf.fit(iris.data, iris.target)

Step 5



Step 6

#nnaedlddeyalualiaaainuie

#loanvusali sepal length =6.4, sepal width = 3.1, petal length=5.5, petal width = 1.8
index = clf.predict([[6.4, 3.1, 5.5, 1.8]1])

print (index)

print (iris.target names[index])

1 #neaadidiayaluilviluaaritune
2 #laaimualy sepal length =6.4, sepal width = 3.1, petal length=5.5, petal width = 1.8
3
4 index = clf.predict([[6.4, 3.1, 5.5, 1.8]])
5 print(index)
6 print(iris.target_names|[index])
[2]

["virginica']



©

milnanuanslugluuune et
import graphviz

Step 7

dot data = tree.export graphviz (clf, feature names=iris.feature names, class names=ir

is.target names, filled=True, rounded=True)
graph = graphviz.Source (dot data)
graph

#inTueamuaavlusluvuiadiiadiu
import graphviz

dot_data = tree.export_graphviz(clf, feature_names=iris.feature_names, class_names=iris.target_names,
graph = graphviz.Source(dot_data)
graph

petal length (cm) <= 2.45
gini = 0.667
samples = 150
value =[50, 50, 50]
class = setosa

True ‘alse

petal width (cm) <= 1.75
gini = 0.5
samples = 100
value = [0, 50, 50]
class = versicolor

petal length (cm) <= 4.95
gini = 0.168
samples = 54
value = [0, 49, 5]
class = versicolor

/ I

filled=True, rounded=True )



* NYFF @n19ANIAR (2563). Machine Learning. n3awn<: Datarockie.

® https://scikit-learn.org/
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