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Jupyter 3o Jupyter Notebook \uinesuaa (Kernel) noalisunsnnim Python ii
iliamnsadmuasiadodeayifvadmdadaiuglénu (Frontend) ldazain uag
dwmarhaudiwiuusnites (Browser)

HTTP &
Websockets
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Not k|

file

Notebook

muilsznaui 1: dnwaemihausedlisunsy Jupyter Notebook

dimsdadaldsunsu Jupyter Notebook

myfiadalusunsn Jupyter Notebook asnsadiadeshnasiiia (Terminal) Taold
v
$ pip install jupyter



2 anudiiugumedimmaiouiiasesing uasmsiiangitioyadroTilsunsumu luson

dagieduiiiunmsfadednsu Python asdu 2 uddmsu Python tasiu 3 a¢
doalidae dail
$ pip3 install jupyter

Aimsi3anld ldsunsu Jupyter Notebook

iadiadalilsunsa Jupyter laSvFouses annsaionlilisunsu Jupyter Tavilud
dasii Terminal fail

$ jupyter notebook

iladonlirds $ jupyter notebook MnuTsunsuasimyhasaiudsies
(Server) tial@nnyahauu S uusiaes Tavasiilalfuusiges o dwmiaiog
flaqniu dafu mindesmsiagliTisunsa Jupyter inululiaasidgoams il
Terrmnal waglhldadunibaiidgeanms nnkuivagdonliada $ jupyter notebook (Famm
sznaud 2) i

$ cd /home/user/work_space
$ jupyter notebook

nnehog adenlilisunsy jupyter Tsunsnagilatfuusnisesuasinam o
dhunia /home/user/work_space Tag user ifiuTvataasinlaouluandordanu Tag
jupyter notebook azasshiiwafinesiiieliannsadlatasnausimw Susies
(mmwﬂima‘um 3)

ﬁ Terminal - mrolarik@olarik: ~/work space e mh s

File  Edit V|ew Terminal Tabs Help

C to stop this server and shut down all

er when you connect for the first time
1a0e

Accepting one-time n-authenticated connection f

muilsznaui 2: dedrumaFenld jupyter notebook
W1uKi170 Terminal
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= 001-Loading-Data-MNIST-v2 - Mozilla Firefox - + X
Ele Edit View History Bookmarks Tools Help

001-Loading-Data-MNISTv2 X | +

c @ (! localhost [ I+ Se o ®@ » =
#* Most Visited @ GettingStarted %%; YouTube tomp3 Con... ) RStudio {3 RStudio-Surin

— Jupyter 001-Loading-Data-MNIST-v2 auesarce) @ | Logou

File Edit View nsert Ccell Kemel Help Not Trusted | Python2 O

B+ 5 B 4 % W B C v 3| =

((60000, 784), (l0eee, 784), (6eoee,), (l0008,))

Exploring MNIST Dataset

In [24]: import matplotlib.pyplot as plt

In [38]: fig, axes = plt.subplots(10, 18, figsize=(8, 8),
subplot_kw={'xticks':[], 'yticks':[]},
gridspec_kw=dict(hspace=0.1, wspace=0.1))

for i, ax in enumerate(axes.flat):
ax.imshow(X train[i].reshape((28,28)), cmap='binary', interpolation='nea
ax.text(0.05, ©.85, str(int(y_train[i])),
transform=ax.transAxes, color='blue’)

3zlel2[2]2]/]5]4]y
Sl u]‘ !\? nﬁ ||§f Hl\ HB‘ ||a§!
A S = ivara s i
wAD

mwlsznauii 3: dhagnlilsunsu Jupyter

Tldwwmana (File Extension) aaalilsunsu Jupyter

S) . . 4 1
Tusunsu Jupyter AsHnINana (Extension) i ipynb #eaguandnnlisunsuy
M Python v liagldwnana .py TasTisunyn Jupyter agiiudioyariannaluyiuin
v <
#1939 JSON waaeennmwilsgnoun 4

"cells": [
{
"attachments": {3},
"cell type": "markdown",
"metadata": {3},
"source": [
"# Jupyter\n",
Il\n", ' '
"Jupyter Notebook iilu Kernel medlisunsn Python fildamnsadiwion uasiindedads
fu frontend interface TasilumavirnushwSuusruges\n",
"\n",
"I1Talt text]
(http://jupyter.readthedocs.io/en/latest/_images/notebook_components.png \
"Kernel\")"

]
3

Mmwlsznaui 4: dhagnlarnaimatiudoyanas Jupyter Tassaiiulugiuun JSON
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YN 2
n3lvaaiiaya (Loading Data)

Tuumit Wianagaiioya (Dataset) w%ﬂuammwmmsﬂmmmuﬂmsﬂm
1A509%nT (Machine Learmng) Tmmauamnma Usgnaudne Iris wag MNSIT dataset i
Vlmml,auaamsrmv?lawaﬂa ua”aﬁmmﬂﬁlmjaﬂa

Iris Dataset

mmauaﬂafﬂu Iris (Iris Dataset) Lﬂuﬁﬂﬂauaﬂuﬁmm‘lmmmwmmﬂﬁqmqmu
mimmm‘imam LagnNand (Statistics) mﬂmﬂﬁﬂﬂmmu sc1k1t learn A¢@1H1TDLTUN
Glmimlaua TIris Téuit fhadragnmmaanlil Iris uaasdanmlsznauii 5

Iris Versicolor Iris Setosa Iris Virginica

mwilsznaui 5: gadiayananli Iris rznaudrsaanlii 3 aevfug ldun Versicolor, Setosa uag
Virginica
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v

mindasdalilsunya scikit-learn asnsaiFonligadoya Iris ?NLTJu?imIE]Naﬂaﬂle
i lddadialalit

Qdd

1N 1

from sklearn import datasets
iris_dataset = datasets.load_iris()

aq

9N 2

from sklearn.datasets import load_iris
iris_dataset = load_iris()

Mndodnfiduiledigu (Function) load_iris() Lﬂuﬂﬂﬂﬁumaﬂ‘lﬂma (Module)
ansaonlildidedaduagaunasa (Import) scikit-learn 3nl#nu iladonl#laddu
load_iris() a¢fad1 (Return) aannilu Bunch object Fafulayeasrawins dictionary Tu
w1 Python sgnauliéng keys wag values maldamannsarilddadalilii

print("Keys of iris_dataset: \
\n{}".format(iris_dataset.keys()))

Keys of iris_dataset:

['target_names', 'data', 'target', 'DESCR', 'feature_names']

1niI188 1 DESCR @0 key fiLfueh (Value) Taganiudemnoas sloyanavtaiioya
iris uanadadoaddalilii

print(iris_dataset['DESCR'])

Iris Plants Database

Data Set Characteristics:
:Number of Instances: 150 (50 in each of three classes)
:Number of Attributes: 4 numeric, predictive attributes and the class
:Attribute Information:
- sepal length in cm
- sepal width in cm
- petal length in cm
- petal width in cm
- class:
- Iris-Setosa
- Iris-Versicolour
- Iris-Virginica
:Summary Statistics:
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Min Max Mean SD Class Correlation
sepal length: 4.3 7.9 5.84 0.83 0.7826
sepal width: 2.0 4.4 3.05 0.43 -0.4194
petal length: 1.0 6.9 3.76 1.76 0.9490 (high!)
petal width: 0.1 2.5 1.20 0.76 0.9565 (high!)

:Missing Attribute Values: None

:Class Distribution: 33.3% for each of 3 classes.
:Creator: R.A. Fisher

:Donor: Michael Marshall (MARSHALL%PLU@io.arc.nasa.gov)
:Date: July, 1988

anroarcuagaiaya Iris

dadfiona iris fiteinn e target 8d 3 nan Usznaude versicolor, setosa wag
virginica mN’I‘inLiEJﬂﬂTﬂiﬂﬁmﬁﬂ

print("Target names: \
\n{}".format(iris_dataset['target_names']))

Target names:

['setosa' 'versicolor' 'virginica']

Windiaamuaaanyionas feature W3o attribute novgafioya iris ansoildlos

print("Feature names: \
\n{}".format(iris_dataset['feature_names']))

Feature names:

['sepal length (cm)', 'sepal width (cm)', 'petal length (cm)', 'petal width
(cm)']

Tuudag feature mﬂimgelmimlaua iris fomyTaanuninuazanngMueanadului
1389071 Sepal way Petal Tﬂﬂwmmﬂumumum (cm.) @hamwaqmimmauauamm
muilsgnou 6
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Petal
Samples B S
(instances, observations)

Petal
length

Sepal
width

Setosa

2 4.9 3.0 14 0.2 Setosa

50 |64 |35 45 12 Versicolor J

150 | 5.9 3.0 5.0 18 Virginica

l | N
\ Sepal
/ Class labels

(targets)

Features
(attributes, measurements, dimensions)

muilsznaun 6: dredrnmafuiayanavgadoya iris

nmaiFongieyaamnsahldlaoFonld Key iito data Tasdagiededalilih uaasliifiudamsizon
liayadmin 10 4o

print("First ten rows of data:\n \
{}".format(iris_dataset['data'][0:10]))

First ten rows of data:

[[5.1 3.5 1.4 0.2]

[4.9 3. 1.4 0.2]
[4.7 3.2 1.3 0.2]
[4.6 3.1 1.5 0.2]
[5. 3.6 1.4 0.2]
[5.4 3.9 1.7 0.4]
[4.6 3.4 1.4 0.3]
[5. 3.4 1.5 0.2]
[4.4 2.9 1.4 0.2]
[4.9 3.1 1.5 0.1]]
wmindasnaizungiioya class annsavildTasizonli key fifio target dfadratredalilii
# dednuadns wie class wevieya
print("Target:\n{}".format(iris_dataset['target']))
Target
[00000000000000000000000000000000O0O0O
0000000000006 111111111111111111111111
111111111111111111111111112222222222°2
2222222222222222222222222222222222222
2 2]
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NNADY1T19AY
0 WH9HN iris setosa
1 WHI9DN iris versicolor
2 WN19N virginica

Wndisan1st3ungamiane target wiaminnavdioyaanyovildlas

# UAAMANUINIDINAANS
print("shape of target: \
{}".format(iris_dataset['target'].shape))

shape of target: (150,)

]
=

windeamysangilssinmnesioyanlivasuansoildlos

# seinniiogarey target
print("Type of target: \
{}".format(type(iris_dataset['target'])))

Type of target: <type 'numpy.ndarray'>

v 4 v 4 4
Ussinnmaviioya (Data Type) Nl#¥aiiudo numpy.ndarray %9 numpy tflulausa
ibe ﬂmi‘ﬂauaﬂswmmﬁataﬂumﬁmnuLmuamsﬂ (Array)

MNIST Dataset

fionaga MNIST Lﬂumﬁauamﬂﬁaﬁammmiﬁﬂ (¢Lan 0-9) Tﬂmﬂmwﬁwum
28x28 #initda way mauaiuﬁmmmmmu 60,000 ’i‘]JﬂTW LLauﬂauammaaummu
10,000 3unw dmiuy sc1k1t learn ‘f(u MNIST Lﬂum?lauamamwm%u@“lmﬂm‘mﬁn
amﬁmﬂuamtawmiuﬂTuLLmyiﬂmum 8x8 Wniha wasdiuIn 5,620 ?imvnﬁu BRIAN
?Jaua?m MNIST u,ammmwﬂ'imaw 7
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mwlsznauit 7: Megrnoviioyaa MNSIT

v

myFunldsationa MNIST finansenitu scikit-learn a1xnsavirlddadalii

Kl U

from sklearn import datasets
digits = datasets.load_digits()

o
v

dalu mndosnisgaetenos key wovgafioya MNSIT annyarildlag

print("Keys of digits: \
\n{}".format(digits.keys()))

Keys of digits:

['images', 'data', 'target_names', 'DESCR', 'target']
windisanignuasiduaresgafoya MNIST ldlay

print(digits['DESCR'])

Optical Recognition of Handwritten Digits Data Set

Data Set Characteristics:
:Number of Instances: 5620
:Number of Attributes: 64
:Attribute Information: 8x8 image of integer pixels in the range 0..16.
:Missing Attribute Values: None
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:Creator: E. Alpaydin (alpaydin '@' boun.edu.tr)
:Date: July; 1998

This is a copy of the test set of the UCI ML hand-written digits datasets
http://archive.ics.uci.edu/ml/datasets/Optical+Recognition+of+Handwritten+Digits

The data set contains images of hand-written digits: 10 classes where
each class refers to a digit.

mMndaansnanavtafiona MNIST aunsalidds shape Fafluiumon
(Method) witaiilgswsulauss numpy

print("size of the MNIST dataset", digits.images.shape)

('size of the MNIST dataset', (1797, 8, 8))

ansaisengiioyationay target Tddait

U

print("target name", digits.target_names)

('target name', array([0, 1, 2, 3, 4, 5, 6, 7, 8, 9]))

(2

ynmdnarersiiniifaliuiiauwa 8x8 Wnga windesmaasiaauioyanes
udagdianannsnizonglddail

print("Shape of each image", \
digits.images[0].shape)

digits.images[0]

('Shape of each image', (8, 8))

array([[ 0., ©., 5., 13., 9., 1., 0., 0.],
[ ., 0., 13., 15., 10., 15., 5., 0.],
[ 0., 3., 15., 2., 0., 11., 8., 0.],
[ 0., 4., 12., 0., 0., 8., 8., 0.],
[ 6., 5., 8., 0., 6., 9., 8., 0.],
[ 6., 4., 11., 0., 1., 12., 7., 0.],
[ 0., 2., 14., 5., 10., 12., 0., 0.],
[ 0., ©., 6., 13., 10., 0., 0., 0.]1])

fda digits.images[0].shape %Lwammmlaqmtaﬂumtmuw 0 wagedd
digits. 1mages[0] LﬂumfmamfaauaﬁwmﬂmmmﬂumLmuw 0 dfarln MnEaIN1ITQ
ygasduanavtioyaninnii 1 4a ansaldadadadolilil
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#uamdiadndayaiuin 2 ja dwudzgain 0 e 2
print("Sample image 0 to 2")
digits.images[0:2]

Sample image 0 to 2

array([[[ 6., ©., 5., 13., 9., 1., 0., 0.],
[ ., ©., 13., 15., 10., 15., 5., 0.],
[ ., 3., 15., 2., ©6., 11., 8., 0.],
[ 0., 4., 12., 0., 0., 8., 8., 0.],
[ ., 5., 8., 0., 6., 9., 8., 0.],
[ 0., 4., 11., ©o., 1., 12., 7., 0.],
[ 0., 2., 14., 5., 10., 12., 0., 0.],
[ 0., ©., 6., 13., 10., 0., 0., 0.]11,

[[ ., ©., 0., 4., 15., 12., 0., 0.],
[ ., 0., 3., 16., 15., 14., 0., 0.],
[ ., ©0., 8., 13., 8., 16., 0., 0.],
[ ., 0., 1., 6., 15., 11., 0., 0.],
[ 6., 1., 8., 13., 15., 1., 0., 0.],
[ 6., 9., 16., 16., 5., 0., 0., 0.],
[ 0., 3., 13., 16., 16., 11., 5., 0.],
[ 0., ©., 0., 3., 11., 16., 9., 0.111)

migiiaya target Hannaanyoildlaolddmda

print("target (y / label / class) from 0 to 20")
digits.target[:20]

target (y / label / class) from 0 to 20

array([0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 0, 1, 2, 3, 4, 5, 6, 7, 8, 9])

]
d

Nndhatniadn dda digits.target[:20] nansiiaFongiayadauddmiad 0 s
e 20
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M3 Visualization wiagzlnweiaz

msuaavdioya (Visualization) s ldnariniarsds i ifledduan scikit-
image, matplotlib wag pylab myuaasiioyaansnvilddedalili

mMsuaniiiayadia pylab

import pylab
pylab.imshow(digits.images[0], cmap=pylab.cm.gray_r)
pylab.show()

msudaniiiayadia matplotlib

import matplotlib.pyplot as plt
plt.imshow(digits.images[0], cmap=plt.get_cmap('gray'))
plt.show()
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import matplotlib.pyplot as plt
plt.imshow(digits.images[0], cmap=plt.cm.gray_r)
plt.show()

v
o

diagamirlilE1n scikit-learn

ﬂauamvuﬂﬂ%"lu scikit-learn agdinanilasliiluiSniaas (Vector) 1u 1 dantes
gadioya MNIST fauduuuy array 2 8@ ammuﬂaﬂmaﬂmﬂufumlm vector §aiin
’iﬂﬂ1W°ﬂu1ﬂ 8x8 finta Lilawlaalvitiu vector Nmunnmaﬂum 64 mywaaldlwsSn
i unsdiillfads reshape annsnvirlddadallil

data = digits.images.reshape((digits.images.shape[0], -1))
print("size of the data", data.shape)

('size of the data', (1797, 64))

a1nmaaﬂ1qm1qmltﬂ15ﬂ5uvﬂaﬂuiﬂ51ﬁwauavh1ﬂiﬂﬂiﬁﬂwﬁhreshape’TﬁnIua1u1iﬂ
l#eda data.shape Lwammm?lawauamqmnmiﬂiunJaﬂu Tﬂﬂﬂaua‘lﬁmvﬁwmmﬂu
(1797, 64) mmfmlfiﬂnmlauael,ulma“ummmavlﬂu

print("size of each row", data[0].shape)
data[0]

('size of each row', (64,))

array([ 6., ©., 5., 13., 9., 1., 0., 0., 0., 0., 13., 15., 10.,
i5., 5., ©0., ©o., 3., 15., 2., ©o., 11., 8., 0., 0., 4.,
i2., ©6., ©o., 8., 8., 0., 0., 5., 8., 0., 0., 9., 8.,
., 0., 4., 11., 0., 1., 12., 7., 0., 0., 2., 14., 5.,
ie., 12., 0., 6., 0., 0., 6., 13., 10., 0., 0., 0.])
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Tnaanadiaya MNIST da Scipy

v

thosnnmsluangafieya MNIST Mn scikit-learn annyalfldiioegadoaya
dMednnlzmanesgnmmiiioe 8x8 fintta uaslisiuin 5,620 gadayatintu daku win
doamsligadoya MNIST gaanysoiagdadldfoyannundsdn amnsoanvlvan MNIST

Tgnmnaaddelilil

https://github.com/amplab/datascience-sp14/blob/master/lab7/mldata/mnist-
original.mat

rd‘ S ‘4 v [ '
TWdnTnaaagiinmana .mat Fefarivaglurlosuna (Format) noalilsunss
s 4« . = ¢ ¢ 2 v
MATLAB luldfinwia 55.4 MB #afinnalnajwoanads e lnaaludaasuiousoes
ansaFonli daddadadolilin

from scipy.io import loadmat
mnist_raw = loadmat("mldata/mnist-original.mat")
mnist = {

"data": mnist_raw["data"].T,

"target": mnist_raw["label"][0],

"COL_NAMES": ["label", "data"],

"DESCR": "mldata.org dataset: mnist-original",

}

Nnidd loadmat("mldata/mnist-original.mat") azéaysysnianaaluali
gndios Tudhadralud .mat Yaifuegilnaiaes mldata

U

ansngMuazdvanovtoya MNSIT Tagfimnidids mnist dedrotdalili

mnist
{'COL_NAMES': ['label', 'data'],
'DESCR': 'mldata.org dataset: mnist-original',
'data': array([[0, 0, O, ..., 0, 0, O],
[01 01 01 ety 01 0l 0]1
[OI 0/ 0/ ey 0/ 0/ 0]/
Ceey
[01 01 01 ety 01 0l 0]1
[OI 0! 0! ety 0! 0! 0]!
(6, 6, ©, ..., 0, 0, ©]], dtype=uint8),
'target': array([0., 0., 0., ..., 9., 9., 9.1)}


https://github.com/amplab/datascience-sp14/blob/master/lab7/mldata/mnist-original.mat
https://github.com/amplab/datascience-sp14/blob/master/lab7/mldata/mnist-original.mat
https://github.com/amplab/datascience-sp14/blob/master/lab7/mldata/mnist-

16 anuFiiujumediumasouiiasosdns tasmaitangifioyadislilsunsunmmnluson

w1y mnist ¥aufulugiluvunes dictionary Tasaglvitfudioyaiififiuiu 70,000
yilmu Taoigilnmi 1-60,000 1@ mfumsisous (Training Set) uazzilnmi 60,001-
70,000 lddmsumsnaaon (Test Set) udaszlmmgnimualiifiznia 28x28 fintga uag
udagiinigaagtiuen 0 (white) wag 255 (black)

yvasdaanas key nogludinily mnsit uaaadedalili

v a

data liSudeyafinisaresgilmwifanua
target iy target / class / label #oagilnmstaan

nnfuatdhuils X,y viledafiudoyanneuils mnsit ol 1dam

X,y = mnist['data'], mnist['target']
X.shape, y.shape

((70000, 784), (70000,))

Taaedhls X lidmsusaiiudioya (data) samianna uagduily y lidmsus
fiaya label

nnhagign dinils x agiiawa (70000, 784) iunmneiaiisiuiu 70,000
ditan udasdtaniinuia 784 attribute (28x28) wagdiuwily y Haura 70000 label #adioq
duusiuuInaosdinly x

dranudazshgnyarfuiluunn vector dalu nsuaasfioyaszdoaiaanduliilu
array 2 fifi loglfie1da reshape Mnituieazannsauaasiioyanin Visualization 1d

import matplotlib.pyplot as plt
some_digit = X[36000]
some_digit_image = some_digit.reshape(28, 28)

plt.imshow(
some_digit_image,
cmap = plt.cm.binary,
interpolation="nearest")

plt.axis("off")
plt.show()

y[36000]
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5.0

tiloazandomauanna annyoasrailuilaiduluns Visualization fioya
dadhadadalilin

import matplotlib.pyplot as plt

def plot_digit(X, y):
digit_image = X.reshape(28, 28)

plt.imshow(
digit_image,
cmap = plt.cm.binary,
interpolation="nearest")

plt.axis("off")
plt.show()

print("Label", y)

Tay
def damalyemailedtulunie Python
plot_digit fotonaailaidu
plot_digit(X,y) demydsemeitlaidu plot_digit munalisue

WNHAAFIIUIN 2 61 Ao X Uuag y
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nnluannsadenlivlaidu plot_digit §adragdadelilil

plot_digit(X[15000], y[15000])
plot_digit(X[2000], y[2000])

('Label', 2.0)

('Label', 0.0)

13 Visualization faiaya MNIST

atioya MNIST (flugafioyadianarsiin ffiFuau 70,000 dian windaansiag Visualization
vialdindonaldegndaran wazhodensilaamsarildalas drdadelilil

U
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import matplotlib.pyplot as plt

fig, axes = plt.subplots(16, 10, figsize=(8, 8),
subplot_kw={"'xticks':[], 'yticks':[]1},
gridspec_kw=dict(hspace=0.1, wspace=0.1))

for i, ax in enumerate(axes.flat):
ax.imshow(X_train[i].reshape((28,28)), cmap='binary',
interpolation="'nearest')
ax.text(0.05, 0.05, str(int(y_train[i])),
transform=ax. transAxes, color='blue')
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unn 3
fiagazatssnjunasiayaganadal
(Training and Test Data)

nysInuMIFowineaTavinTagdowiivioyasaniiinaodin ssnande faxyama
tJoud (Training Set) wastioyaganaday (Test Set) ?Nwaua?mLiﬂuimaﬂuﬂmiﬂumﬂ
mmmmsﬂuimiaqansmaaiwaaﬂmLﬂ‘ﬂuma (Model) nfudmaadenTuaaiias
dnofioyatanadou winlaaafianeilssanimuwainih uaaiuwlildnuasa inegadoya
mﬂﬂmmwauaaaﬂLﬂuaaqmmmqu gufuieiianusuiniasdondsuTisunsuile
ummgaaamﬂuammu

Tilsunsu scikit-learn fta3asdiondrslumauiia (Split) uagddu (Shuffle) fioya
Tagl#laridudasalaii

from sklearn.model_selection import train_test_split
# Loading iris dataset

from sklearn.datasets import load_iris

iris_dataset = load_iris()

# split and shuffle data

X_train, X_test, y train, y_test = \
train_test_split(iris_dataset['data'],
iris_dataset['target'], random_state=0)

nnehatainedu tilelddds rain_test_split Tisunsnazuiiviiona uagimniaiu
avldludutasiwan 4 drilszneudrs X_train, X_test, y_train uaz y_test Taafludioya
5¢LAn numpy.ndarray Tﬂmasmwmwauaaamﬂu 75% dmfuisous uasifuaylu
@iy X_train uag y_train dmfiindedn 25% dwmsumaaot avanamnﬂucﬁmﬂi
X_test uag y_test
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annyaizgngrunaneviisyadiodmads shape dadhathadalilib

print("X_train shape: {}".format(X_train.shape))
print("y_train shape: {}".format(y_train.shape))
print("X_test shape: {}".format(X_test.shape))
print("y_test shape: {}".format(y_test.shape))

X_train shape: (112, 4)
y_train shape: (112,)
X_test shape: (38, 4)
y_test shape: (38,)

mMsivnasas i lddmsuuisdiaya

Tilsunsu scikit-learn ayanalvigliwivawianesioyagaiiouiuasganaaonuld Tag
1% keyword @ test_size mm‘mﬁﬂﬂmmﬂ‘ﬂu
# fuali test set fidmaudiaya 50% ndiayarianna
X_train, X _test, y train, y_ test =
train_test_split(iris_dataset['data'],
iris_dataset['target'], test_size=0.5, \
random_state=0)

Nneedmmualit test_size = 0.5 ﬂamﬁymmmm Train set ua¢ Test set 1##l
ﬂuiﬂuh%5096Eﬂu1iﬂﬂiﬁﬂﬁaﬂﬂu1ﬂﬂﬂﬂﬁaualﬂﬂﬂu

print("X_train shape: {}".format(X_train.shape))

print("y_train shape: {}\n".format(y_train.shape))

print("X_test shape: {}".format(X_test.shape))
print("y_test shape: {}".format(y_test.shape))

X_train shape: (75, 4)
y_train shape: (75,)
X_test shape: (75, 4)
y_test shape: (75,)

msuanvdisyaluzilununansii

Nnnshagraiadguldmnua test_size = 50 mﬂmmwauaaamﬂu Training set uag
Test set faasiih 9 i foyarivdasdrnannsn Visualization eIfﬁlﬂ/mauaL?n“l'ca"ﬂ‘u, Tay
Ltﬁﬂﬂuamﬂmﬂlaﬁﬂﬂw Tﬂﬂﬂﬁﬂinmunaumﬂuﬂmw 2 {f ﬂiyﬂanmmmu X uaguni 'Y
faln Jdaudsnieyanngaioya iris fififanna 4 attribute 3uaaadieq 2 attribute
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msuanasfioya Training set amnyavirldeai

import numpy as np
import matplotlib.pyplot as plt
from matplotlib.colors import ListedColormap

markers = ('s', 'x', 'o')

colors = ('red', 'blue', 'lightgreen')

cmap = ListedColormap(colors[:len(np.unique(y_test))])
plt.figure(figsize=(106, 8))

for idx, cl in enumerate(np.unique(y_train)):
plt.scatter(x=X_train[y_train == cl, 0],
y=X_train[y_train == cl, 1],
c=cmap(idx), marker=markers[idx],
label=cl, s=100)

plt.title('Training set')
plt.legend()

plt.show()
as Training selt .
Blm ©
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ndenitudioya Test set annyaudasluguuuneansl Tasdaaasudiuilyann
X_train uag Ey_train%lﬁl,ﬂu X_test Wag y_test Mua10y mMyuaadfioya Test set LdAoN
drogdaliii
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Taus13 Matplotlib
(Matplotlib Library)

Matplotlib tflulaum¥il#luTisunsunim Python dimfums Visualize fioya
(Data Visualization) W3ewaaa (Plot) ﬂauaﬁﬂuimwu 2 {6 wag 3 {6 mwmmvlaumi
Matplotlib Tuaund (Linux) anwnsavildTaofisnisdaadilwmosinta dail

$ pip install matplotlib

Watgaannsadadasim Jupyter Tagitsnidndadadialait
$ ! pip install matplotlib
ndanndiade Matplotlib la§aFousesannyniFonlimalulilsunsunm Python

Taglfehdadadaliitiilodunesalauss Matplotlib vianlfam

import matplotlib.pyplot as plt

drognneamsadnnalagld Matplotlib uaasdesadadalilii

A R file: my_plot.py ------------
import matplotlib.pyplot as plt
import numpy as np

X = np.linspace(0, 10, 100)

plt.plot(x, np.sin(x))
plt.plot(x, np.cos(x))

plt.show()
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nndagddwiiuaaiild (Script) M Python fitfuiinliluluade my_plot.py
dafu madesmyasonlilidnin Python tilovhau (Run) Agdioafianisndal Terminal
dadregadaliii

$ python my_plot.py

TsunsNazuananToannaaamn dadiagrasolali

1.0

0.5

0.0

—-1.0

Tilsunsn Matplotlib ayanal#ihmyilSunlasuyiunuaesnnuldaudeams d
dragndaliit

import matplotlib.pyplot as plt
import numpy as np

X = np.linspace(0, 10, 100)
fig = plt.figure()

plt.plot(x, np.sin(x), '-"')
plt.plot(x, np.cos(x), '--'")

plt.show()
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o

naduin lauanadadrogradali

1.0

0.5

0.0

=10

matunnns (Figure)

TuTilsunys Matplotlib asnsaifuiinnslddiugimu Taslidds savefig() Tay
myiiuiin agiuiinluguunnedlld PNG shagummifuiinuansdedagiedolilil

fig.savefig('my_figure.png')

nadhagiinedu umnininalawfuaddluTvames mndesmsitagasiaaon
silnw (lunsdlitiefignimuade my_figure.png) Mnfuamnsoamaaaugilnim
my_figure.png fiufinadlil annsravildlasldada 1s tlogiioya udlunydliidoamsg
ti1u Jupyter Notebook agdiaalftagoanng "” tiande dalu wwieammng "1” Jaalien
lalaumavirnutiwniiiaeinesiia

1 1s -1h my_figure.png

-rw-rw-r-- 1 mrolarik mrolarik 26K Jul 19 00:12
my_figure.png
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msuamizlain (Image Show)

Tulisunsn Python amnsardenlilaumee 9 titelddmsunmmilagimwannlud
wanadasialili

from IPython.display import Image
Image('my_figure.png')

v
Sy

snmsuaaszilnmnlagliduinasins (Interface) fidain

a

Matlab-style Interface

plt.figure() # ain plot figure

# a5 panel wsnninfanua 2 panel uwasda axis lfunmivlusn
plt.subplot(2, 1, 1) # (rows, columns, panel number)
plt.plot(x, np.sin(x))

# a5 panel i 2 wauda axis
plt.subplot(2, 1, 2)
plt.plot(x, np.cos(x))

plt.show()
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1.0

NN

0

1.0

0.5
0.0
—0.5
—-1.0

Object-oriented Interface

# @3 grid
# ax auflu array mev Axes object
fig, ax = plt.subplots(2) # a’¥ Axes ¥ 2 object

# Fonlfiwsea (Method) plot()
ax[0].plot(x, np.sin(x))
ax[1].plot(x, np.cos(x))
plt.show()

1.0

VA

0

1.0

0.5
0.0
—0.5
—1.0
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MstNLENM319 (Grid) lunswasa

MILiNERM319 wie Grid lumanasavirldlaglddda plt.style.use('seaborn-
whitegrid) uansdasalilil

import numpy as np
import matplotlib.pyplot as plt

plt.style.use('seaborn-whitegrid')

fig = plt.figure()
ax = plt.axes()

U caV v | ) . & &
nagnsnlddoniinuanvaziidn Grid sfalnunidanasiuwinon

10
0.8
0.6
0.4

0.2

0.0 0.2 0.4 0.6 0.8 10

winladdeamsuaaadu Grid anansalddida plt.style.use('seaborn-white')

ahogadelilit
plt.style.use('seaborn-white')

fig = plt.figure()
ax = plt.axes()

plt.show()
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1.0

0.8

0.6

0.4

0.2

0.0 0.2 0.4 0.6 0.8 1.0

windoumylifiundaiia (Dark) analdeds plt.style.use('seaborn-dark’)
ndwasnmaziasnannaanndlwlnuaih

plt.style.use('seaborn-dark"')
fig = plt.figure()
ax = plt.axes()

plt.show()

1.0
0.8
0.6
0.4
0.2

0.0
0.0 0.2 0.4 0.6 0.8 10
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windaamsliiiundaiia (Dark) wasiivdn Grid amnsalimds
plt.style.use('seaborn-darkgrid")

plt.style.use('seaborn-darkgrid')
fig = plt.figure()
ax = plt.axes()

plt.show()

1.0
0.8
0.6
0.4

0.2

0.0 0.2 0.4 0.6 0.8
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dagnmInasanLdu

plt.style.use('seaborn-whitegrid')
fig = plt.figure()
ax = plt.axes()

X = np.linspace(0, 10, 1000)
ax.plot(x, np.sin(x))
plt.show()

1.0

windoumslinasaiiuinasadnlu Figure 1agniu annsavildlagldeds
plt.plot() Tdmnnin 1 ada dadalalit

plt.style.use('seaborn-whitegrid')
plt.figure()
plt.axes()

X = np.linspace(0, 10, 1000)
plt.plot(x, np.sin(x))
plt.plot(x, np.cos(x))

plt.show()
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1.0~

0.5

0.0

msmnunaddnisnaaa: Line Color uas Style
muua Line Color

plt.style.use('seaborn-whitegrid')
plt.plot(x, np.sin(x-0), color='blue')

# mmuadlasliie
plt.plot(x, np.sin(x-1), color='g')

# dmuadlagldtode nnlnuad rgbemyk
plt.plot(x, np.sin(x-2), color='0.75")

# dmuadlagldmdm sonin 0 & 1
plt.plot(x, np.sin(x-3), color='#FFDD44')

# dmuaidlagli Hex code (RRGGBB mn 00 fv FF)
plt.plot(x, np.sin(x-4), color=(1.0,0.2,0.3))

# tdmuadlagldind RGB tuple, @min 0 v 1
plt.plot(x, np.sin(x-5), color='chartreuse')

# muuadlagldad HTML
plt.show()



Muua Line Style

plt.
plt.
plt.
plt.
plt.
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plot(x, Xx
plot(x, x
plot(x, x
plot(x, Xx
show()

14

12

+ + + +
WNRO

~

~

~

~

linestyle='solid')
linestyle="'dashed')
linestyle="'dashdot"')
linestyle='dotted')
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plt.
plt.
plt.
plt.
plt.

plt.
plt.
plt.
plt.
plt.

plot(x, x
plot(x, x
plot(x, Xx
plot(x, x
show()

14
12

10

plot(x, X
plot(x, x
plot(x, x
plot(x, Xx
show()

14

12

# dashed

+ 0, linestyle='-") # solid
+ 1, linestyle='--'

+ 2, linestyle='-.'
+ 3, linestyle=':"'

+ + + +
WNRO

~

~

)
) # dashdot
# dotted

# solid green
# dashed cyan
# dashdot black
# dotted red
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msnruna Axes Limit

plt.plot(x, np.sin(x))
plt.show()

1.0

0.5

0.0

NNNBYNTNGY nNLaavIgiawIanadfutduns il windoamsmuna Axes
Limit anunsavirld lagldada plt.xlim(), plt.ylim() uaasdadaliil

plt.plot(x, np.sin(x))
plt.xlim(-1,11)
plt.ylim(-1.5, 1.5)
plt.show()
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1.5
1.0
0.5
0.0
—0.5
-1.0

—1.5

Nnehogaiinedn Scale noawnu X wasunu Y agldsulilaafidimualiln
plt.xlim(-1, 11) wag plt.ylim(-1.5, 1.5)
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n1snaan Label
mindasmsuiin Label Tfunsnl viu title, x-axis, y-axis ansavirldlag

plt.
plt.
plt.
plt.
plt.

plot(x, np.sin(x))
title("A Sine Curve")
xlabel("x"
ylabel("sin(x)")
show()

%5 A Sine Curve

0.5

0.0

sin(x)

n1suaan Legend

plt.
plt.
plt.
plt.
plt.
plt.

plot(x, np.sin(x), '-g', label='sin(x)')
plot(x, np.cos(x), ':b', label='cos(x)')
title("A Sine and Cosine Curve")
xlabel("x"

legend()

show()

A Sine and Cosine Curve
1.0 . N
/ sin(x)
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msmunanmsnasaa Legend
mauiinnseuluiy Legeng

import numpy as np
import matplotlib.pyplot as plt
plt.style.use('seaborn-white')

X = np.linspace(0, 10, 1000)

fig, ax = plt.subplots()

ax.plot(x, np.sin(x), '-b', label='Sine')
ax.plot(x, np.cos(x), '--r', label='Cosine')
ax.axis('equal')

leg = ax.legend(frameon=True)

—— Sine
- -~ Cosine

[¥1)
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myulasudunis Legend Tagununtie

import numpy as np
import matplotlib.pyplot as plt
plt.style.use('seaborn-whitegrid')

X = np.linspace(0, 10, 1000)

fig, ax = plt.subplots()

ax.plot(x, np.sin(x), '-b', label='Sine')
ax.plot(x, np.cos(x), '--r', label='Cosine')
ax.axis('equal')

ax.legend(loc="upper left', frameon=False)
plt.show()

— Sine
3 --- Cosine
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myulagudunia Legend THagdmanasainai

import numpy as np
import matplotlib.pyplot as plt
plt.style.use('seaborn-white')

X = np.linspace(0, 10, 1000)

fig, ax = plt.subplots()

ax.plot(x, np.sin(x), '-b', label='Sine')
ax.plot(x, np.cos(x), '--r', label='Cosine')
ax.axis('equal')

ax.legend(loc="'lower center', frameon=False)
plt.show()

]
a3

-3 — Sine
- - - Cosine

0 2 4 6 8

10
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import numpy as np
import matplotlib.pyplot as plt
plt.style.use('seaborn-white')

X = np.linspace(0, 10, 1000)

fig, ax = plt.subplots()

ax.plot(x, np.sin(x), '-b', label='Sine')
ax.plot(x, np.cos(x), '--r', label='Cosine')
ax.axis('equal')

ax.legend(loc='lower center', ncol=2, frameon=False)

plt.show()

=1
=

— Sine - - - Cosine

0 2 4 6 8

10
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MIaNueN Legend

import numpy as np
import matplotlib.pyplot as plt
plt.style.use('seaborn-white')

X = np.linspace(0, 10, 1000)

fig, ax = plt.subplots()

ax.plot(x, np.sin(x), '-b', label='Sine')

ax.plot(x, np.cos(x), '--r', label='Cosine')

ax.axis('equal')

leg = ax.legend(frameon=True, fancybox=True, framealpha=1,
shadow=True, borderpad=1)

plt.show()

—— Sine
- - - Cosine

[¥1]
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n1snaaawuu Scatter

import numpy as np

X
y

np.linspace(0, 10, 30)
np.sin(x)

plt.plot(x, y, 'o', color='black')
plt.show()

1.0 _—

0.5

0.0
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import numpy as np

X = np.linspace(0, 10, 30)
y = np.sin(x)
zZ = np.cos(x)
plt.plot(x, y, '-ok') # line (-), circle marker (0), black (k)
plt.plot(x, z, '-o', color='blue')
plt.show()
1.0
0.5
0.0
—0.5
—1.0
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import numpy as np

X = np.linspace(0, 10, 30)
y = np.sin(x)
z = np.cos(x)
plt.plot(x, y, '-ok') # line (-), circle marker (0), black (k)
plt.plot(x, z, '-pb',
markersize=15, linewidth=4,
markerfacecolor="'white',
markeredgecolor='gray',
markeredgewidth=2)
plt.show()
1.0
0.5
0.0
—0.5
—1.0
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np.linspace(0, 10, 30)
np.sin(x)

.scatter(x, y, marker='o")
.show()

15

1.0 ae a®

0.5

0.0 - L

—1.0 L]

—15

12
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n3anueay Scatter

rng = np.random.RandomState(0)

no_plot = 50

X = rng.randn(no_plot)

y = rng.randn(no_plot)

colors = rng.rand(no_plot)

sizes = 1000 * rng.rand(no_plot)

plt.scatter(x, y, c=colors, s=sizes, alpha=0.3,
cmap='viridis')
plt.colorbar()

plt.show()
2.5
50 : 0.9
i 0.8
) 0.7
1.0
0.6
0.5 N
& 0.5
0.0
’ e 0.4
' )
—0.5 . e
hiﬂﬁ 0.3
-1.0
0.2
-15
0.1
-2.0 =
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from sklearn.datasets import load_iris

iris_dataset = load_iris()
features = iris_dataset.data.T # T = Matrix Transpose

plt.scatter(features[0], features[1l], alpha=0.2,
s=300*features[3], c=iris_dataset.target,
cmap='viridis')

plt.xlabel(iris_dataset.feature_names[0])

plt.ylabel(iris_dataset.feature_names[1])
plt.show()

5.0

4.5

4.0

L
LN
x

sepal width (cm)
Ly
o

4.0 4.5 5.0 85 6.0 6.5 7.0 1.5 8.0
sepal length (cm)

8.5
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from sklearn.datasets import load_iris

iris_dataset = load_iris()
features = iris_dataset.data.T # T = Matrix Transpose

plt.scatter(features[0], features[2], alpha=0.2,
s=300*features[3], c=iris_dataset.target,
cmap='viridis')

plt.xlabel(iris_dataset.feature_names[0])
plt.ylabel(iris_dataset.feature_names[2])
plt.show()

petal length (cm)
Lu =

2
NPCE
1
0
4.0 4.5 5.0 5.5 6.0 6.5 7.0 1.5 8.0 8.5

sepal length (cm)
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n1suaan Histograms, Binnings was Density

import numpy as np
import matplotlib.pyplot as plt

data = np.random.randn(1000)

# simple histogram
plt.hist(data)
plt.show()

250
200
150
100

50

plt.hist(data, bins=30, normed=True, alpha=0.5,
histtype='stepfilled', color='steelblue',
edgecolor="none')

plt.show()

—4 -3 -2 -1 0 1 2 3
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# over-plotting multiple histograms

X1 = np.random.normal(0, 0.8, 1000)
X2 = np.random.normal(-2, 1, 1000)
X3 = np.random.normal(3, 2, 1000)

kwargs = dict(histtype='stepfilled', alpha=0.3,
normed=True, bins=40)

plt.hist(x1, **kwargs)
plt.hist(x2, **kwargs)
plt.hist(x3, **kwargs)
plt.show()

0.7

0.6

0.5

0.4

02 -

01

mMsd1Isa1 Histogram

counts, bin_edges = np.histogram(data, bins=5)
print(counts)

np.histogram(data, bins=7)

counts, bin_edges
print(counts)

[ 33 202 534 219 12]
[ 14 65 231 397 224 65 4]
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nMswasagaiaya MNSIT ftaglu scikit-learn

mynasagatioya MNSIT iFonldnnlisunaw scikit-learn asnsavirldeai

from sklearn import datasets

digits = datasets.load_digits()

fig, ax = plt.subplots(8, 8, figsize=(6,6))

for i, axi in enumerate(ax.flat):
axi.imshow(digits.images[i], cmap='binary')
axi.set(xticks=[], yticks=[])
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nmswasagaiaya MNIST luzluvy 2 §id Taglsis IsoMap

from sklearn import datasets
digits = datasets.load_digits(n_class=5)

drodninedu uaasiinisdedioya MNIST Tasimuali n_class=5 iunmaialnaaams class
0-4 tvindu

from sklearn.manifold import Isomap

iso = Isomap(n_components=2)
projection = iso.fit_transform(digits.data)

nnfuienliiugen Isomap adwismaranduiius lagimualii components = 2

plt.scatter(projection[:, 0], projection[:, 1], 1lw=0.1,
c=digits.target,
cmap=plt.cm.get_cmap('cubehelix', 6))
plt.colorbar(ticks=range(6), label='digit value')
plt.clim(-0.5, 5.5)

plt.show()
200 . - - - T y . T —
15
150 i
100 | 14
ol < y . )
- EE
m
T . ’ Z
z &
=50} . . 1 =
i
L i .__r
-100 | "ﬁ:ﬁ' il': rri‘-&.‘.:' A = 1
~150 | e e ] )

0 ' ' ' . . . . .
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| YN 5
1aus15 Seaborn
(Seaborn Library)

] |
v

Seaborn Library flulaus'aiil#nusimiu Python tilelduansdioyaneada

(statistical data visualization) mséiadilaus1s Seaborn v laTaolaTalsunss Terminal
wasiaidmdadadoliit

$ pip install seaborn

mndasmsfanaein Jupyter annsairldlag

I pip install seaborn

laus15 seaborn mmmummmﬂamm Pandas &t mindalailddineda Pandas
snyarilgTasldddagedoliit

$ pip install pandas

]
P

Liladada seaborn tuiFouses aunyanadeulasdnnainlaumy seaborn 1l
N A9

import seaborn as sns

v

nageumslilaus seaborn TauZunldsadona Iris i lddedolilil

Q RV

import seaborn as sns

iris_dataset = sns.load_dataset('iris')
iris_dataset.head()

v
2 (73

maiﬂammlaua iris t@Fadw sl iris_dataset asgn¥aufuliag lugrlunines

!
1 <

pandas DataFrame mﬂmﬂmimauamﬂu DataFrame awnsalisda head() Lwamw

kU
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astdoa Taneds head() Asuaaedrotheiman 5 Madnniniu wadusildnnmslidda
iris_dataset.head() uansddoliil

sepal_length | sepal_width | petal_length | petal_width | species
0|51 3.5 1.4 0.2 setosa
114.9 3.0 1.4 0.2 setosa
2|47 3.2 1.3 0.2 setosa
3|46 3.1 1.5 0.2 setosa
415.0 3.6 1.4 0.2 setosa

mMsuananadaya Iris uvwy Visualization

import seaborn as sns
import matplotlib.pyplot as plt

sns.set()
sns.pairplot(iris_dataset, hue='species',6 size=2.
plt.show()

ol
~

sepal_length

| T T O A A

[ R S B B
"

% I 1 I I I I I I r

| I 1 1 1 1 1 1 1 1 [

e S TR ER R TENE B B N N o
S T OO N T TR DN O DR O =
St S (NN DN N T TR T D o

sepal_width

species
setosa
versicolor
virginica

petal_width

ikt L J A~ R
il

r RN " L I | ~ 30 v -§ ¥ v r

3 4 5 6 7 8 9 10152025303540455055 01 2 345 678 9 —-0320051L01520253035

sepal_length sepal_width petal_length petal_width
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NSNS INNUFZKIN seaborn way scikit-learn

lunsdlinld seaborn Tnaadioyamliam deyassgnyarfulugiuunnes DataFrame
datumndesmsiniieya (Extract) 915154 feature uag target @anu1an DataFrame
o lddail

X_iris = iris_dataset.drop('species', axis=1)
X_iris.shape

(150, 4)

nndagediedu md iris_dataset. drop('species', axis=1) L‘]Jum‘sammumlm
'species' iuuuaﬂaauitﬁﬂuﬁhﬁuﬂilaﬁnbuueaaﬂﬂ1ﬂlns dataset

y_iris = iris_dataset['species']
y_iris.shape

(150, )

' v v P~ Y . ' 4 a4 . | v )
nnehathedinadu ldanaaduil 'species’ #flifanua 1 attribute itolfiiludioya y
W50 label

mindasmaqilssinnnasioyadnsalidda type() uaassadhagadalili
type(X_1iris)

pandas.core.frame.DataFrame

mnﬁaamqmmuuam‘lﬁmum@huﬂi X _iris Lﬂuﬂauaﬂi”mm DataFrame ¢aiin
annyalieds head() Lﬁamauafnaq X_iris

X_iris.head()

sepal_length | sepal_width | petal_length | petal _width
0|5.1 3.5 1.4 0.2
1]49 3.0 1.4 0.2
2147 3.2 1.3 0.2
3|46 3.1 1.5 0.2
450 3.6 1.4 0.2
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windisen1siungfioyanasdin (Slice) anravirlddadalilil

X_iris.iloc[1] # row 1

sepal_length 4.9
sepal_width 3.0
petal_length 1.4

petal_width 0.
Name: 1, dtype: float64

!
Y < v [ < (d

awnsald index lumaidongiioya Aadrofuersiag ndregndalilic danmdong

U

floyai row = 0 uag col = 0

X_iris.iloc[0,0] # row 0, col ©

5.1
g £~ v 4 o v

windieaniFongdioyalunn 9 row 0 col = 1 anyovildlag
X_iris.iloc[:,1]

0 3.5

1 3.0

2 3.2

3 3.1

4 3.6

5 3.9

144 33

145 3.0

146 2.5

147 3.0

148 3.4

149 3.0

Name: sepal_width, dtype: float64



UNN 6
N15ILAT1IZUNITANDBILBIALEW
(Linear Regression)

mallangimynanouidadu (Linear Regression) llwmsmuwisemeanuduiug
'ivmwmuﬂiﬁmm 2 ¢huils Tasflumsssanmms (PredlCtOF X) uagdaaudaua
(Response, y) datfiuanudmiuguuudadu (Linear) Fuilumadmimaned X uag y i
fanudiugiu wedmasesnnufluanmyanudiiug aunsnes Linear Regression
wanadadaliit

y=ax+b

SALE

! ! | ! I T 1
0 50 100 150 200 250 300 350

v

aMmuilsznauin 9: LamiaumInanayLdaLdn Linear Regression

fian : https://g00.gl/QL6rCo


https://goo.gl/QL6rCo
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m3dasgadieyaciialdlunisdmia Linear Regression

import matplotlib.pyplot as plt
import numpy as np
plt.style.use('seaborn-whitegrid')

# create random data

rng = np.random.RandomState(42)
= 10 * rng.rand(50)

2 * x - 1+ rng.randn(50)

< X
1

plt.scatter(x,y)

plt.xlabel('x"')

plt.ylabel('y"')

plt.show()
2.0
175 ]
150 ]
125 ol

_ 100 R &

75 s *

50 [ B

oo .J

nm3t30nlEluga LinearRegression

(2

m35onli Linear Regression lwlisunsa scikit-learn asnsavirldeait

from sklearn.linear_model import LinearRegression
NnUUaNITaMunaaIndines (Hyperparameter) Lo

model = LinearRegression(fit_intercept=True)
print(model)

LinearRegression(copy_X=True, fit_intercept=True, n_jobs=1, normalize=False)
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famisdayaiialslumsdinim

X = x[:, np.newaxis]
print(X.shape)

(50, 1)

ndhaduinsdudoyaiagillilunmsdmwio Linear Regression mmualiidl
awidln (50, 1) Muninadadichuily X visedulnder FaFsnhimasdmwinun Simple
Linear Regression winfiduily X snnnii 1 éhulsagi3oniit Multiple Linear
Regression

print X[:10]

. 74540119]
.50714306]
.31993942]
.98658484]
.5601864 ]
.5599452 ]
.58083612]
.66176146]
.01115012]
.08072578]]

o L L U o B W W o W |
~NOOOORRFRPRIOINOW

windisenuaasfieyanasdinily X ansavil@laglddds print uaganisa Slice
fioyasanig lasimua index Ndoanistdu X[:10] ninaia msuaasiioya X daud fioya
dduin 0 fv 10

ms3oujtiaasnliaa (Train the model)

model.fit(X,y)

LinearRegression(copy_X=True, fit_intercept=True, n_jobs=1, normalize=False)

Twlsunsa scikit-learn asnsolidrida fit titefiazasaluaadnmldnm dedog
11901
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msngnsaiwadawsanieyalui (Predict Labels for
Unknown Data)

LummnﬁaamwwmﬂmmawauaLwamuﬂﬂunmﬁﬂuﬂm Linear Regression
mﬁﬂumm]mmiwmmmmumw’hmimaamauam‘lman 1 9 L“I/\IE’ﬂ?iﬁW‘l‘i‘]JﬂTi

P

wa1ﬂinLﬂ15ﬁ1aaﬂﬂauaﬁ1u13ﬂﬁ11ﬂﬂﬁu
xfit = np.linspace(-1, 11)

# Xfit = unknown data
Xfit = xfit[:, np.newaxis]

print (Xfit.shape)
print(Xfit[:10])

(50, 1)

[

]
. 75510204 ]

.51020408]
.26530612]
.02040816]
.2244898 ]
.46938776]
.71428571]
.95918367]
.20408163]]

e
1
POOOOCOOOO R

D

shadninsduldasiayaiuim 50 aauilelidmsumaneinsal nnilwihieyail
T6llwsnnaténsda predict dashadhasolilil

yfit = model.predict(Xfit)

Naﬂ1?wUﬁﬁﬂﬁhﬂﬂﬁﬂﬂqiumauﬂiyﬁtﬂﬂﬁuanninu1waaWﬁﬁlﬂuTwaaﬂniﬂM
iilowaaudw Linear itldnnmansinyol dadadedalilil
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plt.scatter(x, y)
plt.plot(xfit, yfit)
plt.show()

] 2 4 G i 10

mwilsznauit 10: 1du Hyperplane fildmnmydmindrois
Linear Regression

msnsnsaidaya Diabetes ¢ Linear Regression

dnwosalaumdndniludmsunsih Linear Regression

import matplotlib.pyplot as plt

import numpy as np

from sklearn import datasets, linear_model

from sklearn.metrics import mean_squared_error, r2_score

Tﬁaﬂﬁﬂﬁagalﬁabmfs

diabetes = datasets.load_diabetes()

ﬂiﬁﬂﬁﬂﬂﬂ%ﬁﬂﬂ@ﬂﬁ@ﬂﬂ

print("shape of the dataset", diabetes.data.shape)

('shape of the dataset', (442, 10))



66 anuFiupunedumnFouiieeeiny tasmyilensisoyadiolisunsnnmmlusou

]
=

asyadeuiayacaud row a1 0 84 5 wag column d@1dui 0 9 5
diabetes.data[0:5,0:5]

array([ 03807591, 0.05068012, 0.06169621, 0.02187235, -0.0442235 ],

0.
0.00188202, -0.04464164, -0.05147406, -0.02632783, -0.00844872],
0.08529891, 0.05068012, 0.04445121, -0.00567061, -0.04559945],
0.08906294, -0.04464164, -0.01159501, -0.03665645, 0.01219057],
0.00538306, -0.04464164, -0.03638469, 0.02187235, 0.00393485]])

Tunydliter X asgnimualiflifoya diabetes 11 column 1 2

diabetes_X = diabetes.data[:, np.newaxis, 2] # coloumn 2
diabetes_X[:10]

array([ .061696211],

[ 0
[-0.05147406],
[ 0.04445121],
[-0.01159501],
[-0.03638469],
[-0.04069594],
[-0.04716281],
[-0.00189471],
[ 0.06169621],
[ 0.03906215]])

thavnndieya diabetes fii1uan 442 instance uaglildwiviioyasaniluganadon
wasgaFons Aedoanivioyasaniiludesdin

# Split the data into training/testing sets
diabetes_X_train = diabetes_X[:-20]
diabetes_X_test = diabetes_X[-20:]

# Split the targets into training/testing sets
diabetes_y train = diabetes.target[:-20]
diabetes_y test = diabetes.target[-20:]

Tunsd i lald14aridu train_test_split 1iloutiviioya udldimualdioyadaud
row @il 0 Avanduil 422 fludeyadmfumsidous uasarduit 423 da 442 1fludoya
dwmfumanaaou dufu [:-20] Avnnsivdoyadwdadunsnliauisdrdugario udandro
20 (442-20 = 422)

?Tumaumvlﬂ yhmsasaluaadiodd LinearRegression() wagiFous (Train) #io
foyataTong afifa diabetes_X_train

regr = linear_model.LinearRegression()
regr.fit(diabetes_X train, diabetes_y train)
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LinearRegression(copy_X=True, fit_intercept=True, n_jobs=1,
normalize=False)

NN hmsnonsatiioyaganaday diabetes_X_test drueea predict()

diabetes_y pred = regr.predict(diabetes_X_test)

v

mmsnasansiiioatoya uasidw Hyperplane il ldanmsmuios

U U

import matplotlib.pyplot as plt

plt.scatter(diabetes_X_test, diabetes_y test, color='black')

plt.plot(diabetes_X test, diabetes_y pred, color='blue',
linewidth=2)

plt.legend(['Predicted line', 'Observed data'])

plt.show()

p | —— Predicted line .
@ (Observed data

250
200
150

100

50 F 4 °r -.

0075 <0050 0025 0000 Q025 0050 Q075 Q100
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v

Ysuudani Iiaronn virldda

import numpy as np
import matplotlib.pyplot as plt

rng = np.random.RandomState(0)
colors = rng.rand(20)

fig = plt.figure()

plt.scatter(diabetes_X_test, diabetes_y_ test, c=colors, s=40,
alpha=0.6, cmap='viridis')

plt.plot(diabetes_X test, diabetes_y pred, color='blue',
linewidth=1)

plt.legend(['Predicted line', 'Observed data'], frameon=True,
loc="upper left')

plt.show()

00 T Predicted line
Observed data

25
200
150

100 ®

0075 0050 0025 0000 0025 0050 Q075 02100
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v

wmndosmsfFouiausening actual target uag predict target ansnsavirld dail

plt.plot(diabetes_y test, '--r')

plt.plot(diabetes_y pred, '-b', linewidth=1)

plt.legend(['Predicted output', 'Observed data'],
frameon=True, loc='upper right')

plt.show()

200 === Predicted output
—— (Observed data

0o 25 a0 1.5 100 125 15.0 175

muilsgnaui 11: uanin1Tnasnal target 434 (Actual Target) Lag
@ target Nldnnmsneinsol (Predicted Target)

darmTaiinuen coefficients wasa1 Mean Squared Error (MSE) aanN1Lilan3)d
aoulddail

# The coefficients
print('Coefficients: \n', regr.coef_)
# The mean squared error
print("Mean squared error: %.2f"
% mean_squared_error(diabetes_y_ test, diabetes_y_pred))

# Explained variance score: 1 is perfect prediction
print('vVariance score: %.2f' % r2_score(diabetes_y_test,

diabetes_y_pred))

('Coefficients: \n', array([ 938.23786125]))
Mean squared error: 2548.07
Variance score: 0.47
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mswngInsoiiana Housing @19 Linear Regression

dnmasalaumyndniludmfunisia Linear Regression

import pandas as pd

import numpy as np

from sklearn import linear_model

from sklearn.cross_validation import train_test_split

from sklearn.metrics import mean_squared_error, r2_score
T“Viaﬂiiaga boston housing ‘ﬁag’ﬁlu scikit-learn anl#au

from sklearn.datasets import load_boston # housing dataset
boston = load_boston()

w1y boston gnAatiuagluiluum dictionary annyaizongmuasidsanesnsia
\iufiayadiodmds keys()
print(boston.keys())

['data', 'feature_names', 'DESCR', 'target']

windieamgauastdsanetaioya Boston housing amnynvirldlag

print(boston.DESCR) niad1da print(boston['DESCR'])

Boston House Prices dataset

Data Set Characteristics:
:Number of Instances: 506
:Number of Attributes: 13 numeric/categorical predictive
:Median Value (attribute 14) is usually the target

:Attribute Information (in order):

- CRIM per capita crime rate by town

- ZN proportion of residential land zoned for lots over 25,000
sq.ft.

- INDUS proportion of non-retail business acres per town

- CHAS Charles River dummy variable (= 1 if tract bounds river; 0
otherwise)

- NOX nitric oxides concentration (parts per 10 million)

- RM average number of rooms per dwelling

- AGE proportion of owner-occupied units built prior to 1940

- DIS weighted distances to five Boston employment centres
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- RAD index of accessibility to radial highways

- TAX full-value property-tax rate per $10,000

- PTRATIO pupil-teacher ratio by town

- B 1000(Bk - 0.63)72 where Bk is the proportion of blacks by

town
- LSTAT % lower status of the population
- MEDV Median value of owner-occupied homes in $1000's

:Missing Attribute Values: None

windisamanyuawianesgaioya Boston housing asnyavirldlag

print("shape of the data", boston.data.shape)
#print("shape of the data", boston['data'].shape)
boston['data'][:2,:] # row = 2, col = all

('shape of the data', (506, 13))

array([[ 6.32000000e-03, 1.80000000e+01, 2.31000000e+00,
0.00000000e+00, 5.38000000e-01, 6.57500000e+00,
6.52000000e+01,  4.09000000e+00, 1.00000000e+00,
2.96000000e+02,  1.53000000e+01,  3.96900000e+02,
4.98000000e+00],

[ 2.73100000e-02, 0.00000000e+00, 7.07000000e+00,
0.00000000e+00,  4.69000000e-01, 6.42100000e+00,
7.89000000e+01,  4.96710000e+00,  2.00000000e+00,
2.42000000e+02,  1.78000000e+01, 3.96900000e+02,
9.14000000e+00]])

iioyata Boston housing #31m2u 506 instance uazil feature fedn 13 attribute
Windiaan13q Label novfiayaaniyavitldlagliada boston[‘target’] uaglid1da shape
iiaguuInaviiaya

print("shape of the target", boston['target'].shape)
boston['target'][:10]

('shape of the target',6 (506,))
array([ 24. , 21.6, 34.7, 33.4, 36.2, 28.7, 22.9, 27.1, 16.5, 18.9])

vitethslumsuaasioyasnyawlasioyalhagdlugiuinmes pandas DataFrame
dagial1lit

pd.DataFrame(boston.data, columns=boston.feature_names)
pd.DataFrame(boston. target)

df x
df_y
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anrngnoasidoatevioyalaoiionkiu DataFrame fagialilit

df_x.describe()

CRIM ZN INDUS CHAS NOX RM AGE DIS RAD
count | 506.000000| 506.000000 ( 506.000000 | 506.000000 [ 506.000000 | 506.000000 | 506.000000 | 506.000000 | 506.000000
mean |3.593761 |11.363636 |11.136779 |0.069170 |0.554695 |6.284634 |68.574901 |3.795043 |[9.548407
std |8.596783 |23.322453 (6.860353 |0.253994 |0.115878 |0.702617 |28.148861 |2.105710 (8.707259
min |0.006320 |0.000000 |(0.460000 |0.000000 |0.385000 |3.561000 |2.900000 |1.129600 (1.000000
25% |0.082045 |0.000000 |5.190000 |0.000000 |0.449000 |5.885500 |45.025000 (2.100175 |(4.000000
50% |0.256510 |0.000000 |9.690000 |0.000000 |0.538000 |6.208500 |[77.500000 [3.207450 |5.000000
75% |3.647423 |12.500000 |18.100000 |0.000000 |0.624000 |6.623500 |94.075000 |5.188425 |24.000000
max (88.976200 |100.000000|27.740000 (1.000000 |0.871000 |8.780000 |100.000000|12.126500 |[24.000000

Mmuilsznaun 12: diednionany

U

df_y.describe()

<3

atny

0
count | 506.000000
mean | 22.532806
std |9.197104
min | 5.000000
25% |17.025000
50% |21.200000
75% | 25.000000
max |50.000000

Glugﬂuumm pandas DataFrame

LataFantioyaiiausosudy nnluihmyaialunanes Linear Regression

import pandas as pd
import numpy as np
from sklearn import linear_model

from sklearn.cross_validation import train_test_split
from sklearn.datasets import load_boston

boston = load_boston()

# housing dataset
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Tunsokivagtdanléiiiow 1 attribute/feature tiniuiiaass Model lunyatiiidanld
o o [7) 4 a4
f1layaan column d10UN 5 as RM

# select column 5 = RM

y = boston['target']

X = boston['data']

x_train, x_test, y_train, y_test = train_test_split(X[:,5], v,
test_size=0.2, random_state=4)

# create a model
reg.fit(x_train.reshape(-1, 1), y_train.reshape(-1, 1))

# prediction
y_pred = reg.predict(x_test.reshape(-1, 1))

da fit() Aemsas1alaaa uag predict() Aomyngnsal waduinldanms
wornyalgniiuliluduly y_pred

import numpy as np

rng = np.random.RandomState(42)

colors = rng.rand(x_test.shape[0])
sizes = 800 * rng.rand(x_test.shape[0])

plt.figure(figsize=(10,8))
plt.scatter(x_test, y test, c=colors, s=sizes)
plt.plot(x_test, y_pred, '--r')

plt.xticks(())
plt.yticks(())

plt.show()
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]
=

MNAIMITIULRIUTSHINA1TN (Actual) wagarnwernsol (Predicted) a1
Y d v v . . . v v
asnnsnliiiouaavfioyaludnumsgnos Visualization Tddai

D

import matplotlib.pyplot as plt

plt.
plt.

figure(figsize=(20, 8))
plot(y_test, linewidth=1, linestyle='solid',
color="'blue', label='Observed data')

plt.plot(y_pred, '--r', linewidth=2, label='Predicted output')
plt.legend(frameon=True, loc='upper left')
plt.show()

— Observed data
== Predicted output

100

waaaa Coefficients, MSE wag Variance score

# The coefficients
print('Coefficients: \n', reg.coef_)
# The mean squared error
print("Mean squared error: %.2f"
% mean_squared_error(y_test, y_pred))
# Explained variance score: 1 is perfect prediction
print('variance score: %.2f' % r2_score(y_test, y_pred))
4.70875035e-02,  8.70282354e-

('Coefficients: \n', array([[ -1.14743504e-01,

03,
3.23818824e+00, -1.67240567e+01, 3.87662996e+00,
-1.08218769e-02, -1.54144627e+00, 2.92604151e-01,
-1.33989537e-02, -9.07306805e-01, 8.91271054e-03,

-4.5874703%e-01]]))
Mean squared error: 25.41
Variance score: 0.73



Fundamentals of Machine Learning and Analyzing Data with Python 75

Tunsatdoluagld column arduil 2 de INDUS lumsasialaaa

X = boston['data']

x_train, x_test, y train, y_ test =

train_test_split(X[:,2], y, test_size=0.2,
random_state=4)

# create a model
reg.fit(x_train.reshape(-1, 1), y_train.reshape(-1, 1))

# prediction
y_pred = reg.predict(x_test.reshape(-1, 1))

NninnasanT v tiauanaludnyosaeeniy Visualization

import numpy as np
import matplotlib.pyplot as plt

# Plot outputs

rng = np.random.RandomState(42)

colors = rng.rand(x_test.shape[0])
sizes = 800 * rng.rand(x_test.shape[0])

plt.figure(figsize=(10,8))
plt.scatter(x_test, y test, c=colors, s=sizes)
plt.plot(x_test, y pred, '--r')

plt.
plt.

plt.

import matplotlib.pyplot as plt
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plt.figure(figsize=(20, 8))

plt.plot(y_test, linewidth=1, linestyle='solid', color='blue',
label="'0Observed data')

plt.plot(y_pred, '--r', linewidth=2, label='Predicted output')

plt.legend(frameon=True, loc='upper left')

plt.show()

5 | T Observed data
== Predicted output

# The coefficients
print('Coefficients: \n', reg.coef )
# The mean squared error
print("Mean squared error: %.2f"
% mean_squared_error(y_test, y_pred))
# Explained variance score: 1 is perfect prediction
print('variance score: %.2f' % r2_score(y_test, y_pred))

('Coefficients: \n', array([[-0.65143285]]))
Mean squared error: 75.47
Variance score: 0.19
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dyluan1snaassineds Liner Regression iviieyaza
Boston housing

NnMInaasai 2 vl delinadul RM wag INDUS i
RM ile1 MSE 25.41 wag Variance score 0.73
INDUS #¢1 MSE 75.47 uag Variance score 0.19

Taoiteh MSE winuilng 0 agilen Error iooiiga uagan Variance score windlen
flu 1 asflumsnonsaiiusinginga Asaglldan mnldaodmt RM uag INDUS Tumsy
wonsoliioya Boston housing aadnit RM fllss@ndnmlumansinsalgeni dadu win
dgosmmi lllilumsatlaea Jawnsihliliaadut RM lumsasi ail o1aagdiovans
imsas1aluaadioigou tiu Multiple Linear Regression titonaaaulsgangnwalyl
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UNN 7
drdmnnuuulunis
(Binary Classifier)

o 4 . L = ] 1 Y 4
drduununuluwid (Binary Classifier) tluigmswiisnguiioyasaniiluasangs
. ' o ' (& ' ¥ a °
(Binary Class) Mndagnfioyautiveaniluaasngy (@iiu uagduaw) Tagdrumnuu
TuwiFagasnaduann@niaiionit hyperplane Lﬁa&lﬁdm%’ummmnfjuﬁaagamamm:ju
GROERNG

10

23 7§ 0 1 2

[¥F)
=
(9 )
[+ 1]

{ P Ay 4oy s
mwilsznauit 13: uaaudu Hyperplane iilfwivdioyasaniiluaosdiu
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lunsdliagnagounyiuuwnunlum’ Tagldfieya MNSIT Tlumynaden

from scipy.io import loadmat

mnist_raw = loadmat("mldata/mnist-original.mat")
mnist = {

"data": mnist_raw["data"].T,

"target": mnist_raw["label"][0],

"COL_NAMES": ["label", "data"],

"DESCR": "mldata.org dataset: mnist-original",

}

X,y = mnist['data'], mnist['target']

nnéhathednadu 15TiIsunsu scipy lumslnaalid@winana .mat dusyadisga
fiaya MNSIT lagfiagaanaanilnaaldan

https://github.com/amplab/datascience-sp14/blob/master/lab7/mldata/mnist-
original.mat

2| o [< I P P Py v vy A
LNﬁTﬁﬁﬂﬂ@HﬁL67QL58U708ﬁ1N17ﬂL78ﬂ@51ﬂagL@UﬂﬁaﬂﬂﬂHaqﬂﬂQ%

# 70K images, 28x28 pixels/image, each pixel = 0 (white) to 255 (black)
mnist # a dict object

{'COL_NAMES': ['label', 'data'],
'DESCR': 'mldata.org dataset: mnist-original',
'data': array([[0, 0, O, ..., 0, 0, O],
[0/ 0/ 0/ ey 0/ 0/ 0]/
[0/ 0/ 0/ ey 0/ 0/ 0]/

[0, 0, O, ..., O,

0, 0],
[0, ©, O, ..., O, O
0
0

o],
, 0]], dtype=uint8),
ey eea, 9., 9., 9.0)7

~

[0, 6, 0, ..., O,
'target': array([0., ©O.,

v

fiayanasdianazgnyaiuaglupluuuneainaes niinuia 754 attribute (28x28)
gartn Aemunalidunils X \fufioya Feature uag y 1in label fififiwauitadu 70,000 ¢

X,y = mnist['data'], mnist['target']
X.shape, y.shape

((70000, 784), (70000,))


https://github.com/amplab/datascience-sp14/blob/master/lab7/mldata/mnist-original.mat
https://github.com/amplab/datascience-sp14/blob/master/lab7/mldata/mnist-original.mat
https://github.com/amplab/datascience-sp14/blob/master/lab7/mldata/mnist-
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nnbwhmausngafieyasantilu 2 4a @ Training set uag Test set

import numpy as np

X_train, X_test, y train, y_test = X[:60000], X[60000:], \
y[:60000], y[60000:]

shuffle_index = np.random.permutation(60000)
X_train, y_train = X_train[shuffle_index], \
y_train[shuffle_index]

print(X_train.shape, X_test.shape, y_train.shape, \
y_test.shape)

((60000, 784), (10000, 784), (60000,), (10000, ))

#afioya MNIST filnaaanldwhdeyafluiizouses Tastayagail 1 — 60000 1fiu
saiFous TaofioyaaziFoann ngu (Class) 0 fiv Class 9 uageiawg 60001 — 70000 Lluga
naaay fiayaaeiFoad@duan Class 0 i Class 9 tuiu dufu annsalimdedoliildamsy
uindiaya

X_train, X_test, y_train, y test = X[:60000], X[60000:], \
y[:60000], y[60000:]

Stochastic Descent

2 gy ° o o (] ' [y ' ° o ' Y
Bududramammuatoyaliiilu 2 ngu (Class) Tassagnmuualingunasdian
5 fienilu True uagngusiandaund 0-4 uag 6-9 fianilu False

y_train_5

y_test_

= (y_train == 5) # create target vectors
= (y_test == 5)

print(y_train_5.shape, y_train_5)
print(y_test_5.shape, y_ test_5)

((60000,), array([False, False, False, ..., False, False, False]))
((10000, ), array([False, False, False, ..., False, False, False]))
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a3 luaa Stochastic Descent

d ¥y scikit-learn 1iFonlfdda SGDClassifier() iilofmua hyperparameter ii
Fuilu waglddda fit() teaslaaa

from sklearn.linear_model import SGDClassifier

sgd_clf = SGDClassifier(random_state=42)
sgd_clf.fit(X_train, y_train_5)

SGDClassifier(alpha=0.0001, average=False, class_weight=None, epsilon=0.1,
eta0=0.0, fit_intercept=True, 1l1_ratio=0.15,
learning_rate='optimal', loss='hinge', n_iter=5, n_jobs=1,
penalty='12"', power_t=0.5, random_state=42, shuffle=True, verbose=0,
warm_start=False)

mMsugInsatdrolataa Stochastic Descent

dm$uTilsunyw scikit-learn ansnsalidds predict() dmsumsnensyoliioya u
nalit ldasatlaidu (Function) 1#m Python aunsathssmathaidudodda def
1sznaude plot_digit() wag pred_data() tilelvienlinwldegeazain

def plot_digit(X):
plt.imshow(
X.reshape(28, 28),
cmap = plt.cm.binary,
interpolation="nearest")

plt.axis("off")
plt.show()

def print_pred_data(clf, actual_y, X):
print("Actual : ", actual_y)
print("Prediction : ", clf.predict([X])[0])

v

i manonyoddeyadian wasuaaymmwnesdilasuny Visualization @iy
ilddaiaddaliil

pred_digit = 5500

plot_digit(X_test[pred_digit])

print_pred_data(sgd_clf, y_ test 5[pred_digit],
X_test[pred_digit])
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('"Actual : ', True)
('Prediction : ', True)

NnIBHINENAR 1mwmmmﬂauaimimmaanmﬂw 5500 (X test[5500]) ix
Class uviaza (Actual Class) #o True (G‘hmw 5) wagHamInynsh (Prediction Class)

v

V1(%\@’]1(5]@)‘]]@16] True ﬁuuﬁmmLﬂumiwmmmmﬂmq

pred_digit = 1000

plot_digit(X_test[pred_digit])

print_pred_data(sgd_clf, y_ test 5[pred_digit],
X_test[pred_digit])

('Actual : ', False)
('Prediction : ', False)
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msiaillszansnin (Performance Measurement)

dmsumyTalszansnmainsavildnarsds ludredgnitaglddida
cross_val_score() Illanadauunayinlssdninimaesdanaddy Stochastic Descent LA
Fadhodadalilii

from sklearn.model_selection import cross_val_score

print(cross_val_score(
sgd_clf,
X_train,
y_train_5,
cv=3,
scoring="accuracy"))

[0.9617 0.96315 0.95905]
dragnineduldends cross_val_score() lumsimlszaninim lagamnasyn
(Default) osidsdmsumyTadranugndealdimualit k-fold fidnviitu 3 (cross

validation: cv=3) duiu naduiildfde 0.9617, 0.96315 wag 0.95905 lagiilumadus
YOINTNAADIATIN 1, 2 way 3 MHa191

nmsidszuiinilszansmnuetaanasdnals Confusion Matrix

mylsafnssaninmaesiana3tudis Confusion Matrix twisiuaadldiiuia
HadusnnmIngnsol wash ligléhmnnadusionara dawara o Aala man
Confusion Matrix 1u scikit-learn 1#iéda confusion_matrix() asnsaiionlilddadalui

from sklearn.metrics import confusion_matrix
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Twnsaii ldasailadduiiielddmsunisuanananay Confusion Matrix Wi
Visualization Taga$tlaiduiio plot_confusion_matrix() udasdsolili

import matplotlib.pyplot as plt
import itertools

def plot_confusion_matrix(cm, classes,
title='Confusion matrix',
cmap=plt.cm.Blues):

plt.imshow(cm, interpolation='nearest', cmap=cmap)
plt.title(title)

plt.colorbar()

tick_marks = np.arange(len(classes))
plt.xticks(tick_marks, classes, rotation=45)
plt.yticks(tick_marks, classes)

thresh = cm.max() / 2.
for 1, j in itertools.product(range(cm.shape[0]), \
range(cm.shape[1])):
plt.text(j, i, format(cm[i, j], 'd'),
horizontalalignment='center',
color="'white' if cm[i,j] > thresh else 'black')

plt.tight_layout()
plt.ylabel('True label')
plt.xlabel('Predicted label')

Tunsoii ldnaaauluiaaney Stochastic Descent dnasilaglidrda
cross_val_predict() Sminadoy uaasdadaliit

from sklearn.model_selection import cross_val predict

y_train_pred = cross_val predict(sgd_clf, X_train, \
y_train_5, cv=3)

v

nnehatn nadaulaslffoyaganadon (Train) arafadummadeunadudiilé
'onﬂmiwmﬂmhzgnﬁ’mﬁuﬁﬁmﬂs y_train_pred Mniuiuhnadniannmnginsol
(Prediction Class) y_train_pred wageadnffiuiiaza (Actual Class) Tilemmiiiom
Confusion Matrix #astrag1adalilit
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from sklearn.metrics import confusion_matrix

cm = confusion_matrix(y_train_5, y_train_pred)
print(cm)

plt.figure()
classes = ['Digit all', 'Digit 5']
plot_confusion_matrix(cm, classes)

[[47700 6879]
[ 889 4532]]

Confusion matrix

45000

40000
Digit all 47700 E379

35000
30000
o 25000

True label

o 20000

859 4532 115000

Digit 5
{10000
| 5000

Predicted label

o ey oy : o o4 g X o <
Nnuadufinedin wiveantiiu 2 und uag 2 aaduil tlasnniidu 2 ndn fayaiuaasluuniun,

uaasiunduiigndos (True label) uasiioyafiuaalunainodint uaasdwuadusnnmsnginsal dag

uin luuonfioyage Digit all fimynensoalgnédasimiu 47700 uagwsnyotilaiilu Digit 5 agimim

6879 fan uagluuadfioyaga Digit 5 imsnenyoigndesiiuim 4532 uagnsnyotilalilu Digit all
I 889 ¢hiaw

v

Nnndudnhwadnsnld y_train_pred lilédmwdroasaniy y_train_5 tiladmudnsnien Precision,
Recall wag F1 dudalilil

from sklearn.metrics import precision_score, recall_score, \
f1_score

print("precision:",precision_score(y_train_5, y_train_pred))
print("recall:",recall_score(y_train_5, y_ train_pred))
print("f1:",f1_score(y_train_5, y_train_pred))

('precision:', 0.3971606344755061)
('recall:', 0.8360081165836561)
('f1:', 0.5384980988593155)
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dmfuminadoulagld Training set ¥uazilumsnagauiiodfudmmniinos
(Tuning Parameter) lTumnzantugatoya uastitoldfilssaninmgaga nnluiai
Tuaanldlimaaauifudoyata Test set wiarrlildanuazadalil

m3u Laalivaasuiuiieyasanadaay

nndegnneuniiit 1idaa precision_score, recall_score uag fa_score tilouaas
wadus el ansalddal classification_report() tilauaainadns ldidutdoniu waaad
drodndalii

from sklearn.metrics import classification_report
y_test_pred = sgd_clf.predict(X_test)
classes = ['Digit all', 'Digit 5']

print(classification_report(y_test_5, y test_pred, \
target_names=classes))

precision recall f1-score support

Digit all 0.99 0.98 0.98 9108
Digit 5 0.80 0.85 0.83 892

avg / total 0.97 0.97 0.97 10000

nntul#idonliilarifu plot_confusion_matrix() 1it@¥imy Visualization fioya

from sklearn.metrics import confusion_matrix

cm = confusion_matrix(y_test_5, y_test_pred)
print(cm)

plt.figure()
classes = ['Digit all', 'Digit 5']
plot_confusion_matrix(cm, classes)

[[8923 185]
[ 135 757]]
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Confusion matrix

8000
Digit all 185 | 7000
6000

5000

True label

- 4000

- 3000

Digit 5 135 157

- 2000

-+ 1000

Predicted label

waldrinsneingal Test set MauTIaTIvdavlszansnmnesdanassnlasld
a3 accuracy_score() dadhadiadalilit

from sklearn.metrics import accuracy_score

print("Accuracy Score", accuracy_score(y_test_5, \
y_test_pred)*100)

('Accuracy Score', 96.8)

Hadusildnnmyneinyoldrvdanaidn Stochastic Descent Hanngnéias
(Accuracy Score/ Accuracy Result) 96.8%



unn 8
nm3datiianiimlndiaa k dwnia
(K-Nearest Neighbors)

mmwmmmaumﬂnamm k shunila (K-Nearest Neighbors) wisnmsFeus
Lm‘ﬁmnm‘l?immmwmwmlaua (Classification) waziilwizilaidriioun

Training instance - Class 1

New example
to classify

Mmuilsznaun 14: waasanoignsvirnnasosdanodtin KNN

danaFdnasihmaFouilousalni (New point) 3@ (Point) nywmﬁagui@lu
Training set tilanaitlndidostuqalminge Taoimuasiwinqailndidoatuqeln
T K 30 1iw mnimuald K=3 dufu qanlndidoatuqalmifedusnnm 3 aasgn
wndimson nafwihmstimua Label/Class li##iaalua Tasasyadouu Label nouifa
3 30 winnuil Label lvuanniiga (Majority Vote) Sagrimuatflu Label lduaaluain
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AMMNAIVYN

winfmuali K=1 amﬂﬂ fuaalmifiigade Class dmasn dakn aalmitluaggn
mualidl Class (flu diwasy |

mﬂmﬂu@ﬂ% K=3 %mﬂnaﬂmﬂﬁ g faamadrdude Class Audon 1 30 ua
ANARYN 2 30 mﬁuw%mmnnmum‘l Class 1{lw asndon

msasalataanas KNN

degnddaliihmaainlunanesdanaiin KNN laglégadioya Iris luny
nadoll

from sklearn.datasets import load_iris
from sklearn.model_selection import train_test_split

iris_dataset = load_iris()

X_train, X _test, y train, y test =

train_test_split(iris_dataset['data'],
iris_dataset['target'],
random_state=0)

NNAIDYTINAN mmﬂﬁamimlaua Iris 3 iionaaoy Taslida load 1r1s() AN
Wuldieds train_test _split() Lwaumfﬂauaaamﬂu 2 140 Tﬂﬂwaua Feature/Attribute L1
u,mauammnuvbﬁmuﬂi X_train uag X _test uastioya Label/Class %anmﬂaﬁmuﬂi
y_train wag y_test

nniulddda KNeighborsClassifier() iilofmuad s faes n_neighbors min
TirmnadTisunysasléansndu (Default) Fermnaliddwii 5

from sklearn.neighbors import KNeighborsClassifier

knn = KNeighborsClassifier(n_neighbors=1)

nnehagfindnldimualii n_neighbors=1 Tagifudriidmualinels knn
nnkwihmaasluaalaglienda fit) deshadhadalilit

knn.fit(X_train, y_train)

KNeighborsClassifier(algorithm="auto', leaf_size=30, metric="minkowski',

metric_params=None, n_jobs=1, n_neighbors=1, p=2,
weights="'uniform')
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nsuansatlaglilaaaves KNN
Tugaiioya Iris uagil Label agamin 3 ngu thiznoudne

setosa nax 0
versicolor ngH 1
virginica  ngH 2

v

dariu Label #agliflushamaaauanugndosnasmawsnngol
print("Test data: {}".format(X_test[1]))
print("Label: {}".format(y_test[1]))

Test data: [6. 2.2 4. 1. ]
Label: 1

dregnindunaaldiindoyaiasinlinaden (Test) mynsnioldrsluaaned
KNN

prediction = knn.predict([X_test[1]])

print("Prediction: {}".format(prediction))

print("Predicted target name: {}".format( \
iris_dataset['target_names'][prediction]))

Prediction: [1]

Predicted target name: ['versicolor']

dmfumsunsoiazlidds predict() mndhadlddaiona X _test[1] v
o wageadusildaz¥afulinduily prediction NNMInagasnu iedvioya
X test[l] L?nvlﬂmaau nadwiilg@e Prediction: [1] ﬂanau 1 mﬂau 1 Ado Ver51color
safludaeuilgndas

mminagauiioya x_test[2] Lﬁamﬂaaummgnﬁm

prediction = knn.predict([X _test[2])

print("Prediction: {}".format(prediction))
print("Predicted target name: {}".format( \
iris_dataset['target_names'][prediction]))

Prediction: [0]

Predicted target name: ['setosa']

< ' < :
NnmInadeunadusilddongy 0 widangu setosa
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ﬂ”l’i‘l/lﬂﬂﬂﬂﬂ’ié‘iﬁﬂﬁﬂ’l‘l’\lﬂ'ﬂ\iiﬂtﬁa KNN

msudaradusresmasanguiioya (Classification Report) anyavirlddadagng
dolii
from sklearn.metrics import classification_report

print(classification_report(y_test, y_pred,
target_names=iris_dataset['target_names']))

precision recall fil-score support

setosa 1.00 1.00 1.00 13
versicolor 1.00 0.94 0.97 16
virginica 0.90 1.00 0.95 9
avg / total 0.98 0.97 0.97 38

from sklearn.metrics import accuracy_score
accuracy_score(y_test, y_pred)

0.9736842105263158

Tumsuananadusannnanaasalulilsunsy scikit-learn aanisnvirldlagldeda
1 . . . ﬁ v
| classification_report() wa¢ accuracy_score() Liuéin NnMInadeyuaanes KNN
Nilszansmni 97.37%

Msudainan1snaaaiInl1g Confusion Matrix

from sklearn.metrics import confusion_matrix

print("Confusion Matrix: \n{}".format(confusion_matrix( \
y_test, \ y pred)))

Confusion Matrix:
[[13 0 0]

[ @15 1]

[ @ 0 9]]
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lumsudaana Confusion Matrix g lugiunumneants Visualization aasn
yldTasmyasiatlaiiu plot_confusion matrix() dadhaghasalilil

import matplotlib.pyplot as plt
import itertools

def plot_confusion_matrix(cm, classes,
title='Confusion matrix',
cmap=plt.cm.Blues):

plt.imshow(cm, interpolation='nearest', cmap=cmap)
plt.title(title)

plt.colorbar()

tick_marks = np.arange(len(classes))
plt.xticks(tick_marks, classes, rotation=45)
plt.yticks(tick_marks, classes)

thresh = cm.max() / 2.
for i, j in itertools.product(range(cm.shape[0]),
range(cm.shape[1])):
plt.text(j, i, format(cm[i, j], 'd'),
horizontalalignment="'center',
color="white' if cm[i,j] > thresh else 'black')

plt.tight_layout()
plt.ylabel('True label')
plt.xlabel('Predicted label')

Tumsdmiaindr Confusion Matrix asnsaldida confusion_matrix() i<
dagadeliit

cm = confusion_matrix(y_test, y_pred)
np.set_printoptions(precision=2)

print('Confusion matrix, without normalization')
print(cm)

plt.figure()
classes = iris_dataset.target_names
plot_confusion_matrix(cm, classes)

Confusion matrix, without normalization
[[13 © 0]

[ @15 1]

[ O 0 9]]
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Confusion matrix

150
135
120
105
9.0
475
- &0
{45
4 3.0
{15
— 0.0

setosa

versicolor

True label

virginica

Predicted label

Tumsuans Confusion Matrix wannnagldlisunsn matplotlib feanansald
[<] Py A Y] ] &
TiU5unTN Seaborn tiludnnianiadan wanadadalilii

import seaborn as sns

sns.heatmap(cm, square=True, annot=True, cbar=False)
plt.title('confusion Matrix')

plt.xlabel('predicted value')

plt.ylabel('actual value')

plt.show()

confusion Matrix

actual value

predicted value

#ed Classification Score uag Confusion Matrix fduldananmsiinald
. 4 Q Q 3 o . o Cop
n_neighbors = 1 ifionagaulscdnimn arnsammuaswiunes n_neighbors 1iiilu 3,
[T v
5 130 7 Ludu
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m3linudanaisn KNN dudiayalsatunuinu (Diabetes
Dataset)

dregndalilagindanadta KNN mdalumansnsoidoyalyainnnu
N Vv . [« " v r's
(Diabetes) 1£jilhe (patient) tilulsaunwnu niali doyalyannmmuannsaanilnag
v [« -
TaannSulae

https://www.kaggle.com/amolbhivarkar/knn-for-classification-using-scikit-learn/data

_dhadrmaiidanadin KNN Tuldnsnsatfieyaginelsannmim amnsaviilde
ol

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt

plt.style.use('ggplot')

df = pd.read_csv('mldata/diabetes.csv')
df.head()

nndragnindu Tddnanitlnaanniiuladed lugununes csv 3l llsunsy
pandas tite Inanfeyauasuilaslvieglugilunnnes DataFrame Tagifulsfiduily df win
v v v o (J d}
maqm‘mamﬂa;gaT‘mL‘mmmmmiaﬁ'ﬁﬂﬂsjwmimm head()

Pregnancies | Glucose | BloodPressure | SkinThickness | Insulin | BMI | DiabetesPedigreeFunction | Age | OQutcome
0|6 148 72 35 0 33.6|0.627 50 |1
11 85 66 29 0 26.6|0.351 31 |0
28 183 64 0 0 23.3|0.672 32 |
31 89 66 23 94 28.1(0.167 21 |0
40 137 40 35 168 43.1|2.288 33 |

fioyalyaununuilyznendis 8 Attribute uagradusiildfidnilu 0 nie 1 deayln
Attribute i Outcome %4iida Output/Label/Class Wagmndoanmsnagsnimuauinaos
foyaanyoildlaslidda shape

df.shape

(768, 9)

foyalyannmnuililumamaasalsznoudis 768 instance udiag instance fi
o . . [ [
F1mn 8 attribute wagdn 1 attribute vlunadns


https://www.kaggle.com/amolbhivarkar/knn-for-classification-using-scikit-learn/data
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dmuatoyanazilildlusanedin KNN aunsmildlas
from sklearn.model_selection import train_test_split

X = df.drop('Outcome',axis=1).values

y = df['Outcome'].values

X_train, X_test,y train,y_test =

train_test_split(X,y, test_size=0.4, \
random_state=42, stratify=y)

ammamwauamﬂu Feature %amﬂuylmmuﬂi X uagtiayanas Class aggntiiu
Wil y nnifuldarda train _test spht() LWEJLL‘]N?I@)NE}L‘]Ju?im'iEJu’i wasEanadol lay
m%uﬂglmlmmm?iemﬂaaummmﬂu 40% Tﬂﬂm’im‘ﬂuﬂ test_size= O 4

from sklearn.neighbors import KNeighborsClassifier

neighbors = np.arange(1,9)
train_accuracy =np.empty(len(neighbors))
test_accuracy = np.empty(len(neighbors))

for i,k in enumerate(neighbors):
#Setup a knn classifier with k neighbors
knn = KNeighborsClassifier (n_neighbors=k)

#Fit the model
knn.fit(X_train, y_ train)

#Compute accuracy on the training set
train_accuracy[i] = knn.score(X_train, y_train)

#Compute accuracy on the test set
test_accuracy[i] = knn.score(X_ test, y_ test)

Nndredrasihnmadenlssaninmnesdanaitulasimuasiuiunes
n_neighbors Tagléigrda neighbors = np.arange(1,9) #wadusn ldnnddeiide

array([1, 2, 3, 4, 5, 6, 7, 8])

Tsunsuagnaadamfaduiiuim 8 seu wastfumadusitehuily train_accuracy uag
test_accuracy tial#lumsuananadns
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plt.title('KNN Varying number of neighbors')
plt.plot(neighbors, test_accuracy, label='Testing Accuracy')
plt.plot(neighbors, train_accuracy, label='Training accuracy')
plt.legend()

plt.xlabel('Number of neighbors')

plt.ylabel('Accuracy')

plt.show()
_— KNN Varying number of neighbors
— Testing Accuracy
B33~ — Training accuracy
T 0.85 —
o
2

ACC
o
2]
=1

|
|

[ ]
d =~
[==] [¥a}
|
|

[ ]

=]
(=]
(2}

Mumber of neighbors

muilsznauil 15: nyluaavilsgansnunevdanadty KNN 1lo
tagna1midtned n_neighbors

NNNTINTGU ﬂfi”naumﬂmmmmu 2 1w Ldwduag unw Testing Accuracy
wastduadninunn Trammg Accuracy AAURANNULANANTENINMINAd T Training
set uag Test set ¢fai{u lums Training Seimualidi1n n_neighbors mniluiwainld
mnnﬁmaam”maﬂmmﬁmﬂﬁ n_neighbors=2 ﬂ”Nﬂ’iyﬁV]ﬁﬂWWﬁQV]ﬁﬂ °1umqna‘uﬂu

< S

iilenaaaury Test set MUINADY 1 _neighbors m‘lmﬂiuﬁmﬁmwmmqwmmmu 7 il
M Ataof n_neighbors Astinagiudonaiiinluli

%4

d519luaa KNN @2961 n_neighbor itldannnisnaaa

] ]
ST

Nnminadai1 1 ldar n_neibhbor=7 #ailudfidngalumsnadenriu Test set

AU WIndioanansulszansmunevdanadsn KNN ”Ncﬂ”awmaauTﬂﬂmsaiN‘[umaaﬂ

v
73

a54 dadradadalilih

knn = KneighborsClassifier (n_neighbors=7)
knn.fit(X_train,y_train)

KNeighborsClassifier(algorithm="auto', leaf_size=30, metric="minkowski',
metric_params=None, n_jobs=1, n_neighbors=7, p=2,
weights='uniform')
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& Y o d { U v & (Y] rd' RS}
Nnrulidra score() \Wiauaaemanugndes (Accuracy) Tanadninldde 73.05%
print("Accuracy", knn.score(X_test,y test)*100)

('Accuracy', 73.05194805194806)

Wndaananaminan1snaasidig Confusion Matrix aidsavirlddai

from sklearn.metrics import confusion_matrix

y_pred = knn.predict(X_test)
confusion_matrix(y_test,y_pred)

array([[165, 36],
[ 47, 60]])

fd1d9 Pandas Crosstab

lulisunsu Pandas awnsalidds crosstab() Litea31e Confusion Matrix 16
Wwtdentn ansavirlddadagadalali

pd.crosstab(y_test, y_pred, rownames=['True'], colnames=["Predicted'], margins=True)

Predicted (0 |1 [All
True

0 165|36 | 201
1 47 |60(107
All 212|96|308

LaadlaansINNNIINaaaIdIg Classification Report

from sklearn.metrics import classification_report

print(classification_report(y_test,y pred))

precision recall fi1-score support
(C] 0.78 0.82 0.80 201
1 0.62 0.56 0.59 107

avg / total 0.73 0.73 0.73 308
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ad

mMsnadauaInIitaas (Hyperparameter Tuning) @2836
Grid Search

nnmnagaviedurilildar n_neighbors=7 udmsnadgevannsai léna1sis

1 =

W38 Grid Search (flwéu 53m391 Grid Search ansainlddait

from sklearn.model_selection import GridSearchCV
import numpy as np

param_grid = {'n_neighbors':np.arange(1,50,2)}

nadusildnndide np.arange(1,50,2) uansdadolilil

array([ 1, 3, 5, 7, 9, 11, 13, 15, 17, 19, 21, 23, 25, 27, 29, 31, 33, 35,
37, 39, 41, 43, 45, 47, 49])

knn = KNeighborsClassifier()
knn_cv= GridSearchCV(knn, param_grid, cv=5)
knn_cv.fit(X,y)

GridSearchCV(cv=5, error_score='raise'’,
estimator=KNeighborsClassifier(algorithm="auto', leaf_size=30,
metric="minkowski',
metric_params=None, n_jobs=1, n_neighbors=5, p=2,
weights="uniform'),
fit_params={}, iid=True, n_jobs=1,
param_grid={'n_neighbors': array([ 1, 3, 5, 7, 9, 11, 13, 15, 17, 19,
21, 23, 25, 27, 29, 31, 33, 35, 37, 39, 41, 43, 45, 47, 49])},
pre_dispatch='2*n_jobs', refit=True, return_train_score=True,
scoring=None, verbose=0)

WaNTLUINNT09N15Yi1 Grid Search tasaanainisoldddadadaliibtiionans
HAdND

knn_cv.best_score_
0.7552083333333334
knn_cv.best_params_

{'n_neighbors': 13}

uadusilddeifiomuualiinmitaes n_neighbors=13 agfianugnéaii 75.52%
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k74

msianianlgaiaya MNIST drodanasdy KNN

a a

drogndalii tlumslidanedtu KNN ie¥annanygadoya MNIST Taol4
Tilsunsu scipy lumsluandioya

from scipy.io import loadmat

mnist_raw = loadmat("mldata/mnist-original.mat")
mnist = {

"data": mnist_raw["data"].T,

"target": mnist_raw["label"][0],

"COL_NAMES": ["label", "data"],

"DESCR": "mldata.org dataset: mnist-original",

}

X, y = mnist['data'], mnist['target']

v

nnehadhiirgulidda loadmat() lumsTnantioyanimana .mat uasSudioyal §i

U
=

i)y X uag Label Vinshuls y 1uﬂimuayw1n15aau11@ua (shufﬂe) Lwaelmlagamzm
N1 Visualization #aunainnaty

import numpy as np

shuffle_index = np.random.permutation(70000)
X, y = X[shuffle_index], y[shuffle_index]

mm‘hamqmmiaamauaﬁwm 70,000 %@ dramdd permutation() Tusunsnag
adunaganadinig (index) Lnﬂﬂu@huﬂ‘s shuffle _index

X_train, X_test, y_train, y test = X[:20000], X[69000:],
y[:20000], y[696000:]

print(X_train.shape, X_test.shape, y_train.shape, \
y_test.shape)

((20000, 784), (1000, 784), (20000,), (1000,))

nnilu Laanwauatwaelﬂunmiﬂm (X_train) #1u9% 20,000 %9 (x[:20000]) wag
Laanmauatwael?ﬂunﬁmaau (X_test) 1m 1,000 g0 (x[69000:]) aagmueiand
110 28x28 Suih14 Feature ill#fifadn 784 attribute

Tuanufluadeiioya mnist-origianl.mat asimualiiayagait 1-60000 lidmsu
TUUT uag ?iﬂ“l/l 60001- 70000 l#dmSunadeou
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KNN Classifier

Tuiuaouit imandonliluaa KNN tilanadeuiugadoya MNIST lagiifioya
a1ﬁiunﬂuiﬂﬁxn$200001nﬁanceua“ﬂauaﬁ1ﬂiUﬂﬂaaUﬂ1uauilOOOlnmance
matdenTaaa KNN wasimuamiitaas n_neighbors=1 vilé fadrotndalilit

from sklearn.neighbors import KNeighborsClassifier

knn = KneighborsClassifier(n_neighbors=1)
knn.fit(X_train, y_train)

KNeighborsClassifier(algorithm="auto', leaf_size=30, metric="minkowski',
metric_params=None, n_jobs=1, n_neighbors=1, p=2,
weights='uniform')

nntuisailuaadrodd fit) Tuaaiasaggniiuliludulsinge knn
from sklearn.metrics import accuracy_score

y_model = knn.predict(X_test)
accuracy_score(y_test, y_model)

ndadddgs i luea knn vlflJ‘memmaua X_test mﬂmé’q predlct() ay
uamwammanmaqmﬂmﬁq accuracy_score() Lag Nﬂamanmw 0.97 W39 97% a1
AMUIe Lasianamsn Confusion Matrix lédadaliit

from sklearn.metrics import confusion_matrix
import seaborn as sns

mat = confusion_matrix(y_test, y_model)

plt.figure(figsize=(7,7))

plt.title("Confusion matrix")

sns.heatmap(mat, square=True, annot=True, cbar=False, fmt="d")
plt.xlabel('predicted value')

plt.ylabel('true value')

plt.show()
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Confusion matrix

true value

predicted value

ANNAIDYN Laumwmawaawmaﬂuma KNN mwmmmaﬂmm wagdtanfinyeney
1 Confusion Matrix faditanfingrnsoidanain

gahsudransauaatieyanywsinsaliin Visualization lddadalii

import matplotlib.pyplot as plt

fig, axes = plt.subplots(10, 10, figsize=(8, 8),
subplot_kw={'xticks':[], 'yticks':[]},
gridspec_kw=dict(hspace=0.1, wspace=0.1))

for i, ax in enumerate(axes.flat):
ax.imshow(X_test[i].reshape((28,28)), cmap='binary', \
interpolation="'nearest')
ax.text(0.05, 0.05, str(int(y_model[i])),
transform=ax. transAxes, \
color="blue' if(y_test[i] == y_model[i])\
else 'red')

plt.show()
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unin 9
NM3AanIAnNdayad19 Naive Bayes
(Naive Bayes Classification)

Naive Bayes Classification tlumy¥aniiansjfioyaunuifinimoumsdon
(Supervised Learning) Taglindnanuiaziiluiingiomuios

dregwdalilitlilauyd Seaborn lummisonlidioya Iris Dataset

import seaborn as sns

iris = sns.load_dataset('iris')
print("Type", type(iris))

iris.head()

('Type', <class 'pandas.core.frame.DataFrame'>)

fioyait lnanmziaiivag ludhls iris Tasfiduily iris Aasufudayauu pandas
DataFrame

sepal_length | sepal width | petal length | petal width | species
0|5.1 3.5 1.4 0.2 sefosa
1149 3.0 14 0.2 sefosa
247 3.2 1.3 0.2 sefosa
3|46 31 1.5 0.2 sefosa
4(5.0 3.6 1.4 0.2 sefosa
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annsalilauny Seaborn tile Visualization fioya Iris 1d 3Fmywaanirld
dadialiit

import matplotlib.pyplot as plt

sns.set()
sns.pairplot(iris, hue='species',6 size=3)
plt.show()
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m3sta3andayatitalslunisizons

gadioya Iris H41m7m 150 instance uaguiivoanilu 3 ndn Tudragidaliliagli
dd train_test_split Lilawiiviioyasantiluga Train uag Test

from sklearn.cross_validation import train_test_split

Xtrain, Xtest, ytrain, ytest = train_test_split(X_iris, \
y_1iris, random_state=1)

Nnndudnsanasaioya iris tlogminsenenevdona wanvibagdeauilas Label f
aglugiuunnesdrdnus Tiifludamdonon

ytrain[ytrain.iloc[0:] == 'versicolor'] = 1
ytrain[ytrain.iloc[0:] == 'virginica'] = 2
ytrain[ytrain.iloc[0:] == 'setosa'] = 3

iflour)as Label Tifienfin 1,2 uag 3 nnkuisnaoaioya iris Toslddrdagadialilit
import matplotlib.pyplot as plt

plt.figure(figsize=(106,10))

plt.scatter(Xtrain.iloc[:,0:1], Xtrain.iloc[:,3:4], \
c=ytrain[:], s=350, cmap='viridis')

plt.title('Training data')

plt.show()

— Training data
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d5191uLaa Naive Bayes

Y o ] . é 2 . . %
aansalddds GaussianNB() 39ife Gaussian Naive Bayes lumsa$ialuiaa uag
fa fit() dmfuisauiioya
from sklearn.naive_bayes import GaussianNB

model = GaussianNB()
model.fit(Xtrain, ytrain)

GaussianNB(priors=None)

nwansaidiayadraluiaa Naive Bayes uazuandlssdansnimues
Taaa

myngnsalihl§laslédraa predict() vagmuansnaanugndalidid
accuracy_score() gavhsudili Confusion Matrix titagdnwaesmyweinyolioya
dadagadalilit

from sklearn.metrics import accuracy_score

y_model = model.predict(Xtest)
accuracy_score(ytest, y _model)

0.9736842105263158

nagnsi ldannmsnensatiie 97.37% nnituldddadedeldibiilonaad
Confusion Matrix

from sklearn.metrics import confusion_matrix

mat = confusion_matrix(ytest, y_model)

sns.heatmap(mat.T, square=True, annot=True, fmt='d', \
cbar=False, cmap='viridis',
xticklabels=['setosa', 'versicolor', 'virginica'],\
yticklabels=['setosa', 'versicolor', 'virginica'])\

plt.title('Confusion matrix')
plt.xlabel('true label')
plt.ylabel('predicted label');
plt.show()



predicted label

versicolor setosa

virginica
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Confusion matrix

setosa versicalor virginica
true label
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uvi 10
n13tasziavdlscnaunan
(Principal Component Analysis)

maangavdilsgnaundn (Principal Component Analysis: PCA) iwialfuite
Jireifioyaifinasdinly (Variable) tiiomanudmiussasdiulandnin ilvians
anumiaasngd (Matrix) flanufudeontdnashedemsesing’ Wnifuialiis PCA vile
wnanamanesqmanymeiitay (Feature) lifitdnas 2 ildaananlumsadaluaa

msasnalataa PCA

] ] g A v . d! U . QY X . &
dhadwdaliildgadeya Iris Tunynaden Agadeya Iris fiviedu 4 attribute %9
Tnaniiayalaslilausa Seaborn

import seaborn as sns

iris = sns.load_dataset('iris')
X_iris iris.drop('species', axis=1)
y_iris iris['species']

fioya feature 13 4 column Aggn¥atfulinenly X_iris uasfioya Label aggniiiy

2

aundnily y_iris
L)

from sklearn.decomposition import PCA

model = PCA(n_components=2)
model.fit(X_iris)

PCA(copy=True, iterated_power='auto', n_components=2, random_state=None,
svd_solver='auto', tol=0.0, whiten=False)

1 myvensndmilsenavdrday: http:/www.edu.tsu.ac.th/major/eva/files/journal/PRINCIPAL.pdf
2 PCA: https://www.gotoknow.org/posts/566063
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myafluaaagizonlidmds PCA() lofmuadmnNitaes uagdda fit() iloisou
sdnwougnostiona TasTaaassgfulifidhnlsie model

_@70a7IAd@a U IUIUNEY component i ldnnmadmimdis PCA Taglidmdad
dolii

print("check number of components", model.n_components_)

('check number of components', 2)

?Tuﬂauﬂavlﬂﬂamaﬂmmmmamaua (Transform the data) ‘lﬁmmmmmmm
scikit-learn Mndathal #Emadasiollil

X_2D = model.transform(X_iris)
print("show first row of data", X_2D[0,:])

print model.transform(X_iris.iloc[0, :].
as_matrix().reshape(1, -1))

ynnilunadsuioya X_2D Tasidanuniil 0 sudas dedradedonlit

print("show first row of data", X_2D[0,:])
('show first row of data', array([-2.68412563, 0.31939725]))

dregndaliluaaaliiuiemsuilasiioya X_iris inwizundn 1 Taglidrd
transform()

print model.transform(X_iris.iloc[0, :].as_matrix().reshape(1, -1))

[[-2.68412563 0.31939725]]

mstiindeyanndawlsiinliifivdinlu DataFrame

Nnndhutly iris filnaaa laglilausd seaborn annsatiindoyaritlIndld
dadde it

iris['PCA1'] = X_2D[:, 0]

iris['PCA2'] = X_2D[:,1]

Nndrogradiagn Vlmwmmua X_2D il Iuduils iris $1mm 2 asduit lay
m%uﬂ‘lmawawauaﬂa PCA1 uag PCA2



Fundamentals of Machine Learning and Analyzing Data with Python

mynaaafioyadislausd seaborn Liiagdnwamsnmynssnunasdioyanldnnms
fuimdr935 PCA

import seaborn as sns

sns.1lmplot("PCA1", "PCA2", hue='species',6K data=iris, \
fit_reg=False, size=8, scatter_kws={"s": 150})

20 d 1 1 1 1 1 1 1 1 ke
k5= =
@
10 - o
&)
2
@
05 - -
Py
g & , ‘}'r_ . species
%) - @ scetosa
® A g versicolor
0o - i T virginica
@ - 4
W oy
® -
o S s. : L
& @
@
-10 - ® -
154 | 1 1 | | 1 1 | r
—4 —3 -2 -1 o 1 2 3 4 5
PCAL

uaguiminuea Components

annsaulaguiuinnes Components #amafimuaitdiuily n_components
Fadagredalii

from sklearn.decomposition import PCA

model = PCA(n_components=5)
model.fit(X_iris)
X_2D = model.transform(X_iris)

ValueError Traceback (most recent call last)
<ipython-input-58-acad37c053c8> in <module>()
2

3 model = PCA(n_components=5) # 2. Instantiate the model with
hyperparameters
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----> 4 model.fit(X_iris) # 3. Fit to data. Notice y is not
specified!

5 X_2D = model.transform(X_iris) # 4. Transform the data to two
dimenstions

/usr/local/lib/python2.7/dist-packages/sklearn/decomposition/pca.pyc in
fit(self, X, vy)

305 Returns the instance itself.
306 mmnn
--> 307 self._fit(X)
308 return self
309

/usr/local/lib/python2.7/dist-packages/sklearn/decomposition/pca.pyc in
_fit(self, X)

366 # Call different fits for either full or truncated SVD
367 if svd_solver == 'full':
--> 368 return self._fit_full(X, n_components)
369 elif svd_solver in ['arpack', 'randomized']:
370 return self._fit_truncated(X, n_components, svd_solver)

/usr/local/lib/python2.7/dist-packages/sklearn/decomposition/pca.pyc in
_fit_full(self, X, n_components)

381 raise ValueError("n_components=%r must be between 0 and "

382 "n_features=%r with svd_solver='full'"
--> 383 % (n_components, n_features))

384

385 # Center data

ValueError: n_components=5 must be between 0 and n_features=4 with
svd_solver="'full'

Tunsdiidanald n components ummmu 5 a”mﬂ error MNfiaAN error H1NA®
ﬁqmﬁmmmmﬂaua Tris flLieq 4 attribute viniu daitu lumsduindsis PCA agdion
A I INT N attrlbute Hiwudn deldannsadmualid n _components 1NN
NWINIIN attribute

from sklearn.decomposition import PCA

model = PCA(n_components=3)
model.fit(X_iris)
X_2D = model.transform(X_iris)

iris['PCA1'] = X_2D[:,0]
iris['PCA2'] = X_2D[:,1]
iris['PCA3'] = X_2D[:, 2]

iris.head()
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sepal_length | sepal_width | petal_length | petal_width | species | PCA1 PCA2 PCA3
0|51 3s 1.4 0.2 setosa |[-2.684126(0.319397 |-0.027915
1(4.9 3.0 1.4 0.2 setosa |[-2.714142-0.177001 |-0.210464
2|47 3.2 1.3 0.2 setosa |[-2.888981 (-0.144949 (0.017900
3|46 31 15 0.2 setosa |[-2.745343(-0.318299(0.031559
415.0 36 14 0.2 setosa |[-2.728717|0.326755 |0.090079

Nnedaiinedu nadaudron1smnua n_components TARa 1Y 3 wasuans
foyaitldmnmydmimdrsds PCA faftuagluduils PCA1, PCA2 uag PCA3

a319lataa Naive Bayes dygqamdnwasitawildann PCA

tilonaaonlysaninmunesdanasin lunyditldihgudnyaeiiawildnnms
dMurmdre3s PCA inldviteasaluiaadiods Naive Bayes

from sklearn.cross_validation import train_test_split
X_iris = iris.drop('species', axis=1)

y_iris = iris['species']

Xtrain, Xtest, ytrain, ytest = train_test_split(X_iris,\

y_iris, random_state=1)

Bududronmautiviioyasentilugaiioui uasganaaon droada train_test_split()
] Y o J . -d' v °o. Y v 4 ] (%) 3 d
nniuldends Xtrain.head() tiogiioyauasardunasfioyaiitiumyadunndrd
train_test_split()

X_train.head()

sepal_length | sepal_width | petal_length | petal width | PCA1 PCA2 PCA3

54 |6.5 2.8 486 1.5 1.088103 |0.074591 |-0.307758
108 (6.7 2.5 5.8 1.8 2.321229 |-0.243832 |-0.348304
112 (6.8 3.0 5.5 2.1 2.165592 [0.216276 |0.033327
17 |51 3.5 14 0.3 -2.648297 | 0.311849 |0.026668

119(6.0 2.2 5.0 1.5 1.300792 |-0.761150 |-0.344895
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fuaondalil idontioyaluaaduil PCA1, PCA2, PCA3 itelidmfummious uas
MINad9il

Xtrain = Xtrain.ix[:,['PCA1l', 'PCA2', 'PCA3']]
Xtrain.head()

PCAf1

PCA2

PCA3

54

1.088103

0.074591

-0.307758

108

2.321229

-0.243832

-0.348304

112

2.165592

0.216276

0.033327

17

-2.648297

0.311849

0.026668

119

1.300792

-0.761150

-0.344995

Xtest = Xtest.ix[:,['PCA1','PCA2', 'PCA3']]

Xtest.head()

PCA1

PCA2

PCA3

14

-2.644750

1.178765

-0.151628

98

-0.906470

-0.756093

-0.012600

75

0.900174

0.328504

-0.316209

16

-2.623528

0.810680

0.138183

131

3.230674

1.374165

-0.114548

nntwihfieyanndiuily Xtrain uag Xtest fnadu snasnluiaadrsis Naive
Bayes #qshaddoliil

from sklearn.naive_bayes import GaussianNB

model = GaussianNB()
model.fit(Xtrain, ytrain)

GaussianNB(priors=None)
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nMsngnsaiamdnwrasiitawiildan PCA dradana3iu Naive
Bayes wazisganomuwannnisnoinial

mmansnsoifieyadraddadadalin

y_model = model.predict(Xtest)

nntwhmsdwasmaanugndes dedagndolilii
from sklearn.metrics import accuracy_score

accuracy_score(ytest, y_model)

0.9473684210526315

v 4 v o v LS (J °
anugndasitldnnmaihqudnwmgiitawaas PCA 9111 3 components 11y1ms
asnluaa wagnaden Unngfianugnées 94.74%

from sklearn.metrics import confusion_matrix

mat = confusion_matrix(ytest, y_model)

sns.heatmap(mat.T, square=True, annot=True, fmt='d',
cbar=False, cmap='viridis',

xticklabels=['setosa', 'versicolor', 'virginica'],
yticklabels=['setosa', 'versicolor', 'virginica'])
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gahauaainamimuinid1 Confusion matrix tiiaganugndadnosnsnginyol
ioya
U

plt.title('Confusion matrix')
plt.xlabel('true label')
plt.ylabel('predicted label');
plt.show()

Confusion matrix

versicolor setosa

predicted label

virginica

setosa wversicolor virginica
true label
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msiandndrsdanaidu K-Means
(K-Means Clustering)

danoitu K-Means (luisnlfdmsudumaminnesadanas (C uster) mmlauaﬁ

Vv
ad a4

Talsngeaa (Class) niolafl Label #94agi3unin Unlabeled Data 35 3ailuin
Unsupervised Learning #3935 Clustering

Step 1 Step 2 Step 3

Step 4 Step 5 Step 6

.

T
e
NN

mwilsznauii 16: Madnmitangudioit K-Means Taouaasligiiaziuaown

mnmwﬂi”ﬂaw 16 ﬁﬁﬂﬂﬂ’]ﬂﬂ’llfﬂaﬁlE]Nﬂﬂﬂ»l’l‘iﬂLLiN@@ﬂLﬂ% 2 nau Tﬂiﬂﬁﬁ@*ﬂ‘ﬁ
Lﬂunauaum LLa”ﬂaNﬁT/hNu

Step 1 dovguidondinan (Centroid) titaldiiludununeanguduas uagdiniu
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vitelidmsusimmeasosing (Distance Measurement) tlatFeuisusening
Jafioyatasa1 Centroid Wa 2 nau (ﬁum wasdihin) mmﬂﬁu‘lﬂaﬂau‘lwammﬂ
nua (Assign) %aﬂuﬂawﬁu uin winlndnguauag amﬁumuanmﬁuﬁlmﬂuaum

Step 2 Luamaﬂum‘lﬁnumnamauaL‘]Jumismiaﬂ mnﬁﬂ%mmmmamm
Centroid Ina Innsdifidimioamien Centr01d moanandiuin asihiioyannaaiifin
Sl o wioiusuduas dain avvlmm Centroid 143 wimﬂuﬁatmummnau
dalil

Step 3 A IwIIA1 Distance 3513 Centroid Wa 2 NgN wagyndayannia Lwaw
ﬂamamﬂ,m ViﬂmuﬂiuﬁwmmaﬂmhNnmﬂaﬂuuﬂm maunmﬂaﬂuuﬂmuawaﬂ
(Step 4 5) T‘]J’iLLﬂiN%WJﬂm’iVH\ﬂu

Step 6 LilaLiimsulasuwlasngunasioya Tidmwinm Centroid ilaléifiulaaa
annsah limadeuiugadoya Test set ‘wasminlduad Saansailuldauasalé

H1aavdiayaritaliludana3fn K-Means

import matplotlib.pyplot as plt
import numpy as np
from sklearn.datasets.samples_generator import make_blobs

rng = np.random.RandomState(0)
colors = rng.rand(300)

X, y_true = make_blobs(n_samples=300, centers=4,
cluster_std=0.85, random_state=2)

plt.style.use('seaborn-darkgrid')

plt.figure(figsize=(10,7))

plt.scatter(X[:, 0], X[:, 1], s=200, alpha=0.4,
cmap='viridis');

plt.show()

ANNINYN 1/i1m'5maawauamﬂmﬁq make_blobs() Tﬂﬂnwﬁuﬂ%mauamau
300 gadaya (n_ sarnples) LLavmeauaaamﬂu 4 ngA (centers) ynnfwihms
Visualization Wiagdnwaiensnszngneiona ﬂﬂiﬂﬂTWGlﬂvl“lJ%
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[,

—-10

-15
-10 = ] -4 -2 ] 2 4 &

d519laanaidanaisn K-Means
from sklearn.cluster import Kmeans

kmeans = Kmeans(n_clusters=4)
kmeans. fit (X)

KMeans(algorithm="'auto', copy_x=True, init='k-means++', max_iter=300,
n_clusters=4, n_init=10, n_jobs=1, precompute_distances='auto',
random_state=None, t0l=0.0001, verbose=0)

nMsugnsatdrosanason K-Means

dmfuminensoldis K-Means lulisunsu scikit-learn agliflari#u predict()
uudsndudanaiiuom 9
y_kmeans = kmeans.predict(X)
print("output", y_kmeans[0:20])
('output', array([e, ©, 1, ©, 3, 2, 0, 2, 1, 0, 3, ©, 0, 2, 2, 3, 1, 2, 3, @],
dtype=int32))



122 amuFiiwprumadimmazouiiayoadny uasmyitansiioyadislilsunsunmmnluson

NATUUFANHNANMTNYINTDEAIINIU 20 HadWT LA Ado UGN AN UIiNIg
waaany 1 tegaa Centroid uagmsutangudona

plt.

figure(figsize=(10,7))

# plot group of data

plt.

scatter(X[:, 0], X[:, 1], c=y_kmeans, s=250, alpha=0.5,
cmap="'viridis')

centers = kmeans.cluster_centers_

# plot cluster/centroid

plt.
plt.
plt.
plt.

plt.
plt.

=10

scatter(centers[0, 0], centers[0, 1], c='blue', s=300, alpha=0.7,
label="'centroid 1')

scatter(centers[1, 0], centers[1, 1], c='black',6 s=300, alpha=0.7,
label="'centroid 2')

scatter(centers[2, 0], centers[2, 1], c='red',6 s=300, alpha=0.7,
label="'centroid 3')

scatter(centers[3, 0], centers[3, 1], c='gray',6K s=300, alpha=0.7,
label="'centroid 4')

legend(frameon=True, loc='lower left')
show()

[,

centroid 1
centroid 2
centroid 3
centroid 4

@ |

=10 -8 ] -4 -2 o 2 4 &
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a3nidiayalwitiienagaumsuiiangndrodanaiin K-Means

hmsasndieyasiuin 10 gatiialfdmsumsnaaeuTuaanes K-Means ot
dolilih

X _test, y test_true = make_blobs(n_samples=10, centers=4,
cluster_std=0.85, random_state=2)

X_test.shape

(10, 2)

tuaaudalil vimywasadoyaitasrauanlna ielinmundeyaiasatuily
nsgnvagalaneanyl asnsavilddadeliil

plt.figure(figsize=(10,7))

# plot group of data

plt.scatter(X[:, 0], X[:, 1], c=y_kmeans, s=250, alpha=0.5,
cmap='viridis')

centers = kmeans.cluster_centers_

# plot cluster/centroid

plt.scatter(centers[0, 0], centers[0, 1], c='blue',6 s=300, alpha=0.7,
label="'centroid 1')

plt.scatter(centers[1, 0], centers[1, 1], c='black', s=300, alpha=0.7,
label="'centroid 2')

plt.scatter(centers[2, 0], centers[2, 1], c='red',6K s=300, alpha=0.7,
label="'centroid 3')

plt.scatter(centers[3, 0], centers[3, 1], c='gray',6K s=300, alpha=0.7,
label="'centroid 4')

# plot new data point

plt.scatter(X_test[:, 0], X_test[:, 1], c='white', s=350, alpha=1,
label="new data point')

plt.legend(frameon=True, loc='lower left')

plt.show()
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L

-10 centroid 1

centroid 2
centroid 3
centroid 4
new data point

ool 1 [

-15
-10 —& -6 -4 -2 o 2 4 &

v
< 4

nansatdieyanaindinanlwidrsdanaiin K-Means

Tuduaeumanmnsoiaghmansnsoliona X_test il mawivan 10 gadoya
Taonadusilgamnmanonsoiazfulifdnls y_test kmeans

y_test_kmeans = kmeans.predict(X_test)
y_test_kmeans

array([1, 3, 1, 3, 2, 2, O, 3, 2, 0], dtype=int32)

'onnﬁuwaammmtﬁauamwmmu Visualization
plt.figure(figsize=(10,7))

# plot group of data

plt.scatter(X[:, 0], X[:, 1], c=y_kmeans, s=250, alpha=0.5,
cmap='viridis')

centers = kmeans.cluster_centers_

# plot cluster/centroid
plt.scatter(centers[:, 0], centers[:, 1], c='blue', s=300,
alpha=0.8, label='centroids')
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# plot new data point
plt.scatter(X_test[:, 0], X_test[:, 1], c=y_test_kmeans,
s=350, alpha=0.7)
plt.legend(frameon=True, loc='lower left')

plt.show()

=5

—10

. centroids

-15
—10 —& = -4 =2, 0 2 4 &
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Uni 12
n13541 Lumniin
(Face Recognition)

dmsumsinlunih lunsdlitldnaaoutugatonya 1fw Taul#3% Principal
Component Analy51s (PCA) Liloanuuianoq Feature uazdssialild Support Vector
Machine (SVM) tilaizousuagasaluiaa mazhluniransailddadaliii

from sklearn.datasets import fetch_lfw_people

faces = fetch_lfw_people(min_faces_per_person=60)
print(faces.target_names)
print(faces.images.shape)

['Ariel Sharon' 'Colin Powell' 'Donald Rumsfeld' 'George W Bush'
'Gerhard Schroeder' 'Hugo Chavez' 'Junichiro Koizumi' 'Tony Blair']
(1348, 62, 47)

fioyalunihinhainlilumsia (Recognition) asnsnlnaaldan scikit-learn Tag
Tﬁﬂ1ﬁhfeuj1lﬁﬁ peopkea1nuuvﬁﬂ15waaﬂvwaﬂiﬂﬂ1WUﬂﬂaL&VﬁdﬂﬁamaqumaWUﬂﬂa‘w
wnlflumsgainlumni

import matplotlib.pyplot as plt

#plt.figure(figsize=(15,15))

fig, ax = plt.subplots(3, 5)

for i, axi in enumerate(ax.flat):
axi.imshow(faces.images[i], cmap='bone')
axi.set(xticks=[], yticks=[])
axi.set_ylabel(faces.target_names[faces.target[i]].split()

[-1], color='black')
plt.show()
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Powell
Bush

Bush

Bush
Koizumi
Elair

Bush
Biush
Bush

Rumsfeld

amwilsznauit 17: degnliimangadieya Ifw ibn
T lumsgalumia

asnliaaneidanassy SVM

Tunsdiit myasalanady SVM %%faauavﬂmmmsmmmma PCA Tag
funali n_components=150 Failu ?lauaﬁwm 150 component JuFoniuiln

AN SNLAY (Feature Extraction) m.ymmﬂﬂsh SVM LWﬂLiﬂuiLLauﬁiNaaﬂmtﬂu
Taaa dadragadollil

from sklearn.svm import SVC
from sklearn.decomposition import RandomizedPCA
from sklearn.pipeline import make_pipeline

pca = RandomizedPCA(n_components=150, whiten=True,
random_state=42)

svc = SVC(kernel='rbf', class_weight='balanced')
model = make_pipeline(pca, svc)

nnilu wisdioyasaniilu 2 dm ielidmsumaious uaznaaoulaslddda
train_test_split()

from sklearn.cross_validation import train_test_split

Xtrain, Xtest, ytrain, ytest = train_test_split(faces.data,
faces.target, random_state=42)

nndagreiadin ‘Iumiﬁ%N‘[umaﬁu tumsldaniiesdnlumyainluaa datu
Usganinmenaglaidinn duln arsiagdsuldsunmnniiine$ (Tuning Parameter) Lol
Tunafianaiuiilssdndmuiaiaan aunsaldlaslimda GridSearchCV()
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from sklearn.grid_search import GridSearchCVv

param_grid = {'svc_C': [1, 5, 10, 50],
'svc__gamma': [0.0001, 0.0005, 0.001, 0.005]}
grid = GridSearchCV(model, param_grid)

%time grid.fit(Xtrain, ytrain)
print(grid.best_params_)
CPU times: user 1min 14s, sys: 1min, total: 2min 15s

wWall time: 33.8 s
{'svc__gamma': 0.001, 'svc__C': 5}

avnmiliaesililumytsulasunlduden sve_C uag sve__gamma Fafiue
MNALADTUDY RBF Kernel Tﬂﬂﬂ”lﬂﬂﬂﬁﬂi%ﬂ”l’i%ﬂﬁﬂﬂﬂ@ svc__gamma = 0.001 uag
sve__c =5 nafuihdnia 2 alilasralana dail

model = grid.best_estimator_

Tumammwmaﬁmﬂimmam ammnﬂlmeﬁtmiﬁam model MnilwIvanou
1ﬂtW@Wﬂ1ﬂimﬂauaﬁﬂmaaau mﬁ’aamw&ﬂu

yfit = model.predict(Xtest)

Tﬂﬂwaaww%mnmswmnsma”ammnﬁlmmuﬂs yfit nnifuannTa
Visualization jilnmlumniia tazuaasmaorlumangingol daselilil

fig, ax = plt.subplots(4, 6)

for i, axi in enumerate(ax.flat):
axi.imshow(Xtest[i].reshape(62, 47), cmap='bone')
axi.set(xticks=[], yticks=[])
axi.set_ylabel(faces.target_names[yfit[i]].split()[-1],
color="'black' if yfit[i] == ytest[i]
else 'blue')
fig.suptitle('Predicted Names; Incorrect Labels in Blue',
size=14),
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Predicted Names: Incorrect Labels in Blue
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NnMusgnaui 18 Mediadauiin aeminnsalidanain wagmoiaddanenms
ngnsangnees

m3ialszandaimaaanisiirluniia (Classification Report)

myfadssansnmaoamasilunih lunsdlitldads classification_report() tilaf
ALATIAADVA precision, recall wag f1-score

from sklearn.metrics import classification_report

print(classification_report(ytest, yfit,
target_names=faces.target_names))

precision recall fi1-score support
Ariel Sharon 0.61 0.73 0.67 15
Colin Powell 0.82 0.88 0.85 68
Donald Rumsfeld 0.76 0.84 0.80 31
George W Bush 0.88 0.88 0.88 126
Gerhard Schroeder 0.75 0.78 0.77 23
Hugo Chavez 1.00 0.70 0.82 20
Junichiro Koizumi 0.90 0.75 0.82 12
Tony Blair 0.89 0.81 0.85 42
avg / total 0.85 0.84 0.84 337
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mMsuanIanugndeIneIn1snsInsait@1s Confusion Matrix

from sklearn.metrics import confusion_matrix
import seaborn as sns

mat = confusion_matrix(ytest, yfit)

sns.heatmap(mat.T, square=True, annot=True, fmt='d', cbar=False,
cmap="'viridis',
xticklabels=faces.target_names,
yticklabels=faces.target_names)

plt.xlabel('true label')

plt.ylabel('predicted label');

Arigl Sharon
Caolin Powell
Donald Rumsfeld
George W Bush

Gerhard Schroeder

predicted label

Hugo Chavez
Junichiro Kgizumi

Tony Blair

Ariel Sharon
Colin Powell
Tony Blair

%]
u
=
[i:]
£
[
o
=]
=3
T

Donald Rumsfeld
George W Bush
Gerhard Schroeder
Junichiro Egizurmi

true label

dn31a1ugndes (Accuracy Result) zaamsnansaizilam
Tuniin

MyduINANYNEaY (Accuracy Result) #oedana3fin SVM annsalidd
accuracy_score() laguadusildnnmanginsotde 83.97%

from sklearn.metrics import accuracy_score

print("Accuracy", accuracy_score(ytest, yfit)*100)
('Accuracy', 83.97626112759644)
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unin 13
M33969n 135
(Character Recognition)

mMy3endnuy (Character Recognition) dofireatitaisn wuy Multi-Layer
Perceptron (MLP) lunsditnadauiugadoya MNIST Taogodnuoisilian (Feature
Extraction) mmm%ﬂamammammauwmma darin ’a"“lJJHW?l“LH(ﬂ 28x28 Mininaagi
Aoban¥sTiLAAIWIN 784 attribute myuﬂmsﬂm

Mmwlsznauit 19: dednlaeaiiames Multi-Layer
Perceptron (MLP)

Nnnmmlagnaui 19 Tansasnnasitiseaiialisnuun MLP sgnaudiy 3 i
(Layer) @@ Input Layer, Hidden Layer wag Output Layer Tagfa 3 fuagfimatendarin
mﬂ%uﬂamqauysm (Fully-Connected)

Luammﬂﬂﬂﬁnmauaiﬂmwﬁmnmmmum 28x28 finuaia dalu Tudu Input
Layer Saimiualéfisiuomn 784 Tnua wasluiu Output Layer gniualvitilu 10 Tnua
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muInzesdian 0-9 duludu Hidden Layer iu Agdowimsdaiitomaiuin
TﬂuﬂﬂwﬁnyﬁNﬂﬁﬂﬂUﬁﬂﬂaNa

Tunsdlilldgadoya MNIST iiflduan 70,000 sian Taslélisunsu scipy luns
Tnaa

from scipy.io import loadmat

mnist_raw = loadmat("mldata/mnist-original.mat")
mnist = {

"data": mnist_raw["data"].T,

"target": mnist_raw["label"][0],

"COL_NAMES": ["label", "data"],

"DESCR": "mldata.org dataset: mnist-original",

}

X,y = mnist['data'], mnist['target']
X.shape, y.shape

((70000, 784), (70000,))

nniluliddsdedioliiiiite Visualization lmméian

import matplotlib.pyplot as plt

some_digit = X[36000]
some_digit_image = some_digit.reshape(28, 28)

plt.imshow(
some_digit_image,
cmap = plt.cm.binary,
interpolation="nearest")

plt.title(y[36000])

plt.axis("off")
plt.show()

5.0
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thosnnlugafioyadand duudgadayai 1-60,000 waggaiayail 60,001-70,000
ioyaldgn¥adoamudian 0-9 dulu madosmstioyaundrwniionadon A9aryiag
adu (Shuffle) fioyatdsion myadudoyaannyarilddedalili

import numpy as np

shuffle_index = np.random.permutation(70000)
X, y = X[shuffle_index], y[shuffle_index]

X_train, X_test, y_train, y_test = X[:60000], X[60000:],
y[:60000], y[60000:]
print(X_train.shape, X_test.shape, y_train.shape,\
y_test.shape)

((60000, 784), (10000, 784), (60000,), (10000,))
nnluanandasioya Tasuaaeuun Visualization uaguaas Label 1ygnon dail

import matplotlib.pyplot as plt

fig, axes = plt.subplots(10, 10, figsize=(8, 8),
subplot_kw={'xticks':[], 'yticks':[]},
gridspec_kw=dict(hspace=0.1, wspace=0.1))

for i, ax in enumerate(axes.flat):
ax.imshow(X_train[i].reshape((28,28)), cmap='binary',
interpolation='nearest')
ax.text(0.05, 0.05, str(int(y_train[i])),
transform=ax.transAxes, color='black')

plt.show()
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asnliaanaidanassy MLP

M3l MLP 14 scikit-learn azdiodl#luga MLPClassifier Tagludratiald
fmuali Hidden Layer finuia 100 Tniua (hidden_layer_sizes) uagviimanadauinuin
10 501 (max_iter) LLﬂ%ﬁ1ﬁ%ﬂ5ﬂ’iﬁﬂﬁL%ﬂ%§ﬁ 0.001 (learning_rate_init) Mnduldeda
fit() wloasralaaa wasSulaaalindinily mlp

from sklearn.neural_network import MLPClassifier

mlp = MLPClassifier(hidden_layer_sizes=(100,), max_iter=10,
alpha=1le-4,
solver='sgd', verbose=10, tol=le-5,
random_state=1,
learning_rate_init=0.001)

mlp.fit(X_train, y_train)

Iteration 1, loss = 1.81871326
Iteration 2, loss = 1.05944149
Iteration 3, loss = 0.69554161
Iteration 4, loss = 0.50766222
Iteration 5, loss = 0.38525626
Iteration 6, loss = 0.33714014
Iteration 7, loss = 0.30388212
Iteration 8, loss = 0.28367218
Iteration 9, loss = 0.26573927

4
Iteration 10, loss = 0.25603315

MLPClassifier(activation='relu', alpha=0.0001, batch_size='auto', beta_1=0.9,
beta_2=0.999, early stopping=False, epsilon=1e-08,
hidden_layer_sizes=(100, ), learning_rate='constant',
learning_rate_init=0.001, max_iter=10, momentum=0.9,
nesterovs_momentum=True, power_t=0.5, random_state=1, shuffle=True,
solver='sgd', tol=1e-05, validation_fraction=0.1, verbose=10,
warm_start=False)

msyialszansmMuuainisisons

S) g Y o g d' (7} Y a % v
Tunsdiit 1id 14 score() tiaguaniynaassifufioyagaidous uasioyaganadou
Taglderdadedalaii

print("Training set score: %f" % mlp.score(X_train, y_train))

print("Test set score: %f" % mlp.score(X_test, y_test))
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msngnsatuazialscansnmmaainizi
Tumswennsollildads predict() tlowsnanidoya X _test dashathadalilit
yfit = mlp.predict(X_test)
from sklearn.metrics import classification_report
tn = ['0','1','2",'3",'4",'5"','6"','7','8",'9"]

print(classification_report(y_test, yfit,
target_names=tn))

precision recall fil-score support

(C] 0.95 0.96 0.95 971
1 0.98 0.96 0.97 1121
2 0.92 0.91 0.92 971
3 0.91 0.89 0.90 1016
4 0.95 0.90 0.92 1010
5 0.90 0.90 0.90 896
6 0.94 0.95 0.95 1025
7 0.95 0.93 0.94 1080
8 0.83 0.91 0.87 942
9 0.89 0.92 0.90 968
avg / total 0.92 0.92 0.92 10000

wdadnadansNNNININNsaidl1g Confusion Matrix

from sklearn.metrics import confusion_matrix
import seaborn as sns

mat = confusion_matrix(y_test, yfit)

fig, ax = plt.subplots(figsize=(8,8))

sns.heatmap(mat.T, square=True, annot=True, fmt='d', cbar=False, cmap='viridis',
xticklabels=tn,
yticklabels=tn,
ax=ax)

plt.title('Confusion matrix')

plt.xlabel('true label')

plt.ylabel('predicted label');
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Confusion matrix

predicted label

true label

waaedananugndesnnmynenyot laguadusildnnmansinyolie 92.34%

from sklearn.metrics import accuracy_score

print("Accuracy", accuracy_score(y_test, yfit)*100)

('Accuracy', 92.34)

M35 Visualization jimuealtan uasudanaan1snginsai

A q o i < a R S ! ¢
wio lazandanmlSouigussnindnuiazg wagmingnyat a1
\ﬁsuahzaﬂonﬂﬁagaﬂﬁﬁhﬁaTﬂﬁ

import matplotlib.pyplot as plt

fig, axes = plt.subplots(10, 10, figsize=(8, 8),
subplot_kw={'xticks':[], 'yticks':[]1},
gridspec_kw=dict(hspace=0.1, wspace=0.1))

for i, ax in enumerate(axes.flat):

ax.imshow(X_test[i].reshape((28,28)), cmap='binary',
interpolation='nearest')
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# actual class
ax.text(0.05, 0.05, str(int(y_test[i])),
transform=ax.transAxes,
color="'black')
# predict class
ax.text(0.75, 0.05, str(int(yfit[i])),
transform=ax. transAxes,
color="'black' if yfit[i] == y_test[i] else 'blue')

plt.show()
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