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Example: Iris flower data set w
http://en.wikipedia.org/wiki/lris flower data set

( (1) What is experience E?

o . o . (2) What is task T?
ClaSS|flcat|On (3) How to measure the performance P?
— In Classification, the samples belong to two or more

classes and we want to learn from already labeled data
how to predict the class of unlabeled data.

— E.g., distinguishes the species from each other.
- Teach data

— Dataset = samples vs. features and classes - supervisory signal
- output data, Y

- Input data, X - target
- 4 features or attributes Fisher's Iris Data -1 class in 3 classes
‘ Sepal length ¢ Sepal width ¢ Petal length # Petal width } Species #
5.1 3.5 1.4 0.2 . setosa |
4.9 3.0 1.4 0.2 l. setosa
|4.7 '3.2 | 1.3 '0.2 | |. setosa
1 sample| ;g 3.1 15 0.2 I, setosa

En A8 iz pmd Ascaxa. ) — 21 =Dy I entnen 2


http://en.wikipedia.org/wiki/Iris_flower_data_set

Example: boston house prices dataset

http://archive.ics.uci.edu/ml/datasets/Housiw

(1) What is experience E?

* Regression

— If the desired output consists of one or more continuous
variables, then the task is called regression.

(3) How to measure the performance P?

(2) What is task T?

J

— E.g., concerns housing values in suburbs of Boston.

— Dataset = samples vs. features and continuous variables

13 features

Continuous variable

“QRLM ZN INDUS  |(HF1f®) ILSTAT|| IMEDV
6.32E—03] 1.80E+01| 2.31E+00 4.98E+00| 24.00
2.73E-02| 0.00E+00| 7.07E+00 9.14E+00 21.60

1 sample|_2.73E-02| 0.00E+00| 7.07E+00 4.03E+00| 34.70

1=
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http://archive.ics.uci.edu/ml/datasets/Housing

Example: Overview of clustering methods
https://scikit-learn.org/stable/modules/clustering.html

(1) What is experience E?

. (2) What is task T?
e Clusteri Ng (3) How to measure the performance P?

— Clustering is the task of grouping a set of objects in such a way
that objects in the same group (called a cluster) are more similar

(in some sense or another) to each other than to those in other
groups (clusters).

— Training data consists of a set of input vectors x without any
corresponding target values.

— Dataset = samples vs. features

We
%&
¥
*»
®»
-«
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https://scikit-learn.org/stable/modules/clustering.html

Terminology @

ML types * input, output
— supervised, unsupervised, * |nput types
semi-supervised

— (reinforcement learning,
genetic algorithm,,,)

— training data / training set
— test (for evaluation)
— validation (for hyper

Task typgs | | params)
— cIassnclg:atlon, regression, e model
clustering

°* parameters

— hyper parameters
— weights, parameters

sample

features, attributes
— numerical value

: * |earn, fit
— categorical value . .
— true or false e predict, estimate
supervisory signal, * evaluation
teacher, class, label, — open or close test

target variable — cross validation
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An introduction to machine learning with scikit-learn (1/3)

https://github.com/naltoma/intro jupyter sklearn
=> intro_sklearn.ipynb

* Loading and an example dataset

— python --version
* Python 3.6.x or 3.7.x

— Example codes
from sklearn import datasets
iris = datasets.load _iris() # datasets.load[tab]
print(iris. DESCR)
print(iris.data)
print(iris.target)
print(iris.target_names)

http://scikit-learn.org/stable/tutorial/basic/tutorial.html



http://scikit-learn.org/stable/tutorial/basic/tutorial.html
https://github.com/naltoma/intro_jupyter_sklearn

An introduction to machine learning
with scikit-learn (2/3)

* Learning and predicting

from sklearn import svm
clf = svm.SVC(gamma=0.001, C=100.)
clf.fit(iris.data[:-1], iris.target[:-1])
clf.predict(iris.data[-1:]]

# sklearn 0.17LAF&?, U TV AT EEXHITEE,
print(iris.target[-1])

clf.score(iris.data, iris.target)

http://scikit-learn.org/stable/tutorial/basic/tutorial.html



http://scikit-learn.org/stable/tutorial/basic/tutorial.html

An introduction to machine learning
with scikit-learn (3/3)

 Model persistence
— # save
import pickle
with open('PredictiveModel.pickle’, 'wb') as f:
pickle.dump(clf, f, pickle. HIGHEST _PROTOCOL)

— # load

with open('PredictiveModel.pickle’, 'rb') as f:
clf2 = pickle.load(f)

— # check the model
clfl.predict(iris.data) == clf2.predict(iris.data)

http://scikit-learn.org/stable/tutorial/basic/tutorial.html



http://scikit-learn.org/stable/tutorial/basic/tutorial.html
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Problems, Models, Algorithms

W hat is that?

* Problems
— Classification
— Regression
— Clustering

* Algorithms
— Ordinary Least Squares
— Gradient Descent
— Back Propagation

Models-‘W

— Linear Regression Model

— Generalized Linear
Models

— Neural Network
— Decision Tree
— (other kinds of models)

e Bag-of-words document
model

20195 & BRI FERER:. T—AY/=2 T
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Models

Represent by any formulas with (sometimes
one) parameters for the relationship between

input X’'s and output Y’s.

— In machine learning, the formulas called
“hypothesis”.

dS

i

ot

—E.g., h=a*x+b

* a3, b: parameters /
— Parameterized model. 2 :
— Predictive model. (e.g., a=1, b=2)




Problem <-> Algorithm + Model

Data set

Learning Algorithm

Input X’s Estimated value’s

Linear Regression /ts(X)= 00X, +6,x, = ¥ 6,x, = > 6,®,(x)
Model hy(x)=0, +6,x

e How do we prepare a model?

* How do we evaluate the goodness?
* How do we choose the appropriate parameters?

2

13
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Linear Regression Model

* Training datasets
_ (X/y) = (417)1 (8)10)1 (13111)1 (17/14)

X a— 15

* Hypothesis Traimot
h,(x) =0, +6, ey |

e Parameters

> 10

_ eOi e1

* Cost function 4 A 5

o
(9}

10 15

] & . .
J(6,,6) = — Y (h(x")—y?)*:
6,.6,) 2rn;(@( )—y?)

* Objective function (measurement of the goodness)

mHinJ(HO,Hl)

20195 & BRI FERER:. T—AY/=2 T
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Hypothesis vs. Cost function (61=1)

00=0, 81=1, (x,y)=(4,7), (8,10), (13,11)

Hypothesis: Cost function:

1 N\ [ [
\ h(x) =x J(6,,6,) = Z—E(he(,a )= y)?

m i=1

J(0,1)= L((4—7)2 +(8=10)° +(13-11))
2m

1 17
JO,1)=—9+4+4)=—=2.83
(O.1)= 555 )=~

tttttt



Hypothesis vs. Cost function (61=0.5)

00=0, 81=0.5, (x,y)=(4,7), (8,10), (13,11)

Hypothesis: Cost function:

h(x)=0.5%x J(6,) = —E<h (x?) =y’

](0.5)=2L((2—7) +(4-10)* +(6.5-11)%)

J(O. 5)—2—(25+36+2O 25)—%—13 54

O




Hypothesis vs. Cost function (B1=others)
00=0, B81=others, (x,y)=(4,7), (8,10), (13,11)

 01=0:
— H(x)=0*x=0
— J(0)=1/6{(0-4)*2+(0-10)"2+(0-13)"2}
e =1/6{16+100+169}=47.5
e 01=2:
— H(x)=2*x
— J(2)=1/6{(8-7)"2+(16-10)"2+(26-11)"2}
e =1/6{1+25+225}=41.83
e B1=1.5:
— H(x)=1.5*x
— J(1.5)=1/6{(6-7)"2+(12-10)*2+(19.5-11)"2}
o =1/6{1+4+72.25}=12.87




Cost function: J(theta 1)

Objective function: minimize J(01

20

15

10

Convex function

'hjmpe&dat' ><

N/

/

\/

\V

-0.5

0

0.5 1

theta 1
20195 & BRI FERER:. T—AY/=2 T
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Ordinary Least Squares 44

h(X) = HO + HIX (le)=(4l7)l (8110)1 (13111)1 (17/14)

"train.txt"
............

7-6, +46,
0=0,+460, -7 | =
e =0, +46,~7 x % =

el =(0,+40,-7)
[ E=Eel.2 =0 } | | |
= (6, +40, -7)" +(6, + 80, —10) ;(eo +13¢951 -11)° +1*(000 + 179115— 14)?
= 5380° +840,0, + 40, — 9780, — 840, + 466
= (20, +216, -21)* +97(6, —48/97)* +121/97

060=1029/194=5.28, 81=48/97=0.495

h(x) = 5.28 + 0.495x Ref., http://gihyo.jp/dev/serial/01/machine-learning/0008
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Gradient descent algorithm

Repeat until convergence :
P 5 { (1) Start with any parameters.

0. =0, - (xi](ﬁo,@l) (2) Update the parameters
a0, simultaneously, until
} convergence.

. e e.g.,a=0.1,0=3,J(6)=9
Simple example .

1st update
 New 0=0.8*%*3=2.4
2 —_—
J(0)=0",a=0.1 . )(6)=2.4%**2=576
* 2nd update
d * New 06=0.8*2.4=1.92

e J(0)=1.92**2 =3.6864
* 3rd update
* New 0=1.536
e J(0)=2.359296
e 4th update
e New_0=1.2288000000000001
e J(0)=1.5099494400000002

new_0=0-oa—J(0)
do
=0-0.1*20=0-0.20=0.860



J(theta

25

20

15

10

Cont.) the behavior of GD

-4 -2 0 2

theta

20195 & BRI FERER:. T—AY/=2 T
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0

Gradient descent for Linear Regression 6:=60-a—J(b,,6,)
h(x)=0,+0x (xy)=(47)(810), (13,11), (17,14 70,

J(6,,0,) = 53807 +846,0, + 407 — 9786, — 846, + 466

0

2 J(6,,0,) =846, +86, -84

96,
9

2 J(6,,6,)=10766, +846, — 978

)

20

15 -

"train.txt"
0
0.0084+0.0978*x ———
0.01597176+0.18500616*x ———
0.022804930848+0.2627653344*x

X

e.g., =0.001, 60=0, 61=0, J(0)=466
1st update
e New 060=0-0.001*(-84) =0.0084
e New 01=0-0.001*(-978) =0.0978
 J(0)=374.86117384
2nd update
e New_00=0.01597176
e New_01=0.18500616
e J(0)=302.3858537133122
3rd update
* New_00=0.022804930848
* New_ 01=0.2627653344
 J(0)=244.75187010633334
4th update
* New_00=0.0289794580943616
e New_ 01=0.3321002229994368
e J(0)=198.91981002677187
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(optional) zig-zagging behavior

X2 1
0.9—3
0.8—3
07
0.6—3
0.5—3
04
0.3—3
o.e—f
0.1—f

4.5

00

-01-

(c) 2006 P.A. Simionescu

Ref., http://en.wikipedia.org/wiki/Gradient descent
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