Machine Learning



Python Machine Learning

* The version numbers of the major Python packages that were used
throughout this tutorial are listed below:
* NumPy 1.9.1
SciPy 0.14.0
e scikit-learn 0.15.2
matplotlib 1.4.0
pandas 0.15.2



INSTALL ANACONDA

* DOWNLOAD ANACONDA

e https://www.continuum.io/downloads



Matplotlib

* The pyplot interface is a function-based interface that uses
the Matlab-like conventions.

 However, it does not include the NumPy functions. So, if we want to
use NumpPy, it must be imported separately. ™ "' e rierE it e pe

In [2]: x = [@, 2, 4, &6, 8]
In [3]: v = [@, 3, 3, 7, 8]

In [4]: pyp-plot(x, y)
Out[4]: [<matplotlib.lines.Line2D at BxcBc48de:]

NumPy 1s the fundamental package for scientific computing with Python.
[t contains among other things:
e a powerful N-dimensional array object
e sophisticated (broadcasting) functions
e tools for integrating C/C++ and Fortran code
e useful linear algebra, Fourier transform, and random number
capabilities

o 1 2 3 4 5 & 1 8

In [5]: pyp.savefig({"MyFirstPlot.png™)
<matplotlib.figure.Figure at @xbdScbee:


簡報者
簡報註解
Convention:慣例，習俗；常規

Sophisticated:精密的，高度發展的
Algebra:代數



Another plot using Matplotlib

* Here is another simple Matplotlib code.

import numpy Simple cosine
import pylab 1.00 1
0.75 1
t = numpy.arange(@.8, 1.8+8.81, 8.81) 050
5 = numpy.cos(numpy.pl*4¥*t)
pylab.plot(t, s) .
= 000 1
pylab.xlabel( time (s5)") 8_015_
pylab.ylabel( cos(4t)") 050 -
pylab.title( 'Simple cosine’)
pylab.grid(True) —0.75 7
pylab.savefig( ' simple cosine’) ~1.00 1
0.0 02 04 06 08 10

pylab.show() time (s)



Contour plot using Matplotlib

Saddle

import scipy
import pylab
import matpleotlib.pyplot as plt

X,y = scipy.ogrid[-1.:1.:.81, -1.:1.:.81]
Z = WF¥FI-FEyFy*ED
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pylab.xlabel( x")
pylab.ylabel( "y")
pylab.title( 'Saddle’)
pylab.savefig( 'Saddle’)
plt.show()
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簡報者
簡報註解
Contour:輪廓；輪廓線
Saddle:鞍，馬鞍



Plot using Matplc

* The following example show t

import numpy as np

import matplotlib.pyplot as plt String int
import datetime as DT

data= np.lnadtxté'daily_ccun:.csu'E delimiter=",", //f
dtype={ "Wamgs" i dEE™, " count '), "formats ' ('S1e’, 'ia')} )
x = [DT.datetime.strptime(key, "%Y-%m-%d") for (key, value) in data ]

y = [value for (key, value) in data]

fig = plt.figure()
ax = fig.add_subplot(111)

ax.grid()
fig.autofmt_xdate() 4 EENESR e

plt.plot(x,y, 'b--o0--") BE
plt.xlabel('Date")

plt.ylabel( 'Daily Count')
plt.title('Daily Count since February')
plt.show()
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Subplot

subplot({nrows, ncols, plot number)

* Where nrows and ncols are used to notionally split the figure
into nrows * ncols sub-axes, and plot_number is used to identify the
particular subplot that this function is to create within the notional
grid.

e plot_number starts at 1, increments across rows first and has a
maximum of nrows * ncols.



Subplot

import matplotlib.pyplot as plt
import numpy as np 100 - 0
import pandas as pd
x=np.arange(1l,188)

fig=plt.figure() * -0

axl=Tig.add subplot(221)

E:{l Flll:lt[::{ }I::I 0 T T T T |-]"::“:"I T T T T T
' ' 0 2% 50 75 100 0 25 50 75 100

ax2=Tig.add subplot(222) 10000 A

ax2.plot(x,-x) 1
ax3=Tig.add subplot(223) £000 -

ax3.plot{x,x**2) 27
ax3=Tig.add subplot(224)

ax3.plot(x,np.log(x)) 01 : : ; A0 : :

! ! !
F|]_t . 5h|:|w[: :| 0 5 50 7= 100 1) 25 50 73 100



Plot using Matplotlib with legend

* The following example show the case when we have several columns
of data.

CPU Load for 7 days (10min interval), Idling Time, from vmstat command
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簡報者
簡報註解
Legend:傳說；傳奇故事；傳奇文學



import numpy as np

Fu

ax.xaxls.set_major_formatter(xfmt)

5 import matplotlib.pyplot as plt

9 import datetime as dt

18 import matplutllh dates as md

12 data= np. 1DadtxtL."ua:ﬂ:H3H§."+n="bﬁu.ﬂh?ﬂ¢£:"$3."§ delimiter=", ",

13 dtype={"names"': ["time', 'mon', ' 'tue’,'wed’,'thrs','fri', 'sat’,'sun'],
14 ‘formats': ['S8',"i4", "14" ,'ii','Li', i4',"i4',"14" ]} )

15

165,yL,y2,y3,y4,y5,¥6,y7 = [LILIL [ [1. [1.[1.[]

Eé for z in data:

19

28 if int{(z[@].split(":",2))[1]) ¥ 1@ == @:

21 xc = dt.datetime.strptime(z[@], "%H:2M:%5")

22 ®.append(xc)

23 yl.append(z[1])

24 y2.append(z[2])

25 y3.append(z[3])

26 y4.append(z[4])

27 y5.append(z[5])

23 yG.append(z[&])

29 y7.append(z[7])

38

31 fig = plt.figure()

32 ax = fig.add subplot(11l)

52 xfmt = md.DateFormatter('%H') ——»  yse strftime() format strings
3

35 ax.grid() strftime_pre_1900(dt, fmt=None)
fula] . .

37 Call time.strftime for years before 1900
38 fig.autofmt_xdate() by rolling forward a multiple of 28 years.
39

48 pl = plt.plot(x,yl, 'rs")

4l p2 = plt.plot(x,y2,'gp")

42 p3 = plt.plot(x,y3, 'b*")

43 p4 = plt.plot(x,y4, 'ch')

44 p5 = plt.plot(x,y5, 'mp")

45 p6 = plt.plot(x,y6, 'vs')

46 p7 = plt.plot(x,y7, 'kD")

48 plt.ylabel("CPU Idle [¥]")

49 plt.xlabel("Time of the day[hr]™})

58

51 plt.ylim{84.8, 181)

52

53 plt.title("CPU Load for 7 days (18min interval), Idling Time, from vmstat command")
54

55

o6 plt.legend([pl[@e],p2[@], F'3[E’] pa[e], F'5[E’] PE[E*] p7[e]].

57 ['Mon', 'Tue', "Wed", "Thu', "sat’,'sun'], 'best', numpoints=l)
58

59 plt.show()
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_ quiver(*args, **kw) Plot a 2-D field of arrows.
The function gca() returns the current axes

guiver(U, VvV, **kw)
(a matplotlib.axes.Axes instance) quiver(U, V, C, **ku)
guiver({X, ¥, U, V, *kw)
Ve Cto r P | Ot guiver(X, ¥, U, V, C, **kw)

U and Vare the arrow data, X'and V'set the locaiton of the arrows,
and C sets the color of the arrows. These arguments may be 1-D
arrays or sequences.

7 import numpy as np

8 import matplotlib.pyplot as plt

9soa =np.array( [ [@,9,1,9], [@,0,1,1],[9,0,08,1], [@,0,-1,1]])
18 X,Y,U,V = zip(*s0a)

11 plt.figure()

12 ax = plt.gea()

13 ax.quiver(X,Y,U,V,angles="xy ,scale units="xy',scale=1) 20
14 ax.set_xlim([-2,2])

: 15 4 -
15 ax.set_ylim{[-1,2]) a h
16 plt.text(1.8, 8.1, r'$\vec a8, fontsize=24, color="red’, fontweight="bold") 10 -
17 plt.text(1.1, 1.1, r'S\vec b%', fontsize=24, color="green', fontweight="bold")
18 plt.text(8.0, 1.1, r'S\vec c§', fontsize=24, color="blue', fontweight="'bold") 051 -
19 plt.text(-1.1, 1.1, r'$\vec d§', fontsize=24, color="orange', fontweight="bold") 00 | d
26 plt.draw()
21 plt. show() 05 1

-1.0

T T T T T T T
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) o


簡報者
簡報註解
Bold:粗筆畫的，黑體的
The function gca() returns the current axes (a matplotlib.axes.Axes instance)


https://docs.python.org/2/library/functions.html#zip
https://matplotlib.org/api/pyplot_api.html#matplotlib.pyplot.gca
https://matplotlib.org/api/axes_api.html#matplotlib.axes.Axes

May 30, 2018

Classification vs. Prediction

e Classification
e predicts categorical class labels (discrete or nominal)

* classifies data (constructs a model) based on the training set and
the values (class labels) in a classifying attribute and uses it in

classifying new data

e Prediction
 models continuous-valued functions, i.e., predicts unknown or

missing values

e Typical applications
e Credit approval
e Target marketing
 Medical diagnosis
* Fraud detection

Data Mining: Concepts and Techniques

13


簡報者
簡報註解
Categorical:屬於某一範疇的

Credit approval : 信用審批
Diagnosis :診斷；診斷結果
Fraud detection: 欺詐檢測



Classification—A Two-Step Process

* Model construction: describing a set of predetermined classes

e Each tuple/sample is assumed to belong to a predefined class, as determined by the class
label attribute

e The set of tuples used for model construction is training set
e The model is represented as classification rules, decision trees, or mathematical formulae

 Model usage: for classifying future or unknown objects
e Estimate accuracy of the model
 The known label of test sample is compared with the classified result from the model

e Accuracy rate is the percentage of test set samples that are correctly classified by the
model

e Test set is independent of training set, otherwise over-fitting will occur

e |If the accuracy is acceptable, use the model to classify data tuples whose class labels are
not known


簡報者
簡報註解
Formulae:  formula的名詞複數
所謂 Overfitting 指的就是過度訓練, 意思就是說機器學習所學到的 Hypothesis 過度貼近 Training Data , 而導致和 �Testing Data 的時候, Error 變得更大



Process (1): Model Construction

R
~_
Training /
Data
NAME | RANK YEARS|TENURED
Mike |Assistant Prof 3 no
Mary |Assistant Prof 7 yes
Bill Professor 2 yes
Jim  |Associate Prof 7 yes
Dave |Assistant Prof 6 no
Anne |Associate Prof 3 no

Classification
Algorithms

: |

T
S

Classifier
(Model)

/N

IF rank = “professor’
OR years > 6

THEN tenured = ‘yes’




May 30, 2018

Process (2): Using the Model in Prediction

/
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Classifier
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Ty

e N

_
Tom |Assistant Prof 2

Merlisa |Associate Prof 7 no
George |Professor 5 yes
Joseph |Assistant Prof 7 yes

Data Mining: Concepts and Techniques

(Jeff, Professor, 4)

Tenured? l

16



Supervised vs. Unsupervised Learning

e Supervised learning (classification)

e Supervision: The training data (observations, measurements, etc.) are
accompanied by labels indicating the class of the observations

 New data is classified based on the training set

* Unsupervised learning (clustering)
e The class labels of training data is unknown

* Given a set of measurements, observations, etc. with the aim of
establishing the existence of classes or clusters in the data

May 30, 2018 Data Mining: Concepts and Techniques

17


簡報者
簡報註解
Aim:瞄準，對準



Supervised Learning

 The class labels in the dataset, which is used to build the classification
model, are known.

* For example, a dataset for spam filtering would contain spam
messages as well as “ham” (= not-spam) messages.

 We would know which message in the training set is spam or ham,
and we’d use this information to train our model in order to classify
new unseen messages.



Supervised Learning

* The figure above shows an exemplary classification task for samples
with two random variables; the training data (with class labels) are
shown in the scatter plots.

* The red-dotted lines symbolize linear (left) or quadratic (right)
decision boundaries that are used to define the decision regions R1
and R2.

 New observations will be assigned the class labels “w1” or “w2”
depending on in which decision region they will fall into.

 We can already assume that our classification of unseen instances
won’t be “perfect” and some percentage samples will likely be mis-
classified.


簡報者
簡報註解
 exemplary: 模範的；懲戒性的；示範的

Symbolize:  象徵，標誌；用符號表示
Quadratic:  【數】二次的；正方形的


eog Classl (wl)
abg Classz (w2)

eog Classl (wl)
abp Class? (w2)

x1

¥l



Supervised Learning

e Supervised learning is concerned with learning a model from labeled
data (training data) which has the correct answer.

* This allows us to make predictions about future or unseen data.

e |t's collections of scattered points whose coordinates are size and
weight. Supervised learning gives us not only the sample data but
also correct answers, for this case, it's the colors or the values of the
coin.

A

25
3 Regression and classification are the most
? common types of problems in supervised
learning.

10

Picture source : Lecture 01 - The Learning Problem, Caltech


簡報者
簡報註解
Regression:復原；回歸
 coordinate: 安排，分類

監督式(Supervised)的統計學習，談的是在已知的一些資料輸入(input data in terms of specific characteristics)項目後，能夠透過模型與對應關係的建構，
得到可以預期或是有預測能力的特定資料輸出(predictive output)，這樣的學習過程被稱之為監督式的統計學習，
因為我們能夠透過模型與變數間相對關係的界定去了解變化的情況；簡單的說，就是透過這樣的資訊解析過程，了解其中資訊的變化，並進行相關資訊的萃取與解讀。


f'L_-__;,,—.\{f \| Support Vector Machine

e Support vector machines (SVMs) are supervised learning models with
associated learning algorithms that analyze data used
for classification and regression analysis.

e Given a set of training examples, each marked as belonging to one or the
other of two categories, an SVM training algorithm builds a model that
assigns new examples to one category or the other, making it a non-
probabilistic binary linear classifier.

* An SVM model is a representation of the examples as points in space,
mapped so that the examples of the separate categories are divided by a
clear gap that is as wide as possible.

* New examples are then mapped into that same space and predicted to
belong to a category based on which side of the gap they fall.


簡報者
簡報註解
Probabilistic:  或然性的，可能性的


Unsupervised Learning

e "An optimal scenario will allow for the algorithm to correctly determine
the class labels for unseen instances. This requires the learning algorithm
to generalize from the training data to unseen situations in a 'reasonable’
way."

e Unsupervised Learning's task is to construct an estimator which is able to
predict the label of an object given the set of features.

e Unsupervised learning does not give us the color or the value information.
In other words, it only gives us sample data but not the data for correct
answers:

[

Picture source : Lecture 01 - The Learning Problem, Caltech


簡報者
簡報註解
Generalize:推斷


Unsupervised Learning

e For unsupervised learning we get: ===, » instead of the following
for supervised learning: ...

correct output)

* Unsupervised Learning problem is "trying to find hidden
structure in unlabeled data. Since the examples given to the learner
are unlabeled, there is no error or reward signal to evaluate a
potential solution.

e This distinguishes unsupervised learning from supervised learning and
reinforcement learning."

e Simply put, the goal of unsupervised learning is to find structure in
the unlabeled data.

e Clustering is probably the most common technique.


簡報者
簡報註解
Reward: 報答，報償；酬謝；獎勵
Reinforcement: 增援，加強，加固，強化
Distinguishes: 區別；識別
Simply put:  簡單的說



Reinforcement learning (584 &2

* The goal is to develop a system that improves its performance based
on interactions with the environment.

 We could think of reinforcement learning as a supervised learning,
however, in reinforcement learning the feedback (reward) from the
environment is not the label or value, but a measure of how well the

action was measured by the reward function.

* VVia the interaction with the environment, our system (agent) can then
use reinforcement learning to learn a series of actions that maximizes

this reward via an exploratory trial-and-error approach.


簡報者
簡報註解
Reinforcement:增援，加強，加固，強化

Exploratory:勘探的；探究的

Interactions:互動

how well :多好



Reinforcement learning

* A popular example of reinforcement learning is a chess engine.

* Here, the agent decides upon a series of moves depending on the
state of the board (the environment), and the reward can be defined
as win or lose at the end of the game:

ﬂ;wm nment

Environment

Reward Action i _<) Rewg,
Jnterpreter

State

Agent W,— % \-‘Eéa-'

Credit: Python Machine Learning by Sebastian Raschka, 2015 Agent


簡報者
簡報註解

Reward:報答，報償；酬謝；獎勵
Chess:  西洋棋



Supervised - Classification with iris dataset

* The following table is iris dataset, which is a classic example in the

field of machine learnine. T

Samples Petal i
(instances, observations)

Sepal
length

Sepal
width

Petal
length

2 4.9

50 |64

150 | 5.9 3.0 5.0 18 Virginica

| I ] =

Class labels

Features (targets)

(attributes, measurements, dimensions)


簡報者
簡報註解
Sepal: 【植】萼片
Petal: 花瓣[C]
Versicolor: 顏色呈各種變化的；多色的
Virginica:  維吉尼亞鳶尾
Iris 資料集是在圖型識別領域中，最常被引用到的資料集之一，此資料集包含鳶尾花的資料，特性如下： 共有三種鳶尾花的品種(Iris Setosa, Iris Versicolour, Iris Virginica)
Dimension:面積，容積；大小，規模



iris dataset

* Iris dataset contains the measurements of 150 iris flowers from three
different species: Setosa, Versicolor, and Viriginica: it can then be
written as a 150 x 3 matrix.

e Each flower sample represents one row in our data set, and the
flower measurements in centimeters are stored as columns, which we
also call the features of the dataset.

 We are given the measurements of petals and sepals. The task is to
guess the class of an individual flower. It's a classification task.

from =zklearn.datasets i1mport load iris
1iri= = load iris={)

¥ = iri=s.data

MW Y
VY IRV Y
Y IR I R

7 = iris.target

b


簡報者
簡報註解
Centimeter : 公分
Sepal: 【植】萼片
Petal:花瓣[C]



iris dataset

e It is trivial to train a classifier once the data has this format. A support
vector machine (SVM), for instance, with a linear kernel:

In [5]: from sklearn.svm import LinearSVC

In [6]: LinearSVC()

Out[e]:

LinearSVC(C=1.8, class_weight=None, dual=True, fit_intercept=True,
intercept_scaling=1, loss='squared_hinge', max_iter=1068,

multi class="ovr', penalty='12", random_state=None, tol=8.8881,
verbose=8)

In [7]: clf = LinearSVC

o clf is a statistical model that has hyperparameters that control the
learning algorithm.

* Those hyperparameters can be supplied by the user in the
constructor of the model.


簡報者
簡報註解
超參數（hyperparameter）

要記得import 下面的部份
import matplotlib.pyplot as plt

plt.clf()


iris dataset

* By default the real model parameters are not initialized. The model
parameters will be automatically tuned from the data by calling

the fit() method:

coef : array, shape = [n_class-1, n_features]

Weights assigned to the features (coefficients in the primal
problem). This is only available in the case of a linear kernel.

coef is a read only property derived
from dual_coef and support_vectors_.

intercept_ : array, shape =[n_class * (n_class-1) / 2]

Constants in decision function.

In [61]: X = iris.data

In [62]: vy

iris.target

In [63]: clf.fit(X,y)

Out[63]:

LinearSVC(C=1.8, class weight=None, dual=True, fit_intercept=True,
intercept scaling=1, loss="squared hinge', max_ iter=1888,
multi class="ovr', penalty="12"', random_state=None, tocl=0.8881,
verbose=8)

In [B4]: clf.coef_

Out[B4]:

array([[ ©.18424289, @.45122875, -8.88793655, -8.45871@61],
[ @.85326679, -@.B89@82157, @.48455585, -08.94868226],
[-@.85@68118, -@.9866458@2, 1.38@91856, 1.86538344]])

In [65]: clf.intercept_
Out[65]: array([ @.18956182, 1.66146465, -1,78959845])
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Primal:最初的；原始的


fit (X. y, sample_weight=None) [source]

Fit the SWM model according to the given training data.
Parameters: X : [array-like, sparse matrix}, shape (n_samples, n_features)

Training vectors, where n_samples is the number of samples and n_fealures is the
number of features. For kernel="precomputed”, the expected shape of X is
(n_samples, n_samples).

y - array-like, shape (n_samples,)
Target values (class labels in classification, real numbers in regression)
sample_ weight : array-like, shape (n_samples,)

Per-sample weights. Rescale C per sample. Higher weights force the classifier to put
more emphasis on these points.

Returns: self . object

Returns self.


簡報者
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Emphasis: 強調，重視，重點



iris dataset

* Once the model is trained, it can be used to predict the most likely
outcome on unseen data.

In [26]: iris.data

Out[26]:

array([[ 5.1, 3.5, 1.4, @.2],
[ 4.9, 3., 1.4, @.2],
[ 4.7, 3.2, 1.3, @.2],
ey
[ 6.5, 3., 5.2, 2.1,
[ 6.2, 3.4, 5.4, 2.3],
[ 5.9, 3. 5.1, 1.8]])

In [27]: X new = [[ 5.9, 3. , 5.1, 1.8]]

In [2B8]: clf.predict(X _new)
out[28]:| array([2]) |

In [29]: iris.target_names

Out[29]:

array([ 'setosa’', 'versicolor', |'virginica'|],
dtype="|518")

 The result is 2, and the id of the 3rd iris class, namely 'virginica'.



Supervised - Logistic regression models

e scikit-learn logistic regression models can further predict probabilities
of the outcome.

* We continue to use the data from the previous section.

In [3@]: from sklearn.linear_model import LogisticRegressicon

In [31]: |clf2 = LogisticRegression().fit(X, v)

In [32]: clf2

Out[32]:

LogisticRegression(C=1.8, class weight=None, dual=False, fit intercept=True,
intercept scaling=1, max iter=188, multi class="owr', n_jobs=1,
penalty="12"', random state=None, solver='liblinear', tol=0.8861,
verbose=8, warm_start=False)

In [33]: clf2.predict proba(X new)
Out[33]: [array([[ ©.00168398, ©.2818578 , ©.71725822]])]

* This means that the model estimates that the sample in X_new has:
e 0.1% likelyhood to belong to the 'setosa’ class
e 28% likelyhood to belong to the 'versicolor' class
 71% likelyhood to belong to the 'virginica' class



簡報者
簡報註解
Likelyhood:可能性


Logistic regression model (#&E#E [0 FF)

e Actually, the model can predict usm%predlct( ) method which is based on the
probablllty output from predict_proba():

In [34]: clf2.predict(X _new)
Out[34]: array([2])

* The logistic regression is not a regression method but a classification method.

 When do we use logistic regression?
* In probabilistic setups - easy to incorporate prior knowledge

 When the number of features is pretty small - The model will tell us which
features are important.

. ]\cNhen the training speed is an issue - training logistic regression is relatively
ast

 When precision is not critical.


簡報者
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Incorporate:包含；加上；吸收

prior :在先的，在前的；居先的


Unsupervised - Dimensionality Reduction

* We want to derive a set of new artificial features that is smaller than
the original feature set while retaining most of the variance of the
original data. We call this dimensionality reduction (4EE4EJR).

R AHData B A —{ELLES S HYME RS (FRE B > Fed
i E BRI FERIN I E - (H X AR
KAEData R EHVFFE -

* Principal Component Analysis (PCA) is the most common technique

for dimensionality reduction.

 PCA does it using linear combinations of the original features through
a truncated Singular Value Decomposition of the matrix X so as to
project the data onto a base of the top singular vectors.

PCA:
component axes that
maximize the variance In [70@]: from sklearn.decomposition import PCA

In [71]: pca = PCA({n_components=2, whiten=True).fit(X)
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簡報註解
Dimensionality:幅員；廣延

artificial:人工的，
retaining : 使固定的，定位的；留住的
Variance:變化；變動；變異
Singular:單數的
Decomposition: 分解



~eature Selection and Dimensionality
Reduction

* Distinguishing between feature selection and dimensionality
reduction might seem counter-intuitive at first, since feature selection
will eventually lead (reduce dimensionality) to a smaller feature space.

* The key difference between the terms “feature selection” and
“dimensionality reduction” is that in feature selection, we keep the
“original feature axis”, whereas dimensionality reduction usually
involves a transformation technique.

* The main purpose of those two approaches is to remove noise,
increase computational efficiency by retaining only “useful”
(discriminatory) information, and to avoid overfitting (“curse of
dimensionality”).
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Discriminatory:有識別力的；差別對待的

Curse :詛咒，咒罵


~eature Selection and Dimensionality
Reduction

* In feature selection, we are interested in retaining only those features
that are “meaningful” - features that can help to build a “good”
classifier.

e For example, if we’d have a whole bunch of attributes that describe
our Iris flowers (color, height, etc.), feature selection could involve the
reduction of the available data to the 4 measurements that describe
the petal and sepal dimensions.

e Or, if we'd start with those 4 attributes (sepal and petal lengths and
widths), we could further narrow down our selection to petal lengths
and widths and thereby reduce our feature space from 4 to 2
dimensions


簡報者
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Meaningful : adj.
意味深長的；有意義的；有意圖的

Bunch:串，束[（+of）] 



~eature Selection and Dimensionality
Reduction

* Feature selection is often based on domain knowledge (note that it is
always helpful to consult a domain expert) or exploratory analyses,
such as histograms or scatterplots as we have seen earlier.

* Finding the feature subset of a certain size that optimizes the
performance of a classification model would require an exhaustive
search - the sampling of all possible combinations.

* In practice, this approach might not be feasible because of
computational limitations so that sequential feature selection
(Feature Selection Algorithms in Python) or genetic algorithms are
being used to select a sub-optimal feature subset.



簡報者
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Consult :商議，磋商
Exploratory:勘探的；探究的
Histograms: 【統】以長方條表示的統計
Scatterplots:散佈圖

http://sebastianraschka.com/Articles/2014_sequential_sel_algos.html

Dimensionality Reduction

e Commonly used dimensionality reduction techniques are linear transformations
such as Principal Component Analyses (PCA) and Linear Discriminant Analysis
(LDA).

e PCA can be described as an “unsupervised” algorithm, since it “ignores” class
labels and its goal is to find the directions (the so-called principal components)
that maximize the variance in a dataset.

e LDA is “supervised” and computes the directions (“linear discriminants”) that will
represent the axes that maximize the separation between multiple classes.
PCA: LDA:

component axes that maximizing the component
maximize the variance axes for class-separation

4
X1

bad projection %

good projection: separates classes well



Unsupervised - Dimensionality Reduction

o After the fit(), the pca model exposes the singular vectors in

the components_ attrlbUte; components_ : array, [n_components, n_features]
é:tg%; pca. components_ P.rinci.pal axes in feature space, r_epresenting the
array([[ @.36158968, -8.88226889, @.85657211, @.35884393], directions of maximum variance in the data. The
[ @.65653988, @.72971237, -8.1757674 , -8.87478647]]) Components are Sorted
In [38]: pca.explained variance ratio_ by eXpIained_Variance_

Out[38]: array([ ©.92461621, ©.85381557])

In [39]: pca.explained variance ratio .sum()
Out[39]: B.977631775082480336

e Since the number of retained components is 2, we project the iris
dataset along those first 2 dimensions:

X_pca = pca.transform(X) explained_variance_ratio_ : array, [n_components]

Percentage of variance explained by each of the selected
components.

If n_components is not set then all components are stored and
the sum of explained variances is equal to 1.0.


簡報者
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Unsupervised - Dimensionality Reduction

»»> np.around(1l.23456789)
1.8
»»> np.around(1.23456789, decimals=@)

In [41]: import numpy as np

L] 1Ii'.|
® NormahZEd: >>Z np.around(1.23456789, decimals=1)

In [42]: np.round(X_pca.mean(axis=8), decimals=5) 1.2
Out[42]: array([ @., ©.]) »>> np.around(1.23456789, decimals=2)
1.23

. . - »>» np.around(1.23456789, decimals=3)
In [43]: np.round(X pca.std(axis=8), decimals=5) O — ’ '

':}Ut[43]: ar‘r‘a.'."'rt:[ 1., 1. ]:' *»» np.around(1.23456789, decimals=4)
1.2345999999999999

* Also note that the samples components do no longer carry any linear
correlation:

In [44]: import numpy as np

In [45]: np.round(np.corrcoef(X_pca.T), decimals=5)
Out[45]:

array( [ @.],
1.

[ 1
[ @., 11
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.

* Now, we can visualize the dataset using pylab, for instance by
defining the utility function:

1 from sklearn.datasets import load_iris
2 import pylab as pl

3 from itertools import cycle

4 from sklearn.decomposition import PCA

LI

class pca_reduction:
def __imit  (self):

= T

rgbcmykw—> rgbcmykw...

8 iris = load iris()
9 self.X = iris.data
16 self.y = iris.target
11 self.names = iris.target_names
12 self.plot()
13
14 def plot(self):
15 pca = PCA(n_components=2, whifen=True).fit(self.X)
16 X pca = pca.transform{seLlf.
17 plot_2D(X_pca, self.y, selfl.names)
18
a

def plot_2D(data, target, targ
colors = cycle( 'rgbomykw')
target_ids = range(len(target_names))
pl.figure()

_names):

&

ld P2 =

4 pl.scatter(data[target == i
5 =Iabel)
6 pl.legend()

7 pl.show()

9if _name__ == '_ main__ ':

&

pr = pca_reduction()
print 'X = %s' ZFpr.X
print 'y = ¥%s5' Xpr.y
print 'names = X%s' Xpr.names

P ¥ D Sy N N I % T Y % Y O I % N o L L L R R

P Ra

for 1, c, label in zip(target_ids, colors

ata[target == i, 1],

- & setosa
& versicolor

/ e virginica

0.0
5.1 3.% 1.4 E.E]
3. 1.4 8.2]
3.2 1.3 @.2]
3. 5.2 2. ]
3.4 5.4 2,3]
3. 5.1 1.8]]
88 ..., 22 2]
= ['setosa’ 'versicolor'

05 14

'virginica']

15

20
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Scatter:使消散；使分散；使潰散



matplotlib.pyplot. SEAREER(x, v, s=None, c=None, marker=None, cmap=None_ norm=None. vmin=None, vmax=None, alpha=None,
Linewidths=None, verts=None, edgecolors=None, hold=None, data=None, **kwargs)

Make a scatter plot of x vs y

Marker size is scaled by = and marker color is mapped to c

Parameters: X,y - array_like, shape (n, )
Input data
s - scalar or array_like, shape (n. ). optional
size in points*2. Default is rcParams['1lines.markersize’] #* 2.
¢ - color, sequence, or sequence of color, optional, default: ‘b’

c can be a single color format string, or a sequence of color specifications of length . or a sequence of 1
numbers to be mapped to colors using the cmap and norm specified via kwargs (see below). Note that ¢
should not be a single numeric RGE or RGBA sequence because that is indistinguishable from an array of
values to be colormapped. ¢ can be a 2-D array in which the rows are RGE or RGBA, however, including the
case of a single row to specify the same color for all points.

marker - Markerstyle, optional, default ‘o’

See markers for more information on the different styles of markers scatter supports. marker can be either
an instance of the class or the text shorthand for a particular marker.

cmap : Colormap, oOptional, default: None

A Colormzp instance or registered name. cmap is only used if ¢ is an array of floats. If None, defaults to rc
image.cmap.

norm _Normalize, optional, default: None

ANormalize instance is used to scale luminance data to 0, 1. norm iz only used if < is an array of floats. If
Mone, use the default normalize().

vmin, vmax . scalar, optional, default: None
wmin and vmax are used in conjunction with norm to normalize luminance data. If either are None, the min and
max of the color array is used. Note if you pass a norm instance, your settings for vmin and vmax will be
ignored.

alpha : scalar, optional, default: None

The alpha blending value, between 0 (transparent) and 1 (opaque)



* The projection was determined without any help from the labels
(represented by the colors), which means this learning
IS unsupervised.

* Nevertheless, we see that the projection gives us insight into the
distribution of the different flowers in parameter space: notably, iris
setosa is much more distinct than the other two species as shown in
the picture below:

Picture source - Iris flower data set.
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