Dimensionality Reduction

MNIST Dataset

e LeCun W=7} BH=0{ &7l|3t dataset

« 60,000 training data and 10,000 test data

« Handwritten digit images (size 28 x 28) with 0~1 values

« Each image can be flattened to 784 dimensional vector (1-D numpy array)
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MNIST dataset
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plt.subplot(2,5,i+1),plt. imshow(trainlil[0], "aray ')

Train 5923 6742 5958 6131 5842 5421 5918 6265 5851 5949
test 980 1135 1032 1010 982 892 958 1028 974 1009
numpy ne . |
matplotlib.pyelot Bt i range(10):
pickle Pl :
pdb plt . oaxis( ' off')
print(lentCtrainlil))
init_datal):
open{ 'train.bin', 'rb') f1: plt.show()
train=pickle. load(f1)
open(ftest.bin','rb') e %323
test=pickle. load(f2) 56" om)
i 10
train,test 380
(28, 28)
train,test=init_data() ft-Tead data file train.bhf, test din ggig
printllenttrainl) 0358
printllenttrain[0])) B131
print(trainl0][0] . shape) 3842
print{ienitest)) 5421
print{len{test[0])) 0914
print(test[01[0].shape) G263
REAT
5943
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Overview

Data Acquisition
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Database Recognizer
Establishment Preprocessing Ié Feature Selection = M:::d.el
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Feature Extraction
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s feat1(trainSet, testSet):

10, M

oy trSl=len(trainSet); trS2=len(trainSet[0])
18l | teS1=len(testSet); teSZ=len(testSet[0])
22,

trainSetf=np.zeros({(tr31*tr32.5))

e testSetf=np. zeros((teS1*teS2,5))

i range(trS1)
rangeltrs2):

,1<:\-—____——”'inmi=train8et[i][i]
- imsi=np.where(imsi!=0)

o . pdb . set_tracel)
KXo =t 4f S .

a

var(y) var(xy) var(x)



functionsRev.py

featl{trainSet, testSet):

tril=
tell=
trainSetf=rnp.zeros({tr31*tr32,5))
testSetf=np.zeros{{teS1+te52,5))

range(trs1):

J range(tr32):
imsi=trainSet[i][i]
imsi=np. where(imsi!=0)
imsid=np.meanlimsi,
imsid=np.coviimsi)
trainSetf[i=tr52+]

rangel(tes1):

j rangelteS2):
imsi=testSet[i][i]
imsi=ng. where(imsi!=0)
imsiZ=np.mean(imsi.1)
imsid=np.coviimsi)
testSetf[ixteS2+],

trainsetf, testletf

data_readyl{train,test, k=300):

trainSet=[]

testSet=[]

it pdb.set_trace() #E-E HA
i rangel10):
trainset . append(trainli][0:k])
testSet . append(test[i][0:100])
trainet, testset

len(trainSet): trS2=len(trainSet[0])
len{testSet); teS2=len{testSet[0])

<—00] ot ?{X|2|

=np.arrav(Limsi2[0],imsi2[1], imsi3[0,0],

Ve —zxim g5z
il=EnpLarrav( Limsi2[0], imsi2[1], imsi3[0.0],

5 300

10C | trainSet
trS1=10, trS2=300
teS1=10, teS2=100 100
trS1*rS2
10C | testSet
HE & trainSetf
imzi3[0,11, imsi3[1,11]1)
mean(y) mean(x) var(y) var(xy) var(x)
o 1 V RY,
imsi3[0,11. imsi3[1.111)
numey ne
matplotlib.pyplot et
3featSell.py pickle
functionsRey f=
pdb

t1=time.timel)

ftedb . set_trace()

train, test=fs.init_data()

trainSet, testSet=fs.data_readyl(train,test)
trainsetfl, testSetfl=fs.featl(trainSet, ftestlSet)



3featSel1.py

M np
matelotlib. pyvpelot plt
pickle

time

functionsRew fs

pdb

t1=time.timel)

fiedb . set_trace()

train, test=fs.init_data()

trainSet, testSet=fs.data_readyl(train,test)

trainSetfl, testSetfl=fs.featl{trainSet, ftestSet)
ftfttrainsetf?, testSetfZ=fs |ldaltrainSetfl, testSetfl, 15)

k=10

result=fs knnitrainSetfl, testSetfl. k)
acc, pre, rec, fl=fs.calcMeasurel(result)
tZ=time.timel)

print{tZ-t1)

printl'k=",kJ

printf'4dcc=",acc.meanf )]

printl'F1=",f1 mean{))



Features for Number Recognition

28 < >

x=y=10, Ax=Ay=1




SXS

SXS
functionsRev.py
featZ{trainSet, testSet, d¥):
size=trainSet[0][0]  shapel(]; s=size—dx+1
tr31=len{trainSet); tr52=len{trainSet[0])
teS1=len(testSet); telZ=len(testset[0]) trS1*4rS2 teS1*teS2
trainlmsi=np.zeros({tr31*tr52,.5,5)); testimsi=np.zeros({teSlxtel?,5,5))
trainSetf=np.zeros((tr31»tr52,s*s) ). testSetf=np.zeros((teSl*tel? s*xs)]
range(trS1):
j rangeltrs2):
imsiftrainSet[i][J]
I jjrangféﬁ;;(gj: trainSetf testSetf
trainimsili*=trS2+j, i, il=imsiliitd8+ii,iji di+iji]l. sum()
trainsSetfli=trS2+j,  I=trainimsili*trS2+j,::]1 . flatten() 3featse|2py
range(teS1): dX I -
i ([ sie ther a8
i range(s): \L, pickle
il range(s): time
testimsi[icteS2+), i1, i1=imsiliitditii,iiidiriil. sum() functions as fs
testSetf[ixteSP+),:]=testimsili*teSs+i,::].flatten() pab
: 1 t1=time.timel)
trainsetf, testsetf (s,s) 2AHA HIO|E & sxs 1A+ H|O[HZ.. #pdb.set_trace()

train, test=fs. init_data()
trainSet, testSet=fs.data_readyl(train.test)

dx=20, k=10

trainSetfl, testSetfl=fs featZ(trainSet, testSet, dX)
result=fs knn(trainSetfl, testSetfl, k)

acc, pre, rec, fl=fs.calcMeasure(result)
td=time.timel)

print(t2-t1)

print('k="k," di=",dx)

print('4cc="',acc.mean())

print'F1=",f1 . mean())



Feature selection

« trainingd| A &1 =0l 2 ZefAE 300712 G|O|E{& training
setO 2, testOf| A %Oﬁ%gl Zt 2 A E 100742 G| O|E £ test
seto 2 L Z2o}2F

Total number of examples

< P
Training Set Test Set
« &AM A ge featldt knng AFESHY QA ES ZHRUSHEAL
« &AM A gt feat2df knng AFESHY] Q1A ES EOISHEAT



Feature selection

«kE 1, 5, 15, 50, 100, 2005002 2 =2{7IH, Ot2f &
7' E—l’- Feat1 AME, 3featSell.py A

i
1
0x
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K=15

K=50

K=100

K=200




Feature selection

-t

Feat2 AMZ, 3featSel2.py &2

- k& 1, 5,15, 50, 100, 200, 2 Z dx& 3,5, 10, 15 2022 =
o 7tH, Ofeff & 208A|7]2t.

dX=3 dX=5 dX=10 dX=15 dX=20




PCA(Principal Component Analysis)

13 : 4featSel3PCAF2.py
| PCA of a multivariate Gaussian &
distribution centered at (1,3) with a .
" import numpy 25 np
standard deviation of 3 in roughly the import matplotlib. pyplot as plt
" g (0.866, 0.5) direction and of 1 in the neort bickle
' NPT orthogonal direction. The vectors import functionsRev as fs
import pdb

shown are the eigenvectors of the

. : fti=time. timel)
covariance matrix scaled by the square Hodb set tracel)

4 root of the corresponding eigenvalue, train, test=fs.init_datal)
J and shifted so their tails are at the trainSet, testSet=fs.data_readyl(train,test)
6 A H A : , . i . mean. dx=3
i s B A B A B trainSetfl, testSetfl=fz. featZitrainSet, testSet, dx)
SXS ##t1=time.time(g }
i fresult=fs . knnitrainsetfl, testSetfl, k=10
functionsRev.py i esy i?e.tim?(]
def trainSet, testSet, k: Herint(t2-11
°f pealtrainde mehee : fttacc, pre, rec, fl=fs.calcMeasurel(result)
imsi=np.covi{trainiet T) ##Drint(:ACCT',acc.mean())
# L.¥=np.linalg.eiglimsi) US1*$SZ #erint{ "F1=".f1 . mean())
U,s.%=np.linala.svdl imsi
s, Vone, inals.svd(ins 1) trainSetf?, testSetf2=fs pca(trainSetfl, testSetfl,25)
felt.plotis)plt.show() t1=time. timel] | VT
PC=U[: .np.argsort(s)[: 10 k] result=fs knnltrainSetfz, testSetf2, k=10)
—_— t=time. timel)
trainSetf=trainSet.dot(PC print(t2-t1)
tggigeff:teg?égtédotﬁpé) E:BQFR:A\¢§§§ == acc, pre, rec, T1=fs. calcMeasure(result)
trainSetf1 print('PCA_Acc=',acc.mean())
return trainSetf, testSetf print{ 'FCA_F1=",f1 . mean())

S=28-dX+1

Eigenvalue(s) 27]2 @QE k7H2| eigenvectorE M7



PCA(Principal Component Analysis)

le7

4featSel3PCAF2.py

2.0 1

Import numey 82: np

import matplot!lib. pyplot as plt
import pickle

Imeort time

import functionsRBey as fs

1.0 - import pdb

1.5 A

#t1=time. time()
l tedh set_trace()
0 train, test=fs.init_data()
trainset, testSet=fs.data_readyl(train,test)
0.0 Aye=1
0 100 200 - 400 500 600 - trainSetf], testSetfl=fs. featZitraintet, testSet, dx)
SXS ##t1=time.time(g |
i fhresult=fs knnitrainbetfl, testihetfl. k=10
functionsRev.py ##t2=ti?e.tim?(]
def trainSet, testSet, k): Hiter int(t2-t1
= pealtrainSe matee ) ftacc, pre, rec, fl=fs.calcMeasure(result)
imsi=np.covitrainset T) ##Drint(:ACCT',acc.mean(})
B L.¥=np. linalg.eigCimsi) P #Herint('F1=",11 . mean(])
U,s.¥=np.linala.svd(imsi
s, Vone, inals.svd(ins 1) trainSetf2, testSetf2=fs.pcaltrainSetfl, testSetfl,28)
fplt.plot(s)iplt.show() t1=time time() .
PC=U[: .np.argsortis): (=110, k] result=fs knnltrainSetfz, testSetf2, k=10)
t=time. timel)
trainSetf=trainSet.dot(PC) print(t2-t1)
_Wpca

testSetf=testSet . dot(PC) ME == acc, pre, rec, f1=fs.cacheasure(result}
trainSetf1 printl 'PCA_Acc=',acc. mean())

return trainSetf, testSetf print{ 'FCA_F1=",f1 . mean())
S=28-dX+1

Eigenvalue(s) 37|2| =2 2 k72| eigenvectorE 4178



LDA(Linear Discriminant Analysis)

* Fisher's idea: Fisher's linear discriminant

« Maximize a function that will give a large separation between the
projected class means

« While also giving a small variance within each class, thereby
minimizing the class overlap

X2

A

AAA '\
ﬂ\ )
s5

mq
w /
st

v




functionsRev.py Within-class scatter matrix for C; is

def ldaltrainset, testSet, kj:

trel=len(trainset)
trS2=lenitrainSet[0])
tr33=int{trs1/10)

covMat=np.zeros((10,tr52, tr52))
meany=np.zeros({10,tr52))

for i in rangei10):
covMat[i,: ! ]=np.covitrainSet[i=tr33:(i+1)*tr53,:] . T)
mean¥[i,!]1=np.meani{trainSet[i*trS3:Ci+1)*tr53,:]1,0)

meanC=np . mean{meany, 0)
Sh={mean¥-meanC).T.dot{meany¥-mean()
Sw=covMat . sum(0) - I .
imsi=np. linalg.pinvisw) dotish SarS
£ L. V=np.linala.eialingi) T 2weB
U,s,.¥=np. linalg.svd(imsi) )
PC=U[!,np.argsort(s)[!!—1]][!,!k]Cxﬁ)
trainSetf=trainSet.dot{PC) B
testSetf=testSet. dot(PC)

return trainsetf, testietf

S; = Z rf(x* —m;)(x* —my)"t
t

where r! = 1 if 2* € C; and 0 otherwise.

The total within-class scatter is

K
SWZZSi
i=1

The between-class scatter matrix is
K
Sp = ZNi(llli —m)(m; — 111)T
i—=1

where N; =3 7!

% The largest eigenvectors of Sy S are the solution



4featSel3PCAF2.py

AUmEy ne

matplotlib. pyvelot plt
pickle

time

functionsRey fs

pdb

#tl=time.timel)

fedh set_trace()

train, test=fs.init_data()

trainSet, testSet=fs.data_readyl(train,test)

dx=3

trainSetfl, testSetfl=fs. featZ(trainsSet, testSet, dx)
ttl=time. timel)

fitresult=fs . knn{trainSetfl, testSetfl, k=10)
Hit2=time. timel)

erint(t2-t1)

ftitacc, pre, rec, fl=fs.calcMeasurelresult]

ferint( ' Acc=",acc. mean())
ferint(C'F1="",f1 . mean())

trainSetf?, testSetfZ=fs.|daltrainSetfl, testSetfl.,7)
t1=time.time() ~
result=fs . knnitrainSetf?, ftestSetf?, k=10)

tZ=time. timel)

print{t2-t1]

acc, pre, rec, fl=fs.calcMeasure(result)

print( 'PCA_Acc=",acc.meani))
print( ' PCA_F1=",f1.mean{))

Homework#2

Template Matching

#template F1 Accuracy

#10
#50
#100
#200
#300
#500

#1000

k-NN(300/digit)-feature selection2
F1 dx=3 dx=5
k=1

k=5

k=15

k=50

k=100

k=200

k-NN FeatSell
F1

k=1

k=5

k=15

k=50

k=100

k=200

k-NN FeatSell

k=1
k=5
k=15
k=50
k=100
k=200

43=MNIST/Homework?2.xIsx

FeatSel2

FeatSel2
dx=?

k-NN(300/digit)

F1

k=1

k=5

k=15

k=50

k=100

k=200

dx=15 dx=20
FeatSel2 FeatSel2
PCA 45 LDA 7
FeatSel2 FeatSel2
PCA 45 LDA 7

Accuracy

k-NN(300/digit)-feature selection1

F1 Accuracy
k=1
k=5
k=15
k=50
k=100

k=200

k-NN(300/digit)-feature selection2

Acc dx=3 dx=5 dx=10
k=1

k=5

k=15

k=50

k=100

k=200

x=15

x=20



Python Machine Learning Third Edition
Machine Learning and Deep Learning with Python, scikit-learn and Tensorflow 2

CHAPTER 5 Compressing Data via Dimensionality Reduction
Feature selection for dimensionality reduction: Feature Extraction (PCA, LDA)

unsupervised dimensionality reduction via principal component analysis Python
The main steps behind PCA Machine

Extracting the principal components step by step Lea rning
Total and explained variance

Feature transformation B
Principal component analysis in scikit-learn
Supervised data compression via linear discriminant analysis

The inner workings of LDA

. . Sebastian Raschka
Computing the scatter matrices & vahid Mirjail Packt>

Selecting linera discriminants for the new feature subspace
Projecting samples onto the new feature space
LDA via scikit-learn



Unsupervised dimensionality reduction via principal component analysis

 Feature Extraction

v' Transform or project the data onto a new feature space
v" An approach to data compression with the goal of maintaining most of the relevant

information

v" Improve the predictive performance by reducing the curse of dimensionality

The main steps behind principal component analysis(PCA)

~

1.
2.
3.

Standardize the d-dimensional dataset

Construct the covariance matrix

Decompose the covariance matrix into eigenvectors and
eigenvalues

Sort the eigenvalues by decreasing order to rank the
corresponding eigenvectors

Select k eigenvectors which corresponds to the k largest
eigenvalues

Construct a projection matrix W from the top k eigenvectors
Transform the d-dimensional dataset X using the projection
matrix W



Extractin? the principal components step by step
(1) Standardize the d-dimensional dataset

2. Construct the covariance matrix
3. Decompose the covariance matrix into eigenvectors and eigenvalues

pandas o
df _wine = pd.read_csv( 'https: //archive. ics.uci . edu/ml/"
Ch05tn1p1.py 'machine-learning—-databases/wine/wine.data’',
header= ),

df _wine.columns = ['Class label', '"&lcohol', 'Malic acid', 'Ash',
"Alecalinity of ash', 'Magnesium', 'Total phenols',
'Flavanoids', 'Monflavanoid phenols', 'Froanthocyanins',
"Color intensity', 'Hue',

‘00280700315 of diluted wines', 'Proline']
df _wine . head()
sklearn.model _selection train_test_split
W, v = df_wine.iloc[:, 1:].values, df_wine.iloc[:, 0] values
A_train, K_test, wv_train, v_fest = train_test_split(X, v, test_size=0.3,
stratifv=y,
random_state=0)
sklearn.preprocessing standardScaler
sc = StandardScaler()

W_train_std = sc.fit_transform{¥_train)
¥_test_std = sc.transformi{¥_test)

numey ne Eigenvalues
cov_mat = np.cov(¥ train_std. T} [4.84274532 2 41602459 1.54845825 0.96120438 0.84166161 0.6620634
eigen_vals, eigen_vecs = np.linala.eialcov_mat) 0.518284?210.345503?? 0.31313668 0.10754642 0.21357215 0.15362835
- - - 0.1808613

print( 'finEicenvalues fn%s' % eigen_wvals)



Total and explained variance
4.  Sort the eigenvalues by decreasing order to rank the corresponding eigenvectors

ch05tmp1.py Variance explained ratios of eigenvalues
tot = sumleigen_vals) A . )
var_exp = [(i / tot) for i in sorted(eigen_vals, reverse= 1] d where A; :j—th eigenvalue
cum_var_exp = np.cumsumfvar_exp) E]Aj
=1

import matplot!ib.pvelot as plt ’
plt.bar(range(1, 14), var_exp, alpha=0.5, align="center', o o

1.0 4 —— cumulative explained variance

label="individual explained variance')
plt.steplrange(l, 14), cum_var_exp, where='mid"',
label="cumulative explained wvariance')

individual explained variance

plt.vlabel( 'Explained variance ratio') 08
plt.xlabel('Principal component index') 2
plt. legend( loc="best") y
plt. tight_lavout() 5 °°
# plt. savefiogl images/05_02 . png', depi=300) g
plt. show() E04

0.2 1

0.0

0 2 4 6 8 10 12 14
Principal component index



Feature transformation

5.
6.

7.

chO5tmp1.py

W:13x2

X' =xW
x:1x13

Select k eigenvectors which corresponds to the k largest eigenvalues

Construct a projection matrix W from the top k eigenvectors

Transform the d-dimensional dataset X using the projection matrix W

eigen_pairs = [{np. abs(E|gen vals[i]), eigen_vecs[:,
—_—— i rangel lenfeigen_vals))]
# Sort the (eigenvalue,

eigen_pairs.sortikey= k: k[0]. reverses= )

w = np.hstack{{eigen_pairs[0][1 . np.newaxisl],
ne . newaxis] )

1[:
eigen_pairs[1101][:, : i
print{ 'Matrix Witdn', w)

igenvalue index
W_train_std.dot{w)

‘B, ta'l
['=', '=', 'o']

W_train_std[0] .dot{w)
#_train_pca = X'=XW
colors = ['r',
markers =

colors,
, 0],
.11,

|, o, m ziplnp.uniquely_train),

plt.scatter(X_train_pcaly train ==
W_train_pcalv_train
c=c, label=l, marker=m)

plt.xlabel('PC 1)

plt.vlabel ('FC 2]

plt. legend( loc=" lower |eft')

plt . tight_lavout()

# plt.savefiaf ' images/05_03 . pna',
plt. showi)

dpi=300)

eigenvector) tuples from high to low

markers):

| N s Y s N s Y s N s 1 e Y s Y Y s Y B |

L s s e s s v s

i1 . «——Make a list of (eigenvalue, eigenvector) tuples

o Matrix W
[[-0.13724218
2AT24376
02545159
20634508
1543658372
.393764952
CA1735106
30572896
.d0BEE347
07554066
L32B613263
.36BE1022
.Z96E3E51

19]

PC 2

0.50303478]
164871
. 24456476]
.11352304]
.2B974518]
.050B80104]
02287338]
.09048885]
.00835233]
.54377581]
.20716433]
2490253861
.3B022847]

]

_'2




Principal component analysis in scikit-learn

 How to use the PCA class implemented in scikit-learn

pandas pd
chO5tmp2.py numpy =5 np
matplotlib. pvplot plt

df _wine = pd.read_csv( 'https: /farchive. ics.uci.edu/ml/"
'machine—learning-databases/wine/wine. data',

header= )
df _wine.columns = ['Class label', '"&lcohol', 'Malic acid', 'Ash',
"Adlcalinity of ash', 'Magnesium', 'Total phenols',
'Flavanoids', 'Nonflawvanoid phenols', 'Froanthocwanins',
'Color intensity', 'Hue',

'0D2B0/00315 of diluted wines', 'Proline’]
df _wine.head()
sk learn.model _selection train_test_split
X, w = df_wine.ilocl:, 1:] . values, df_wine.ilocl:, 0] values
A_train, A_test, v_train, v_test = train_test_split(¥, v, test_size=0.3,
stratify=y,
random_state=0)
sklearn.preprocessing astandardscaler
sc = StandardScaler()

W train std = sc. fit_transform{¥_train)
a_test_std = sc.transform{¥_test)



chO5tmp2.py

matplotlib.colors LicstedColormap
plot_decizion_regions(H, v, classifier, resolution=0.02):

I setup marker generator and color map

markers = ('s', ‘'x', ‘o', """, 'v')

colors = ('red', 'blue', 'lightgreen', 'grav', 'cwvan')
cmap = ListedColormap(colors[: len(np. uniquelyii])

# plot the decision surface

*1_min, x1_max = #[:, 0] minC) — 1, X[:, 0] max() + 1

x2_min, x2_max = K[, 11 minC) = 1, ®[:, 11 .max() + 1

xx1, xx2 = np.mesharidine. arange(x]_min, x1_max, resclution),
np.arange(xé_min, x2_max, resolution))

7 = classifier.predictinp. arrayvi[xx] ravel (), xx2. . ravel()]).T)

I = I.reshapelxx1.shape)

plt . contourfixxl, xx2. 7, alpha=0.4, cmap=cmap)

plt oslimCxxl . min(), xx1.max())

plt owlimlex2 mint), =x2 max())

# plot class samples

idx, cl enumeratelnp. uniquely)):

plt.scatter(x=K[v == cl|, 0],
v=ily == cl|, 1],
alpha=0.86,
c=cmapl idx),
edgecolor="black",
marker=markers[idx],
label=cl)



chO5tmp2.py

sklearn.decomposition FCA 104
pca = PCAC)
A_train_pca = pca.fit_transform(¥_ftrain_std) 0.8
pca.explained_variance_ratio_ 2
%0.6ﬁ
# In[15]: ‘
§ 0.4
olt.bar(range(1, 14), pca.explained_variance_ratio_, alpha=0.5, align='center') &
plt.steplrange(l, 14), np.cumsum{pca.explained_variance_ratio_), where='mid")} 024
plt.vlabel{'Explained variance ratio')
plt . xlabel{'Principal components')
0.0 T T T
P It ShOW{ :I ’ ? * Princi‘:)al compognents
pca = PCA(n_components=2)
¥ train pea = pea.fit transformiy train_std)
¥_test_pca = pca.transformix_test_std) .
3-
[ ] o b
# In[17]: o] ® e o ..o.:.
e ...0 . b
1 o .". ¢ @ °
plt.scatter(¥_train_pcal:, 0], ®_train_pcal:, 1] %l sy o o« ®
plt . xlabel{'FPC 1) N °® 0 g o0 e ® e o o
plt . vlabel('FPC 2') g o * o
plt. show() Geo, . °
-1 % o ¢
from sklearn. | inear_model import LogisticRegression .".. .. ¢ . :“
-2 C o
pca = FCA(n_components=2) * e .'.l.
W_train_pca = pca.fit_transform{X_train_std) _3 o*
W_test_pca = pca.transform(¥_test_std) 1 ° 1
-4 -2 0 2 4
lr LogisticRearession( ] PC1

| r

lr. fit(X_train_pca, wv_train)

T
10

T
12

14



Principal component analysis in scikit-learn

chO5tmp2.py

# In[20]:

plot_decision_regions(¥_train_pca, v_train, classifier=Ir)
plt.xlabel ('PC 1)

plt.vlabel('PC 2")

plt. legend( loc="lower left')

plt.tight_lavout()

# plt.savefigl ' images/05_04 . png', dei=300)

plt.show()

# In[21]:

plot_decision_regions(¥_test_pca, v_test, classifier=lr)
plt.xlabel ('PC 1)

plt.ylabel('PC 2")

plt. legend( loc="lower left')

plt. tight_lavout()

# plt.savefigl' images/05_05.png', dpi=300)

plt.show()

# Inl[22]:
pca = PCA(n_components=Hone)

W_train_pca = pca.fit_transform(X_train_std)
pca.explained_variance_ratio_




Supervised data compression via linear discriminant analysis

* Linear Discriminant Analysis
v Find the feature subspace that optimizes class separability

PCA versus LDA
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The inner workings of linear discriminant analysis(LDA)

Standardize the d-dimensional dataset

For each class, compute the d-dimensional mean vector

Construct the between-scatter matrix Sz and the within-class scatter matrix Sy,
Compute the eigenvectors and corresponding eigenvalues of the matrix Sy* Sg

Sort the eigenvalues by decreasing order to rank the corresponding eigenvectors
Choose the k eigenvectors which corresponds to the k largest eigenvalues to construct
a dxk dimensional transformation matrix W

7. Project the samples onto te new feature subspace using the projection matrix W

ok wn =

Computing the scatter matrices

chO5tmp3.py
pandas rd
numey ne sklearn.model_selection train_test_split
matplotlib. pyvplot plt
, . , . A, w = df_wine. ilocl:, 1:].values, df_wine.iloc[:, 0] .values
df _wine = pd.read_csv('httpgiffarchlye.|CS.UC|.edufm|f' .
'‘mach ine-learning—databases/wine/wine data’, ¥_train, ¥_test, w_train, w_test = train_test_split(¥, v, test_size=0.3,
header= ) stratifyv=y,
. . . random_state=0)
df _wine.columns = ['Class label', '&lcohol', 'Malic acid', '&sh',
‘Alcalinity of ash', 'Magnesium', 'Total phenols’, sklearn.preprocessing standardScaler
'Flavangids',l'Nonflavanoid phenols', 'Proanthocyaning',
‘Color intensity', "Hue', . sc = StandardScaler()
‘0028000315 of diluted wines', 'Proline'] ¥ train_std = sc.fit_transformi¥_train)

. A test std = scotransform{¥_test)
df _wine head()



chO5tmp3.py

ne.set_printoptionsiprecision=4)

mean_vecs = [] c
labe| ranagel1, 4): ——-_1_
mean_vecs . appendinp.mean(¥_train_stdlv_train == label], axis=0)) m; — n. €
print( My %= ZsWn' ¥ (label, mean_vecs[label - 11)) T =D,

#f Compute the within-class scatter matrix:

# Inl25]:
d =13 # number of features
S_ W =np.zeros({d, d)) c
label, mv ziplrange(l, 4, mean_vecs). _ o o T
class_scatter = np.zeros(({d, d)) # scatter matrix for each class fﬁ - j{] (ﬂ? ?le)(ﬂi 7715)
oW W_train_stdlv_train == label]: zED,
row, mv = row.reshape(d, 1), mv.reshape(d, 13 # make column vectors
class_scatter += {row — mv) . dot{{row — m).T) c
a_W += class_scatter # sum class scatter matrices S = S
W ‘ 1
print{'Within-class scatter matrix: ¥zx¥s' ¥ (S_W.shapel0], S_W.shape[1])) =1
#f Better: covariance matrix since classes are not equally distributed:
# kel — 1 .1 & R
) = — 8, = — (z—m.)(z—m. )’
print('Class label distribution: %s' n. 4! n. 1 I
¥ np.bincountlv_traini[1:]) B by ' T r =D, ' ' ' ' '



chO5tmp3.py

f In[27]:
d =13 & number of features
S W = np.zeros(({d, d)J
label, mv ziplrange(1, 4), mean_vecs): c
class_scatter = np.covi¥_train_stdlv_train == label].TJ - 1 ., 1 Ny AT
S_W += class_scatter E: —SU’ - (m_ m-@')($_ m-g')
print{'Scaled within-class scatter matrix: %sx¥s' ¥ (5_W.shapel[0]. gy =,

S_W.shape[1]))

# Compute the between-class scatter matrix:

# In[28]:
mean_overall = np.mean(¥_train_std, axisz=0)
d =13 & number of features
S_B = np.zeros{{d, d))}
i, mean_wec enumerate{mean_vecs):
n = *®_trainlv_train == i + 1, :]1.shapel[0]
mean_vec = mean_vec.reshape(d, 1) # make column wvector
mean_overal |l = mean_overall.reshape(d, 1) # make column vector

S_ B +=n % (mean_vec - mean_overall).dot{{mean_vec - mean_owverall).T) c e
Sy =Y n.(m;—m)(m, —m)

print('Between—class scatter matrix: ¥sx¥s' % (S_B.shapel0], 5_B.shape[1])) —
=



Selecting linear discriminants for the new feature subspace

4. Compute the eigenvectors and corresponding eigenvalues of the matrix Sj;* Sy
5. Sort the eigenvalues by decreasing order to rank the corresponding eigenvectors

chO5tmp3.py
#f Solve the generalized eigenvalue problem for the matrix F5_W'{-115_BF:
# In[29]:
eigen_vals, eigen_vecs = np.linalga.eiglne. linalg. inv(S_W) dot(S_E)) Eigenvalues in descending order:
349 . 61780890599414
#f Make a list of (eigenvalue, eigenvector) tuples 172 .761522185979394
eigen_pairs = [(np.abs(eigen_vals[il), eigen_vecs[:, i]) 4.0834806689889729=-14
i rangef lenfeigen_vals)l] 2.842170843040407e-14
¢ B1485E5436328254e-14
#f Sort the (eigenvalue, eigenvector) tuples from high to low 2 . B1485654365328254e-14
eigen_pairs = sorted(eigen_pairs, key= k: k[0], reverse= ) 1. 802389952 469644e-14
1.802389952469644e-14
I Vizually confirm that the list is correctly sorted by decreasing eigenvalues 5.73218246188380Be-15
§ 732182461883806e-15
printf'Eigenvalues in descending order:#in') 3.2709312372580184e-15
eigen_val eigen_pairs. 3.258777E20466185e-15
printieigen_val[0]) 3.258777EZ20466185e-15



6. Choose the k eigenvectors which corresponds to the k largest eigenvalues to construct a axk

dimensional transformation matrix W

chO5tmp3.py

tot = sumleigen_vals.real)
discr = [{i / tot) i sorted{eigen_vals.real, reverse= 1]
cum_discr = np.cumsumidiscr)

plt.bar{range(1, 14), discr, alpha=0.5, align='center"',
label="individual "discriminability""')

plt . step(range(l, 14, cum_discr, where='mid",
label="cumulative "discriminability""')

plt . vlabel{ ' "discriminability" ratio')

plt.xlabel{'Linear Discriminants')

plt.owlim([-0.1, 1.1]) M

plt. legend( loc="best"')

plt. tight_lavout()

# plt.savefiagl'images/05_07 . png', dei=300)

plt. show()

w W

——+
— —-

Jdad 0

# Inl[32]:

07s -0

[:, np.newaxis].real,

w = np.hstack({eigen_pairs[0 ;
1 L, onp.newaxis] . real))

eigen_pairs[]
print 'Matriz W Hn', w)

101]
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o e s [
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0163 -0,
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.f3ag 0,
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0018 0,
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c3adv -0,
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Projecting samples onto the new feature space
7.

Project the samples onto te new feature subspace using the projection matrix W

chO5tmp3.py

HW_train_lda = ¥_train_std.dot{w)

colors = ['r', 'b', 'g']
markers = ['s', 'x', 'o']
[, o, m ziplnp.uniguely_train), colors, markers):
plt. scatter(¥_train_ldalyv_train == 1, 0],
W_train_ldalv_train == 1|, 1] = (=13,
c=c, label=l, marker=m)

plt.xlabel (LD 1)
plt.vlabelC'LD 2')
plt. legend(loc="lower right')
plt. tight_lavout()

# plt.savefial ' inages/05_08 . png', dpi=300)

plt.show()

LD 2

X=XW

® X N




LDA via scikit-learn

from sklearn.discriminant_analvsis import LinearDiscriminantdnalwsis as LDA

chO5tmp3.py

lda = LDA(n_components=2)
#_train_lda = Ida.fit_transform{¥_train_std. v_ftrain)

# Inl[358]:

from sklearn. linear_model import LogisticRegression
Ir = LogisticRearession()
lr = Ir.fit(X_train_lda, v_train)

plot_decision_regions(¥_train_lda, v_train, classifier=Ir]
plt . xlabel (LD 1)

plt.vlabel (LD 2')

plt. legend( loc="lower left'])

plt. tight_layout()

¥ plt.savefiol images/05_09 png', dei=300)

plt. show()

# In[36]:

¥_test_lda = Ida.transform{¥_test_std)

LD 2

plot_decision_regions(i_test_lda, w_test, classifier=Ir)
plt.xlabel (LD 1)

plt . vlabelC'LD 2"

plt. legend( loc="lower left')

plt.tight_layvout()

# plt.savefiol images/05_10.png', dei=300)

D|t.ShOW(:‘ LD 1




