OREILLY*®

ooz et Haid of2at 7

eep
Leam

from Scratch

UHISHEE] A|Zfohs H2id

a

MoIE 27| XiE
RN =



. O] Mo A% =213 ¢oje}
JWEEE

. I}O|M 3

. 4o

= matplotlib

- st AIO|E
. OLtEC} Hyzm
https://www.anaconda.com/distribution
- A58 HEA
https://github.com/Wegralee/deep-
learning-from-scratch

> > EBERE ARSH= HEld



CHAPTER 1 L}O|MOf| CHSH 7oA 4 ED A
CHAPTER 2 LM E =0 Cliof YOotE 1 AP E=2 MA ZtEol EX[& E0{E 7|

= =
CHAPTER 3 /832|782, &5 HO[H7l FALIX| B0 HE5t= A2| ut
g OFE 7|

CHAPTER 4 &4 29| 4t2 7taX AA CtE= BAIEHO| CHS Y OtE 7|

1 - O
CHAPTER 5 7ISX| Oj7 2| 7|27|& 2EH2E A L5t LA T IHE Hi
Ojl
o

/|

> > EHERH AESHE HEld



Contents

> CHAPTER 2 HAIEE
- 21 HYEEO|ER
- 2.2 tteot =2 22
- 2.2.1 AND AO|E
- 2.2.2 NAND #|O|E2} OR A 0|E
- 23 HEEE FHET|
- 231 e R EH
- 232 7t5X|e He £
- 233 7tEX[QF HY Fo5tY|
- 24 HHPEZO| THA
- 241 =X XOR AHO|E
- 242 {¥Lp HMS
- 2505 HYEZRO| ESotCtH
- 251 7|& AO|E =&t/
- 2.5.2 XOR HO|E F%i5}7|
- 2.6 NANDOJA ZAFETHX|
- 2.7 H&




gp

r

CHAPTER 2 HMIEE

HAEE0 Cfofl €OtEM HEEES MA 2t =X S =027

> > HHISRE AlESHs ©eEld



' .CHAPTER 02 HMEE

2.1 MM EZ0|2k?

gp

_|_|_.|A-IIE§* o EI_

o

':f':.ﬂ, *e'xﬂ I" T2 f =

A0

T2
—
o

1 0[L}0 )9 & ZHA| k= 7HEILE.
o =Chefs o|0] 22 Q1L

ﬂ[w._x._ tw <)
. ¥= 4 21]
Wa | (wex, Ty 6)




il

CHAPTER 02 M EE

Z| 2|2

=
—

10
MT

Ld

a8 2-2 AND HO|E=] Ei2(&

X




' .CHAPTER 02 HMEE

2.2.2 NAND A O|E2tOR AO|E

gp

38 2-3 NAND Al0|IE2| T2 Jd 2-4 OR Alojme] Ti2jg
Xy X3 ¥ X X ¥
0 0 1 () 0 L
______________ o : - 1
S . ] 1 1
NAI(;IID71|0|E%E3._43PE1E e = (wl,w2,8)=(-0.5,-0.5,-0.7)=%
i:r%fND HOIEE PHEIE U740 HS2 @ BHHSE7|2 83 NAND # 0| E7}
ElC




il

CHAPTER 02 M EE

ot

oA

10

M

Sl

__I.I.

dl

2.3 I

AND 2t g

A/
ou

F

=

<

od
({0

x1 1 x2

)
w2, theta = 8.5, 8.5, 0.7
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' .CHAPTER 02 HME

2.3.2 tSXQt HY £ ¢

|{] (b +wx +wx, =0)
'1:':

1 (b +wx, +wax,>0) [42.2]
(M2 1AM 2.2]= 7|= ®#7|2 HEEE &, O 90|= &Lt
O7|0M b & HE bias O|2tStH w 1 It w 2 & JHE 7S X| weight .
(Al 2. 2] 2EHOM MK EXH MU EE2 YHUDO| 75X E S ¢lut B2 51,
d¢0l0os gol 1= S5t OTX| oW 05 4.
I3 oS ARSI [A 2. 2] SH2= o6 £AL.

> import numpy as np

22> x = np.array([8, 1]) ¥ Y
2> W = np.array([8.5, 8.5]) « 7122
»ap b= -8.7 3 H
D0 WRY

array([ 8, , 0.5])

222 np sum{wx)

8.5

wae np sum{w*x) + b
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det AND(x1, x2):
x = np,array{[x1, x2])
w = np.array([8.5, §.5])
b= -87
tmp = np,sum{w*x) + b
it tmp {= 0:
return @

else:
return 1
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2.5.2 XOR /[0|E 735} 7]

def XOR(x1, x2):

51 = NAMD(x1, x2)
= m{}ﬂ . x2)

y = AND{s1, s2)

return y
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X0R(1, 0) #1128
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Implementing a perceptron learning algorithm in Python

import onumpy a5 np def fitlself, X, w)
""YEFit training data.

clasz Perceptron{object): Farameters

"""Perceptron classifier. . TTTTTTTTT- .
¥ @ {arrayv-likel, shape = [n_samples, n_features]

Farameters Training vectors., where n_samples is the number of samples and
———————————— n_features is the number of features.
eta © float v . arrav—like, shape = [n_samples]
Learning rate (between 0.0 and 1.0) Target wvalues,
n_iter @ int
Passes over the training dataset. Returns
random_state : nt ~ TTTTT .
Random number generator seed for random weight self | obiect

initialization.

Attributes rgaen = np.random.BRandomState(self. random_state)
——————————— self.w_ = raen.normal{loc=0.0, scale=0.01, size=1 + ¥ shape[1]]
w_ ¢ ld-array self.errors_ = []
Weights after fitting. , ,
errors_ . list for _ in range(self.n_iter):
Mumber of misclassifications {updates) in each epoch. errors = [

for xi, target in zip(X, v):
o update = self.eta * (target - self.predict(xi))

def __init__(self, eta=0.01, n_iter=50, random_state=1): self.w_[1'] += update * x|
self.eta = eta self.w_[0] += update
self.n_iter = n_iter errors += intlupdate !'= 0.0)
sel|f.random_state = random_state sel|f.errors_.appendierrors)

return self

Python def net_inputiself, x):
Machine """Calculate net input"""
Learning Chap 02 return np.dot(R, self w_[1:]1) + self.w_[0]

def predict(self, ®):
""U"Beturn class lakel after unit step
return ne.where(self . net_input () »>= 0.0, 1, -1)

Packt>




import pandas as pd
df = pd.read_csv( 'https: /farchive. ics. uci. edu/ml/!
'machine—learning-databases/iris/iris.data’,

df . taill)

header=Mone)

# it Plotting the Iris data

# In[11]:

import matelotlib.pyvelot 2= plt
import o numpy as np

ff select setosa and wversicolor

v = df i loc[0:100, 4] . values
v = np.wherely == 'Irizs—setoza', -1, 1]
# extract sepal length and petal lenath
Wo=df L iloc[0:100, [0, 2]1].values
# plot data
plt. scatter(X[:50, 0], ®[:50, 17,
color="red', marker='o', label='setoza')
plt . scatter(X[50:100, 0], #[50:100, 17,
color="hblue', marker="'x', label="versicolaor')

plt.xlabel( 'sepal length [cm] ')
plt.vlabel( 'petal length [cm] ')

plt. legend( loc="upper left')

dpi=300)

# plt.savefigl ' images/02_0R . png',

el show()

petal length [cm]

Implementing a perceptron learning algorithm in Python
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3.0 1
I 8 Training the perceptron model
# In[12]: 2.5 -
ppn = Perceptronieta=0.1, n_iter=10) 2 2.0
a
] =
ppn . Fitix, v 2 15-
plt.plot(rangell, len(ppn.errors_) + 1), ppn.errors_, marker='o') g
plt.xlabel( Epochs ') g
plt . vlabel{'Number of updates') = 101
#oplt.savefiagl ' images/02_07 . png', dpi=300)
plt show() 0.5
0.0 - ® ° -
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 Scikit-learn 2}0|E 22| & &

OR HIOJE{0ll HMEZS Mg

01 from sklearn.linear_model import Perceptron
02

p3 # =4 Y 1=

04 X=[[0,0]1,[9,1]1,[1,0]1,[1,1]1]

o5 y=[-1,1,1,1]

06

07 # fit &4+E Perceptron &

08 p=Perceptron()

09 p.fit(X,y)

10

11 print("st&EE HAEEQ| Df7HEH4: ",p.coef_,p.intercept))
12 print("EALTO| st o=: ",p.predict(X))

13 print("Z&E =4 ",p.score(X,y)*100,"%")

StSE HMEZQ| DjiH4: [[2. 2.1 [-1.]
S0 3= [-1 1 1 1]
HEE =3: 100.0%

|||le




e Scikit-learn Z}0|E 22| &&

7| 2%} Hlo[E{o] HYEES X

01
02
03
04

05
06

a7
08

09
10
11
12
13
14
15

from sklearn import datasets

from sklearn.linear_model import Perceptron
from sklearn.model_selection import train_test_split

import numpy as np

# OO[HMdE 1 22 ATL HAE

digit=datasets.load_digits(

x_train,x_test,y_train,y_test=train_test_split
(digit.data,digit.target,train_size=0.6)

# fit &4+2 Perceptron &

p=Perceptron(max_iter=100,eta0=0.001,verbose=0)
p.fit(x_train,y_train) # digit H|O|6{E Z &=

res=p.predict(x_test) # HAE ZIEO=Z 0

i

;p




Scikit-learn 2}0|E2{2| &&

16 # 2= A=

17  conf=np.zeros((10,10))

18 for i in range(len(res)):

19 conflres[i]lly test[i]]+=1

20 print(conf)

21

22 # HEE AL L AL 2
23 no_correct=0

24 for 1 in range(10):

25 no_correct+=conf[ili]

26 accuracy=no_correct/len(res)

27 print("HIAE HEofl st H=ES ", accuracy+100, "xYLiCt.")
[[6b. ©. ©. 1. @. 0. 0. 0. 0. 0.]

[0.65. 0. 0. ©. 0. 1. 8. 6. 2.]

[O. 2.58. 0. 0. 1. 0. 0. 0. 0.]

[0. 0. 0.62. 0. 0. 0. 0. 1. 0.]

[B. 1. 8. 0.60. 0. 0. 2. 1. 0.]

[@. ©. 8. 0. 0.71. 0. 0. 1. 1.]

[0. 0. 0. 0. 0. 0.80. 0. 1. 0.]

[B. 8. B. 0. 0. 8. 0.75. 0. 0.]

[0. 3. 0. 2. 6. 0. 1. 1.66. 0.]

[@0. 1. 8. 1. 0. 9. 0. 3. 2.72.1]

HIAE #ehof et =& 93.88038942976355%L|CH.

HUJ

>>> y=x_trainl[0,:].reshap=(8,8)

Fxx mport matplotlib.pvplot as plt

xx import pickle

2> plt.imshow(y, 'gray')

<matplot!|ib. image. AxesImage object at Ox0000071EE4AATOZEEBO=
>»> plt.show()




Maximum margin classification with support vector machines (chapter 3)
« Margin: the distance between the separating hyperplane (decision

boundary)
Margin
XZ A \\ : XZ
. \\ \ Decision boundary
\\ \\i-l— + + wix =0
SN, +
e N
o h ‘\+ + .
AN negative
o 4 RN hyperplane
ot \\“. > wix = -|
X7

Which hyperplane?

Support vectors

positive
W hyperplane

SVM:

Maximize the margin

Python
Machine
Learning

and Deep Learnir

Sebastian Raschka
& Vahid Mirjalili
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Solving nonlinear problems using a kernel SVM
« Easily kernelized to solve nonlinear classification problems
« Create a simple dataset that has the form of an XOR gate

v’ Separate samples using a linear hyperplane(?)

matplot!lib. pyplot plt
AU mEY ne
sk learn. svm Yo
matplotlib. colors

ne.random. seed(1)

¥_xor = np.random.randn{200, 2)

v_xor = np. logical_xor(¥_xor[:,

Woxor[:,
1, -1)

v_xor = np.where(v_xor,
plt. scatter(¥_xor[v_xor ==

c="k', marker="x",
label="1")

LigtedColormap

0] =0,
11 > 0)

1, 0],
A_wor[v_xor == 1, 1],

plt.scatter(¥_xor[v_xor == -1, 0],

W_wor [yv_xor == -1,
C:Irl‘l

marker="'s",
label="-1")

plt. xlimC[-3, 3])
plt.vlim([-3, 3]}
plt. legend( loc="best ")
plt . tight_lavout()

felt . savefial ' images/03_12 . pna', dei=300)

plt. show()

11,

X X . o
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X x % Xx p |:
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a = X g x ™ -
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plot_decision_regions(®, v, classifier, test_idx= , resolution=0.02):

#f setup marker generator and color map

markers = ('s', 'x', ‘o', """, 'v')

colors = ('red', 'blue', 'lightgreen', 'gray', 'cwvan')
cmap = ListedColormap{colors[: len{np. uniquelyi)])

# rplot the decision surface

x1_min, x1_max = ®[:, Ol .minC) — 1, [, 0] .max() + 1

xZ2_min, xZ_max = K[, 11.min() = 1, ®[:, 1] .max() + 1

xx1, xx2 = np.mesharid(ne.arangel(=l_min, =1_max, resolution),
np.arange(xzZ_min, xZ2_max, resolution))

classifier.predictine.arrav([xx1.ravel (), xx2.ravel(3]1).T]

Z.reshape(xx] . shape)

plt.contourfixxl, xx2, 7. alpha=0.3, cmap=cmap)

plt.xlimCxxl mint), xx1 . max{))

plt ovlim{xx2 . min(), xx2.max())

ide, cl enumerate(np. uniquely)):

plt. scatter(x=K¥ly == cl, 0],
v=rly == cl|, 11,
alpha=0.48,
c=colors[idx],
marker=markers[idx],
label=cl,
edgecolor="hblack"')

# highlight test samples
test_idx:
# plot all samples
W_test, v_test = W[test_idx, '], wvltest_idx]

plt. scatter(¥_test[:, 0],
A_test[:., 11,
c="",
edgecolor="black"',
alpha=1.0,

[ inewidth=1,
marker="o"',
£=100,
labe|="test ==t ']
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Solving nonlinear problems using a kernel SVM

Oyas) = (21, 20,2) = (21,20,27 + 23)



One of the most widely used kernels is the Radial Basis Function (RBF) or simply called the Gaussian Kernel
The term kernel can be interpreted as a similarity function between a pair of samples

LY |
X
X
X

kernel="linear’ vs kernel="rbf
0 1917 O 0
'A"(:rl“,xj'):exp('— L Aiial S0 T M O
sym = SYC{kernel='rbf', random_state=1, gamma=0.10, C=10.0) =
svm.Tit{¥_xor., v_xor)
plot_decizion_regions(¥_xor, w_xor,
classifier=svm) X
plt. legend( loc="upper left')
plt. tight_layvout()
#elt savefial ' images/03_14 . png', dei=300)
plt.show()
X X 5 % *E . - " n
1 ERE e 3 T A ? 4
. x x :x -".’x-.‘ o
"~ -‘_é‘:‘:%’&’g}& * ) .
e M Gamma can be understood as a cut-off parameter for the Gaussian
-1 -X ;S«X % .

sphere. If we increase the gamma value, we increase the influence or reach
of the training samples, which leads to a tighter and bumpier decision
boundary.



Apply an RBF kernel SVM to Iris flower dataset

sklearn datasets #*x[Oata Set Characteristics:==
iris=d§t§5ets.Ioad_iriS() ‘Number of Instances: 150 (50 in each of three classes)
print{iris. DESCR) ‘Mumber of Attributes: 4 numeric, predictive attributes and the class

CAttribute Information:
- zepal length in cm

i rangel 0, len(iris. data)): — zepal width in cm
printCi+l,iris.datalil,iris.target[i]) - petal length in cm
- petal width in cm
1 [5.13.51.40.2] 0 - class:
2 [4.93. 1.40.2]1 0 Ir!s Seto;a
3 [4.73.21.30.2] 0 - |r!S-V¢rs!chour
4 [4.63.11.580,2] 0 - lris=Yirginica
g Eg:d g:g 1:? g:i% 8 Coummary statistics:
? [4.5 3 I 4 1 ld [:I I 3] [:I e el ——— === === === === el ———————————
g Eg:q g:g }:3 8:%% 8 Min Max  Mean a0 Class Correlation
'ID [49 3‘] 15 D‘I] |:| —=—————————=—=——= =—=—=—= =—=—=—= =—=—=—=—=—=—= =—=—=—=—= o= =——=—=—=————=—===

cepal length: 4.3 7.9

sepal width: 2.0 4.4 3.05 0.43 -0.4194

petal length: 1.0 E.9 3.76 1.76 0.9490 Chigh!)
0.1 2.5

- - petal width: 1,20 0,76 0,9565 (high!])
139 [E. 3. 4.8 1.8] 2 D — o —m . S mm . m
140 [E.9 3.1 5.4 2.1] 2
141 [B.7 3.1 5.6 2.4] 2 Missing Attribute Yalues: MNone
142 [6.3 3.1 5.1 2.3] 2 ‘Class Distribution: 33.3% for each of 3 classes.
143 [5.8 2.7 5.1 1.3] 2 ‘Creator: B A, Fisher
144 [6.8 3.2 5.9 2.3] 2 ‘Donor: Michael Marshall (MARSHALLXPLUio.arc.nasa.gov)
145 [E.7 3.3 5.7 2.5] 2 ‘Date: July, 1988
146 [E.7 3. 5.2 2.3] 2
147 [E.3 2.5 5. 1.9] 2
143 [E.5 3. 5.2 2. ] 2
149 [6.2 3.4 5.4 2.3] 2
150 [5.9 3. 5.1 1.8] 2



Iris flower dataset

The famous Iris database, first used by Sir B A&, Fisher. The dataset is taken
from Fisher's paper. MNote that it's the same asz in RB, but not as in the UCI
Machine Learning Bepository, which has two wrong data points.

This is perhaps the best known database to be found in the

pattern recognition |iterature. Fisher's paper is a classic in the field and
iz referenced freguently to this dav. (See Duda & Hart, for example.) The
data set contains 3 classes of 50 instances each, where each class refers to a
tyvpe of iris plant. 0One class is linearly separable from the other 2. the
latter are MNOT linearly separable from each other.

i .‘—,- \?f :;‘ N
b/ (NS

8.

T2 3-2 irise| Ml 7IX| E5(RIZEE Setosa, Versicolor, Virginica)



Apply an RBF kernel SVM to Iris flower dataset

# In[34]: IRIS flower data

sk learn datazets
A MY e

liris = datasets. load_iris()
o= iris.datal:, [2., 3]]
W iris.target

sklearn.model_selection train_test_split

A_train, #_test, w_train, v_test = train_test_split(
W, v, test_size=0.3, random_state=1, stratify=v)

sklearn.preprocessing standardscaler

sc = StandardScaler()
sc.fit(¥_train)

AW_train_std = sc.transform(¥_train)
#W_test_std = sc.transformiX_test)

A_combined_std = np.vstack({({¥_train_std, ¥_test_std))
v_combined = np.hstack{{v_train, vw_test))



Apply an RBF kernel SVM to Iris flower dataset

Since we choose a relatively small value for gamma, the resulting decision boundary of the
RBF kernel SVM model will be relatively soft.

from sklearn.svm import SWC

svm = SYClkernel='rbf', random_state=1, gamma=0.2, C=1.0J 2
svm. fit{¥_train_std, v_train)

plot_decision_regions{¥_combined_std, v_combined,
classifier=svm, test_idx=range(105, 1507)

plt.xlabel('petal length [standardized]')

plt.vlabel( 'petal width [standardized] ')

plt. legend( loc="upper left')

plt.tight_lavout()

petal width [standardized]

felt . savefial "images/03_15 . png', dpi=300) 0 -
plt.show()
_1-
_2_

-2 -1 0 1
petal length [standardized]



Apply an RBF kernel SVM to lIris flower dataset

The decision boundary around the classes 0 and 1 is much tighter using a relatively large
value of gamma

m O
svm = s¥Clkernel='rbf', random_state=1, gamma=100.0, C=1.0) x 1
sym. Tit(¥_train_std, v_train) 24| o 2
plot_decision_regions{¥_combined_std, v_combined, P i
classifier=svm, test_idx=range(105, 150)) =
plt . xlabel( 'petal length [standardized] ') § 14
plt . vlabel( 'petal width [standardized] ') =
plt. legend( loc="upper left'] K
plt. tight_layout() =
folt . savefig( ' images/03_16.png', dpi=300) @
plt.show() g 2
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sk learn dataczets

sk learn S
sklearn.model_selection train_test_split
AUmEy np
# oo E 290 8 M HAE det=zz 22

digit=dataszets. Ioad_dlglts )
¥_train,x_test,v_train.v_test=train_test_split{digit.data.digit.target.train_size=0.6)

a=vwml E2EF XY SYCE =3
s=gvm, S¥C{gamma=0,001)
s. fit{x_train,v_train}

res=s.predict(x_test) target

§ == sz pEt y_test[i]
conf =npg. 2eros((1D 1077
| rangel len({res)):

conflres[il][v_test[i]l]+=1
print{conf)
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predict
# HEE =&ty 9 res[i]
no_correct=0
i rangel 107!
no_correct+=conf[i][i]

accuracy=no_correct/len(res)
print{"6BHA~E HEW CHEE == E", accuracy*100, "¥2LICH ")
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