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— BRI SR R 2 2] B A R B R
#1241 (hyperparameter)

— N ERAE N R AT R E W E N —H S
P58 (performance)

FRVEAL ALY ) FE 45 o

ik (loss)



— T ZAE NG s/ M BER KA BT R .

Y% (train)

87 FHZRACBR FE T B 2 R BB T i b — A o) SR B B3R

WA (fiv)

A8 FH 20 B 7020 — A WL 2 S SRR N B L.

s (data)

—HUEE

Hot

B S RMBEAE N, XA RA R REE R . IRMES 4 fit
A AT, BB EDHE— FIXL N: Angela  Bassa.

Teresa Borcuch. Justin Bozonier. Andre deBruin. Numa Dhamani. Dan
Friedman. Joel Grus. Sarah Guido. Bill Kambouroglou. Mat Kelcey.

Lizzie Kumar. Hilary Parker. Niti Paudyal. Sebastian Raschkaf/IShreya
Shankar.

PRABATFA N IRl B o

(1. A DAFRAR N NV R g, B st R KR NME 2 . +
192

[21PE#yE: WA FIRRNFEAR, A4S A B el ¥ observation PEAE “4f:

=,
H ox

il
BT


kindle:embed:0001?mime=image/jpg

A4

O'Reilly Media, Inc. 4144
I5a

1 [n & FFEREUA

1.1 flEE—A s
1.2 Gl — MR
1.3 fil g8 — A i 4 e
1.4 PP or

1.5 Bor— AR E M

1.11 B —AM5ERE

1.12 5 B Rk
1.13 54T %)=L
1.14 3k 0t F 2R T

1.15 TSR P 105




1.19 HHFE R ey

1.20 T 55 B [ 3

1.21 B

Sp ) =
2

21 I EEA R A
2.2 G B R4
2.3 hn#EkCcsv vt

2.4 IN#Excel 34

2.5 JN#RISON A4
2.6 TrifISQL A

/v‘/v‘3ia % %IIE

e

3.0 A

3.1 Al — AN H i
3.2 fR KR

3.3 Y 5 KA i

3.4 MR S APAE ] A PR 4T



3.5 Z (Y

3.6 H i 444

3.7 tP SR /M IR BRSPS R
3.8 Akt —1fH

3.9 AbFH R RAH

3.10 MEx—%1

3.11 MIE—A4T

3.12 ke B 47
3.13 X474t
3.14 F2 i} [A] B AT 40 2H
3.15 i [ — B R
3.16 Xt — 41 (] BT A T 25 3 FH HE A~ PR
3.17 Xt R A 20 W — A~ e
3.18 %4 L A H i
3.19 & I P i
AT RO A B




4.4 7 B 2 35 AT H A AE
4.5 SAE

4.6 1R 7 A

4.7 AP T wAE

4.8 B IE B UL

4.9 R 77 A=A 0 2

4.10 & 3y SRk

411 R RAE

A‘/«Si:‘ I‘ SN\ Sk

5.1 XInominal ! 73R4S AE S AT
5.2 X ordinal 7 Ak G 5
5.3 X RFAIE 7 ML G 5
5.4 IH 2R
5.5 A IR AT 75

H6EE AbH SR

6.0 fAj />
6.1 JEBE A
6.2 fif i HE HEHTML

6.3 B BRAT AL




6.4 SCAR 1]

6.5 R4 1196 (stop word)

6.6 HEHA T

6.7 PryEia

6.8 1 A G i B i 42 (Bag of Words)

6.9 2 HLiE] 1 s
75 kP H HA AT [A]

7.0 fir

7.1 R ASE:!
7.2 ALFHET X

7.3 1e i LA [A]

7.4 ¥ H HHEE ) 0 B 22 DM REE




8.2 (R 1%
8.3 I #E UG A
8.4 #FHT K&

8.5 g Ab B 14
8.6 B

8.7 HE Tt %t ELFE
8.8 Eifh /) B9
8.9 —
8.10 #£ LR &

8.11 1 Zks il

8.12 A A AS

8.13 ° 27 S QIR AL

8.14 {0 - 2 (B 4w it B (E

8.15 K 0 B 7 B 4w AR
w2525 | FE T B0 I A [

“\/ N S ”II:/IE &Q\



10.4 T2 55 45 2AT & A FE 2 B AT
10.5 BB IHFURFIETHER
1125 fEAYY
11.0 faj4>
11.1 &% XIS yF Ay
11.3 G —ASFL e 7 AR Y

11.4 Y745 — g4k
11.5 34 04 K B 1 R

=

11.7 4R 2s M ge it a] A1
11.8 PPAd [A] A Y
11.9 PFAd B2 Y

11.10 ﬁl $: == \) 33 o) T



PE12F AR IE

12.0 fiifr

12.1 734 e 1 i AR AR A
12.2 ii e A A Y
12.3 £ 2] ik e P A AR A
12.4 JHE Tkt i e R I RS
12.5 FH FEAT A DA 2 3 ¢

12.7 FER 3 P 5 A4 BE PR

137 2[R

13.0 FI
13.1 S — 26 EHE

13.3 L& AEZ Pk

13.4 38 I A>T %=

147 KRR AR




14.0 {4

14.1 V| 2R TR 2R 2%

14.3 T ARk Lk S5 bt A 711

14.4 N ZLFEN LR 2K 28
14.5 I ZEBE] ] A A AR

14.6 IR P BEHL AR B ERE
14.7 1 FEpE EE BEAERAE

14.8 Kb PR 5 2K

14.9 F ] e Tk bt [ AR

14.11 fHHLEAMEZE (Out-of-Bag Error) 1Al BT A
=Wl

155 KNN

15.0 fi4

15.1 8 21— AU #2248 1 i 28

15.2 g — P KNNZFr K28

15.3 i 5 F A P A0 o 4R 1 K/

15.4 B — PN TRREI 48 o oA
163 @i [

16.0 &4



16.1 JIlZE — Ju 72828

N o

16.2 Y ZLZ Jur 228
16.3 3@ 3F 1F A Sk sk 72N 75 2

16.4 ZE K EAEAE Fll 2K es

17.1 W& — DM es
17.2 % PR AL B 28 M N ] 0 [ %

17.3 THEL T o> 28 MR

17.5 ISR A5 45 1 45 2K

185 fhzE Uity

18.4 1% YEE PN AT 2R

$19% Bk

19.0 fE 4>



19.1 K-Means &2

19.2 Ji#HK-Means E 2

19.3 Meanshift 38 Ey
19.4 {3 FHDBSCANZ K Bk
19.5 =2 IRE T BRE

TF20E L X 2%

20.0 f&i 41

20.2 Wit — R 4%
20.3 MZ—A—JusrFKes
20.4 WZ—DZ jushKis
20.5 M Zx— A4
20.6 fH T

20.7 o] fiAk I 24

20.13 JHRE 125 W 25




20.17 SCAGK

215 A0 288 1 2 i HE) A
21.0 faifr

21.1 {RAEAL 0 iscikit-learntsi 7

21.2 0 nZkKerasts Y
KT1EH
fefee 4 37 L L ok
1 e, R EAIEZH
1.0 &4

NumPy & Python#Hl 28 5 ] F AR LAt . NumPygEXT ML a8 5= = 1 FH iY
B 45 1 nj & (vector) . HiP% (matrice) . K= (tensor) ——jif
TR EAE . NumPyHARA TR E LS, AL EERHPET i

B A TR PAEFEAT LA 2 > B AR P ] BE 2 1 1B 21 A NumPy
#AE,

1.1 GIEE— A=
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# L
import numPy as np

# BNy
vector row = np.array([1, 2, 3])

# Gl
vector column = np.array([[1],
[2],
[3]])
e
NumPy) = EE G M & 2 4R, BE0E— 1 mw, RFERPEHE)E
— AR R EARRL, XX, ATTREAKCF R (R
17) BREEEHL (WELES) R,
JEAR [37] 3¢
e Vectors (Math Is Fun/™ %, http://bitly/2FB5q1v)

o WK)LEAMR M= (4EF ARl http://bit.ly/2FmRoL)

1.2 Gl g — MR

[F] i i 3R

A — MR

fir Ry %

f FINumPy 813 — > —4E %A -



# IndEE
import numPy as np

# O~k

matrix = np.array([[1, 21,
[L: 21,
[1, 2]])

it

A LUE TS G — N NumPy e84 R G & — DR . 7E LRy %
T, BATHREREA =475 (—FIEesRE L, —A#GE2) .

SePr b, NumPy#2 43 1L F RO 45 MR R i F -

matrix object = np.mat([[1, 2],
[1, 2],
[1, 2]1)

matrix([[1, 21,
[1, 2],
[1, 211}

B2, WA HERE R . AADERE, —Rbr A
FNumPy PR AEE R 45, — 48K 2 B NumPy #: /% [B] (1) 2 2 2 1 A
e FEFEXT R

S AR 5] 132

o fEfE (4EFL AL, hitp://bitly/2Ftmevp)

o Jifi# (Wolfram MathWorld, http://bit.ly/2Fut71J)

1.3 Gl 43 — A i i R0 B
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# A
import numpy as np
from scipy import sparse

# Ol AR

matrix = np.array([[0, O],
[0, 1],
[3, 01])

# GlE—A-E4EAYFHfT (Compressed Sparse Row, CSR) #Hil%
matrix sparse = sparse.csr matrix(matrix)

it

fENLER 2, B K HH AP R o R AR TR OURE
Wo 2T, BRI, Soua2Netflix LR R, 1708
seNetflix B A P, FERE o s FEAGERRT TR R S P B
JUR e EANFEFERS A T P LR E AT (Bl R2H00
HEL—#n s, U RZHOuRNELE.

MR R A ORAF AR F IO R TR BRI R e R FE AR %, XFFRETT A KR
RITHSR A . fE B oy S, AT 173 A EZE A NumPy
BH, IRJeR AW e . IR ER XA MGERE, HihE
I HAH A HAR T EPARAT PR T



# AR
print(matrix sparse)

1, 1) 3
(2, 0) 8

MR R AR Z . LA RIMEI1T (CSR) FEFEH, (1,1)H1(2,0)
fEH N As CRAREI% 5 MOTFaGEEE ) 705l RonAFFE1M3. a0, Jo
UL TR R S AT AEE 1. an SR AN — AN SRR, I A
ﬁi?%%%#gﬁ%,%ZE%@%@%%,%%ﬁ@%ﬁ%ﬁ%%

# GIE 4 RH R
matrix_large = np.array([

! ! ! r r r

(0, 0, 6, 6, 0, 0,0, 6,0, 0]
e, 1, 0, 0,0,0,0, 0,0, 0]
[3, 8, 8,0, 8, 6,9, §.0, 8

!

! ! r

]
! r r r ! ! ])

# GIIEE CSR
matrix large sparse = sparse.csr matrix(matrix large)

# AR R
print(matrix_sparse)

# BB K i
print(matrix large sparse)

n ERrs, RE SRR ERXAERRGERE I TIRZAEF R, (HE'E
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A DU B AR FE R R

RIS, FREAERERRIEIRZ, i, E4MMeisl. RPRU%
S XS A S o X AR R B B SR T S B X A T AR IYE (R
EAFEERS, MMEETER MBS, B2 ERTEA
E%ZXE@, 1M HATE AT A 5t Nk S A S B A i AR P 2 AR A L 22
JE AR 3] 3¢

o SciPy X #Y4: FiEnAk4 Chttp://bit.ly/2HReBZR)

o (A AR FERI101Fh 720 Chttp://bit.ly/2HS43cD)

1.4 i7E £ 1
i L
1E ) i B e TP — A T
iR v 5

i I NumPy (1) B KA DR A 1] e AR ] 2 -



# mEE
import numpy as np

# Gl T
vector = np.array([1, 2, 3, 4, 5, 6])

# GlEERE

matrix = np.array([[1, 2, 3],
[4: 5 Bl
(7, 8, 9]])

# EERENE = rE
vector[2]

3

#EFER AR S

matrix[1,1]
5
it
i IFPythont Y K& By —FE, NumPy$UAAL 22 31 55 A2 MOTFAS

1, XEWRERE—DITTRE TR0 AL, t4h, NumPyid$ft /1)
2 T ORI BT W B i) — 4 e (BIRSIATIAD



# RN T
vector(:]

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

# EHUA O FFIA—E 3 3 (B 34 T
vector[:3]

array([1, 2, 3])

# LR 3R 2 A T
vector([3:]

array([4, 5, 6])

# iR c#E
vector[-1]

6

# EHUEERSE 1 AT 2 frLA R A A
matrix[:2,:]

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

# ERRAE LU E
matrix[:,1:2]

array([[2],
[5],
[8]1)



1.5 Bor—>

) 4 2
JER—AREFERIR . R/NIZERL .
[ PTES

{8 Fishape. sizeMlIndim &%

# N

import numpy as np

# OISR
matrix = np.array([[1, 2, 3, 4],
5, B 7; 81,
[9, 18, 11, 12]])

# AT
matrix.shape
(3, 4)

# TFoCEECE (Frll = 7150
matrix.size

12

# ERBN
matrix.ndim

2

e



HIRIX PR RORIR R (RSt iXFe) , HEAEM T BitHE
AT BRAE AN AR 2 )5, ] A o — M B 2H A IR AT R N AR A E Y

1.6 X 22 /> or 2= [6] i) v FH FE A $AE

[P
X — MR T 2 AN o ER RN N 3N R 2
RIS
{8 FHNumPyJvecotrize:
# gt

import numpy as np

# Q-4

matrix = np.array([[1, 2, 3],
[4, 5, 6],
[7, 8, 9]])

# QIE—TERE, REEAL N 100 LUGHE
add 100 = lambda i: 1 + 160

# QIEA bR
vectorized add 100 = np.vectorize(add 100)

# FHRREAAT A TCE R R A
vectorized add 100(matrix)

array([[101, 102, 103],
(1064, 105, 106],
(107, 108, 109]])



it

NumPy¥jvectorize K — A AL Bl o — AN i3, XA RREREHE A
AR FAE B A e R B — M) b EREE R, vectorizeZs
i ERAER A TR A PAT AR, T DURA IR T RE . 4P,
f I NumPy 1202, AT AR AN 4E FE A R B AT 3 GX 2 —
FROUVETFEI 515D o« B, 0T Lok i s T %
(broadcasting) J&, FRATTHIME R TT ST fa] A

# FRrEMIcE L 100
matrix + 100

array([[101, 102, 103],
[104, 105, 106],
[107, 108, 109]])

1.7 e 5] b J A A /)
SR
S Lo SN YN
%

{8 FHNumPy Hmax Al min /7 7%



# hn#iA:
import numpy as np

# QAR

matrix = np.array([[1, 2, 3],
[4, 5, &1,
[7, 8; 911)

# IR AR RYTT S
np.max(matrix)

9

# R B MICE
np.min{matrix)

1
e
R— N B — MR T H o R W s MR R /ME 2 R L 77
3K, A HmaxMmin HVEIR A 55 S8, 14H FH axisZ H | A] DL — N4 e
A A& A i 5 P I A

# B —FIEAATE
np.max(matrix, axis=0)

array([7, 8, 9])

# Pt rRANICE
np.max(matrix, axis=1l)

array([3, 6, 9])



1.8 tHE~FINME . T bR

il B i
PR — SR e
T R

{f | NumPyJmean. varfllstd:

# I
import numpy as np

# Gl

matrix = np.array([[1, 2, 3],
[4, 5 615
(7, 8, 9]1)

# REIFE
np.mean(matrix)

5.0
# R
np.var(matrix)
6.666666666666667

# iR bRt 22
np.std(matrix)

2.5819888974716112
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HU A F AL F max Mmin—#F,  FATRA 5 5] LATHSE H AN R R sl
— AR A R PR e THE

# KE—ylarEia

np.mean(matrix, axis=0)

array([ 4., 5., 6.])

AQN

1.9 ora
7] R
FEABRTTRMEMFIR T, S MR T8I .
fit T &
18 FFNumPy fJreshape:

#
import numpy as np

# GIE—1~4 x 3y

matrix = np.array([[1, 2, 3],
[4; 5; 6],
T, B, 9],
[16, 11, 12]])

# FZMEMEETE S 2 x 6 AUHERE
matrix.reshape(2, ©)

array([[ 1, 2, 3, 4, 5, 6],
[ 7, 8, 9, 10, 11, 12]1])

it



reshape iJ PLEE G — P,  4E47 28] IFOR IV EHE AR, R BCR A7 i
S ME— BRI AE JR R P AR AR B 0 35 (s R BCE L U [R]) (L
e X/AMHIED o A PUE TS size KA H H R KD

matrix.size

12
reshapefefE A — M AEE A NS HUE-1, Fomn] LR =5 278 T

?é , FIrllreshape(-1, DERERMEAATEGEL, TWAEEE 7 B IR

matrix.reshape(l, -1)

arrayill ¥, 2, 3, 4, 5, 6, T, B, 9, 18, 11, 1211}

wfa, MR R NBEANENSE, A Areshape ik Bl — MK V1%
BAME R — AL

matrix.reshape(12)

arrayil 1; 2,3, 4 5, 6, T, 8, 9, 18;. 11, 12])

1.10 %% & [n] & 550 [
i R ik
te /R
[ SIE

5 FHT 5%



# I
import numpy as np

# flE—-

matrix = np.array([[1, 2, 3],
[4.-5; Bl
[7, 8, 9]1)

# OEEE R

matrix.T

array([[1, 4, 7],
[2; 5, 81
[3, 6, 9]])

it
B AR IR IR, SR TE R0 5 PRI,

FELMARBCE RSN — B ZA: Rk R R AR A
11, PIOvERZENEE.

# PR
np.array([1, 2, 3, 4, 5, 6]).T

arrayi([l, 2, 3. 4..5, 6])

FeE R EIEE IR ITRER IOV R E GERH2NET) , 5
S ) 45 -



# BB
np-arra?’“[l: 2! 3: 4: 51' 6]])-T

array([[1],

[

[2] L

[3] L

[4] I

[5],

[6]1)

1.11 B — A 5E
i) 8 i IR
- HE R 4 Bl — S — 4E S 2 .
T &
1 F{ flatten:
# InE

import numpy as np

# Qlg— R

matrix = np.array([[1, 2, 3],
[4; 5 6];
[7: 8 9]])

# FHEIPE R

matrix.flatten()

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



it

flatten & 4 i B 40 il — B2 I — M T B 7 45 . 9 — M7 2 {8 A
reshape Kl & — M7 A &::

matrix.reshape(l, -1)

array([[1, 2, 3, 4, 5, 6, 7, 8, 911}

112 5 ~
o
P AN IR
T

5 F NumPy ' 1 26 AL B 7 ¥ matrix_rank:

# I
import numpy as np

# oI

matrix = np.array([[1, 1, 1],
EL. 1 200,
EL; 1 A5]1)

# IR [l R
np.linalg.matrix rank(matrix)

2

b



T B PR A2 BB A B AT R T I ) & 2 R 4620, 2 5 A NumPy 1]
matrix_rank, 115 —/NFERRR A B8 a0k R

S AF ] 52

o (JEMERIRLY (CliffsNotes http://bit.ly/2HUzkMs)

1.13 t+E AT A5

] A A
THE—NEREAT A
R TT
55 I NumPy [ 26 1 ACE 7 V2 det::
# hn#EE
import numpy as np
# OE—1-HPF
matrix = np.array([[1, 2, 3],
2, & 6],
[3, 8, 9]])
# R BRI A T
np.linalg.det(matrix)
0.0
i

A R AT 2R RE I, {8 NumPy ) det BEAR & 7 Hh i 5
MFERIAT 515

S AFf ] 52



o (LRVEMBMAR) , HEEATSI
A (3BluelBrown,http://bit.ly/2FA6ToM )

e 17417\ (Wolfram MathWorld,http://bit.ly/2FxSUzC)

1.14 3% I 26 T
7] R IR
SRIUHERR 6 R Ie K
il ik TT 5
f#f i diagonal:
# g

import numpy as np

# g

matrix = np.array([[1l, 2, 3],
[2, 4, 6],
[3, 8, 811

# R [alH gk
matrix.diagonal()

array([1, 4, 9])
i

fi FINumPy ) diagonal 1R 7% 53 sk U PR XS A 2k ouzs . FRA1Tid m] LA
offsetZZHUE X MLLR) L N WAe, SREURES 5 XS M 207 [H T = -



# R ek B Rh 1A fkorE

matrix.diagonal (offset=1)
array([2, 6])

# MR R fLkie MmEE R 1 AT ALk T S
matrix.diagonal (offset=-1)

array([2, 8])

1.15 i+ 50 B 1 7%

7] R IR
THE AN ERE L
R T5 %
f# F trace:

# ik



import numpy as np

# Qb

matrix = np.array([[1, 2, 3],
[2, 4, 6],
[3, 8, 9]]),

# R [l SRR
matrix.trace()

14
it
SRRSO e 2 A0, BN B 1T RO T

25 7€ —/MNumPy I Z 4EE A, A Hracel e THA & R . FRATTIE T LA
AR T 51 5 [ R A )% A 28 e 2R P R SRORT B9 07 AR T SRERE B g

sum(matrix.diagonalf())

14

AR 58] 152
o (JTFEMIEEY  Chttp:/bit.ly/2FunM45)

A}

1.16 i+ 5%

) B
AN 7 AL RO o B
e %



1% FHNumPy [f/linalg.eig:

# I
import numpy as np

# QlF— R

matrix = np.array([[1, -1, 3],
i 1615
[3: & 911}

# AL AL &
eigenvalues, eigenvectors = np.linalg.eig(matrix)

# AR
eigenvalues

array([ 13.55075847, 0.74003145, -3.29078992])

# AT
eigenvectors

array([[-0.17622017, -0.96677403, -0.53373322],

[-0.435951 , 0.2053623 , -0.64324848],

[-0.88254925, 0.15223105, 0.54896288]])
it
ENE = FES, FEm s 2. WE FoRUL, R4
P AR FEARE N T, D024 5 F e 28 A He sy, Ak 1m) B8 R 22k
BRAN (ANHZBTF WD o BRI R

Av = Av

AFETTFE, MNRFIEME, vRHEFE. ENumPy 2 AR T AL,



eig AETH 5 AR AT B AR RS AR ANURFAE 17

SR 5 12

o 'RFIE ) T ANRFEE 1 TR AL RS (Setosa.io,http://bit.ly/2Hb32LV)

o (AMARBBIARTY H10Z ik [ = ARFIE
{&” (3BluelBrown,http://bit. ly/2HeGppK)

1.17 11

I R

7] L
THEL A ) & Y S
(IVYIES

i FINumPy ] dot:

# R
import numpy as np

# QIR )
vector a = np.array([1,2,3])
vector b = np.array([4,5,6])

# W AR
np.dot(vector a, vector b)

32
it

) Fra b ) A E XU F



2 ab,

fa i1

a ; selEafFEiNIuER. 7 LMEHNumPyfdok it H SR, BiE7E
Python 3.5V4_E FIRRAS RS T E R @

# AR
vector a @ vector b

32
S AR 5] 152
o [ S A EKE (Khan Academy,http:/bit.ly/2FrOAUe)

e i f1 (Paul's Online Math Notes,http://bit.ly/2HgZHLp)

[PIER B

6 A A R A T BB DR

fB iR %

{8 F{NumPy HJadd Ml subtract:

# i

import numpy as np



# Gl
matrix a = np.array([[1, 1, 1],

L 1, 1],
(1, 1, 2]])
# Al R — -
matrix b = np.array([[1, 3, 1],
[z 35 1]
[1, 3, 81])

# A5 AR
np.add(matrix a, matrix b)

array([[ 2, 4, 2],
[ 2, 4, 21,
[2, 4, 10]])

# I IEREAR

np.subtract(matrix a, matrix b)

array([[ 0, -2, 0],
[ E'r '21' B]!
[0, -2, -6]])

e

3 AT LA fia] B b A P <+ R AR AR5 R S IR B 180 R M R Dk«

# A R AR
matrix a + matrix b

[ 2, 4, 2],
[ 2, 4, 2],



1.19 ] €5
7] R iR
K PN R AH IR
R TT %
1 FNumPy[¥]dot:

# ndk e
import numpy as np

# G HkE
matrix a = np.array([[1, 1],
[1, 2]1])

# G5~
matrix b = np.array([[1, 3],

L. 211}

# PR AR
np.dot(matrix a, matrix b)

array([[2, 5],
[3, 711)

it

& R] LLAEPython 3.5 A B HRRAS 8 ] “ @73/ F 177 -



# R/ HERE AR
matrix a @ matrix b

array([[2, 51,
[3, 711)

RORARE P ERE X B e AR, IFREMEM " IR

# 1A RS R T E A TR

matrix a * matrix b

array([[1, 3],

[1, 4]1)
juiinfes
o BB Evs. JFHPEEEVE (MathWorks,http://bit.ly/2FtpXVr)
1.20 it ghu
7] R iR
TR — N ITRE R
(S

i FINumPy B 2k PEAREUT Vinv:



# InE

import numpy as np
# QIR
matrix = np.array([[1, 4],

[2, 511)

# AR
np.linalg.inv(matrix)

array([[-1.66666667, 1.33333333],
[ 0.66666667, -0.33333333]])

(a7
& TT e AR 5 — M EREA T,
AAT=1
DE AR . dnRA L AFAE, AT LA I NumPy flinalg.invK it 5. N

Tiﬁﬂ%z%, R PURE—ANMERFATE R RS, ZER &2 AR
e

# FHEMRIrERN AR

matrix @ np.linalg.inv(matrix)

array([[ 1., 0.1,
[ 0., 1.1])

JEAR [52] 132
o JH[EIIY Chttp://bit.ly/2FzfOBS)

1.21 AL IR

[F] L 3



Az e — ey BEH LS
RV

% F{ NumPy [#Jrandom:

# Nk
import numpy as np

# U EPEY LT
np.random.seed(0)

# AR 340,08 1.0 ZialIREHLE S A
np.random. random(3)

array([ ©.5488135 , 0.71518937, 0.60276338])

it

NumPy et £ RBENLE I K E T, X IR AR 7 AT
VO FATRIMR R TS S AL R R R, (LS RO

# fEn 3 4~ 13 10 ZIn kLR
np.random.randint(0, 11, 3)

array([3, 7, 9])

i m] LA — A5 A b BEAT L B — SR HORZE BB L2



# MWES(ER 0.0 HArEZEE 1.0 (ES i 3 1~
np.random.normal (0.0, 1.0, 3)

array([-1.42232584, 1.52006949, -0.29139398])

# WEYERE 0.0 B 1.0 1Y Logistic 4 3 /M4
np.random. logistic(0.0, 1.0, 3)

array([-0,98118713, -0.08939902, 1.46416405])

# MKTEFT 1.0 3 H/hT 2.0 BERE P 3 4~
np.random.uniform(1.0, 2.0, 3)

array([ 1.47997717, 1.3927848 , 1.83607876])

i, 2GR B[R] BEA LSO TR CAT S0, ] 543 [ 25 SR 2 R H
(1o A RAT B 22 UGR[0l [FFE A BEALEL,  w] DL B O BEALAL A il ) < Fef
T2 CARED o WRARE IR T RENLEL A A R <R
FEFP A RAIRERI S R X Rl HIE 2T ATS,  ArbAH

F <M AES Fr AL BEALEL, 5 eI IR F e 3847 I 7 A2 ) B

WL A R
Sofer y 2 S oL
552 1A

/5

2.0 fi I

REW RWlas= 2], FH— D RE RS dE s 24t . R IG5k
JEnl R H E X BIRE T E BT E. Lo, M AURSREEE
WARH Wo AZURAE ] MAF IR (CBEFECSV I RISQLEE ) N
B, RN WA U A AT & /R R BT B ie Bl i o vE . RE
fEPython & R AR 2 & 1757k, (EA 235 HE ¥ H pandas
JEE ) — S T v R N # AN S B, FF45% F scikit-learn  (Python ™ i) — AN
VRN ZS 22 S D) SRAE R B8 o

A




2.1 hn# e AR F P4
i B R
B ELA fRE A S
R IT %

scikit-learn I E | K &= WAAT B0dE G2 T AHEE A -

# I scikit-learn fifdiEE
from sklearn import datasets

# AT 5HFEARE
digits = datasets.load digits()

# AR

features = digits.data

# fllg B brie &
target = digits.target

# BAE AR

features[0]
affafil Bx B Bes By Tew L B By
15 I8 15 5 v B Ay L0y
By e By S B By By By
5 B B B ¢ Bay W B
loe Bw Ta  Big A R R
., o, 0., 6., 13., 10., 0., 0.,

= 0 MO

18.,
0.1)

il &
12;

[ B e I e |

13,
11.

= o oo



it

TER T AL B 28 S ByE B JrvERy,  KE 0 NARAS IR = R s [a) 4878 i
B FHe WETE ML S TE TS R M B R E L. SEIEAE, scikit-learn
TE 7 —EIRE 5 N WA . IXEE IR WA A Dt B

(toy) s, BUAEHIHLEscH PR EE/NMIZ . TEE52.
scikit-learn 1 FE BRAT I Dt A A4 -

load_boston

@%SOBA&ifﬁﬁ}ﬂ MAWEE . XA AT TR A SR R0
T

load_iris
?%150/\@:?)?7“5’]%”?15 e — MNHT L R BRI 5 2
i

load_digits

WE1797 N FER TR A FIMEE .. X2 H TR R K5 ER
e B 2E

JE AR 3] 3¢
o scikit-learn Bt L& 4 (http://bit.ly/2HS6Dzq)

o FEHTHIESE (http:/bitly/2mNSEBZ)

2.2 il g H A
i ik
e R — AN B
Y

scikit-learn$2 fit 718 Z G BRI LN k. HHHE =" FAERE
o tnS & ZRH— MG B AR R ML 4 [F1H, make_regressionsg —*



AN )

# IaE
from sklearn.datasets import make regression

# AR, s BLARBE 2%

features, target, coefficients = make regression(n samples = 100,
n features = 3,
n_informative = 3,
n targets = 1,
noise = 0.0,
coef = True,
random state = 1)

# ETHIEREER E bl
print('Feature Matrix\n', features[:3])
print('Target Vector\n', target[:3])

Feature Matrix

[[ 1.29322588 -0.61736206 -0.11044703]
[-2.793085  0.36633201 1.93752881]

[ 0.80186103 -0.18656977 0.0465673 ]]
Target Vector

[-10.37865986 25.5124503  19.67705609]

AR ZLAE — M BRSOk 2], AT LA Flmake_classification:



# InEE
from sklearn.datasets import make classification

# A IR E b i

features, target = make classification(n samples = 100,
n features = 3,
n informative = 3,
n redundant = 0,

n classes = 2,
weights = [.25, .75],
random state = 1)

# AL AR H fie)
print('Feature Matrix\n', features[:3])
print('Target Vector\n', target[:3])

Feature Matrix
[[ 1.06354768 -1.42632219 1.02163151]
[ ©.23156977 1.49535261 0.33251578]
[ ©.15972951 0.83533515 -0.40869554] ]
Target Vector
[10 0]

e, WRRREE — /N E A MRS R B PE 4L, scikit-learnf& it T
make_blobs:



# i
from sklearn.datasets import make blobs

# M BCRFAE AR el

features, target = make blobs(n samples = 100,
n features = 2,
centers = 3,
cluster std = 0.5,
shuffle = True,
random state = 1)

# A ESFAFENER H Rl
print('Feature Matrix\n', features[:3])
print('Target Vector\n', target[:3])

Feature Matrix
[[ -1.22685609 3.25572052]
[ -9.57463218 -4.38310652]
[-10.71976941 -4.20558148]]
Target Vector
[011]

it

M IR TT ZEBEE F), make_regressioni [B]— AN w5 B IE R B AT
—MNEFEHE PR E, Mmake classificationfllmake blobsi& [A] ft] & —
AN BB RHERE R A — MR 0 SR 1B H AR FE RS .

scikit-learn 1] /5 F AP LA 1 1R 22 3% 10 D% 1] fr A B s 2 2
scift-lje;niﬁ'lﬁﬁﬁ B2 A RN, H2E ) INSHESEEX
B ) A

fEmake_regressionflimake_classificationf, n_informativefffise 1 F T4
% B R a)E FRE R EE . W n._informative FRE EE oL IR AR 2L
(n_features) /)N, WA HIEE RS B & 2 RAVFHE, XELEFER] L@



LRI £ B AR oK o

4, make_classificationfd & | —/MweightsZ %, 7] LA & 4 A
B AR EE . BT, WRIRAT B weights = [.25, .75], AA4E
B EIRE S, 25% I EE R T3 — 102K, 75% M MEEE T35 —
Mok,

X T make_blobs>Kijt, centersZ#hiE | EAKEZ DRI A
matplotlib ] #0416 ZE, GEFmake_blobsA: il i SRS MAL M B 7R Hi Sk, 4
TERs.

# D
import matplotlib.pyplot as plt

# HAEULE
plt.scatter(features[:,0], features[:,1], c=target)
plt.show()




AR 58] 152
e make_regressionff] 344 Chttp://bit.ly/2FtIBwo)
e make_classification/) 3C#4 Chttp://bit.ly/2FtIKzW )

e make_blobsf] (Y Chttp://bit.ly/2FgKMAZ)

2.3 %k CSV A

7] LA ik

3

gk LLiES 43R AF (Comma-Separated Values,CSV) [ 344
RIS
{87 F pandas % fJread_csvR N — > 7S Hh B0z I () CS VS A

# e
import pandas as pd

# 1 URL
url = "https://tinyurl.com/simulated data’

# R e
dataframe = pd.read csv(url)

# AR TR
dataframe.head(2)

integer datetime category
@ 5 2015-01-01 00:00:00 0
1 5 2015-01-01 00:00:01 0

b



FEINECSVICAFRS, AP EEATE R 56—, TEMECEE A bR )
W N A ERRA, X TRFES 1 RS 45 R DL AE N4
PR R E R B A S B, read_csvi ST T304, FILE
Eae HURTRSE. Eialg, S EOH 2 FPRAEEAE
MICSVAS 1. 284N, SREXCS VST I B AT — M i

HME = g T rbaf (Flan, wRea —1r &2,

2&15_&1_@1 AO-00-00" rE}) , (HZXTTCSV
AU, A AR R E A AR E W, | ZR AT, pandas
HisepZEn] LA B SR E A48T . CSVIXHE— A — Al & BA% =
CRARBEGISN) - X AT e s gLk (i, s
ZH Hinteger. datetime. category) . headerZ#( 7] LLT5 i€ & IR AFAEEL
Pk X—ATUL R EMAE . WRKERX—1T, NFHERE
header=None.

2.4 M#Excel LAY
7] 78 F i
I#E— M Excel BHE % .
fi T %

1 Fipandas % ffread_excel >R IN#,— N Excel £ 2 -



# I
import pandas as pd

# @81 URL
url = 'https://tinyurl.com/simulated excel’

# g
dataframe = pd.read excel(url, sheetname=0, header=1)

# ERAWMIT
dataframe.head(2)

5 2015-01-01 0co0:00:00 O
0 5 2015-01-01 00:00:01 O
1 ] 2015-01-01 00:00:02 O

e

XA TT ZINECSV A IR TT AR, FEWXAETZ T
—~Z%fsheetname, ‘B F5 € 7EINEEXxcel AR Znam— ik £l % .
sheetname F] LA AL S E R R L F /78, W] LU IB M EdE K o7
fEMEY ONFEGEHS)  RTFEINEZ wEIER, DT Er]
JBAE— IR R —gE B . B, sheetnameZ[E. ,1,2, " Monthly Sales

" 1R [Bl—AMME Apandas  DataFrameZRH )7 #, ZF A E T —
5k 28 5K, 3F =9k PL A 44 AMonthly SalesH)E#E 2%

2.5 (JSON &
R
A — AN ISON S KA FAL B
(RS



pandas/EHefit ['read_json, ] LAFISONTLAH 54 Apandasi 4 :

# s
import pandas as pd

# {ilg—4~ URL
url = 'https://tinyurl.com/simulated json'

# IR
dataframe = pd.read json(url, orient='columns')

# EERRITEER
dataframe.head(2)

category

datetime

integer

0

0

2015-01-01 00:00:00
B

1

0

2015-01-01 00:00:01
5

it

B ISON I AFn#k BllpandasH, XX ATHT P 15 A B A 7] AR AL . SCBEE R [X
WAETForientZ %, ‘©5VF I pandas JSONCAFMI&EH) e ARER . (HiE
ISR E AL B 5ISONLE ) L4 0 W 2 40{d (split. records. index.
columnsfllvalues) , B REFE EAL Ll [a) RS . pandasih it | —
NA FHH) L Hjson_normalize, ‘& Re¥s 45 M40 I JSONEHE 7 N

pandasf#JDataFrameZS 7 ,



S e 2] 52

e json_normalize) 34 Chttp://bit.ly/2HQqwaa)

2.6 71l SQLAHE FE
g o
fFR 4B HE S (Structured Query Language,SQL) M EdE FE A
B -
fiE R T S
Iﬁndas [*Jread_sql_queryREEEHE 2 HH AT — AN SQL A WG 1) I N2 45

# InaifE
import pandas as pd
from sqlalchemy import create engine

# Gl — BB
database connection = create engine('sqlite:///sample.db')

# Mk dE
dataframe = pd.read sql query('SELECT * FROM data', database connection)

# BRI
dataframe.head(2)

first_ name last name age preTestScore postTestScore
0 Jason Miller 2 4 25
1 Molly Jacobson 52 24 %

B

FEARFER, KA HRIER A BRI =P HERZH. SQLE



M R IR R R E IR S . R =, JATE A
create_engine% N T —3ISQLite B FE 5| B &R, A5 H pandas ]
read_sql_queryilid SQLIER) &M A, FHH¥ 45 RAF N —DataFrame
W

SQLE— My iEs, MeritwlBE 7T ABKIEHE, HL e EE
GREZIPLERZEINIEN T . AT AL BT H FSQLE 115 )
(SELECT * FROM data) , #5if] /¥ % IFiR [0l dataZe FA T A %)
k)

S i ] 52
e SQLite Chttps://www.sglite.org)

e W3Schools SQL#(#2 (https://www.w3schools.com/sql)

Ay . 4L

3 A I
3.0 fA /1

“Fim e (data wrangling) s —/ME) A H IR, &% H TR
SRR e S 1 . A G A I R . T 3RATi
5, SR R iETeE A — P, HER— P EENDE,

EBHD IR, W MBI EM L PN (data frame) , EBEEN
MR BHEmig 2R, Wi, MEIRELRIERFE DM
Pa—F, BHEWUE AT YRR R EIE . FHsgE— P MHEREE WS
e 25 I A A1) 4 1) 40 o




# Indy:
import pandas as pd

# {7 URL
url = "https://tinyurl.com/titanic-csv'

# SRR B I

dataframe = pd.read csv(url)

# BE[S 8
dataframe.head(5)

Name PClass Age  Sex Survived SexCode
0 Allen, Miss Elisabeth Walton st  29.00 female 1 1
1 Allison, Miss Helen Loraine 1st 2.00 female 0 1
2 Allison, Mr Hudson Joshua Creighton st  30.00 male @ 0
3 Allison, Mrs Hudson JC(Bessie waldo Daniels) 1st  25.00 female @ 1
4 Allison, Master Hudson Trevor Ist  0.92 mle 1 0

FERXA i = EE NS TR 2R

F—, E—NEIEWiT, BATE N —NWEE (B, —ffk
B, B—AEEN N —MFE (MR RS o B3, B EE
BN WELE 4], Elisabeth Walton Allen/NHEAAELEEAE, 24429
%, TERMEHRIE T K.

F, B—¥E—NEEEL (B, Name. PClass. Age) , B—17H
—ANRG (B, XALEEHElisabeth  Walton  Allen/MNHMI R 5|52
0) o IXULEHE e Tk 5 S S E S 1k

%=, SexASexCodeiX W41 I KA FIIRIEN, H2EE T FH

FERIE R . fESexFll, Lot 747 i femaledk 7, M #ESexCodesl]H,

i‘%ﬁﬁ%%ﬂi@%o I RAEAL P RRF L AR R ME— 1, 75 EMHERIX S 41)
4.



fAEY, Oy 1Al HAGE RSB DLt N ORI TUAC
Z Y, A= Fpandas)Z, 2 AS [|] 17 V5 R SR A R Hcdt ot o

3.1 Gl — % i

7] L IR
A N R R ot
it T 5

fEpandasH H 1R 2 775 R LLGIEE —ANEr R ER WO 5. — AN vk
5&, ¥ FDataFramefl!) g — A~ 2= Z s it 4351 w8 iR — 71

# i
import pandas as pd

# GIHHERE T
dataframe = pd.DataFrame()

# i

dataframe[ 'Name'] = ['Jacky Jackson', 'Steven Stevenson']
dataframe['Age'] = [38, 25]

dataframe['Driver'] = [True, False]

# EHRAR
dataframe

Name Age Driver

0 Jacky Jackson 38 True

1 Steven Stevenson 25 False

o, B SE RO R5,  AEH RS I 1 B 17



# QlE—{7
new person = pd.Series(['Molly Mooney', 4@, True], index=['Name','Age','Driver'])

# [iHn—ir
dataframe.append(new person, ignore index=True)

Name Age Driver

0 Jacky Jackson 38  True
1 Steven Stevenson 25  False
2 Molly Mooney 40  True

it
£k pandastiL it 1 THOTIOROIEBURL, (AR, Qi
AZEHIBCRI 98 T BUEBUR O LP A S R . MR, A

F%Mﬁﬁﬁ%%(%m,—4mwi#ﬁﬁﬁﬁ>mﬁiﬁ%@@ﬁ
I 1l

3.2 fik s
il R
AR W — L b
LVES

Eg%ﬁﬁﬁZE,ﬁﬁ%ﬁ%%ﬁ%%%Z—ﬁ%ﬁ%mmﬁﬁﬁﬂ
(REC/oE



# e

import pandas as pd

# @I URL
url = "https://tinyurl.com/titanic-csv'

# i
dataframe = pd.read csv(url)

# AR RAATEAR
dataframe,head(2)

Name PClass Age Sex Survived SexCode
@ Allen, Miss Elisabeth Walton 1st 29.0 female 1 1
1 Allison, Miss Helen Loraine 1st 2.0 female 0 1

Bl IEF AT A AR

# TEHH

dataframe.shape

(1313, B)

o, B n] LUE H describe K sk UE AT EUE Y A1) (R Fi ik P S it &



# A Mgt
dataframe.describe()

Age Survived SexCode
count 756.000000 1313.000000 1313.000000
mean 30.397989  0.342727 0.351866
std  14.259049  0.474802 0.477734
min  0.170000 0.000000 0.000000
25%  21.000000  0.000000 0.000000
50%  28.000000  0.000000 0.000000
75%  39.000000  1.000000 1.000000
max  71.000000  1.000000 1.000000

it

A, TR FENEH RS T ARMEER . B8
FI L2 B AR ErEdE. EEAIT, MIEN MRt s
T BT RAT A . IR, BAT AT LR SRR AOR B — /0 AL
Y, AT AR I FEACR U S0 i stid e S it &

fE IR T S, BATTA R 1 2R IH e 50 5 RIS A 0 A ) e B 2
fidE. fiHhead ] AR HIHELN AT LT CBRIAEERISIT) » i Htail
AL EE Ben JUAT {8 fshape il LA Bdlamib 025 1 2 /DT A2 b
S #Jes ffiFldescribefe A AT EUE Y KI5 IR A TR P St it =

EAERRE, MdthgitEIfA —Esea i Rk MEdE s oL %,
pandas#4 Survived 1 SexCode L N EE LA, KON EATH S TIRZ0M
1. 281, ARG, BUEMRMERERRKZ 2K B, R Survivedss
T1, WiEERFeRAMREEEF ) o HTRANERE, —SBifitts
Th&E, HinSexCode (AR MIMERD FIHIbsHEZE, ANREFRMALIEEW

INECRZOR
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# ndsE
import pandas as pd

# €l URL
url = 'https://tinyurl.com//titanic-csv'

# e
dataframe = pd.read csv(url)

# O 1T
dataframe.iloc[0]

Name Allen, Miss Elisabeth Walton
PClass 1st
Age 29
Sex female
Survived 1
SexCode 1

Name: O, dtype: object
AT UMEH E e 7ok g AR BRI LEAT o Bk R s, 3. 447

# mEE=AT
dataframe.iloc[1:4]

gmgﬁﬁ%%ﬁﬂﬁéﬁﬁmﬁﬁﬁﬁ,%W%Wﬁ%%ﬁﬂﬁ%ﬁ
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# REE 4 IR fT
dataframe.iloc[:4]

Name PClass Age  Sex Survived SexCode
1 Allison, Miss Helen Loraine 1st 2.0 female 0 1
2 Allison, Mr Hudson Joshua Creighton 1st 30.0 male 0 0
Allison, Mrs Hudson JC (Bessie Waldo
1st 25.0 female 0O 1
Daniels)

HAHRM RS A DA R EE R . RES e b 54T R
ME—[1, mUAlCRE B EONR I 220007, AT LR SR (14 7 X
BANRG, RJEIEE A T RIEFEAT:



¥ kaED
dataframe = dataframe.set index(dataframe['Name'])

# T
dataframe,loc['Allen, Miss Elisabeth Walton']

Name Allen, Miss Elisabeth Walton
PClass 1st
Age 29
Sex female
Survived ik
SexCode 1

Name: Allen, Miss Elisabeth Walton, dtype: object

Name PClass Age Sex Survived SexCode

@ Allen, Miss Elisabeth Walton 1st 29.0 female 1 1

1 Allison, Miss Helen Loraine 1st 2.0 female @ 1

2 Allison, Mr Hudson Joshua Creighton st 30.0 male 0 0
Allison, Mrs Hudson JC (Bessie Waldo

3 1st 25.0 female @ 1
Daniels)

i

pandas [ &t Fr A7 AT B AT — D ME— AR S1ME. BOATEOL T, X
NRGGE DR, B TR AT ERIE T AT AL E . AR, R
GIAN—RE I ZE XA ) — BB Bl 2R 51 w] LA s B e —
K7 BE S HU AR 555 B BE € AU N T RRIE PR AT EUCE B
17, pandasi@fit 1 A5 k-

o IR R T2 — AR, (B, —DFRFED loctbBCH .
o ilocHFAEMRIER FIOREIRESEN, MAMRIET 5 REKN, 1750

HaG, BUON1. #4011, NMERSIE D EBEIE L MR, iloc[0]
HRE IR (5] 25 14T 1R Bk



H T/ B YE i 2 AU A FHlocliloc, AT DA D ZEBGREAT,
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o
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# g
import pandas as pd

# @l URL
url = "https://tinyurl.com/titanic-csv'

# K
dataframe = pd.read csv(url)

# I Sex Mg female BaiF{T

dataframe[dataframe['Sex'] == 'female'].head(2)
Name PClass Age Sex Survived SexCode
0 Allen, Miss Elisabeth Walton 1st 29.0 female 1 1
1 Allison, Miss Helen Loraine  1st 2.0 female 0 1
PAT— AR B XA R Rt B4 . dataframe['Sex'] == 'female’ i

e FMER] . AT E SN T — Zdataframe[ 1K 25 rpandas: “1E %k
fi& Wit 1 BT dataFramel['Sex T {E /2 female’ )47 248 .

LR N 2 A AR E A AR TR B0 . T ARSI Y T BT AR R
T lEET65% M L MR AR s A AT A -



# iiEfT
dataframe[ (dataframe['Sex'] == 'female') & (dataframe['Age'] >= 65)]

Name PClass Age  Sex Survived SexCode
Crosby, Mrs Edward Gi ord (Catherine

1st 69.0 female 1 1
Elizabet...

[AR7
A AT RS 2 B B P B ARG 2 — . BANRD S IE R
LA ArAy RAR B i, — A — ARy IR Bdls . 254011,

PRATEE R HE T LA 8 B 7 G B, B RO AN E AR RS B IR
RN

3.5 & g
i 4 3
B MR I ) — BB
fiR Py 5

Fipandasijreplace 7V RE1R 25 7 ik B JF & e — 26 . Hln, A"
Woman " K& #SexF| T ATA K] " female " :



# M
import pandas as pd

# Gk URL
url = "https://tinyurl.com/titanic-csv'

# e
dataframe = pd.read csv(url)

# Wi -L5lH, HEFMITHR
dataframe[ 'Sex'].replace("female", "Woman").head(2)

0  Woman
1 Woman
Name: Sex, dtype: object

2R, AT RE RN #4022 M E

# J_H uwﬂmanu ﬂ] ||Manu ﬁ%”gm "fema].e" :FD ||male||
dataframe['Sex'].replace(["female","male"], ["Woman","Man"]).head(5)

@  Woman
1 Woman
2 Man
3 Woman
4 Man

Name: Sex, dtype: object

AJ LLE Y Dataframe X G2 7E 38 A il o 2 FOR % H e, 1 AR T 78
BN HI R A R AN A



# B, HERMITER
dataframe.replace(1, "One").head(2)

Name PClass Age Sex Survived SexCode
0 Allen, Miss Elisabeth Walton 1st 29 female One One
1 Allison, Miss Helen Loraine  1st 2 female 0 One

replace %52 ENZE A .

# Bl JEERWITEIR

dataframe.replace(r"1st", "First", regex=True).head(2)

Name PClass Age Sex Survived SexCode
0 Allen, Miss Elisabeth Walton First 29,0 female 1 i
1 Allison, Miss Helen Loraine  First 2.0 female 0 1

it

replaces& — /M HRIME S n) T B, BfEH, mHEREZIENRIE

K, FrLVE SRSz R gk,
3.6 H iy 44

[EFE
iy 44 pandasEU A i A 371
fiRR R TT %

Frename J7 V£ K E iy % 41l :



# g
import pandas as pd

# @l URL
url = 'https://tinyurl.com/titanic-csv'

# KR
dataframe = pd.read csv(url)

# Wongdl, ERMITEEE
dataframe. rename(columns={'PClass': 'Passenger Class'}).head(2)

Name Passenger Class Age Sex Survived SexCode
0 Allen, Miss Elisabeth Walton 1st 29.0 female 1 1
1 Allison, Miss Helen Loraine  1st 2.0 female 0 1

%%%mmmﬁ%ﬂuﬁﬁ—ﬁiﬁﬁﬁﬁﬁo%?ﬁﬂ%ﬁﬁ&ﬁ%
WIEZE

# R s, BRMTEE

dataframe.rename(columns={'PClass': 'Passenger Class', 'Sex': 'Gender'}).

head(2)

Name Passenger Class Age Gender Survived SexCode
@ Allen, Miss Elisabeth Walton 1st 29.0 female 1 1
1 Allison, Miss Helen Loraine  1st 2.0 female 0 1

it

L LA N columns Z 40U H rename K B #4441 2 e SR 7 2, [
NERFN AZ NI Eird . WRBFRN YA Edr 4, MHX—
NEREZARA . BRSOt S FfT e, e 71



# I
import collections

# Qg
column_names = collections.defaultdict(str)

# Ol
for name in dataframe.columns:
column_names [name]

# hfiri
column names

defaultdict(str,
{'Age': ',
'‘Name': "',
PELaggt: 5
T G
'‘SexCode': '',
‘Survived': ''})

3.7 /M . Bl AN, P

ALz

7] L IR

R NEES N RME S RRES B PEESTEUE
il ks %

pandas$2fit | — L8 B VAR THEE AR g2



# s

import pandas as pd

# Gl URL
url = '"https://tinyurl.com/titanic-csv'

# IR
dataframe = pd.read csv(url)

# RS TR

print(‘'Maximum:', dataframe['Age’'].max())
print(‘'Minimum:', dataframe['Age'].min())
print(‘Mean:', dataframe['Age'].mean())
print(‘Sum:', dataframe['Age'].sum())
print(‘Count:', dataframe[ 'Age'].count())

Maximum: 71.0

Minimum: ©.17

Mean: 30,397989417989415
Sum: 22980.879999999997
Count: 756

g
G T Ry Zrp H B RE ST &, pandasid it 1 it 5 ZE
(var) « FrdEZE (Gstd) + IS (kurt) « fRA (skew) « “FIH{EIREIR

Z (sem) + AE (mode) . HH7% (median) VLR 2 HAthfiid St
HE T,

BEAL, A8 AT UGB Hdhs ot 2 FH 3K 279k«



# HEIE

dataframe.count()

Name 1313

PClass 1313
Age 756
Sex 1313
Survived 1313
SexCode 1313
dtype: int64

3.8 A kA —1H

7] L IR

K — 2 T A HIME—1H .

il ks %

f Huniquesk B H1 2% — 41 h 2 FR 1 e — (L 4L R YO 202 -



# g
import pandas as pd

# {1H: URL
url = 'https://tinyurl.com/titanic-csv'

# s
dataframe = pd.read csv(url)

# ik tHrE—{A
dataframe[ 'Sex'].unique()

array(['female', 'male'], dtype=object)

gﬂu@%mmgwm”ﬁ%ﬁ%mﬁm%~@u&ﬁmmmmm

# BEHH
dataframe['Sex'].value counts()

male 851
female 462
Name: Sex, dtype: int64d

it

uniquefllvalue_counts#s 7] L >R Ab BUFNER 2% 7 2 5 i 1)

(categorical) %ll. EEIEEBLHI B, 7 RMEI PP & F L
R BN, B, EREE S KEHEET, PClassix 45172 K
FORFE ML . RIS 505 T =AM IO NS, 2R A8
value_counts, FAIHAEHE H B A ) — A i) 2



# HE
dataframe[ 'PClass'].value counts()

3rd 711

1st 322

2nd 279

*]1

Name: PClass, dtype: int64

GnBATTHT AR RACRE, JLF P e (M R ARAE IX =Rl v, (HAT —
PR MR 2 * . AT 1R 22 Fh s e AL PR SR () ) i,  7E 555
RV IAE, BATR TR EARE S 1R R £ 0 A
AR WL, AN Z B

e, WRIRRZ2ESHE 2 /DA ME—{E, WA LMEHnunique:

# fEaEME—{ErR 8
dataframe[ 'PClass'].nunique()

4
3.9 AhHH
i A
G 92 L AR M ) R R A
MRV 5

isnull flnotnull #B B8 1% [F] 47 /K T FE R R s — ME A B F 2k



# hnEE
import pandas as pd

# G URL
url = "https://tinyurl.com/titanic-csv'

# A
dataframe = pd.read csv(url)

# DR, ERRT
dataframe[dataframe[ 'Age'].isnull()].head(2)

Name PClass Age  Sex Survived SexCode
12 Aubert, Mrs Leontine Pauline 1st NaN  female 1 1
13  Barkworth, Mr Algernon H 1st NaN  male I 0

it

FEE PR, BRAE R T WA AR, AR 22 NARRAS 1 A2 R 2R AR 1)
MEFE . pandasfd F{NumPyfJNaN (“Not A Number”, = HN“h—PE
T RFIRBRKAE . (BEFFEE RS, pandasiZ A SLIMNaN. Flan, 4
%Eg%mﬁﬁﬁmkﬁiﬁ$§ﬁﬁﬁ%ﬁ%%,%%ﬁﬁ*%%ﬁ
H S



# 250 NaN F28 4l
dataframe['Sex'] = dataframe['Sex'].replace('male', NaN)

NameError Traceback (most recent call last)

<ipython-input-7-5682d714f87d> in <module>()
1 # 24 NaN 280
----> 2 dataframe['Sex'] = dataframe['Sex'].replace('male', NaN)

NameError: name 'NaN' is not defined

FURES I NaN st 75 2255 5 ANumPy % :

# e
import numpy as np

# JH NaN Fiff 2
dataframe[ 'Sex'] = dataframe['Sex'].replace('male', np.nan)

A g — R 2 R R ERR s SR IO SME,  EE
NONE. -9998(# . . pandasfread_csviPH—1NZS%, ARTHFIEE—
MERACRER KA :

# KR, X EEE
dataframe = pd.read csv(url, na values=[np.nan, ‘NONE', -999])

3.10 i Ex—%1]
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# I
import pandas as pd

# (I URL
url = "https://tinyurl.com/titanic-csv'

# IEEAR

dataframe = pd.read csv(url)

# MEE1
dataframe.drop('Age', axis=1).head(2)

Name PClass Sex Survived SexCode
0 Allen, Miss Elisabeth Walton 1st female 1 1
1 Allison, Miss Helen Loraine 1st female 0 1

W] UE A —H A NS E— I ER 2 41

# Mz

dataframe.drop(['Age', 'Sex'], axis=1).head(2)

Name PClass Survived SexCode
@ Allen, Miss Elisabeth Walton  1st 1 1

1 Allison, Miss Helen Loraine 1st 0 1




MRFE—VIRE 2T CEESKRAEZREN) , aTeMEH
dataframe.columnsif i 15 7€ 71 T #5177 =M R 1251«

# MiEz—5]
dataframe.drop(dataframe.columns[1], axis=1).head(2)

Name Age  Sex Survived SexCode
@ Allen, Miss Elisabeth Walton 29.0 female 1 1
1 Allison, Miss Helen Loraine 2.0  female 0 1

Bt

drop &l i — I8 FH 7715, AH —M 7% Zdel dataframe['Age'], K
FEHT, BEERRRH TAE, (7% & 2'E 7Epandas N 55 1 H 77 =X
GO b R T AR BRaED , —RAHEIEEH .

BUFFER— AN, 7k AN F pandasffjinplace=True 4. 1R £ pandas
VR #REL & —Ninplace S48, 4 H A % B NTruelt), & BHEAB T
WA o LEXTEAR AT — RPN H R AR AR B, X ] ge o Ak — L]
A, FONEHR ISP TR B GRS UL ST X R o FRIfESE
W EAEM AT AR R o 40

# QlE—-Hi R
dataframe name dropped = dataframe.drop(dataframe.columns[0], axis=1)

TEIXANFrh, FATKA 5 dataframe, 1 A& 1R 8] T —AN 51 B BRIyt
%, XN R e dataframefE 25 1 it A dataframe_name_dropped. 1R
PR N AR AR R, 28 E IR Z KA

3.11 Mhs—A4T
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B
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#
import pandas as pd

# {IE URL
url = "https://tinyurl.com/titanic-csv'

# B
dataframe = pd.read csv(url)

# WER—247, ERREHERERT

dataframe[dataframe['Sex'] !'= 'male'].head(2)

Name PClass Age  Sex Survived SexCode
@ Allen, Miss Elisabeth Walton 1st 29.0 female 1 1
1 Allison, Miss Helen Loraine 1st 2.0 female 0O i |

[AR7

PO, 8 drop 7R AR R EE CER i, ﬁﬁﬁdf.drop([ﬂ , 1],
axis=f}) SKRMMBRATHIAT) T SEHI 8977 SR AE QL] Hh 4 A A 2R 54T
] DLA 26 A8 AR R — AT B — Ol ER 24T CERP G BLE R LD
ik AT 7R S i DG e e — {0 7 ) DU AR IR — 47



# Mpg—i7, AR EE R
dataframe[dataframe['Name'] != 'Allison, Miss Helen Loraine'].head(2)

Name PClass Age Sex Survived SexCode
@ Allen, Miss Elisabeth Walton 1st 29.0 female 1 1
2 Allison, Mr Hudson Joshua Creighton 1st 30.0 male O 0

o n] PLE I AR SARSEAT B N AR R —17

# WFs—f1, ERREHESROAHT
dataframe[dataframe.index != 0].head(2)

Name PClass Age Sex  Survived SexCode
1 Allison, Miss Helen Loraine 1st 20 female 0 1
2 Allison, Mr Hudson Joshua Creighton ~ 1st 300 male O 0

3.12 M x &S 4T

Iv) A A
A o 5 4 ot v PO
TS

% FHdrop_duplicates, 1H &7 EE 2T HZE:

# ik
import pandas as pd



# GH URL
url = *https://tinyurl.com/titanic-csv’

# Ik
dataframe = pd.read csv(url)

# MEzERE T, &AMmHSRARART
dataframe.drop duplicates().head(2)

Name PClass Age Sex Survived SexCode
@ Allen, Miss Elisabeth Walton 1st 29.0 female 1 1
1 Allison, Miss Helen Loraine  1st 2.0 female 0 1

B
QAL RUERE], LMY SRR LI ST 117
# BRTH

print("Number Of Rows In The Original DataFrame:", len(dataframe))
print("Number Of Rows After Deduping:", len(dataframe.drop duplicates()))

Number Of Rows In The Original DataFrame: 1313
Number Of Rows After Deduping: 1313

X /& K Ay drop_duplicatesER A H M B AR L6 B A 71 &8 5e 2 UL EC AT » FEIX
FEOLTY,  dataframeH (RE—ATSEPR A2 ME— . (H R H LR
REEEATS A —MEE LR, 754 Fsubset 32U e SK IR :

# MErEL AT
dataframe.drop duplicates(subset=['Sex'])

Name PClass Age  Sex Survived SexCode
0 Allen, Miss Elisabeth Walton 1st 29.0 female 1 1
2 Allison, Mr Hudson Joshua Creighton 1st 30.0 male @ 0




N E B 2 B % H . drop_duplicates{ 7ESexiX — 1| H W4T HI{E AH [F]
i, FESRATMER. IAEBIEWARR T F T AT BN —AT R
. RATEEZ A, A4 4 drop_duplicates iR i€ £1 B X P AT 1M A A& HiAth
17?7 &% /& drop_duplicatesBRIAOR B B 2 AT 56 R ELHIAT, SRS FIR
[FI4T kR . A LRI keep B K U IX AT 4

# MPrELTT
dataframe.drop duplicates(subset=['Sex'], keep='last')

Name PClass Age  Sex Survived SexCode
1307 Zabour, Miss Tamini  3rd NalN female 0 1
1312 Zimmerman, Leo 3rd 29.0 male ¢} 0

B — MR B J5 1% duplicated, &R Al — MR P AR R R — T2
BNEERAT.

I RARA R fa] R EBATMIR, XA TES R — DA IR,

3.13 X AT 5102
i R4 i
TR — LA (941 (shared value) HF4340L.
R TT %

groupby &pandas™ f i K DIEEZ —:



# I
import pandas as pd

# tlH URL
url = 'https://tinyurl.com/titanic-csv’

# A

dataframe = pd.read csv(url)

# AN Sex VA7, RS A (A
dataframe.groupby('Sex').mean()

Sex Age Survived SexCode
female 29.396424 0.666667 1.0
male 31.014338 0.166863 0.0

b

groupby 4 72 K B TAR R IER R . Z&H X IEPIXRMEDL: ARl
FIEE—ATARR A — D ABE —DFAE, AT 7 ZEAR I S S b x X
AT IR R Gt R flin, RBeE DS, 4T
e EBRIEBUE T 0 IR ) — SR B il AR ERIESE—ZK 0 1Y
WELSHL n DURH 10 AL Mo 5 70 4 F TSR — A 2

A groupby M P& H &5 47 NHIMIER], SR JEHUHER [ I (E 57
%= ]

# Airdtiraod
dataframe.groupby('Sex"')

<pandas.core.groupby.DataFrameGroupBy object at OxlPefacf28>

N AANIR B —LE A I 2R 08 ? R K 2 groupby s ZEAT— L8 1E H] T4
(group) HWIEAFBCETEM, LWitE—NEEgE (Flin, 1
B PAEL B o ZU B AR, AT A R ] 7 4 IX R



R fe] ik, HSX RN .. N Tk e A M, BATHERYE
B EREAT S \?H SRR N — A R

# iTodl, R
dataframe.groupby( ‘Survived’ )[ ‘Name’ ].count()

Survived
0 863
3k 450

Name: Name, dtype: int64

/ﬂiiL?UName%EibD?Ugroupbyﬁ’]):ﬁT”@7 X AR NRE R S &

R FEIERACR LA AR L. toan, MRk E P SRk 2
ﬁiXE’J {H AR B M R SR B AT 4 B . 1E IR AN
FH, WAV LS EAM 7o, AEiHE T —HR T
= (e REMNHEE) .

én\ik Bl USSR S — 202, i S 8% i i) 45 Rt AT — ik
ik

# T, HREE
dataframe.groupby(['Sex', 'Survived'])['Age'].mean()

Sex Survived

female 0 24.,901408
1 30.867143

male 0 32.320780
1 25,951875

Name: Age, dtype: float64

3.14 FZ It [8] Bg MHAT 71 2
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B BRI [R] BOW AT 30T 70 4.
f T &
{5 Fresample#z: [ i [8] By 347 40 2H -

# I
import pandas as pd
import numpy as np

# Gl H
time index = pd.date range('06/06/2017', periods=100000, freg='30S")

# OIEHdRmn
dataframe = pd.DataFrame(index=time index)

# QlE—HREHLE
dataframe['Sale Amount'] = np.random.randint(1, 10, 100000)

# HRTad , R AR
dataframe.resample('W').sum()

Sale_Amount
2017-06-11 86423
2017-06-18 101045
2017-06-25 100867
2017-07-62 100894
2017-07-09 100438
2017-07-16 10297

e

FRE 2RI JE i A A A Ly U ME 81, R AR T — A
R, SRR RO, T ARSI,



WAL I E] DR AR 2 ORI XA s S b I BE 2 lE A Y, DOt
— R E KNI FFE3080, I H a8l if 2 5. EEN 78T
e, il AN e — P H S EIE R

JF IR A R XA -

# BE3IT
dataframe.head(3)

Sale_Amount
2017-06-11 00:00:00 7
2017-06-11 00:00:30 2
2017-06-11 00:01:00 7

VER, BBl HIEAR RN RG], X2EEA
resample 2 3K 2 5| B 0 200 78 2K datetime H {H

{ Fiiresample 1] Lg% — LI ) (I BE (fke) ST oM 4, SRJG 15045 —
AN IR A G



# Rl RS
dataframe.resample('2W').mean()

Sale_Amount
2017-06-11  5.001331
2017-06-25  5.007738
2017-07-69  4.993353
2017-07-23  4.950481

# AR, RATH

dataframe.resample('M').count()

Sale Amount
2017-06-30 72000
2017-67-31 28000

frefge vk = a, R LW T7 10 ada A A X 47404, 155
S R L H BIENREI R XN EBRINEN T, resample4:
R B TRIH AL AR ME (B — M%), TENEXAHEHPIRRZE. ALk
1M 3 6 F1abel 2 H i AR IX M7 A -

# ASH , R
dataframe.resample('M', label='left').count()

Sale_Amount
2017-85-31 72000
2017-06-30 28000

AR 5] 152
e pandas/) ] [a] #2571 4 7113 (http:/bit.ly/2FxfTe4)
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[PER B

A G TR TR, IR R AE.
(RIS

¥ pandas[1 51404 5 Python H 1 Ho A /7 51 —#F -

#
import pandas as pd

# i URL
url = 'https://tinyurl.com/titanic-csv'

# Ak
dataframe = pd.read csv(url)

# LLKSHEAATENR R TP in 25
for name in dataframe['Name'][0:2]:
print(name.upper())

ALLEN, MISS ELISABETH WALTON
ALLISON, MISS HELEN LORAINE

Bt

R TR CERROYforfB ), FATakm) LAAE I 51 3% a2

# URBMEAITENRM A&+
[name.upper() for name in dataframe['Name'][0:2]]

[ 'ALLEN, MISS ELISABETH WALTON', 'ALLISON, MISS HELEN LORAINE']

R orEER RN, (L T FLPython AR IR /5 % A& {8 i pandasHy
apply J77%, FATRAAE3. 167 TE4H Ui B .



[F] L F 3R

FE—HIRIPTE R BB 2R B

(RS

il FHapply X — S I T e E N H — > A BT E € S BRI

# INEE
import pandas as pd

# @H URL
url = 'https://tinyurl.com/titanic-csv'

# e
dataframe = pd.read csv(url)

# GIHE—~ 1R AL
def uppercase(x):
return x.upper()

# bHeRE, ERMAT
dataframe[ 'Name'].apply(uppercase)[0:2]

0 ALLEN, MISS ELISABETH WALTON
1 ALLISON, MISS HELEN LORAINE
Name: Name, dtype: object

it

R HE VAR T, apply2 —EhREARH KM s . WH



B EH AN REORPAT A A HNEAIE (B0, RS20, R er
Bl AR ARJE XS — S BT Je s N IR A R

3.17 X% SN FH— PR E
n) 7 A i

gf [T &A% H groupby X AT 77040, AL & — AR N — ek

R IT %
15641 F groupby flapply:

# ndeE
import pandas as pd

# il URL
url = "https://tinyurl.com/titanic-csv'

# AR
dataframe = pd.read csv(url)

# Miradl, BRIl kN e
dataframe.groupby('Sex').apply(lambda x: x.count())

Sex Name PClass Age Sex Survived SexCode
female 462 462 288 462 462 462
male 851 851 468 851 851 851

it

3.167 1 $e 2 iLapply, 475 EX A 4N H— R RIEHE, applydEH
HH . EidBA 18 groupbyMlapply, FATHLRETHHE HE XIS E,



L A5 — 2L A0 43 AT e 5
3.18 1% 2 22 A~ A

) el i IR
#$% (concatenate) PH-EHE i o
RS

it concat#&ﬁ%%i&axvﬁ » WEAT R JT TRRE A i

# I
import pandas as pd

# G
data a = {'id"; ['1'; '2', '3']
first': ['Alex', 'Amy', 'Allen'],
"last': ['Anderson', 'Ackerman', 'Ali']}
dataframe a = pd.DataFrame(data a, columns = ['id', 'first', 'last'])

# B
data b = {'id': ['4"', '5', '6'],
first'; ['Billy', 'Brian', 'Bran'],
'"last': ['Bonder', 'Black', 'Balwner']}
dataframe b = pd.DataFrame(data b, columns = ['id', 'first', 'last'])

# TR R S
pd.concat([dataframe a, dataframe b], axis=0)



id first last

1 Alex  Anderson
2 Amy Ackerman
3 Allen All

4 Billy Bonder

5 Brian Black

6

MNP 2 N e 2

Bran Balwner

fi FHaxis=1R] LAFE S 77 T A5 Bz

# TEFN T IR LM~ Bty

pd.concat([dataframe a, dataframe b], axis=1)

id first last id first last
@ 1 Alex Anderson 4 Billy Bonder
1 2 Any Ackerman 5 Brian Black
2 3 Allen Ali 6 Bran Balwner

it

ETHF BB A g iR Bt 2 48, ARR D S Wy ad 4z

(concatenate) XM, FrCAWERARZ midcE W, tHARREHG,

concatenate'] B 77 7€ X e NI R BE— . EFRATPI R TT R,
AN/ NI BRI B E—ie, JF HaxisZ#ietsH, SBEilEE—k
A2 FFH AL

append tH BERE — AT H E AR FE N Cappend) 2 &4 i



# 17
row = pd.Series([10, 'Chris', 'Chillon'], index=['id', 'first', 'last'])

# Wfhn—tr
dataframe a.append(row, ignore index=True)

id first last

0 1 Alex Anderson

1 2  Amy Ackerman

2 3 Allen Al

3 10 Chris Chillon

3.19 &7 N4 I

) A A
IR
fift R T %%

HATEEEER: (inner  join) , 575 28 Fmergef FonZ Hk 45 & Wi
Jﬂﬁﬂ & IF:



# Ik

import pandas as pd

# Bl# DataFrame
employee data = {'employee id': ['1', '2', '3', '4'],
'‘name': ['Amy Jones', 'Allen Keys', 'Alice Bees',
'Tim Horton']}
dataframe employees = pd.DataFrame(employee data, columns = ['employee id',
‘name'])

# GlE DataFrame
sales data = {'employee id': ['3', '4', '5', '6'],
'total sales': [23456, 2512, 2345, 1455]}
dataframe sales = pd.DataFrame(sales data, columns = ['employee id’,
‘total sales'])

# Gt HdRn
pd.merge(dataframe employees, dataframe sales, on='employee id')
employee id name total _sales

6 3 Alex Bees 23456

1 4 Tim Horton 2512

merge BRI\ AT EERE . R EIHITHNER: (outer  join) , A LLEIT
howZ £k 45 7€ -



# At A SR

pd.merge(dataframe employees, dataframe sales, on='employee id', how='outer')

employee id name total sales
Amy Jones  NaN

Allen Keys  NaN

Alice Bees 23456.0

Tim Horton  2512.0

NaN 2345.0

NaN 1455.0

[, S -SR]
(=2 TR . B = T A

fi Fihow Z £ m] DLAR 5E 72 AL FE R IE R A 2 -

# AR B
pd.merge(dataframe employees, dataframe sales, on='employee id', how='left')

employee id  name total_sales
0 1 Amy Jones NaN
1 2 Allen Keys  NaN
2 3 Alice Bees  23456.0
3 4 Tim Horton  2512.0

) DA e B EE Wb 1 1) 44 R HEAT 5



# A B
pd.merge(dataframe employees,
dataframe sales,
left on="employee id',
right on='employee id')

employee id name total sales
0 3 Alice Bees 23456
1l 4 Tim Horton 2512

W R AR IR E R 2R 51 & A, AT BUEfleft_onflright_onZ> %%
Fright_index=True A }left_index=True.

it

R IR IAN 75 2208 AR 2R B ok, o eI A B2 72 A,
HSE RS s, BRfEE S i, efiTR B BdEE R 2 kE
WEE Z A BT, N TR I BEE e — e, 8% HE kA —
i NESCE P 0 43 2 R el BROCP R D Efs vt in 2 £ pandas 1, 245
Ree &I — KK

XA RES T HIESQL (—ANH FHRIEE & IR 8AE (join) HITES)
KB REIR AR . R fEpandas (I I BARSEA—FE, HEE
FITIBAIE (1 R B 205 HAME & A TR A A X

X FAEfTmergetfF, #FEWH="THPMER . F—, Wi Ed
BE IR Bl AE BRI S, Bfl1/2dataframe_employees
Fdataframe_sales. =5 ., AR & EARYEIE A 51 St & 96, W&
EMA TR i 7 B = —5I e . than, £ iR EH, D
HHamiElA —%){Eemployee_id, AN 7 XA NESEWIE I, HFTEERK
2B E 5 i employee_id%) HREVLACHIME, FFHEEATHHELAC R AT .
WRIX G FHARFE 2, AT FHon2 4. IR e FA—
¥, )75 EAd Fleft_onAlright_on.

FE /A B B s SCRIWE? Al BOR G, /e A e fEmerge 45 5€ 1Y
FANEEEWL A EIEDUE S A ERAERE T A, b



FH 380 2 1 i Wl A A 2

BN, MRRKSHNEIRMEREN S, 2456 RERSE
A, HhowZHURTIEE . mergeSCRFUN 44 L HERAL,

Inner

HOR B4 % 1 BB AE A B ot R A 7 E 94T 510, A 5 employee_id
[*1{E 7£ dataframe_employeesf/ldataframe_sales &S HILES, 72k (]
1T

Outer

R B PRAEHE WU T A AT o WERE—47 REH P — A EuR b 74, 5t
FINaNRIEFR SR HIME . 40, 3% [5]dataframe_employees#l
dataframe_salesHI TG 17 -

Left

R [ 2E BRI P AT, WA R, R R A i il b RE R 2 UL
FCAE AT . HINaNORIEFE SRR . B4, iR [Hldataframe_employees/t]
FiE 1T, {H2X] T dataframe_sales, iR [F]'effJemployee_id i IL7E
dataframe_employeesH frJ A5 £L4T .

Right

R B AW A AT, AR, Rk R A A I gedk 2L
BCAEIIAT o FINaNSKRIE SRR I{E . 140, 1% [1]dataframe_salesH T
17, {H&X) T dataframe_employees, Wi [Fl'e fJemployee_idH H7E
dataframe_sales ' S L6147 .

IMRARTCVE— F T LR rE M, HEFIRE 2ah P EA R
howZ %, &% W ImergeH)%m Hi .

A 58] 152
o X SQL JoinFRAE I AT ALALARRE (http:/bit.ly/2Fxgcpe)

e pandas™ X TG FFEAERI TR (http://bit.ly/2FuodrH)



/v/v4ia I\} - T Hr

5

4.0 T

R B RE RN Y, in— a2/ N, FARHE
WE 2 AR SR . XS N B H AR IR s 7 e 80y (B, —
PNUEF29N 2, BEEE529,3923670) o AESUHEZ MG IR 164
(8 RS e S RSB 8 2 > SR I s AL (R 78

4.1 FENER YT

) 2 i
PG — A EE VERE (R B 450 (rescale) 21PN AN € HIABELZ 8] o
RS

H scikit-learnf{)MinMaxScaler 4 il — /M E £ 21

# D
import numpy as np
from sklearn import preprocessing

# AR

feature = np.array([[-500.5],
[-100.1],
(0],
[100.1],

[960.9]1])



# G
minmax scale = preprocessing.MinMaxScaler(feature range=(0, 1))

# GRHCRF LRI
scaled feature = minmax scale.fit transform(feature)

# BT
scaled feature

array([[ 0. 1
[ 0.28571429],
[ 0.35714286],
[ 0.42857143],

[ 1. 1)
e

FENLER 2, il —MRE WA AL EAE 55 . AP JEH PR 2
SR AME B P RRFIE R AE Rl — BUEE R I, S WG B2 L0, 118k
[-1, 1] ATHRRINEAIRS, Horb i fa 50— R iR Jymin-max s
J&C. min-max g BOR FRFAE 0 e IMEAT SR OKAE, R P R AL AR 4 i 21 7]
—/NEE T KR AR

x, _ xi—min(x)
L max(x)-min(x)

e RHEFE, x ZxTH—PNIeRE, x; RFBUERTTRE. WAE]
ﬁﬁ%ﬁﬁ¢ﬂuﬁﬁ,%ﬁ%ﬁ%@aéwﬁwﬂﬁmﬁﬁmZ@



array([[ 0. 1,
[ ©.28571429],
[ ©.35714286],
[ ©.42857143],
[ 1 11)

scikit-learn ) MinMaxScalerz 35 i #7248 BURFIE . 38— Fh 7 =028
Ffiett SRR IR ) B MBI B K AR, R )5 436 ] transform R 4678 58 —Fh
A I fit_transform— UCHESAT BT BRI P M ERIE . MB% Bk
B KPR A (ELE, IR TR ) TP 2R e
Ak, BRI DI R U FRATT I B8 0 A 5] B Kl SETRAT [R5 AR i

S AR 58] 152
o FFME4EHN (Wikipedia,http://bit.ly/2Fuug2Z)

o (RTHFIEATAMIA—4L)  (Sebastian
Raschka,http://bit.ly/2FwwRcM )

4.2 B E B AR AEAL,

7] L1 &
X NRHIEEAT Fe i, [P ISME N0, FritEE N1,
it T 5

scikit-learn ) StandardScalerfé [7] B $44 71X P N g i



# I
import numpy as np
from sklearn import preprocessing

# GIERRE

X = np.array([[-1000.1],
[-200.2],
[500.5],
[600.6],
[9000.9]])

# Ol e

scaler = preprocessing.StandardScaler()

# FEARRHAE
standardized = scaler.fit transform(x)

# TR

standardized

array([[-0.76058269],
[-0.54177196],
[-0.35009716],
[-0.32271504],
[ 1.97516685]])

[AR7

4.1 8 A min-max 8 A — N E LB AT S, R R L4880

KRESFERUEILZS AT o 9 1 SEIUIXRE 4080 FATIE AR EAL
(standardization) J7iAREHA, XAEAERLREAT — 5 T0M T2

%Jéﬂ—ﬁ%?m%MH%omﬁ%%,%ﬁ¢%ﬁ4ﬁ%%éﬁ%
, f3i15:



xl.—x

x’;:

a

x; " X AHEAL SR . B R RRFIE R R SRR (E B T {E 2 DA
priEZE (EGLTH AR ROz 80 .

PRAEA T VRN 5 ) BE TRAC PR A i P 46 857, NI 250K

&, 'ctimin-max4E A E 2, (HXWEFREHEH L8 > 5

. B, AEFE R M bR VR S, i R A 2 ] 2% o ) B A
F A8 i min-maxZ8 il0 CEEARFS 5 2 e AN EE) « — ek
Ul AR RFIRIR N, SR P bR A 7 iR AT A

i%%%ﬁ%¢%ﬁ%&%¥ﬁ@ﬂﬁ@%,ﬁﬁﬁ%ﬂﬁﬁ@%%ﬁ

# JTENFA [ERbRfEE
print( "Mean:” , round(standardized.mean()))
print( "Standard deviation:” , standardized.std())

Mean: 0.0
Standard deviation: 1.0

WRE YR P AAEIR KRB R E, T RE S R IE P e T 22, e
X PRI RORIE A 52 . AEIX PO, A8 F AR A2 B0 DY A7 2
B BEHE T 4R E A %, (Escikit-learn™, F A g mt &2 18 H
RobustScaler:



# QIHAG TS
robust scaler = preprocessing.RobustScaler()

# A
robust scaler.fit transform(x)

array([[ -1.87387612],

[ -0.875 1,
[ @, 1,
[ 99125 I

[ 10.61488511]])

4.3 H— M E=AH

7] R IR

XERLEAE BB — DMRFIERHT 4 AT —Se s (B KR
I

il ks %=

{8 FH Normalizer 115 T norm =44y :



# it
import numpy as np
from sklearn.preprocessing import Normalizer

# CIEF P

features = np.array([[0.5, 0.5],
[1.1, 3.4],
(1.5, 20.2],
[1.63, 34.4],
[10.9, 3.3]])

# B

normalizer = Normalizer(norm=" 12" )

# HARRERDE

normalizer.transform(features)

array([[ 0.70710678, 0.70710678],
[ 0.30782029, ©.95144452],
[ ©0.07405353, 0.99725427],
[ 0.04733062, 0.99887928],
[ ©.95709822, 0.28976368]])

Bt

R2ZAEHOTIE (BN, min-maxFa BONBREL T SERRFIEE T B4
(K1, B S MR AE B n] LLEAT 46 8% 4F . Normalizer i] XS FLAN ML %2
EBEATATR, AHINA — St (R RKEAD « B PMUEEHFZ
AFSERRFIERS (B, ORI 2RI, BN allsE LA sl — 4
FAIED e fi A X Rh SR T 1 4

Normalizerf& fft = MVEHEDT, ERAEZRKIKIEE (Euclidean norm, %
HERRNL2YEED -



2
| x|, —-\xxl +—x§ ik

Hr, x@&— M WEE, x AR WEE P En ML

# Helidhr bl

features 12 norm = Normalizer(norm=" 12" ).transform(features)

# AL
features 12 norm

array([[ 0.70710678, 0.70710678],
[ 0.30782029, 0.95144452],
[ 0.07405353, 0.99725427],
[ 0.04733062, 0.99887928],
[ 0.95709822, 0.28976368]])

o, Al LR E A = il (L1Ve%0 -

<M= 3 Jx



# FAld bR

features 11 norm = Normalizer(norm="11").transform(features)

# RN

features 11 norm

array([[ 0.5 , 0.5 1,
[ 0.24444444, 0.75555556],
[ ©.06912442, 0.93087558],
[ 0.04524008, 0.95475992],
[ ©.76760563, 0.23239437]])

B, L2YE %] AR A L) T TR A s 2 TR PR (st e B2
PR, MILIVEE A Ay — N NIREHIE T EMEE S (RdbE—
T, AAE—NMEX, RERAGE - MEX, BRREMEX, %
), KRN A ERRR Y i WG R0 B < A A R SR

SEPR b, 2R norm="11" % — MW EAE AT A8 iUE , BRIt ER AN
1. AEHMEXAREIRA H:

# RS
print("Sum of the first observation\'s values:",
features 11 norm[@, 0] + features 11 norm[0, 1])

Sum of the first observation's values: 1.0

4.4 7 B 2 SR SRS TR
71 23 i ik
O 2 WA AT IEAI 28 HAFAIE o
il R T S



BANA Y LR H S Fah ) 2 TS IE RS BASE, {HH SZscikit-
learnf2 fit 7 —ANN B ) 77k

# narE
import numpy as np
from sklearn.preprocessing import PolynomialFeatures

# QAR
features = np.array([[2, 3],
[2, 3],
(2, 311,
# Gl PolynomialFeatures it
polynomial interaction = PolynomialFeatures(degree=2, include bias=False)

# Qg IR

polynomial interaction.fit transform(features)

array([[ 2., 3., 4., 6., 9.],
[ 2o 3 s 6. 9.4,
[2., 3., 4., 6., 9.]])

degreeZ iR E | Z AN I =P 8. B0, degree=22 B Hide =
2 RFAIL -

2 =2
xl, xz, ,-"Cl, ,?Cz

degree=3 Il 2@l @ B/ i 5 i1 N3 HIHFIE :

o - -
xl, xz, xl, xz, xl, xl

Ak, BRIAIE L T PolynomialFeatures i, & 28 HAFAE -

X%



i3 15 & interaction_only N True, 7] DLl alEt H R FFHE R A& H
AL :

interaction = PolynomialFeatures(degree=2,
interaction only=True, include bias=False)
interaction.fit transform(features)

array([[ 2., 3., 6.],
(2., 3., 6.],
[ 255 35 6:ll)

it

SRFIEA A AME (FRIED 2 IRIFAEARERYE S RN, il 7 2B 22 T
L. AN, SRR e S AR IR R, — BEFEGROR B IR
U, @z%%ﬂ‘]ZIEJEI‘B‘%/%K ?32@3%%3, JI PA e B x G
XA x 3 &) ——PA R0 H AR
(EIE R AR LR APE RN ﬁ

Ak, A BAT BRI 7 ZOB T 51— DRI REXT B AR{HIE
JRFCIR TR DL o 25— AR AP, ZE— e S 2 iR, 2%
FEPHMRFAE: B SRRt s  onmEsE 7500 1 B $ZE%:%EPEI’JE
AT —A, FRICIEHE XM T 1Y, (ERIEENE G A&, BaeH
FE T o WNME R ATAE R HLAHE 5 A2 B, XA B ARE (o
HEZ KD B1E A @A BRI . AR S BAFE CRE P AMFHEAR
Fe) , AT AT LY IXRROR AR G o

4.5 FAIE
i 4 3
b AN AR MEAT I 5 S 4
iR R %

fscikit-learn ', ¥ FFunctionTransformer®} — 245 1E M FH — AN R



# MEE
import numpy as np
from sklearn.preprocessing import FunctionTransformer

# G R

features = np.array([[2, 3],
[2, 3],
[2, 31])

# G T R B
def add ten(x):
return x + 10

# Gl ek
ten transformer = FunctionTransformer(add ten)

# FERHIEAERE
ten transformer.transform(features)

array([[12, 13],
[12, 13],
[12, 13]])

{EpandasH 1] LA FH apply i3t 47 [F)RE i) 4 .



# A
import pandas as pd

# Q]

df = pd.DataFrame(features, columns=[ “feature 1" , “feature 2" ])

# LR
df.apply(add ten)

feature_1 feature_2

0 12 13

1 12 13

2 12 13
it

XF =N 2 NIRRT B 8 o IR e . Blan, R\ aedda
NIRRT R 55 — ANRHIE ) B AT EUE . Bl — AR B, I
scikit-learnf\JFunctionTransformera¥pandasjapply >k 5 F IX N R &, mtRE
M RIX— . PR R R AN T — MR SR K Hadd_ten, BT
—MNENEIN10. 498, FATWE 2R Ll X— MR RS 2 R

4.6 0] ¢ AH

7] L IR
RAREA PR — Sl WEE (REE) .
il ks %

HHUGRAFHEAE Coutlier) 18R, AEe 112K, HH
R R BRI R RS AT Y, e X MEGse, AR A > — A
TR, ORE AT AE TR N R SEA O IEEAE. (BRiEN D, R AL
TR SRS EM N T F A BREN-D -



# e

import numpy as np

from sklearn.covariance import EllipticEnvelope
from sklearn.datasets import make blobs

# Gk

features, = make blobs(n samples = 10,
n features = 2,
centers = 1,
random state = 1)

# PR R A T [
features[0,0] = 10000
features[0,1] = 10000

# G IRHI2E
outlier detector = EllipticEnvelope(contamination=.1)

# AR
outlier detector.fit(features)

# TSl
outlier detector.predict(features)

arravil=l,. 1, % 1, 1, 1. 1, %, 1, 1}

EANTTIER— A F BRI 2B 7 E48 € —1contamination (754540
SR, Ron TR AN EE A A —— X MERATE A FniE 2 £ b,
A] DL contamination 8 N /R Ak TF I BE FE VEFEE . tnSRARIN PR
HAERDJUANREAE, 7L K contamination X B3 /N—ri. &kZ, WHR
%&Tﬁjﬂlﬁﬁﬁﬂﬁéﬁﬁﬂ/ﬁﬁﬁﬁ, 5% contaminationi® B N— N5 K

bR T EEANEE, JANER] DU EEELRE, I YA %=
(interqutile range, IQR) KR 7l ixX LERF Ak F B v 1H



# G —NRIE
feature = features[:,0]

# GIE— AR EORR ] 5 T T s
def indicies of outliers(x):
ql, g3 = np.percentile(x, [25, 75])
igr =93 - ql
lower bound = ql - (igr * 1.5)
upper bound = g3 + (igr * 1.5)
return np.where((x > upper bound) | (x < lower bound))

# thiTe
indicies of outliers(feature)

(array([0]),)

IQR/Z H R M 1N U AL BN 23N U A B2 2 . 7] LB IQRM N
B R BRI AE PR 5, T 3 Szt 3t st i 55 B s B A 4R
FIIX 3. o E g ON BN DU 400 #/h.5 IQR CHIIQRAYL.5
%) WM, BEESE3AN YA B0 1.5 IQRIVE

wie
SEbR B — AN B R R E AR TT . B EOREE TR
FOFIER Ao B 0 B SRS 2 22 2 A EOR (HEEllipticEnvelope 14 T

IQRAJIFA]D MR RE SR

WRATRERITE, RBOZAAE —FE WA N R EEOWEE, Jr2lE
FREREEAT. B, BRRRE —NRTHEFREdESE, Eh—MATEEH
4. R — A 100 EE, AN ETFERZ R
B, 2T SEPR L iR v M R R A A A T e ?

JEAH 53] 152

) =PRI FEAER TR LRSS F 2 TQR R B IR AR )



Chttp://bit. ly/2FzMC2k)

4.7 N3 FH A
7] L IR
KEBEEE ) S E o
it Ty 5
WE A =P AR R A MO, EFFel]:

# i

import pandas as pd

# b

houses = pd.DataFrame()

houses['Price'] = [534433, 302333, 293222, 4322032
houses['Bathrooms'] = [2, 3.5, 2, 116]
houses['Square Feet'] = [1500, 2560, 1500, 48000]

# (g
houses [houses[ 'Bathrooms'] < 20]

Price  Bathrooms Square Feet

0 534433 2.0 1500
1 392333 35 2500
2 293222 2.0 1500

FMOT A ReThsid R AR, TR R



# s

import numpy as np

# KT AR R TR B AT
houses["Outlier"] = np.where(houses["Bathrooms"] < 20, 0, 1)

# ERNAR
houses

Price  Bathrooms Square Feet Outlier

0 534433 2.0 1500 0
1 392333 3.5 2500 0
2 29322 2.0 1500 0
3 4322032 116.0 48000 1

mJa, XA E R IERE T e e, BRI 57 H {E A RE I -

# RO R
houses["Log Of Square Feet"] = [np.log(x) for x in houses["Square Feet"]]

# EHEN
houses

Price  Bathrooms Square Feet Outlier Log Of Sqaure Feet

0 534433 2.0 1500 0 71.313220
1 392333 3.5 2500 0 1.824046
2 293222 2.0 1500 0 71.313220
3 4322032 116.0 48000 1 10.778956

it



AR B R E AR, ACESREEN WAGE LN . Nz T W
NITHRFE BT i AR . 5B—, ERIGEEET AN R
B . WRIRANENTZERWEE, LI ENRE — IR 14 %
MECE RPOCE T IE, IR A E L FEAECE FINaNKR S i 7w e,
FURBRATTCIE AT IX S H . (HAR, QSRR IR B 55 4 1 AR 5l A2 B i
i (Blan—mE KEFA2000EENE) , A CEATIRIC AR E B X
ENTEMEIA TS, 2B 5 BMME.

B, Nz THIERFE I HAR R B R E A . B, anRAEER T G
J& W RFAE R T AN A%, 84 AT DL& PR 15 A 100 Bl == 1) KRB 111
W A2 AN [R]85 08 X A AR IR B 1 . BeAk,  an R Ad FH — AN e
13 55 DRk I Web S FH B30 o3 B R 2 — AR RS, 54 i B AR v e
P AR EL A LA EENENZEMCES .

FrCh, X E 2R E e e ? g5k, B—EElfTAt4&rE
B, RENTHIRES — " RAWHR. mEERE, ZiddFPRmEn
AL B S AR AR B gl — A T AERZ I 1 R 58

AN, MR EREE, B2 RAREL T EMAETEORA K G &E
T BUORSPIEAT 23 A AR K. XPEAL T, B
AR — NS S 4O 75, bW RobustScalers

SR 53] 152

e RobustScaler 3t Chttp://bit.ly/2DcgyNT)

48\&’ = o I
7] 2 4 A
B — M EE R S E, B 2 AN/ X A A
fiE R T %

MRAEEE AR T 3, AWRITER DUMEH . 28— MO RS AR R E
RERFIE —ME AL



# I
import numpy as np
from sklearn.preprocessing import Binarizer

# QI

age = np.array([[6],
[12],
[20],
[36],
[65]])

# g fafes

binarizer = Binarizer(18)

# AR
binarizer.fit transform(age)

array([[0],
(e},
(11,
(11,
(11])

S RN VR AR AR 22 A BB U E BRI B UL

# P R
np.digitize(age, bins=[20,30,64])



fE, binsZ KRN F RN AN XA R ALt Ceih
) . B, 20RRE AN EACFEE 201t R, RARERAME D
F20/t K. AT LA Eright ZECA True R AR X NMT M :

# PR B
np.digitize(age, bins=[20,30,64], right=True)

array([[0],

(0],
[0],
[2],
[311)

it

W SA L8 1B N FEAN A B RFOE N AZ A A A — A 7 RRRE
(categorical feature) , HBABHUL R — A AN HIS . Fi4n0,
19% F120% Y NTH 2 22 80ARVN, HAZ205 MI21% (FESCHE], 21% (1)
RN DA 1) BN Z I8 5% S I E R IR K. AR IR,
B NFERI 77 BCRE P 10 AN AN BRI I =R A . [RIRE, ARG LR,
W& s B 34 BE 2 X[ ARA H .

1E LR R TT R, AT LB B M E s 73 B2 X a4
[ scikit-learn ) Binarizer, £F%J34 M UL X 8] 1 NumPy/f
digitize. H5Z, RIgE—NWIE, digitizeth 5814 Binarizer—#£ —{E1L%F
fiF -



# AFRHER UL
np.digitize(age, bins=[18])

array([[0],
(0],
[1],
[1],
[11])
S AFH ] 132

e digitize[']3CFY Chttp:/bit.ly/2HSciFP)

4.9 [ LB 77 S B 40 L
] /8 iR
X EAE AT R AR, AW EE g —4.
RS

WRARBR N A, FILMEHK-Means (KIME) R E AL B W 22(HE
o E|—ANE, FEEE AT RRHME, DR IR S E B T — 2



# AR

import pandas as pd

from sklearn.datasets import make blobs
from sklearn.cluster import KMeans

# BB R A

features, = make blobs(n samples = 50,
n features = 2,
centers = 3,
random state = 1)

# QIR AR
dataframe = pd.DataFrame(features, columns=["feature 1","feature 2"])

# GIHE K-Means %45
clusterer = KMeans(3, random state=0)

H# PR R R |
clusterer.fit(features)

# TR AmE
dataframe["group"] = clusterer.predict(features)

# EFmL R
dataframe,head(5)

feature 1 feature 2 group

B W = D

-9.877553 -3.336145 0
-1.287210  -8.353986
-6.943061 -7.023744
-1.440167 -8.791959
-6.641388  -8.075888

o6 R 0 T e N A |




e

EXRERRRA R T, ABEFEHSERN AR L. H

5, IR A RIRRITIE T B O v DHEONTIAL BRI — AP . Bt
U, w2 F S IK-Means 1) 70 B 54 ) SR LR JR SR U L4 I
JEAF B IRFIE, AR SR 2 100 21 [F) — 4L

I RARIEE A LA EAH G, HECAE RS TIAL B P REH] SRS
7o WRIRCEIEALAFE TR, e RH195%E &

4.10 it B i M ZR
i B i
WA 1 e AL O W B4
YT R

F A7 NumPy AR 5t fE 4 o I 55 7 9k 2% AL P ML % 4



# hudkE

import numpy as np

# QIR RRE

features = np.array([[1.1, 11.1],
[2:2; 22:2]):
[3.3, 33.3],
[4.4, 44.4],
[np.nan, 55]])

# RS (H ~kom) R{giigs(d
features[~np.isnan(features).any(axis=1)]

array([[ 1.1, 11.1],
[. 2.2, 22.2],
Le Saidie 331,
[ 4.4, 44.4]])

o, f#Hpandas % 7743 S AE U 4 14E -



# AL
import pandas as pd

# AR

dataframe = pd.DataFrame(features, columns=["feature 1","feature 2"])

# Mibraf kAR

dataframe.dropna()

feature_1 feature_2

0 1.1 11.1

1 1.2 22.2

2 3.3 33.3

3 44 44 .4
it

RZEH g A FIEATCVE H B SR E A P AR . I, A
%ﬁ%ﬂ@%ﬁﬁ$%ﬂ%ﬁ,ﬁ%gﬁﬁﬁﬁ%@m&%%ﬁ4M
il

B¢ ] B A R T VR S IR B A 5 SR R ABL W22 4E,  FINumPy 3 pandas
TR25 5 LI o

RISl B s R AR S A — 1 N ORI E « IXFE 2
ik BEE R R EAE IR RS R IS 2, B DU BRI 8E A B A
2| ToAmVER AT C IR TE .

A RAREE, WERMSEE ARG I WE, XIEERPE
ERRR PR E o« BROSAE — AT = FpIeA.

SE4BENLEL S (Missing Completely At Random,MCAR)

B nl gett SR AR TR, B, ENMEZHERERNA
SRR ) TSP — AN, WP 76, dhstBka AR iR @A



EIPS

= o

BENLER S (Missing At Random ,MAR)

BHRE R ] GEEA B e LY, 5B FE R A EE 2. 4
u, fE— IR A2 KYERIAIH BT, B8 AEZ HE L EE
ﬂ%fi%?ﬁ%@ W, (HEMiTEEREEMEEEFERINES LS
ARG R .

SE4AEFENLBR S (Missing Not At Random,MNAR)

HAR BRI T BEPE e R ARREHLY, JF HS RERE P B I ESA
Ko M, —> 1A A 2 ) B0 AN R BEKE, ﬁ‘ﬁﬁ@ET%““\
B OC T3 BT ) AL, B BRATTI B rh s 5 T A ARFAIE o

R LL{E EMCARBE MAR, A4 A BHEMIEREATZ 21 . H
T UREATEMNAR, ARG H Hseg— M5 B . MR
MNARM E2H <> S B =AM, FoNIX B 22 (E 2 AR ML 3 1) &
SR

SEAHH [5%] 152
o (B N =ApRAREhRE4E)  (htp://bit.ly/2Fto4bx)
o (BRARBHERIIET) (http:/bitly/2FAKKLI)

4,11 3E 7 RAH
i 3k
Bl i A B, FRAI75 R 7S B T i B {1
fig vy %

INRFHEEAKR, ALLEFRHKNN (K-Nearest Neighbors, KiT4l) &k
THOI R SRAA



# D

import numpy as np

from fancyimpute import KNN

from sklearn.preprocessing import StandardScaler
from sklearn.datasets import make blobs

# IR R

features, = make blobs(n samples = 1000,
n features = 2,
random state = 1)

# EriE LA
scaler = StandardScaler()
standardized features = scaler.fit transform(features)

# R RRE R R AR A
true value = standardized features[0,0]
standardized features[0,0] = np.nan

# TR SR R [
features knn imputed = KNN(k=5, verbose=0).complete(standardized features)

# MCHEEMEE
print("True Value:", true value)
print("Imputed Value:", features knn imputed[0,0])

True Value: 0.8730186114
Imputed Value: 1.09553327131

i 7] LA F scikit-learn ) Imputert5 8, FRFE I FIME . Az Bl A
BRI R ERA, AN R0CR 8 A 2 AT KINN ) 22



#
from sklearn.preprocessing import Imputer

# BT
mean imputer = Imputer(strategy="mean"ssssssssssss, axis=0)

# Bk
features mean imputed = mean imputer.fit transform(features)

# A EMEREE
print("True Value:", true value)
print("Imputed Value:", features mean imputed[0,0])

True Value: 0.8730186114
Imputed Value: -3,05837272461

it

JH B RAE RS S AR, MRS AN, Bk, A RMEH
BLas 2 S RTINS RAG . N TIARIH B, 0] OB A SRS BT RIE S 1E
— ANHPRIA R, SR G R R A BORRE SR TN Bk O A8 . B AR v DA FH 25 Fb
MLas 5 2 FEIERAMTN , {H R AT FIE R RKNN. FRAISEFE 1454
FEAIHKNN, X BAVSE B . 1Eh—Mblas 5080k, KNN
kA W2 E IR S S Fh R 28 B 7 v R ) SR T B
Sl . IR A E T 5N SRl A VSR SR T e AR

KNNIANE, N T REEREE SR B R AE R, &E AU
SUESOREZ R . X TN ESE, X AMca A, ERAR
AR A BT L ARMEE, HEER ROy — MR E R )

— B 59 R B R K S R B AT R P B E ORI e R A . B
an, ERAIERTT =9, 5 Bhscikit-learnfd FRFAE (17 35 {H Sk 3 7 5k
RAH . RUE AR R RSB H A FIKNNR &, (B2 F I {EIRTE R
AR Z T e BV il T BT MR B K 4



INREER FHIETERNS, S A o IEkRR Y IZW S E 2 RS
HIEH

JEAR 3] 3¢
o (T WEKNNIENIET HIEMBIF)  (http://bit.ly/2HSIsAT)

/v/v‘siz‘ I\} /\%\/ :E

13

5.0 f&i 4
B, RIEEMEEmMA R EREEN RS E A FATH & H
X e MR BRI — S EE B, thande et ml. Bt e 4
Y o XA PR SR HL 4325 . B IR AS 2 I I 0 R R # 2 X AR ) . A
55 AR 28 5 FK Amnominal, LA N 2R 540 & T-nominal 28 51l :
o I5th, 4, 4fh
o B, &tk

gl = S S PO =03
o K. Ha, R

zﬁ}i, IR —H I RRIMNE NAERIRFPE, Wi Hyordinal,
M

o k. F. &

o T, FIh

o [, HIL. X

HeAh, REREFH TR MR EEY] (Flan, " Maine " |
"Texas" « " Delaware " ) £7x, {HRKIEHL 827 > BEASE R Hin
N BE R

KNN (K-Nearest Neighbor,Kir?) HyEmt&— AN B fl+. ZHE
S — 2R R M EME 2 (A EE S, 18 12 MR R 5




\/ZL 1 (x!. i y:']z

Hrp, xMlyZ2 WA MEE, MR RN EER B NAE. Rx
N FATE (1N " Texas " ), B AZTHEIEE BIREA AL
ML, T Bk AT R A SO R BB R 30, XA R A A IR TR S it
e BATHY Hbr AR I8 TP A5 105 B S B e (o
K AR BB RIBESE) o AT/ HZ RSk, K
IS X AL B SRS P 2 i 38 ) — 8 ) R

5.1 Xtnominal®! 7 24 1E 2w b

7] L 3R

FAE— A N EBI R Finominal B4 23 28450 (lan, SEH., . #&F
£, DEEXT HFAT A,

A AR
F| FHscikit-learn ) LabelBinarizer ¥ 4 {IE #f 1T one-hotZwtg (JHFAZwEIL) -



¥
import numpy as np
from sklearn.preprocessing import LabelBinarizer, MultilabelBinarizer

# QIS

feature = np.array([["Texas"],
["California"],
["Texas"],
["Delaware"],
["Texas"]])

# 63 one-hot 4t
one hot = LabelBinarizer()

# W T one-hot %l
one hot.fit transform(feature)

array([[0, 0, 1],
(1, 6, 0],
(e, 0, 1],
£ G
(6, 0, 1]])

A] DU FH classes_ 7 2% H 472
# THRYHIER %

one hot.classes_

array(['California’, 'Delaware', 'Texas'],
dtype="<U1l0"

R 75 B2 X one-hotZw A #E AT 10 4% ¥, W] DAf Finverse_transform:



# i one-hot Zghdidii i

one hot.inverse transform(one hot.transform(feature))

array(['Texas', 'California', 'Texas', 'Delaware', 'Texas'],
dtype="<U10")

PATHE: 2= 7] LU A pandas X RFAE 24T one-hotZ il :

# hiEE
import pandas as pd

# BRI
pd.get dummies(feature[:,0])

California Delaware Texas

0 0 0 1
1 1 0 0
2 0 0 1
3 0 1 0
4 0 0 i

scikit-learni® ge b BEAES W ZEH A 2> 25001 L«



# QA 2 H0URHE

multiclass feature = [("Texas", "Florida"),
("California","Alabama"),
("Texas", "Florida"),
("Delware", "Florida"),
("Texas", "Alabama")]

# CIHEHEALFE £/~ 47 241 one-hot #ifith %
one hot multiclass = MultilLabelBinarizer()

# WA T one-hot 4l
one hot multiclass.fit transform(multiclass feature)

array([[0, 6, 0, 1, 1],
[1:: 1, 8, 8, 8],
[0, 0, 8, 1, 1],
(6, 8, 1, 1, 6],
[1, 0, 0, 0, 1]])

29K, T LA R classes_ T LB E 7K

# ERTE
one hot multiclass.classes

array(['Alabama', 'California', 'Delware', 'Florida', 'Texas'], dtype=object)

B

PRA]BE N WA TN BB T — M EUE P E R — MEAE R 77 (B
r, Tbxas-—l California = 2) , {H &l TXE5EEKE NERINF (E
u, ;kﬁTJ:Téxas}FZAtKCahfonua“d\”> , A% BB S 2 1R HUR T o0
K= DN FHATEAEIIT .

A R M N SRR AR A B SRR B — A eIk, XANTTA



HFR None-hotdwh (FEANLZRZ S BISCRH) B B R (FESR TR
Rk o PIRFERTTZEFRRRME (M8 B8 T =0 (W E
Texas. California. Delaware) . fEone-hotZmfid 1, H&— 7 IEHE 2
YE—RHE, WRFHEGFEMAHIR R, SUHER R BIOAIRNTAVRHIE
H315725, Frllone-hotZmhd 2 iR B34 —JCHIE (AN RE — M ERE
fiE) o it fE FHone-hotdwhd, FRATREIS BIMEMELLE—N KRB ME
B, FHREDREEZR GEEMT) "HARE.

(EfHERNE, fEone-hotdhd 2 J&, Helf MAS RAFEH IHIER — 1 one-hot
G A O RFAE,  DAIBE S L PR o

JE AR 3] 3¢
o (B EIEMEY (Algosome,http://bit.ly/2FvVIKC)
o 15 F one-hot4w 5 [ B i 75 2 b — 271

(CrossValidated,http://bit.ly/2FwrxGO0)

5.2 %t ordinal 73 ZEEEAIE 4 i
i 4
BAE—Aordinal /3 KEFIE (Blf, . . f0) , BIETOR LG,
T %

15 F pandasZi 415 i ¥ replace 77 V2265 2 447 B B 25 2 460 Rl AH B 1) 20

# o



import pandas as pd

# QIR
dataframe = pd.DataFrame({"Score": ["Low", "Low", "Medium", "Medium",
"High"1})
# Bl 2%
scale mapper = {"Low":1,
"Medium":2,
"High":3}

# (o PR 2 AR R
dataframe["Score"].replace(scale mapper)

0
!
2
3
4

L Bl D =

Name: Score, dtype: int64

it

A RIRFIE S A TR KRBT . Z=ehrEak (Likert scale)
Hie — A B 7

o EH A=

o A
o {RFFHOL

o S X}



® 51 AT

XF AR F AL o7 > AL BEAT SRS I, 75 2K ordinal /) 28 s 46 il A
E, [FINOREE LY . H RIS AZ, G — 7, Rodrs
FFERARZERRIT N — DT, SRR LU R R AR |

A—RARREE, B KA RiEordinal 7 KT AE S, A RehE &5
SN NLHIEUE . AE EIRMEOTT ST, high#ie Ellow K= IXIEAK
LRI TR B R, AHRAIR S TR T M A S, A i)
IE

dataframe = pd.DataFrame({"Score": ["Low",
n L[}wll :
"Medium",

“Medium",
"High",
“Barely More Than Medium"]})
scale mapper = {"Low":1,
"Medium":2,
"Barely More Than Medium": 3,
"High":4}

dataframe["Score"].replace(scale mapper)

LN e b R =
Lad P I D P

Name: Score, dtype: int64



FEIXAMI 75, Low (L) FMedium (%) 2 [ FE 5 Medium A1

RHERA 1o IO 2 B R0 ST I 2501 -

scale mapper = {"Low":1,
“Medium":2,
“Barely More Than Medium": 2.1,
"High";3}

dataframe["Score"].replace(scale mapper)

1.0
1.0
2.0
2.0
3.0
2.1
Name: Score, dtype: float64

5.3 X 45 (IF 57 2 25 i)

LI [ S W R o =]

7] L IR
R AT IR RFIEFE R
il ks %

{#i FDictVectorizer:



# It
from sklearn.feature extraction import DictVectorizer

# Qg4

data dict = [{"Red": 2, "Blue": 4},
{"Red": 4, "Blue": 3},
{"Red": 1, "Yellow": 2},
{"Red": 2, "Yellow": 2}]

# Bl s B AL
dictvectorizer = DictVectorizer(sparse=False)

# 5 SRR
features = dictvectorizer.fit transform(data dict)
# BERHEHR
features
array([[ 4., 2., 0.],
[3., 4., 0.],
[ 8 1. )
[0 2 1D

RN DL T, DictVectorizer2x i Hh— Mg ke MR A7 FRO LLAMH 76

o WHRIEFHRER (FERMET MY, RIEMEZIREILED , X4
AE T8 WAF. @i 48 € sparse=FalsefE 5 il DictVectorizer# H — >
25 R

1 F get_feature_names /775 A] DA AT A B R ARFAIE B 44 -



# SUUFIER &7
feature names = dictvectorizer.get feature names()

# HEMHENAF
feature names

['Blue', 'Red', 'Yellow']

JEAGESRIN, ANy T TR, FATE F pandas A T, DL{E
TIE R EE -

# A
import pandas as pd

# ML Gl R
pd.DataFrame(features, columns=feature names)

Blue Red Yellow
4.0 2.0 0.0
3.0 4.6 0.0
0.6 1.6 2.0
0.0 2.0 2.0

LET N S

b

R ZgmIEES Y, FHRARIBTATIIEIR R, B2 I EiEER
Bz 2 FERIE R B FRA1E Fscikit-learn ] dictvectorizersft 7] PASZ IR
IXFE )t

EERE S Y, XFEMIIRE . Flu, FATE REXH, X
AN SRS — AN A7 R AN R AR SRS R B TR, A A
dictvectorizer i] MR (LG i — AMEFEFH R, H AP R M RMEER R



RS SO R A O

# 0 4 A SO IR R

doc 1 word count = {"Red": 2, "Blue": 4}
doc 2 word count = {"Red": 4, "Blue": 3}
doc 3 word count = {"Red": 1, "Yellow": 2}
doc 4 word count = {"Red": 2, "Yellow": 2}

# QIR

doc word counts = [doc 1 word count,
doc 2 word count,
doc 3 word count,
doc 4 word count]

# PR I e A AIE HE

dictvectorizer.fit transform(doc word counts)

array/([

[4.; 2
[3., 4, 0.],
[ By 1
(0., 2

RS, RA3NAFIFE (Red. Yellow. Blue) , P LARHIERE
e R 3R IE. B2, WERBA R SLhr2 B HE T —A4,
2 0] AR SRR R PR AR AR AR K (St 75 Bt sparse ¥ B N True
DN

JEAR 3] 132

o UNfafEPython i 7t (http://bit.ly/2HReoWz)

o (SciPyHHIFEAEFEY  (http://bit.ly/2HReBZR)

5.4 JH gEaes



7] L IR
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it 7 5

I FRAR AR o 7 RN Zr— L8825 S 43 RS R P B A, 8w 21
FHKNN 2595 .



# Dk
import numpy as np
from sklearn.neighbors import KNeighborsClassifier

# oy SR O B R AT R

X = np.array([[0, 2.10, 1.45],
[1; 1:18; 1.33];
[6; 1.22, 1.21];
[1, -0.21, -1.19]])

# G R AR AL Rl
X with nan = np.array([[np.nan, 0.87, 1.31],
[np.nan, -0.67, -0.22]])

# 12 KN 232628
cLf = KNeighborsClassifier(3, weights="distance')
trained model = clf.fit(X[:,1:], X[:,0])

# TRl %
imputed values = trained model.predict(X with nan[:,1:])

# PRI 2R E N AL S
X with imputed = np.hstack((imputed values.reshape(-1,1), X with nan[:,1:]))

# R AT
np.vstack( (X with imputed, X))



array(|[ s 88T 1.31],;

0

1. , -0.67, -0.22],
0.  Zud, 145,
L. » 118, 2.33]
8. « 122 1277,
1. , -8.21, -1.19]])

TR TT 5 R A B IR B R 22 BB R A 7 R O AE -
from sklearn.preprocessing import Imputer

# TR MRFIERRE
X _complete = np.vstack((X with nan, X))

imputer = Imputer(strategy='most frequent', axis=0)

imputer.fit transform(X complete)

array([[ 0. , 0.87, 1.31],
[ 0. , -0.67, -0.22],
[0. , 2.1, 1.45],
[ 1. , 1.18, 1.33],
b8, . $.2%.- L0
[1. , -0.21, -1.19]])
e

=70 FRFAE P AFAEGRRAL IS AR, B AR LR 5 S A P LA 22 2] Sk
TSR RAT o A5 77 SRR AVRFAEAE O B AR A B, 5 AR RF IR N RFIE A
B, R RE ST . AR R KNN (EAR 5 1 J5 T 22 SE IR A it
W), BRI SR AL SRR AE H I TR AE

A4k, AT LLRRFAE A R 22 () 0 RORIAE SRR AE . SR ELAE
KNNRCRZE L, ([HRERER ST I RE R Lo A —Fh



oL, SR IN— A Z ORI R PR RS A o2 B A S A .
S A 5] 132

o (fRRFENLARR > A8 FH B RAE M &) Chitp://bit.ly/ 2HSsNBF)
o (fFHAKNNIENIET HIERIMF)  (http://bitly/2HSISAT)

5.5 AbHH AN 3 1T 4y 2
] R 3R
Sb PR — AN 73 IR EE AN I T 1R H A ) B
it T %

WS EE 2 M . WNRAA S, s VS B T b . I SRIX
AR, AT B HIRA RN E S (WERGHE) A,
KAFEL_ERAE . PP bp v 2 72 5 T & o W,WT&M%$5%~
ENRRESH. PR

AT RS, TR e e A R, RE S R
££ (Fisher's Iris dataset) &3/ MW 72K, ®ANFE 50 W E1H,
HARE THERIRIZE: IR (Iris setosa)  4EFH B R (Iris
virginia) FAZA 85 (Iris versilocor) %T%?UK&]@TE‘%&%%, 3
IRk 740N LS R EHME, Fr 4w e s AR S R TR &
o BT ENHESS—NZcHR N E, Ra—DMUEER TR
TENLEE, WF&T@%$€NAM§@EMEF( R0, H
100 MEREAZIE R (KD



# ik

import numpy as np

from sklearn.ensemble import RandomForestClassifier
from sklearn.datasets import load iris

# A R AR
iris = load iris()

# GIEFHIERR

features = iris.data

# Gl Hprin &
target = iris.target

# Tobnni 40 TUEE

features = features[40:,:]
target = target[40:]

# G —IC Hbrm] SoRpRRE AR 5 h 20 0
target = np.where((target == 0), 0, 1)

# BRI B frm

target
array([o; 6, 9, @, @, 9, 0,08, 8.0;, 1,1, 1,1, 1, 1, 1. L 1, 1 L 1 1,
b 1o Xy L &y 3y 1l Ay 1y L S Iy X Ay Xy e by Ay By 3y b I
by 20 X 3 Xp L ly A ds Ty dp by M 1y 0 L 3y g 1y 3y L I
e Lo ly e b Be de 'l de &l e B B b iy b 3y B by By e Iy
Lo b Be 1o B 1o B Is 1o In 1z L2 @y D X5 1z dss 1)

scikit-learnfJ /R 2 FEE TR AL T — D28 AT LAFE ISR X o3 2t 47 0
B CAEHRIE 0 R BIR A R s . BRI Bt A, HE2
RandomForestClassifier/& — /N7 K 732K &%, WA —"class_weight
ZH . XANSHA] LU U TS e AR B 7 SRR



# Gl
weights = {0: .9, 1: 0.1}

# GH R B ATRERL Aebk oy d 28
RandomForestClassifier(class weight=weights)

RandomForestClassifier(bootstrap=True, class weight={0: 6.9, 1: 0.1},
criterion="gini', max depth=None, max features='auto',
max leaf nodes=None, min impurity decrease=0.0,
min impurity split=None, min samples leaf=1,
min samples split=2, min weight fraction leaf=0.0,
n estimators=10@, n jobs=1, oob score=False, random state=None,
verbose=0, warm start=False)

B W LLE NS Hbalanced, ‘E% H B S 70 SR MIATE RS L AR E .

# S — il RACRRIBE LR 7 6
RandomForestClassifier(class weight="balanced")

RandomForestClassifier (bootstrap=True, class weight="'balanced',
criterion="gini', max depth=None, max features='auto',
max leaf nodes=None, min impurity decrease=0.0,
min impurity split=None, min samples leaf=1,
min samples split=2, min weight fraction leaf=0.0,
n estimators=10, n jobs=1, oob score=False, random state=None,
verbose=0, warm start=False)

A, X ZE I RBEAT T REEAINS o DB o R AT ER AR A
HITR. AR N RAEH, WG ZH 08 (B2 Ma B2 WEE N 2
JO TR EE ML AR, B M UEEECE S SR 0 I
FIR) 75, Flan, R 5B AT 10 EAE, A2 b 2 5
oy R BENLIC A ] HAR 10 EAE, R FHIX 20 B R v 3
o NIHEXS T AN LS R A K 5 B i) FLAR A 2 .



# DA RRREThRE
1 classO = np.where(target == 0)[0]
i classl = np.where(target == 1)[0]

# Wi KA R &
n classd = len(i class0)
n classl = len(i classl)

# TGS 0 BOWEE, W3 1 avsdin T e h el FREHL R
i classl downsampled = np.random.choice(i classl, size=n class@,
replace=False)

# F50 400 0 (1 Bgmim EAD FRFEI 2800 110 Hbri) B K
np.hstack((target[i class@], target[i classl downsampled]))

arfay((8, @8, o 8 8 80, O 0: 4 1 L s 1oy B0 B & 1)

# PR30 O VRFERREAN FRAE 200 1 IRFERREE R A
np.vstack((features[i classO,:], features[i classl downsampled,:]))[0:5]

array(Ll 5: . 335, 1.3, 9.3l
[ 4.5, 2:3; 3, 8.3],
[ 44, 32, E3; 8.2l
[ & 35 lb; 8.6):
[ 5.1, 3.8, 1.9, 0.4]])

RPN G 2B KRBT FOREE . AR EREET, EERE S 2 H
AR, DN I3 SR AT R I BEN LR FE . FE G R 13 B 45 R
o, DB SR 2 B o RIS E BRI R R . _ERAEATT
KAERISBUT AL, R &EE T — 1



# MFE %A LIHEE, AR 0 puib A B e R HLR R

1 class@ upsampled = np.random.choice(i class®, size=n classl, replace=True)

# FE LSRRI 230 0 B FBRIR RRIA Jh LAY F B R Het R
np.concatenate((target[i classO upsampled], target[i classl]))

array([e, 8, 9, %, 0,9, 9, 8,8, 9,0, 6,9,0,0,8,0,0,0,6,8,8; 6
B 0,0, 0,8, 90,8, 80,0, 8,0,0,0, 5 8; 08,8608, 8 8 4
B O B8 e 00 B 0 0y B8, 8 8 1 BB B 88 B,
B: 8. 0. 0,48,9,. 8,9 68,00, 888,06, 08 0.6 8.6,8,0.8,
oA e TR - T I o O CE i ISR P I i (S I 1 - i
i, 4t 4, & & 134 4 L4 4.3 1.3, &6 4,9, 1, 1,3 4, L
by doily Ly ¥ iy dp i, L, &, i, 1,00, L, 8, By 170 e 4, By 4, &,
Ip 3,13, 1y & &, 1, 0, 1 L iy 0%, L Ly 0y L Ly s 1, Ly L &
L 3k dp B iy Loy 3 by 3 3y Ly 1 AT

# A5 LARFERRRI 200 O (ORHIEREFER Y 200 L IRHERRE R
np.vstack((features[i classO upsampled,:], features[i classl,:]))[0:5]

array([[ 5. , 3.5, 1.6, 0.6],
[ 5., 3.5, 1.6, 0.6],
| 5. , 33, L4, 82,
[ s, 2.3 1.3, B3l
[ 4.8, 3. Ly 8311

e

RS, AR 2RBIAa] W,  HEan R 2 H & # A = 5
dr WS, V2 Rl e LEBCE . BRI, AR BRI I SR
ML ) ) — A5 AR5

B iR 7 SRR B 2 RIS H——TC 2 DB 90 SRR W42
H. EHREFERFI T, XRAIEMEIN, Fr LA 2R T HART



B

IR i R T Z A e 35 0 06 T VRS A AT B bR v . THERF R
Caccuracy) B AE N TR A A BE FOFRIEE,  (H FHUERR F R PEAS ALY
) REAEEN . Flu, WRFEAT HEF0.5%M NG 7 R IL
JEIE, B4 BERATB R TN 3G NSRS, R ReiLs 2]
99.5%. 1RBE., XAETMNTEEMLE R, J5HET ST EA LW
PR PRAE, BLARVRIEFERE. KRR, H R, FUELUKROCHIZE.

FIMNERTT RRAE— e RBB P F ] RN E S, XFEReET
XA AT i) oy SR B B . SEIB A, 1R Zscikit-learnf 73 288 #5 A
class_weightZ4, ¥ FHERIRTT{HE.

ARG S MR TT ZAM IR FRFEA ERFE. £ FRAET, FHEM
2R R a5, HNRERES S RS E
BOEAMSE. fE ERFE,  SRIT BT 17 206 5 DB 73 S HARRAE
CAIE B3 5 o5 22070 A M RIAE M S E RS . PSR R
PR ERAE, T ZARIE SR E . WHIEO N, NiZ R 2P
Jiik, BRI

6.0 [T

ARGFI AT (Eeln, —APE SRR 2B R
ERWREAERRFEL — . AEXNE AR SCR Bl s & 15 2 1%F
MERITTVER, ARFFRIEFTA MR B —— 0 X — R A H D2
BB ERL, Pra W SN IR S S s, BESEI— )
REE T RER S GAH A SEHANEOR, E48 el M8
KEEE AR AR H B .

6.1 \‘EE\‘SF » [
7] LA &

X — B AR A ML I SO AT A S U



R TT =

RKER G FEA ) SCATE et AE H Python ) I Z4F B AR AT S8 pl, Horp
strip~ replaceflIsplitiX = ME/ER SR % -

# Bk

text data = [* Interrobang. By Aishwarya Henriette 2
"Parking And Going. By Karl Gautier",
" Today Is The night. By Jarek Prakash "]

?

PR N At
strip whitespace = [string.strip() for string in text data]

# EA IOk

strip whitespace

['Interrobang. By Aishwarya Henriette',
'Parking And Going. By Karl Gautier',
'Today Is The night. By Jarek Prakash']

# Mkzhs
remove periods = [string.replace(".", "") for string in strip whitespace]

# BRI

remove periods

['Interrobang By Aishwarya Henriette',
'Parking And Going By Karl Gautier',
'Today Is The night By Jarek Prakash']

] PLEIEEIF N E e SRS 5 ok



# OIEERL
def capitalizer(string: str) -> str:
return string.upper()

# i Rl
[capitalizer(string) for string in remove periods]

["INTERROBANG BY AISHWARYA HENRIETTE',
'PARKING AND GOING BY KARL GAUTIER',
'TODAY IS THE NIGHT BY JAREK PRAKASH']

B Jri, 3 Al DA I B ORI — S8 A% I 74 5 1A

#
import re

# QIR sy
def replace letters with X(string: str) -> str:
return re.sub(r"[a-zA-Z]", "X", string)

# IR
[replace letters with X(string) for string in remove periods]

[ XXOOCOXKK. XX XXKKKHRXKK XXXKXKXKX ",
IO XXX XXX XX XXX XXXXXXX
IO XX XXX XKXXX XX XXXKK XXXXXXX ]

it

R FOUAREIRAE T A AURFIE 2 1 A0 7 2L AT IE¥E . Python bR ifE
FRF R EAERE TE RN ER r EAR  SCARTE Vet . RIS e, FRATTIE
T H e BT (b, capitalizer) 5 —LLdH & 1IE WAL
% FRRZR BN T U



S Arp 2] 52

o (PythoniEMIFRIA W7 FHHAE)  (http://bit.ly/2HTGZuu)

6.2 AT IS HEHTML

7] R IR
FEHTMLICAF A B SO, 10 B AR BOOA.
fir R Ty %

Beautiful Soups&—/™ 7] LA MWHTML B XML A Fh 2 B 1T Python 2,
Pt TR Z k0. FRATH E XTHTMLEEAT A AT H 32 BOE -

# IndE
from bs4 import BeautifulSoup

# Bl —2 HTML ()

html = """
<div class='full name'=><span style='font-weight:bold'>
Masego Azra"

# it HTML

soup = BeautifulSoup(html, "1xml")

# 4% class & "full name" [y div #s%, HEBRLAE
soup.find("div", { "class" : "full name" }).text

'Masego Azra'
i

R Beautiful SoupiX ™4 FIRAEE, (HELELAFHTML T H ) HE /11L&
B9 K. 1E%, Beautiful SoupsH TIMAELM TTH, AideWn]



DAR A2 K Mg B FEHTML HH ) SCAR

AF AN Beautiful Soup#R{ERATAMNMA, K@ T ABREE. M
FIRRERTT R CLE W, HEMTHTML A H- 52 B 2 0 B0 JE 5 14
B

S AR 5] 132

e Beautiful Soup Chttp://bit.ly/2pwZcYs)

6.3 T2 BEbE A1

7] L1 &
M BSOS R AE R A e
it T 5

FESCAEREL KB / SE A S B % Atranslate:



#
import unicodedata
import sys

# QA

text data = ['Hi!!!! I, Love. This. Song....",
'10000% Agree!!!! #LovelT',
'‘Right?!?!']

# IR MR
punctuation = dict.fromkeys(i for i in range(sys.maxunicode)
if unicodedata.category(chr(i)).startswith('P'))

# BRI RHR e AT
[string.translate(punctuation) for string in text data]

['Hi I Love This Song', '10000 Agree LoveIT', 'Right']
iR

translate K| H:3E ML BE RN Python HR R AT B R & . B o &
Se81 % —punctuation 7 #, ¥ UnicodeH HI b5 & FFF1E Nkey,NonefE N
value, #RJ5 R4 5 o BT fEpunctuation - 8 1 tHBLAE 745 (RIFR
D) i piNone, R ERTEAT. HREH 5 T HE R BRI )
TR, BRNTHEARBRBREMRRITRE, HREERTHANR TR

REBEEEE GIE—T&? Mg ) , NRBXADFLRMRE

B AEQUERF AL, HE S E MR bR i, (HRARIX AR AR, R
B SRR

6.4 K 4y in]

7] L 3R

R ARy B AR ST A 3] o



fil R T %
PythonfJ H#A1E S 1. H 4 (Natural Language Toolkit, NLTK) 7EAbHE LA
AR Z e KR #EE, HpaFEsCAR 536 (word tokenizing) -

# I
from nltk.tokenize import word tokenize

# QA
string = "The science of today 1s the technology of tomorrow"

# i
word tokenize(string)

['The', 'science', 'of', 'today', 'is', 'the', 'technology', 'of',
"tomorrow']

A BURE SCAT 5 N A) 1

# IR
from nltk.tokenize import sent tokenize

# Ol

string = "The science of today is the technology of tomorrow. Tomorrow is
today."

# Yo A)f
sent tokenize(string)

['The science of today is the technology of tomorrow.', 'Tomorrow is today.']

it

SCARG ], JE ARG SCA I3 ST [ BAR] 2 AR TS W SO 2 A 1) & L



1155, RNERF AR ae T8 a8 SR e BRI 258 —20 .
6.5 x4 118 (stop word)
SRR

25 8 — AT IR ) SR BRI R P AR LERL S S B AR D 1Y)
B4R (B0, a. is. of. on) o

TR TT R

i FINLTK FJstopwords:



#
from nltk.corpus import stopwords

# mRERF KRS, WEEL T
# import nltk
# nltk.download('stopwords')

# QIE e

tokenized words = ['i',
‘am',
‘going',
‘1o,
‘g0’
'to',
'the',
'store’,
‘and',
'park’]

# MBS
stop words = stopwords.words('english')

# THBRE L3

[word for word in tokenized words if word not in stop words]

['going', 'go', 'store', 'park']

it

S A5 1R R] LR AR FITAT /5 ZEAE i i Ab 2L BOWI R 1 B3], (ERE X
ANRAEHH R R A LRy 0l B WA 55 45 B R ] . NLTK
A WIS, rTRIREHIF IR 516 2 41 i 45 1k 1] «



# AR
stop words[:5]

[lj_l‘. lmel' Imyl, leSEIfI' Iwel]
FER, NLTKFIstopwords B i it A i Huim] #2520 o

6.6 £ A T

i) L iR

B — > B 41 T R B B AT ) R
il ik T7 %

f# FINLTKfJPorterStemmer:

# I
from nltk.stem.porter import PorterStemmer

# Gl
tokenized words = ['L', 'am', 'humbled', 'by', 'this', 'traditional’,
‘meeting']

# Bl AR
porter = PorterStemmer()

# P

[porter.stem(word) for word in tokenized words]
['i', 'am', 'humbl', 'by', 'thi', 'tradit', 'meet’]
i

TFHREL (stemming) RV — A SOFKILINE (i, )
L iing 54D, FIRHRE AR, LA FIEA W0



T Hlan, “tradition”fl“traditional” ] im] T &S /& “tradit”, FHH BIREA]
A F R, (HEAREEEMER . FBOCARR TG, HiEp)n] e
Mz, AdWEREEERREARRE, FIbEGEE R,
NLTK ] PorterStemmersEHL | #5732 A% FH 34718 (Porter
stemming) 575, KR EE R P ia] TR R Y S SRk AR R T

JEAH [ 452

o P HFiA T892 (http://bit.ly/2FB5ZZb)

6.7 FryE 1A

7] L IR
NS K P AR B BT A AR TR 1
il ks %=

5 FANLTK IR 25 1 18] P BR v 2 «
# hnHE

from nltk import pos tag
from nltk import word tokenize

# BRIk
text data = "Chris loved outdoor running"

# (TN b &
text tagged = pos tag(word tokenize(text data))

# B
text tagged

[('Chris’, 'NNP'), ('loved', 'VBD'), ('outdoor', 'RP'), ('running', 'VBG')]

R AR > SR A R MR e 4 813 . NLTKAYE F Penn



Treebank {1 VEFRASHEATARIE . X HLZS H —#84>Penn  Treebankbr2: 147
¥, WRRAR.

R Ak
WP

N R R i

RB i

VBD % AEhi

VBG 3% s WBE A A
JJ 1% 1]

PRP A FR{%iA

— HONSCARESIN 1 nlPEbRRs, il B H bn 25 31 25 g 1] 1 1) #im] 1. 15
o, KB KA

# g
[word for word, tag in text tagged if tag in ['NN','NNS','NNP','NNPS'] ]

[ChEES)
MSEH E AT RIS R WG e, A —mEE, HPB MM EHa s —%

50, BRATELEIRIE ) PRSP R IORHE (Bl MR H
2, BHERRRL S0 O -



# Qg A

tweets = ["I am eating a burrito for breakfast",
"Political science is an amazing field",
"San Francisco 1s an awesome city"]

# Q%
tagged tweets = []

# R AR AR R b
for tweet in tweets:
tweet tag = nltk.pos tag(word tokenize(tweet))
tagged tweets.append([tag for word, tag in tweet tag])

# {EH one-hot ZRRAHFREH MURE
one hot multi = MultilabelBinarizer()
one_hot multi.fit transform(tagged tweets)

array([[1, 1,6, 1,0, 1,1, 1, @],
[1, 8, 1,1, 6, 6, 8, 8, 1],
(1, 6,1, 1, 1, 6, 6, 6, 1]1)

ik i classes_#jt R & ILEFMRFAE AR & — R PEARSE -

# BERLA

one hot multi.classes

array(['DT', "IN', 'JJ', 'NN', 'NNP', 'PRP', 'VBG', 'VBP', 'VBZ'],
dtype=object)
it

WRSCAE T, 1 HA SR TEARE T8 Bk , B4
FRyE Al 1 i T B S0t 2 s FINL TR PR ZR B iR PE AR E 28 . {H2,
Rpos_tag MR ER, NLTKWIRME 7 HAT I ZbmiEas L] Ul Zbs



VEA I L2 0h a2 T B MRRASORTE R, IF H LB~ F ] 1]
T VERRREAR S ORI o M IR 1 75 b 25 (0 TE R 2 S PR — AR T 1
TAE, FrARBEIE N sa B30 INARIIME

WV IX A%, WRIRAEE WA BRI ZbriEss, "TUSRT
511 Mk . A8 B R BLZE & Brown  Copus (AiEHERLE) , &
FE AT WA bR 22 ) SCATE R E 2 — o FRATASE A 1Y /& Bl 1B noo s Y
(back n-gram) ARyERS, nsAE WM — > 5] 1) e VR 55 2% S 2 /D
ANETI )R] (GHSEEn-11) o B, 5 RIS Fia] 1 AT R S F 1]
(f§ F{ TrigramTagger) , ‘& RIHIBA A, W«BLE” 2 H % &
‘BRI A —N 58], IXBEAd F BigramTagger. U5 1X /™ B8] 5 [ —
FAEIERER , il Id UnigramTagger R %5 FEiX AN LR A & o N 7 KR
VERER R, FATE STAREIE 77 A8 5r,  — 85890 F RN ZhbriE
o, A ER A BRI AR A B RO |



# ik

from nltk.corpus import brown

from nltk.tag import UnigramTagger
from nltk.tag import BigramTagger
from nltk.tag import TrigramTagger

# NGEHERHEPSRICCA SR, YnWh) T
sentences = brown.tagged sents(categories='news')

# 1% 4000 M TR, 623 401 F{EL
train = sentences|:4000]
test = sentences[4000: ]

# O FLRARES

unigram = UnigramTagger(train)

bigram = BigramTagger(train, backoff=unigram)
trigram = TrigramTagger(train, backoff=bigram)

# AR

trigram.evaluate(test)

0.8179229731754832

S AR 58] 132
e Penn Treebank Chttp://bit.ly/2HROP05)

o 1 BATERIZE (http:/bit.ly/2FzgMTx)

7] L IR

A — AR R R R W EAE SOAS AP A5 RS RE Al O B



R RS
{#i F scikit-learn ] CountVectorizer:

# i
import numpy as np
from sklearn.feature extraction.text import CountVectorizer

# Gl

text data = np.array(['I love Brazil. Brazil!',
'‘Sweden 1s best',
'‘Germany beats both'])

# Qlg— TSR
count = CountVectorizer()
bag of words = count.fit transform(text data)

# BN
bag of words

<3x8 sparse matrix of type ''
with 8 stored elements in Compressed Sparse Row format>

ERAREE A S R AERE . SO EAR ORI, 8 IR B A7 T
AN, HRERANIDCEE] 7, Al LU Htoarray 2 & W
S BRSNS TR

bag of words.toarray()

array([[e, 0, 0, 2, 0, 0, 1, 0],
[Bl s ar g| E]J 1, E'J l]l
[1, 0, 1, 0, 1, 0, 0, 0]], dtype=int64)

1 F get_feature_names /7 V£ A8 & B BN RFIE PTG B B BAL1A] -



# BRI
count.get feature names()

['beats', 'best', 'both', 'brazil', 'germany', 'is', 'love', 'sweden']

ERF A T REAT ) N TR 1 U AR R 7 8 2 A AR 1 19,
N LIRS A CRE AT DIMEED 4 T BB

beats best both brazil germany is Tlove sweden

0 0 0 7. 0 0 1 0

0 1 ¢ 0 ¢ 1 © 1

1 0 1 0 iE e 0 0
it

N SOA B ¥ SRR B B o FH B 7 v 22— 5l A A 434 (bag-of -
words model) o 1A LAY S SCAR R H B — AN B # d HE — ANRRALE
BENFRREAAS Sz B in FE W EE A B B AR . Ban, ZEIRATR e Ty
2, K NbrazilfEf) 7“1 love Brazil. Brazil!” ™ 3L 77k, B PA%s
ik “brazil” F{E &2

R GTT S N SO B A RORAR DN, HERAEM SIS,
AR RN EE AT e R BEA BRI N ! ROYiR AR O HE B B4~
HHEEIE 7 AMRRIE, PR RS T B MR IE, i
WRAE XA FEREAT I 75 22 5 AR R AN AE . EaRigfse, AT U A A
ARARFAL A R AR R PR R D 2 T ATk ) %

REBMEEIASEE KL 16, FIESISIEEE R SFIRZEN
0. XFERHRFER AR N b . 7] UL S A7 3E =48 B B 2l
{EHERAZ0, MK A EEATFE TRk, X SRR REIR K
M ELRE T B IR 2 N AFE43 A . CountVectorizerd — MBI HIER M, w22k
A DR FEAE N

CountVectorizerib F 1R ZH HIZSE, CATRE LA a3 R S 4FEFE FEAR 15
IR, B, REBAGH FTEEMHEL 86, (HW RN g



o FRATTET DU AE 15 B PR (FRON e, 2-gram) B = ~id]
(=JCHRY, 3-gram) HJZH4 . ngram_range NFATHIn oA % B i K
JulE/hoe, B, (2,3)=REIFrE N oA = o, Hx, {4
Histop_wordsth A] AR 757 {8 2 br 45 B = be s/ D i) ], 48 1k 3m] 51| 36 AT
LR EE WA PUE H € X )5, 1§ FHvocabulary i] LR U %2
1B PR 8 AN AE R e 1) P da] 26 o B g R B S . filan,  gla— A A
BB [ 5 44 - ) 1R) SR IR P

# HisE 2RO ERRE
count 2gram = CountVectorizer(ngram range=(1,2),
stop words="english",

vocabulary=['brazil'])
bag = count 2gram.fit transform(text data)

# AR
bag.toarray()

array([[2],
[0],
[011)

# R LB R
count 2gram.vocabulary

{'brazil': 0}
FE R [ 12
e n-gram Chttps://en.wikipedia.org/wiki/N-gram )

e Bag of Words Meets Bags of Popcorn I Chttp://bit.ly/2HRba5v)



6.9 f7 FL i [1}] H B
i1 20 i i
XoJ 1) SR AR AY r ) ] 2 R AR I BAE Fp 1) B AR HEAT AL
fil R JT 5
{f FH TF-IDF (term frequency-inverse document frequency ) & — ] 7E 3
AR GESC. B2vF. BRSSP i H IR O AN R AR B SR

B IR B AT S b . F scikitlearn ) TfidfVectorizer G 1R 77 {5 HfHx />
PUREA

# I
import numpy as np
from sklearn.feature extraction.text import TfidfVectorizer

# QA

text data = np.array(['I love Brazil. Brazil!',
'‘Sweden 1s best',
'‘Germany beats both'])

# CIHE TF- IDF 1A%
tfidf = TfidfVectorizer()
feature matrix = tfidf.fit transform(text data)

# #7i TF-IDF FiEiif%
feature matrix

<3x8 sparse matrix of type '’
with 8 stored elements in Compressed Sparse Row format>

#16.871 —#¢, TfidfVectorizer)#i 2 — MaBifERE. Ak, R4
BB, ATUMEH. toarray:



# &4 TF- IDF RElErEEA & R
feature matrix.toarray()

array([[0. B s B
0, , 0.4472136 , 0. ]
[0, , 0.57735027, 0. o - 1
0.57735027, 0.4472136 , 0.57735027],
[0.57735027, 0. , 0,57735027, 0,
0. , 0. , 0. 11)

vocabulary_ 7] DL B HRFE 1] HL 1A K

# BARPHER AT
tfidf.vocabulary

{'beats': 0,
'best': 1,
'both': 2,
'brazil': 3,
‘germany': 4,
‘Jete B,
'love’': 6,
'sweden': 7}

e

, 0.89442719, 0. :

:B- !

, 0.57735027,

—ANEE SR IR IR B 2, BN XA OB E L D, iR
HiRleconomy£E H i SR A E H I, R RIS SO A R 8 T4 5F
) FRATTHE B R LE SO o B HY IR BORR 9 1A] 430 (term frequency tf)

R, R — IR Z AL T, A BRSO &
B B A 1o Blan,  an R REEA SO B SCAS Bl 7 6 5 HL 1]
after, A EIRAIREAZ —NEER .. —DFIRHIE T 2 /D30
H, AR AN EUE IR A% (document frequency,df)



KXW GEIHEA AR, AT R RN i — 08, RER
BN O R EERE 7. BfRHUl, BUSKERldE (Ginverse  of
document frequency, ¥ [r] R4 ) AH .

t-idf(s, d) = tfit, d) * idfiF)

X, RORBE, AR THEEMIAIR FEFE IR £ . {Escikit-learn
W, R R A SR R B IR B, idERE X SR Y

‘ 1+ "y
ldf{f} = Eﬂgm +1

n g & SCHE AR, df(d,t)2 I SRR (At FLRE1E 2 0 S0k
P .

PRIEOL T, scikit-learn2 i I RK QB AL (L2760 K TE-IDF[A & —
. RRIMEREHOS, XA B SORER A 2

S A ] 52

o scikit-learn3C#4: TF-IDFAXE Chttp://bit.ly/2HT2wmW )

o 755 AL T I [A]

7.0 {4

X B A AR AL B B 5 i 2 aE 2 H AR 18] (datetime) SR FIHPE. b
SRR R A IS (] B R s IR R R SRy . A S
AL PR ES T8] 2 21 808 ) — R A SRS, A6 A B DX AN 61 27 5 B 8] 7 471
%%%iﬁﬂ‘]ﬁfﬁﬁé@pandasqjEI‘JHHLI‘EW?WIE, ‘B EIR 22 HoAth 22 1 1)
BeE R T —ik.




7.1 AR ER R 6 Rl H 3

[F] L 3R
AR H PRI 8] ) 735 8 i B2 0 P 1) P S0 K0
(RS

{% FHpandas|Jto_datetime & %y, JFFilIdformatZ 45 & 747 5 1) H A
(B B IE A%

# e
import numpy as np
import pandas as pd

# GVETITE

date strings = np.array(['03-04-2005 11:35 PM',
'23-05-2010 12:01 AM',
'04-09-2009 09:09 PM'])

# HHink datetime 2AUHAR
[pd.to datetime(date, format="%d-%m-%Y %I:%M %p') for date in date strings]

[Timestamp('2005-04-03 23:35:00'),
Timestamp('2010-05-23 00:01:00'),
Timestamp('2009-09-04 21:09:00')]

0] PLIEH— N errors S Hk b B R .



# Hipk datetime AR EHE
[pd.to datetime(date, format="%d-%m-%Y %I[:%M %p", errors="coerce")
for date in date strings]

[Timestamp('2005-04-03 23:35:00'),
Timestamp('2010-05-23 00:01:00'),
Timestamp('2009-09-04 21:09:00')]

W RAE Nerrors= " coerce ", MFrfR B IR A SIE R E GRIMMT
A, HRSE S EOX MR R IE 1 B RNaT (WHt 25 RE) .

e

2 H BARIE [a) L2578 R A B, 75 Z20 B 15 3 Py thon B 2 i 1Y
BRRA . EIRPythont A £ T G5 7245 £ 7 ¥ i datetime S 7Y,
{E1E J5 TH 7Y 345 s FA1 T #6 2 i F pandasJto_datetime R #0417 #5#, FF
FrE R s H AR ) — A8 s, B R BERIE AR, 455 8 R 2
WL EE. Hlu, —AHIHRER E8K 201553 H 23 H &8 A“03-
23-15”, A FERINA“3]|23|20157, f# FH formatZ % n] LLEE & 745 5 1
HARM . TRV 18 FH I H A ] s A A .

55 Haik f51-F
%Y 5o B R 2001
w=m H, HMTHEGHOERE 04
%d H, gfissnfimH s 09
%1 I, EORIEE R 0 R 02
% AM (EF) HPM (F4) AM
%M o, BT FER 0ERE 05
%S f, HfTEEERH ST 09
AR 58] 152

o PythonH" H BAAN [AJA% AL ARSI 58 82 5138 Chittp://strftime.org)



7.2 AR PR X
1
g4I ) SR A I R A [X
R IT

R AR TE €, pandasHIxf ZASE AN XK, At nl PLEE G X
F LSRR e i) X

# IndE
import pandas as pd

# Gl datetime

pd.Timestamp('2017-05-01 06:00:00', tz='Europe/London')
Timestamp('2017-05-01 06:00:00+0100"', tz='Europe/London')

7] Ltz localize 2 7 614 ) datetime Xt RS IR X A5 &, -

# fi datetime
date = pd.Timestamp('2017-05-01 06:00:00")

# BCEIX
date in london = date.tz localize('Europe/London')

# #F datetime
date in london

Timestamp('2017-05-01 06:00:00+0100', tz='Europe/London')

] DU 3R [X



# MO
date in london.tz convert('Africa/Abidjan')

Timestamp('2017-05-01 05:00:00+0000', tz='Africa/Abidjan')
i )5, pandaslt]Serieshf R RN — NIt 3= M Htz_localizeftz_convert:

# Gl 3 4R
dates = pd.Series(pd.date range('2/2/2002', periods=3, freg='M'})

# VAR
dates.dt.tz localize('Africa/Abidjan')

0 2002-02-28 00:00:00+00:00
1 2002-03-31 00:00:00+00:00
2 2002-04-30 00:00:00+00:00
dtype: datetimeb4[ns, Africa/Abidjan]

it

pandas >CHF PRI X 24778, (H 2 FRE WUE F pytz [ 12457 5
5 \all_timezones/ZE 5t BEE 2 T AR X 1575

# I
from pytz import all timezones

# BHEMAMX

all timezones[0:2]

['Africa/Abidjan', 'Africa/Accra’]



7.3 15 8 H AT [H]

[F] L 3R

M2 H IR R rp e A e A HHE
(RS

A AN A1 2R 2 PE 0 23 5 v BT e TR 255 H 39«

# ndlE
import pandas as pd

# GIH R
dataframe = pd.DataFrame()

# @ik datetime
dataframe[ 'date'] = pd.date range('1/1/2001', periods=100000, freg='H')

# ik RS B Rl
dataframe[ (dataframe['date'] > '2002-1-1 01:00:00') &
(dataframe['date'] <= '2002-1-1 04:00:00')]

date
8762 2002-01-01 02:00:00
8763 2002-01-01 03:00:00
8764 2002-01-01 04:00:00

o, Ridate CHID X—FIBOoNBHEWIR 15, 2R )5 Hloc#t 47 i
i



# EE
dataframe = dataframe.set index(dataframe['date'])

# BEAEMA I Z IR {E
dataframe.loc['2002-1-1 01:00:00':'2002-1-1 04:00:00"']

date
2002-01-01 01:00:00 2002-01-01 01:00:00
2002-01-01 02:00:00 2002-01-01 02:00:00
2002-01-01 03:00:00 2002-01-01 03:00:00
2002-01-01 04:00:00 2002-01-01 04:00:00

it
U BRI ORVE SRR DAL % 51 KI5 M.,
SRRSO T FEAIRAE TS datelsc 51 6 B A BRI %2
SR {ER 0 0 PR AR S S BRI T, T4
AR S L 2,

7.4 4 LSBT 4 B 22 AR

7] R iR

=% H IR [ R Q. . B I 2 HIRHE.
R TT R

fif FHl pandas 4 i Series.dt 1] i 1] J& 14 -



# DI

import pandas as pd

# BlRHAR
dataframe = pd.DataFrame()

# Al 54 AM
dataframe['date'] = pd.date range('1/1/2001', periods=150, freg='W')

# G, AL B, HASITRIE

dataframe[ 'year'] = dataframe['date’].dt.year
dataframe[ 'month'] = dataframe['date'].dt.month
dataframe['day'] = dataframe['date'].dt.day
dataframe[ 'hour'] = dataframe['date’].dt.hour
dataframe[ ‘'minute'] = dataframe['date’].dt.minute

¥ ER3IT
dataframe.head(3)

date year month day hour minute
0 2001-01-07 2001 1 7 0 0
1 2001-01-14 2001 1 14 0 0

2 2001-61-21 2001 1 21 0 0

[AR7

A7 IRt datelX — S o e 2 AN 2 AR I . Eban, RA] RERS 22
TR B R M EME R T A B IRy 25 FE B H A BLEXT
e R, AE L ED 2D,

7. 5 \— /\ jH\: A \E[ / H‘ \El AY




7] L IR

BRI ILEAE TE SIS H AL 22 18] (R TR) 22
it 7 5

it i pandas X 13 4> H JIRF AL Aok -

# iR
import pandas as pd

# G Em
dataframe = pd.DataFrame()

# GIEEMA /)~ datetime F5fF
dataframe['Arrived'] = [pd.Timestamp('01-01-2017"'),pd.Timestamp('01-04-2017")]
dataframe['Left'] = [pd.Timestamp('01-01-2017'), pd.Timestamp('01-06-2017")]

# HREBAEEE 2 100 ] ] R
dataframe['Left'] - dataframe['Arrived']

0 0 days
1 2 days
dtype: timedelta64[ns]

%g%ﬁ%ﬁﬁﬁﬁ%%%,W%%%%ﬁﬁ¢%@w?ﬁ$,ﬂ%T



# VF R AR Z )
pd.Series(delta.days for delta in (dataframe['Left'] - dataframe['Arrived']))

0 0
1 2
dtype: int64

e

A I AT AR EE B RFAE A2 PN [B) s 2 TR IS TR] TRI RS (deltad o #ltn, 4R
ATTENTE — 7 25 7 AE T S5 I NAE AR o5 I 18], 10 FRAT T AR ZE R Ak e AT T
JLX. pandasfTimeDelta%it4s S B 7] DLLEIX A 3515 A2 1R 4] 52

JEAR [37] 132

e pandasC#4: Time Deltas Chttp://bit.ly/2HOS3s])

7.6 %t — J& N 1] 2 R FFHAT it

7] R I
R—AHRES A HEZ 2L,
it 7 5

1 FHpandas ' Series.dt[)weekday_name & {4 :

# A

import pandas as pd

# GlHEH
dates = pd.Series(pd.date range("2/2/2002", periods=3, freg="M"))

# HEEMIL



dates.dt.weekday name

0 Thursday
1 Sunday
2 Tuesday

dtype: object

Wik B o — N UE, DMER O — B A BIPLES 7 ST RE, T
Euﬁﬁﬁweekday)%fﬁﬁo BEH—PNEECRE R PMEATREL (B
/ﬂ_‘IEILZ()) :

# EELEHIL
dates.dt.weekday

0 3
L= B
2 1

dtype: int64

e
fE—lg g, FERE - REEWLSRAH, HnmElRad k348
BAENHMAEEG LS. melE—MRERE, HPhad 2 LR
&5, fEpandasH /2 1R7E 2 (M2 .
JEAR [37] 132
e pandasJSeriesX} G H1 A1 H A KK JEME (http://bit.ly/2HShhq1)
7.7 Al — AN 5 AR AE
7 2 4 A

A3 — AN JEn S TR B )RR AL o



il ks %=

{4 F pandas/¥]shift:

# sk

import pandas as pd

# Gl HER b

dataframe = pd.DataFrame()

# QlEEdE

dataframe["dates"] = pd.date range("1/1/2001",
dataframe["stock price"] = [1.1,2.2,3.3,4.4,5.5]

# LR

dataframe["previous days stock price"]

# AAEdEn
dataframe
dates stock price previous days stock price
6 2001-01-01 1.1 NaN
1 2001-61-02 2.2 Tal
2 2001-01-03 3.3 2i2
3 2001-01-04 4.4 33
4 2001-01-85 5.5 4.4
it

BHEFOR, ﬁﬁZ@%ﬁ@@ﬁ%ltm(Wm,—%
NIED 5 THBRATT LR A P S R AR AR

periods=5, freg="D")

= dataframe["stock price"].shift(1)

— /N =
S5 — MR

fiE) B4R, Wm,ﬁ%w~%M%m1%%ﬁMA%Mﬁ% 17



pandas, FATA LAE Mshiftib g fm —47, Gl —E& I L EER
BRI -

TEfR R T &, BRUABCA BT — K W stock_pricefd, LA
previous_days_stock_price ] 5 — 1T & — M R

7.8 {4 FH & At ] 2 1

TIETS
AR 6] B AR 1] R
R

# A

import pandas as pd

# @ik datetime
time index = pd.date range("01/01/2010", periods=5, freg="M")



# QIR RGN, 1A D]
dataframe = pd.DataFrame(index=time index)

# CIRHE
dataframe["Stock Price"] = [1,2,3,4,0]

# T
dataframe.rolling(window=2) .mean()

Stock Price
2010-01-31 NaN
2010-02-28 1.5
2010-03-31 2.5
2010-04-30 3.5
2010-85-31 4.5

it

) CHRHRAFRR ) I 6 RORER R G 8, R R 1%
SRR AR AT AR (BRI DATTRE S A O L LA UL g
(. BT —ANE A RO IS BT, ELZE AT 16U o S
BN P A B eh A LS o R R B E

ﬁﬁmﬁﬁu%ﬁ—/ﬁﬁﬁﬁs/ﬁﬁ MRS TR T 1, ZORIRB)TME, wBLX
FiT5

1. K1A. 2AABA K FME.

2. K2H . 3HMAH KT HIE.

3. K3H . 4HAISH KT HIE.

4. WRILZEHE,

g, FATH AR N34 H R e & b id 1 ra g



B, ®E—F, #STHERXAT DN A WEAE R 21E
pandasf¥Jrolling 7] LAi# i windowZ ¥4 7€ T LA K /D, [FIRHEREIR J5 {58
Hrh B —LeE WS THE, BEHE&EKNE (max() « “F31E

(mean()) ~ T4 (count()) FNRFNAHFIE (corr())

FREN T EIEH 5 FH X6 I 8] P SR AT AL B, DR Do fa P 384 I 1)
)P 25 4E e F 95 R IS R B2

JEAR [37] 132
e pandas X H#Y: RN [ (http:/bit.ly/2HTIicA)

o (ftaR#ah i AR)  (http:/bitly/2HRRHBN)
7.9 Kb FE B [a] 77 A1 A 1 s R AE

[F] i 1 3R
KEERI [8] 5 51 K500 HH BRI AE
fir R Ty %

B 7 R I A AT R R B AL B SRS, BRI R] PR A B, aE ]
DS EIEEGIIERES SEGME ISR ER Ik 1€ /-1 NEE



# ImaE
import pandas as pd
import numpy as np

# GRS
time index = pd.date range("01/01/2010", periods=5, freg="M")

# GlEkakn, REFS|
dataframe = pd.DataFrame(index=time index)

# QIR AR AR
dataframe["Sales"] = [1.0,2.0,np.nan,np.nan,5.0]

# X R A T
dataframe.interpolate()

Sales
2010-01-31 1.0
2010-02-28 2.0
2010-03-31 3.0
2010-04-30 4.0
2010-05-31 5.0

s, Al LR AT R B e R AE (Bl 2 R RTE ) -

# IR
dataframe. ffill()



Sales
2010-01-31 1.0
2010-02-28 2.0
2010-03-31 2.0
2010-04-30 2.0
2010-65-31 5.0

SR AR Ja T AR B R R AE (B2 R e 3H )

# [ fadis
dataframe.bfill()

Sales
2010-01-31 1.0
2010-02-28 2.0
2010-03-31 5.0
2010-04-30 5.0
2010-05-31 5.0

i

5 7 A — PO T L R SR B OB, SR b 3 AT
BT ) SO R — 4 P AR 2, AR P B 2 7
AT . RS, S 23 Lk (1L
BN, SR IE . B, RGOS, B

iliEl’MEx%E : E| Mg E} ' }}\2 : E" @JE 3 E} H—F4, )

X SR E I HH P SRR AR ttiﬁ‘cé‘@ﬂﬁﬁz%g E] ol 4 EI o

WRBATI N CFI S R 2 2 HELe 41, 7T LAfE Finterpolate ]
method Z >k 15 & #did 10 77 =



# kA T
dataframe.interpolate(method="quadratic")

Sales
2010-01-31 1.000000
2010-02-28 2.000000
2010-03-31 3.059808
2010-04-30 4.038069
2010-05-31 5.000000

wJa, SHRAERER AR EEIEE K, BATABN A G O THE . fEX
Mg LT, AT A A lmick BR )36 E 8 s, A limit_direction R 15 B
M — N CREAT M BT iEE, R T s AR .

# ek (T (E
dataframe.interpolate(limit=1, limit direction="forward")

Sales
2010-01-31 1.0
2010-02-28 2.0
2010-03-31 3.0
2010-04-30  NaN
2010-05-31 5.0

[7] J JH 7 A [ {T SR 7 2 ] S AR AR, e S I — A e CAME Y
2, I X R ERIATE ST . 1A 5 S TS AT A AT E TS IE A — /M
s BIVANTE ZERNIE SRR A 0 HIAE o

e UG AT

8.0 i/




FUR 3 ML 7 S R i 2 A AU — o B AR A H B S0
YRR BE T R ALAS 7 ) FIE I — R R R s K RE /). 2R, FERALAS 7
SIENENH T EUR AT, 0% 75 500 R A6 R S oy S5 ] H B RE
e

BATVEAE R EAL S FE (OpenCV) SRACFEEIG . BERETFZAL
75 I EME AL 2, {HOpenCV AT, HICHI 2 4. 8 H
OpenCV I i K IPEAG 2 — 2 2238 . RM=EiEi)&Z&, R4 HPython
3 (FEA H iRES OpenCVIEARE 5 Python  3.6A_EHIfilRA— AR
#r] LA F Anaconda 88 # 28 T. H.conda>k %35 0penCV, HiREAL
Ui AT T THNIX —AT a2 R AT

conda install --channel https://conda.anaconda.org/menpoopencv3

ZJ5, AU H—MEEAR, S AOpenCVIFH ERRAS (3.1.0) , LA
B OpenCV ) 22 2E 15 .«

import cv2

cv2. version

548 B conda% 3£ OpenC VI IE 21| ] @, 7EM 2% E ] AR RIIR 2 2%

AR ER S — ARl EIE, VR PT LLAGitHub T 20X L 44
(https://github.com/chrisalbon/simulated_datasets) o

8.1 N &
1
9T X EUGEAT TR, B AR i
MR o7 %

1 | OpenCV frJimread /7 72: :



# M
import cv2
import numpy as np
from matplotlib import pyplot as plt

# BT ARK EE
image = cv2.imread("images/plane.jpg", cv2.IMREAD GRAYSCALE)

MEEAL G, WTLUEH Python 94 B Matplotlib .

# k(R
plt.imshow(image, cmap="gray"), plt.axis("off")
plt.show()

s

MAR Fad, BGEWZEHE, mH I imread /7 VAR, FEFr 2B BAG 2L
PR HORNIRATAE AR F B 2R —— NumPy 24



# o

type(image)

numpy . ndarray

A DX R E BRIl — MR, PR iR S R AR R
XN HN T R A n] LB R FERE I

# B R
image

array([[140, 136,
[144, 136,
[152, 139,
[156, 146,
[146, 150,
[143, 138,

146, v
149, e
144,

144, .,

147,
147,

g 132,
, 142,
vgy 128

e L
S | 1
wany 10D

139, 134],
124, 126],
127, 134],

154, 151],
158,. 157],
157, 157]], dtype=uint8)

BG4 P 523600 x 2270,  FIHE B (48 5 5¢ 44 A -

# AR
image.shape

(2270, 3600)

FERE R TR EPERAT AWE? X T RERME, R o rERE
X RAR R AR A . AKEEAEAED (R F255 (H) Z[a)%efk. Hi
an, ARG S AR o e B AR ER RUNKEEAE 9 140:



# Do -MRFEAFE
image[0,0]

140

f?ﬁﬁﬁ%ﬁﬁiﬁlj A TTRBE =ME, A NIES. MLty
= (BGR) :

# LA AR EE G
image bgr = cv2.imread("images/plane.jpg”, cv2.IMREAD COLOR)

# BrBFEE
image bgr([@,0]

array([195, 144, 111], dtype=uint8)

—/NIRZR: OpenCVERIME FIBGRI& L, (HYFZ G HIEF (fiE
Matplotlib) ﬁﬂﬂRGB%ﬁ (gl , mpleil, Zam ”’“@» > Y

EX AL E . ZAEMatplotlibH 1E# & 7R OpenCVE L E&, %E&%/H
%i%i?%ﬁRGB%ﬁ (R, 723 E EIR A 405 B B A BB AT IX

FIF ;‘E%I) :

# Feffihy RGB #4:K
image rgb = cv2.cvtColor(image bgr, cv2.COLOR BGR2RGB)

# DRl
plt.imshow(image rgb), plt.axis("off")

plt.show()



AR 58] 152
e (RGBHIBGRMIX ) (http:/bit.ly/2Fws76E)

e RGB{A AR (http:/bit.ly/2FxZjKZ)

8.2
7] L IR
N TR EUGI AT TAREE, T BRI
ik TT %
fifi FH OpenCV ffjimwrite:

# hnaf



import cv2
import numpy as np
from matplotlib import pyplot as plt

# LIk EERE AR R
image = cv2.imread("images/plane.jpg", cv2.IMREAD GRAYSCALE)

# (RTFER
cv2.imwrite("images/plane new.jpg", image)

True

[AR7
OpenCV fflimwrite B R OrA7 2138 € 1 SO #8 AR EHR AR 20 SO

§ 4 (jpg,. png<s) Y€ W ZEEN RS, imwritel B8 il
A3, A2 2R T S B SRURERIA

8.3 ARG A/
il
AT A EGEGE BB, FERRREA N (RER0EE .
iR T %
it P resize 7 i 5028 PR 8K /s



# &

import cv2

import numpy as np

from matplotlib import pyplot as plt

# LIkERR AR
image = cv2.imread("images/plane 256x256.jpg", cv2.IMREAD GRAYSCALE)

# f5E Jy RHiR% 4 5050 g3
image 50x50 = cv2.resize(image, (50, 50))

# ARG
plt.imshow(image 50x50, cmap="gray"), plt.axis("off")
plt.show()

it



AL UGN AR TAC B H i DAL S, JRIE W S B, G
BRI /NS 7, AE 2 8 R AR AR BUG L a0 E M R RN (R &R
O o ARMEGE RN (BEED MfrEfe &k —8E B Bk,
E@m@A*gmﬁ% 28N EUR MG I, FERE R R S 24570,
mHE P IE RN Wb, Hk, Hlassd 5T ERE LT
%@@,%Eﬁﬁom%ﬁﬁgﬁﬁaﬁ,%AE%ﬁEWﬁ,LLﬁ
BEMZ IR (BR=ED TR KR N = el 5 X i L
FIBG IR A . 32x32. 64%64. 96X96F1256%256.

8.4 81 K%
7] L IR
AL BT P BRI Gk T RS
figt Ty %

g@ﬁﬁﬂﬁ_%meﬁ@,I%Lﬁﬁﬁ@ﬂﬁTUﬁ@%ﬁ”@

# ik

import cv2

import numpy as np

from matplotlib import pyplot as plt



# LA FE PR A (%
image = cv2.imread("images/plane 256x256.jpg", cv2,IMREAD GRAYSCALE)

# EFEPTERfTRAT 128 5
image cropped = image[:,:128]

# WorEf
plt.imshow(image cropped, cmap="gray"), plt.axis("off")
plt.show()

it

H1T-OpenCVH; BB R ONFEFE, Pir LR S AR B AT A4, mie] DA
BB R ERE AR B AIEAER Iy, XR BTk
A B, RGOk B E ) 2 R Bk, AT Al ASEY
AR, ORI X 5



S Arp 2] 52

e (NumPy Arrays¥]J7)» (http://bit.ly/2FrVNBV )

8.5 \l/ \‘{,EL QI\EE |§| 1%

7] R IR
ZO R B AT T AL B
fir R Ty %

P AL EE BB R BRI E AR O AR R BT 2 ME . HHAER
AP HAT MR EYERR N — % (WERARANREZ 24,
AL o XAMZIRNRGE 7T IR, B0k, AR B &k
ﬁi?ﬁégiﬁ—45x5ﬁﬁ$ZX¢4f%%%E‘J1EﬁX¥i’>J1E, DY
EPUSEHEE

# 0

import cv2

import numpy as np

from matplotlib import pyplot as plt

# LU R Pt s e %
image = cv2.imread("images/plane 256x256.jpg", cv2.IMREAD GRAYSCALE)

# bR E &
image blurry = cv2.blur(image, (5,5))

# LoREG
plt.imshow(image blurry, cmap="gray"), plt.axis("off")
plt.show()



ZZT R a2 T BRI, 1 1 FH100x 100 A% 2EAT A [R] T 18 #

# T LA E &
image very blurry = cv2.blur(image, (100,100))

# B
plt.imshow(image very blurry, cmap="gray"), plt.xticks([]), plt.yticks([])
plt.show()



g

FERMBACE A, 22 N T BB B 2050 St U 1 P sk, A
BRI BRI AE . FATTEE A AP A R R



# el
kernel = np.ones((5,5)) / 25.0

# o
kernel

array([[ 0.04, 0.04, 0.04, 0.04, 0.04],
[ 0.04, 0.04, 0.04, 0.04, 0.04],
[ 0.04, 0.04, 0.04, 0.04, 0.04],
[ 0.04, 0.04, 0.04, 0.04, 0.04],
[ 0.04, 0.04, 0.04, 0.04, 0.04]])

bbb o ae EAE B R, MHRTRZZERIMAER. 0
T e R BAHRERE BA—1o81) , BIEE Jo s 2 AL
B E A AEFRIRE, 77 LA filter2DTE G EFE N, AL
IR ROR

# Ji g
image kernel = cv2.filter2D(image, -1, kernel)

# TrER
plt.imshow(image kernel, cmap="gray"), plt.xticks([]), plt.yticks([])
plt.show()



AR 58] 152
o (ff TP T LM EE %) (hitp://setosa.io/ev/image-kernels/)
o (HWHIKEE#Z)Y (http://bitly/2FxZCFD)

8.6 B
7] R I
X PR EAT B AL P
R TT %
QU — M RER s Hbn BRI, 285 8 i filter2Doke He S H - EIAR -



# InE

import cv2

import numpy as np

from matplotlib import pyplot as plt

# LIk FE R (&
image = cv2.1imread("images/plane 256x256.jpg", cv2.IMREAD GRAYSCALE)

# Bl

kernel = np.array([[0, -1, 0],
[-1J 5F-1]J
[0, -1, 0]1)

# BitEE

image sharp = cv2.filter2D(image, -1, kernel)

# A%
plt.imshow(image sharp, cmap="gray"), plt.axis("off")
plt.show()



it

BRI S AR L, AT AR A, FRATIE P AR T AR BEAE SR
AIE; MBS, FAMER R ERR SR B R E S, Sidin]
DL R i & I se



8.7 fE X LU

i
TR B PR 0 L E
IR

H 7 B — P EUR A B 7%, B AT DS B A A AR BE 2R
o XTTAREENR, v LLERAE KR N OpenCVI#jequalizeHist:

#

import cv2

import numpy as np

from matplotlib import pyplot as plt

# I &
image = cv2.imread("images/plane 256x256.jpg", cv2.IMREAD GRAYSCALE)

# HoRELG
image enhanced = cv2.equalizeHist(image)

# WoRHEG
plt.imshow(image enhanced, cmap="gray"), plt.axis("off")
plt.show()



{E2 xR B MG AT G o e, BT S A YU VRS, H
HYRRTRE,  UMVERBIE. #iE, 7K equalizeHist /72 M H
TIEEME, R A H i [IBGREKRGBA%



# (R
image_bgr = cv2.imread("images/plane.jpg")

# R YUV #ea
image yuv = cv2.cvtColor(image bgr, cv2.COLOR BGR2YUV)

# B R A B
image yuv[:, :, 0] = cv2.equalizeHist(image yuv[:, :, 0])

# FERK RGB Hat
image rgb = cv2.cvtColor(image yuv, cv2.COLOR YUVZRGB)

# worER
plt.imshow(image rgb), plt.axis("off")
plt.show()




it

KT EJ7 B R B VEAN R L T AT, R EOR Y, B
RFRER, ERRBERNDAATEEE

BRI BL5 BT IR 15 2 1) BB B R AL, (H2 21T,
PG AR R E I B AT AR 7 . 2R LT R A e A (5 AT 1IN R )
MR G HABX REE R XA EE OfFEa2at) , A ex3&A]
PR AL BRI K ek 2 — A M E A A TS o

8.8 P {0 ) &)

[F) L IR
R B B AP R R R €8 73 B K
il Ty %=
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FREEFR)



# I

import cv2

import numpy as np

from matplotlib import pyplot as plt

# InEEfg
image bgr = cv2.imread('images/plane 256x256.jpg")

# 14 BOR HrUHeHnk HSV 2
image hsv = cv2.cvtColor(image bgr, cv2.COLOR BGR2HSV)

# 5 SCHSV Kb (o X
lower blue = np.array([56,100,50])
upper blue = np.array([130,255,255])

# DR

mask = cv2.1inRange(image hsv, lower blue, upper blue)

# B

image bgr masked = cv2.bitwise and(image bgr, image bgr, mask=mask)

# JA BOR &5 UA¢Hfipk RGB Ak
image rgb = cv2.cvtColor(image bgr masked, cv2.COLOR BGR2RGB)

# rkR
plt.imshow(image rgb), plt.axis("off")
plt.show()



B

fEOpenCVH, 7 EFIGOIRMIH. B, RKEGREHRNHSVIE (H,
Sv Vo RREE, WAE., ) o HR, % XENEK— RS
6, XA TAERTRE R R XENT AL 1. 2R, VEHREIE — s
CROR BB A B XD

# B
plt.imshow(mask, cmap="gray'), plt.axis("off")
plt.show()



fieJri, 8 Fbitwise_and /7GR AN H T BIE, IR BB E BN &I
g

8.9 .
i) 7 IR
R — 5K BB FE el 0 55 R R 1 ) fl AL RRCAS
il ks %=

B —AE A2 TR AT UG 3T IE AL (thresholding) , BPAF5RFE RT3
MEEMEREE N ORI T ZERNBERRENBOARTRE. &F
— PSRRI EOR, AR &N B {E AL (adaptive thresholding) , 7£
KR ES, — MEER B EME R AR R R B R E . A ER
AFE X BEDCRREAE Z i, HZM O RS IRE .



# I

import cv2

import numpy as np

from matplotlib import pyplot as plt

# LUK I8 R U A
image grey = cv2.imread("images/plane 256x256.jpg", cv2.IMREAD GRAYSCALE)

# PO A& bR

max_output value = 255

neighborhood size = 99

subtract from mean = 10

image binarized = cv2.adaptiveThreshold(image grey,
max_output value,
cv2.ADAPTIVE THRESH GAUSSIAN C,
cv2.THRESH BINARY,
neighborhood size,
subtract from mean)

# Rk
plt.imshow(image binarized, cmap="gray"), plt.axis("off")
plt.show()



it

1 F B adaptiveThreshold T V£ H 4N HERISH . S
max_output_value H T @ i B R R B R . S22
cv2.ADAPTIVE_THRESH_GAUSSIAN_CH¥14 2 i) B{E W B A AR5 2%
SR IR, HACE R E OE . AT LUK Z S 505 B Nev2.
ADAPTIVE_THRESH _MEAN_C, {#HM 4% & ) F-{EE N R1E -



# #Jf cv2.ADAPTIVE THRESH MEAN C

image mean threshold = cv2.adaptiveThreshold(image grey,
max_output value,
cv2.ADAPTIVE THRESH MEAN C,
cv2.THRESH BINARY,
neighborhood size,
subtract from mean)

# orER

plt.imshow(image mean threshold, cmap="gray"), plt.axis("off")

plt.show()

i Ja AN ZH R SRV CH T e BER BIE R AR R N Al— 4 H
KT R B R B AT B BHE IR 12D .
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FEPIT 7 AT S BB A Bl — AN, 2851847 GrabCut 5k

# I

import cv2

import numpy as np

from matplotlib import pyplot as plt



# E R, JRRLAE RGB 5
image bgr = cv2.imread('images/plane 256x256.]jpg")
image rgb = cv2.cvtColor(image bgr, cv2.COLOR BGR2RGB)

# HOPAYIE « £ ARy x bk, o bRy Shbg, T, &
rectangle = (0, 56, 256, 150)

# G
mask = np.zeros(image rgb.shape[:2], np.uint8)

# Bl grabCut SRR H
bgdModel = np.zeros((1, 65), np.float64)
fgdModel = np.zeros((1, 65), np.float64)

# it grabCut sl
cv2.grabCut(image rgb, # A&
mask, # HEf
rectangle, # Hif
bgdModel, # ¥ Seftalbalit e
fodModel, # i ekl Bl
5, # %tk
cv2.GC_INIT WITH RECT) # [ Limamtait

# QR e R ATRER S AT IR A 0, HANSRE N 1
mask 2 = np.where((mask==2) | (mask==0), 0, 1).astype('uint8")

# PR SHERARUARR 295 ¢
image rgb nobg = image rgb * mask 2[:, :, np.newaxis]

# WoREf
plt.imshow(image rgb nobg), plt.axis("off")
plt.show()



it

HIRGrabCut AR H 4, (H2 ] LUE BB 38R B #l o i  X
dehe FATA LLP BRI B X EAR D NS 5, (HAEISEP R A T 9K K
BREAH, B—FIRBARRAAATH . B, nf LI &2 <EaH D
H B E )RR

£ BRI, B R E T A X MEE . GrabCutil oy
RSN — VIR R T 5, JFAE XS5 Bk R N RERI =

5o Hikma AR AR e PUbs A E O SR XEL TR
T 5 A XA R 55 (X 42K



# Lo~ HFI H'E
plt.imshow(mask, cmap='gray'), plt.axis("off")
plt.show()

] e ) R € XAl A2 BRATT P R R Z AR X3, BN N R . K
X 3552 GrabCut A Jy i AT BE T 5 A9 X380, 1 19 ¢ DX 3 U T 2 iy 5%
F1& .

ORI IRl — B R, B AR ook R R (8 X8
I

# ~l[I,!r xH'PEF‘:&'
plt.imshow(mask 2, cmap='gray'), plt.axis("off")
plt.show()
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# N

import cv2

import numpy as np

from matplotlib import pyplot as plt

# UL FE PR ]
image gray = cv2.imread("images/plane 256x256.jpg", cv2.IMREAD GRAYSCALE)

# RGN
median intensity = np.median(image gray)

# I ERE
Lower threshold = int(max(0, (1.0 - 0.33) * median intensity))
upper threshold = int(min(255, (1.0 + 0.33) * median intensity))

# 1 Canny 4%
image canny = cv2.Canny(image gray, lower threshold, upper threshold)

# BorER
plt.imshow(image canny, cmap="gray"), plt.axis("off")
plt.show()



it

G A A TH AL FUR A — DA DGAREZE, Hoyellt
FUREEL. fln, EXGRERT, R i) — A XI5 75— X
BHERBAT A 225, A KA REE & R BCE BRI fE 2. 21K 2 Gl
M XA A KRS (B, YRR o G nT LI )
%Ei%ﬁ%%ﬁ%%@ﬁ,#%%E@%ﬁ%%BﬁME%@@¢%

HETA T 21U illE AR (SobelJEH#% . Laplacianil Skl #555)

R AE B A8 B 2 H B Canny i Al 2% . A A4 CannyiZl
SR AS ) R, X BUAEREE — & CannyldZ Al 28 75 B NS HCK
KNPk R BRE A & B AE . AL TR BE A & B E 2 B T e 1L S5 =
WOANARTNGE R, e T BENNEIAA LRI H4 % . OpenCV
[f)Canny /7 2 75 B AR BEMN = BEE A ERTTRY, BIXW
MNEET N EAE TS TR ERmE R — MR ZENE. iR



XA B EIZTCanny 2 |, ol — /N BB, TahiRiX
XHEME, WAEHE =2 EAF AR

KD TR 132

e Canny I Z 5l 2% Chttp:/bit.ly/2FzZDXNt)

o (HBNFKELCanny I Z Al Y  (http://bit.ly/2nmQERq)
8.12 ff B

Ik i
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iR TJT 5

{8 FHOpenC VS I (J Harris /i skl CF S fai FrHarrisfa I 25 )
cornerHarris:



# ik

import cv2

import numpy as np

from matplotlib import pyplot as plt

# LUK JE P (%

image bgr = cv2.imread("images/plane 256x256.]ipg")

image gray = cv2.cvtColor(image bgr, cv2.COLOR BGR2GRAY)
image gray = np.float32(image gray)

# REASENRENEH
block size = 2
aperture = 29
free_parameter = 0.04

# s

detector responses = cv2.cornerHarris(image gray,
block size,
aperture,

free parameter)

# Mokt

detector responses = cv2.dilate(detector responses, None)

# RREKTRENBMER, HOEFRoRH &
threshold = 0.02
image bgr([detector responses >
threshold *
detector responses.max()] = [255,255,255]

# g e 1 P
image gray = cv2.cvtColor(image bgr, cv2.COLOR BGR2GRAY)



# WoRER
plt.imshow(image gray, cmap="gray"), plt.axis("off")
plt.show()

it

Harris o il 2% A2 45 I PR 5510 21 26 2% 1058 Xm0 F i FRATTN A i JeK
POl IR R S XA S BOGB I IR AR AR EREEE. KT

Harrisfor il 25 Ji7 35 1) 56 B AR 1] DU AT B Jm B 1A el b R 21 . 1
BR U, Harrisful#s 2 FH—DE 0 (AT DAAELRIE) , XA 1
FIUNEsl (AT GO E 1) 25| R E 10 AR 18 1 RITEZRAL .
cornerHarris 3N EHZE 240, 1l UUH TN 2 14%. 25

block_sizefS& M S & H R ~F, S Eiaperturef{ 3K Sobel & 1 H
S CUIRARA FRIE A 2 Sobel TR K R D, Z#ffree_parameterH



TR A A I A RE L, X AMEDOR, AT PRI A ST
DU R R4 e — ki 2 7 AT RE A R R MR

# EoRATHERT AL
plt.imshow(detector responses, cmap='gray'), plt.axis("off")
plt.show()

SRJE, A BBk e AT RE IR A s, B0 {0 Shi-Tomasi 1 sk I 2%
(goodFeaturesToTrack) fiffiiE — 41 [l & Fr = B W A A, H AR 730
HjHarris# ) 2825100, goodFeaturesToTrackfs 3/ EESH. 540 A 15
W E . MRRZERE (N0 BLI A R TR 5k MR ECRE B



# MR
image bgr = cv2.imread('images/plane 256x256.jpg')
image gray = cv2.cvtColor(image bgr, cv2.COLOR BGR2GRAY)

# FEl s R
corners to detect = 10
minimum quality score = 0,05
minimum distance = 25

# AT

corners = cv2.goodFeaturesToTrack(image gray,
corners_to detect,
minimum quality score,
minimum distance)

corners = np.float32(corners)

# TEmA L
for corner in corners:
X, y = corner[0]
cv2.circle(image bgr, (x,y), 10, (255,255,255), -1)

# AT R 1 P
image rgb = cv2.cvtColor(image bgr, cv2.COLOR BGR2GRAY)

# BorER
plt.imshow(image rgb, cmap='gray'), plt.axis("off")
plt.show()



S AR 5] 132
e OpenCV#jcornerHarris 7% Chttp://bit.ly/2HQXwz6)

e OpenCVJgoodFeaturesToTrack /7% Chttp://bit.ly/2HRSVwWF)
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# I

import cv2

import numpy as np

from matplotlib import pyplot as plt

# LAk FE IR I 1%
image = cv2.imread("images/plane 256x256.jpg", cv2.IMREAD GRAYSCALE)

# Pl (R R AR R 10 % 10
image 10x10 = cv2.resize(image, (10, 10))

# Vel Mo ) B

image 10x10.flatten()

array([133, 136, 130, 129, 136, 129, 129, 128, 128, 127, 135, 131, 131,
131, 130, 136, 129, 128, 128, 128, 134, 132, 131, 131, 130, 129,
129, 128 138, 133, 132; 158, 138; 133, 130, 46; 97, 26, 132,
143, 141, 36, 54, 91, 9, 9, 49, 144, 179, 41, 142, 095,
32, 36, 29, 43, 113, 141, 179, 187, 141, 124, 26, 25, 132,
135, 151, 175, 174, 184, 143, 151, 38, 133, 134, 139, 174, 177,
169, 174, 155, 141, 135, 137, 137, 152, 169, 168, 168, 179, 152,
139, 136, 135, 137, 143, 159, 166, 171, 175], dtype=uint8)

it

BB R B ER SRR RS B R KEE, MEMEEH—ME
?@é%ﬁ@%ﬁﬁ, 9255, BEH0) o BiIERATE —5K10x104%

plt.imshow(image 10x1@, cmap="gray"), plt.axis("off")
plt.show()



EXMEN T, EGEIE4EE Z£10x10:

image 10x10.shape
(10, 10)

anSRAd A flatten VKB H R TF, S5 3] MNKEN100 (10x10) [

H:
image 10x10.flatten().shape
(100,)

X R MRE R R, S A ERNRIE R EL S, Lsnl it
Bl > SR FH s



mRZEOEE, BMEEPARH - MERRK T, M ZAME
CRE WAIFE3N) » DRIRREEANIEIE (20, Zx. B AmE, X
Bt R BB 5 J5 AT LARORX AR R R B . DRI, SRERATT Y
10x10B8 RN BB OR, B MEAR A 300 M FFIE(E:

# LAF e haUnak s g
image color = cv2.imread("images/plane 256x256.jpg", cv2.IMREAD COLOR)

# PGSR 10 % 10
image color 10x10 = cv2.resize(image color, (1@, 10))

# B SR AR — A S R B 2
image color 10x10.flatten().shape
(300, )

i T BB EEME R AR —MRFIE, P PABEE R RS R, ik
AR PRI 2, X R AL BRI T SR 5 A — A 32 ZE P -

# LUk ks E g

image 256x256 gray = cv2.imread("images/plane 256x256.jpg", cv2.IMREAD
GRAYSCALE)

# PG R R e A
image 256x256 gray.flatten().shape
(65536, )

R EGREROR), RER RIS 23— PN
# LARA R il (%

image 256x256 color = cv2.imread("images/plane 256x256.jpg", cv2.IMREAD
COLOR)



# FrE R AR, RS
image 256x256 color.flatten().shape

(196608, )

s a5 R PR, B — sk N O BRI A 2077 ML, R
MIVIZREEEIN, XA, ROARAAE R AR ] Heiz I A AR5

Ho

XA R AE 51 A T B X A R SR 1 18 R I D R AR
RN AZ R Z EE

7] L1 &
RI— A FE T BRI RFAE .
it T 5

HOEGE P RENMERA R ZBIEE B N3 2. %,
WD MAEKRERK . HEEREMBIGIEE (4. 2 ED 17
6, W] IS 2R IZ BB E 1) =R R AL -



# naE

import cv2

import numpy as np

from matplotlib import pyplot as plt

# L) BGR f Ul £
image bgr = cv2.1imread("images/plane 256x256.jpg", cv2.IMREAD COLOR)

# TR E A
channels = cv2.mean(image bgr)

# AT C R COliE, F4 5% A BGR Fa2UReR, RGB £4:%

observation = np.array([(channels[2], channels[1], channels[0])])

# oniA- o A
observation
array([[ 90.53204346, 133.11735535, 169.03074646]])

g%ﬁ?ﬁﬁ%%éﬁé@ﬁﬁ@?i@ﬁ CFE T R A 2485 45 B AN B S bR
TR

# B
plt.imshow(observation), plt.axis("off")
plt.show()



it
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# D

import cv2

import numpy as np

from matplotlib import pyplot as plt

#
image bgr = cv2.imread("images/plane 256x256.jpg", cv2.IMREAD COLOR)

# f5 (Bt RGB f5:X
image rgb = cv2.cvtColor(image bgr, cv2.COLOR BGR2RGB)

# Gl FHEYI
features = []

# g EEEE R A
colors = [l]rllfllglljllb")

# b NEiE R EHE EWARHE R
for i, channel in enumerate(colors):
histogram = cv2.calcHist([image rgb], # [E{#
[1], # HERENFS
None, # A Filfet
[256], # HHER
[0,256]) # i
features.extend(histogram)

# P REA R (A A SRR
observation = np.array(features).flatten()

# RHEARIIET 5 ML
observation[0:5]
array([ 1008., 217., 184., 165., 116.], dtype=float32)



it

ERGBE AR, AR = liE (RIZL. 4. ) HEAE
M) o BFANIEIE A A 256 ME H ) —A (0F255Z [B] (I EEHD - Bl
an, BB EABERIEEEL R

# oo~ RGB HEMYA
image rgb[0,0]
array([107, 163, 212], dtype=uint8)

BJ7 B MR B E AR 75 . R I — Ay B 5] 1

# S A pandas
import pandas as pd

# O
data = pd.Series([1, 1, 2, 2, 3, 3, 3, 4, 5])

# SonE T
data.hist(grid=False)
plt.show()



3.0 -

2h "

20 -

157

10 -

051

00 -

10 15 20 25 30 35 40 45 50

XA, BATWESE AR AL, P20 =43, —Pafil—4
%%fﬁﬁ@¢,ﬁﬁ%%ﬁ%*ﬁﬁ(%@LZ%)Eﬁ%$ﬁ%%
RHL

A LUK IZ AN N TR Bl TE, AR B s E A S, 1
722567 CHEMEMTEE) o xPiRm256 I gefEEE,  yiiRnaKk
AR E BB IE (A R B A IR TR



# HREHIEEENEE
colors = ("r","g","b")

# A~ £ ] A
for i, channel in enumerate(colors):
histogram = cv2.calcHist([image rgbl, # E{%
[1], # BiaEERR S
None, # A{fi HI{EHE
[256], # AHERT
[0,256]) # {EH
plt.plot(histogram, color = channel)
plt.xlim([0,256])

# oA
plt.show()



7000 1
6000 |

5000 - ‘

4000 - #

3000 - \1

2000 1

1000 -

D_:gs:-}c:z_.i

0 50 100 150 200 250

IEBEATEETTETRE RN, JIFRAB RN G OEEEA0F]1802
B, W24 ERNEAIBEEEE190212102 (7] —/NEE T B A0
EEF R R K T o AHR % EAXAG R EAE TR, i8R TR
%@ﬁi‘é%zs%\%mﬁ, BIL768 ML E, AR T RIGHEE Ry
S ] 352

e H i (https://en.wikipedia.org/wiki/Histogram)

e pandas>< T B 7 K HISCHY  (http://bit.ly/2HT4Fz0)

e OpenCVHIE 7 K ##E (http://bit.ly/2HSyoYH)

95 A1 4 i 4 Bk A7 e ik P 4




9.0 A

HEFW T, —iREGIE ST LT RRAE. Blan, 7E5E8m bk —
I8 256% 25644 2% 1% 0 B4 196,608 M. 1 H., HTHEAMEE
el LA 256N Al Be(E AR —AS, BTV REMEEAR (R —iER g 2 K
%) 245256 196608 i RKEI MG RAEAH S . BT 7ESZIRiEAE b 1R X4 3]
2 A EEAR, SEWLESE I EIREA BB T )I4, X4
FEANL2 5 S IRy SRAR R A

B, HAEUTE B IEAR 2 [FAF ), @RI (feature

extraction) HEATFEAENT H FIBLEXT ERFIEEEP g BEATZEHE, ARHUR
FRIHGHRFIESRIC NP oy » EHEP Giginal PP new » THARZP oy IRH T JRKF
IR R G B . Berihid, W2t it — /N 2 A5 Bk e b
g%@%iy#Eﬁﬁﬁ%@ﬁ@%%ﬁmoi%%ﬁ%*ﬁﬁ%ﬁ%

T TR 18 R AL SR B AR AFAE — ARt R A B RRAE R AR =
e ANAERER . FIRF LA ISR RE 71, (ER AR NRE KE]
G RN IR S . WRIRA BB AL, R) DR Y RF ki
FOREATRFIE A 4E

91 » \/\\ VA fh/iE &Q\

7] R A IR

X T8 E I —RHIE, AR LR BEAE BB 00 RIS ek ARk PR
iR TT %

ff Fscikit-learnFE H1 (1) 3 B 73 73 A TR (PCAD -



#

from sklearn.preprocessing import StandardScaler
from sklearn.decomposition import PCA

from sklearn import datasets

#
digits = datasets.load digits()

# prifEfERFiE R
features = StandardScaler().fit transform(digits.data)

# QIEATLAMRE 99% (R (M) 2#R) i PCA
pca = PCA(n components=0.99, whiten=True)

# thit PCA
features pca = pca.fit transform(features)

# Wik R
print("Original number of features:", features.shape[l])
print("Reduced number of features:", features pca.shape[l])

Original number of features: 64
Reduced number of features: 54

b

F M1k (Principal Component Analysis,PCA) & —FiiiT B2k 14
Bt 7% o PCANEAE AS KA WLSRT BRFAERE PR 1) 32 Bl B) - (32 B g% 1)
R T RE D R Z 7, —REABIRIZ4EE) . PCAR — MG &
F U7, WELRUE R RERHERE PR AN TR Z H iR 2 1E R

FEATT B () “SEA P 352 R 41 1 SR TPCA TR B B FiiR A S &, 3K
BIRATH =AW A6 RN HPCARI EEE . T B 1R 65 AN RRAE
X 1 Aix 5 o A RTEATERIE 2], FEA R 0 AR — SO S i,



HKEm KT EE. X8, TPV FE R (Principal Component) ]
7 mRARE KM G R, ARG R 7 WA RS — A, &
B R MAE N A TR, KIS

X

AN RABPEARRFAE O ZESE, AT DLRE — 482 1) A RR AR LS 21— 48 1) 3 5l o) 4
Al XA BUREE A ERNR I — 5 S, IRFZEEH B, H
FERENEDL R I AT AR . IX w2 PCARI IR

fEscikit-learn™', PCAH J7i%kpcasiiil. Z%n_componentsH M & X,
B BRI SHUE R E . WHRAE KT1, Nn_componentsi £ iR 8] F1IX A~
{EMH R Rl (I 7 R — ANl B e] 126 33 0 5 18 O RFAIE 2L

=

. EiEE,  WHn_componentsHMEEOF1Z 8], pcamlissik [BI4EHF



—EEEE (EHZEY, AFERERGEREE) M /brHER. B EH
N, n_componentsHUfE 40.95510.99, = T H95%8k99% 1) R U S 1IE
5 B &. 2% whiten=True, F/RXE—AF B #EEATFE 4 LLLRIEEAT]
HISFMME N0 T ENL. 53— 12 &svd_solver= " randomized " , X
RAFEABENL T LB — AN F R OXF 7B EERPD

T R F A R ok, PCAGRE 1 RFIEREFEO9%IIME E, IRl Re Ky
MR ECE D 7101

AR 5] 152
e X TPCAscikit-learn A4 Chttp:/bit.ly/2FrSvyx)
o (EFEF A% E) (http:/bitly/2FrSGtH)

o (fHFHZMAEAT ERAT 21  (http:/bit.ly/2FuzdIW)

[F) L IR
X R AEAN AT 73 B HEAT RFAIE R4
il ks %=

fi F{Kernel PCA (% L7701, PCARI—Fhy &) HEAT ARGt [ 4k -



#
from sklearn.decomposition import PCA, KernelPCA
from sklearn.datasets import make circles

# QIESAEA T Bk
features, = make circles(n samples=1000, random state=1, noise=0.1,
factor=0.1)

# WRHETiAR ik E% (Radius Basis Function, RBF) #f' Kernel PCA Jjik
kpca = KernelPCA(kernel="rbf", gamma=15, n components=1)
features kpca = kpca.fit transform(features)

print("Original number of features:", features.shape[l])
print("Reduced number of features:", features kpca.shape[1])

Original number of features: 2
Reduced number of features: 1

it

PCABENS [FARFFIEFE MR 4EE (D, U bRMERIE =) « ARiEPCALE
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H— 2 BB B 2R3 m 071D, IBAPCARIAEL R 1R
UF. SR, WNEREIEA LM r (BN, HeeH M2 A o2
#5) , WAL EIRA SR £ LT R, RATEH
scikit-learn% F\Jmake_circles 524k | — MR EEE, 5 —NHAEMW
N1 (class) FIPANMEFER) H ¥R & . make_circles: % i) it /& 2 14
AT e, HA— D0k e n— BN e e (R
5, ZWTED .



X

AR e MEPC AT B Hm b AT B g, TP SR8 i 2 gl 2 P LS 1) 28 — A
F A4 (Principal Component) L, RS LE—i, S0 THE.

[ -
1st Principal Component

PRABIE LT, BRAT A B 4 AR e B e AR B O 4 B, NOmT DA g A
1F2 1] 43 . Kernel PCAT] DM BX P &, Z LT K,

=i -
1st Principal Component

% (kernel, WAYRZEKE) BEMEIG Lot AN ] 0 B dm WSt 21 58 = I 4
BARAEIXAYEE R v 201, AT R 7 Y/ERZ L] (kernel



trick) o WISRARATEZALHIFI40T, A, sIEZyLGE (ERLE £
P —Fh 7 VENE . scikit-learn ) Kernel PCA H #244E 1R £ v] FH HIA% PR,
A] LU B 28 kernel DR T8 €« H F IUAZ BREUE SR R 2R B2 (ibf)
HA ) i B E 2 0% (poly) Mlsigmoid#% (sigmoid) . FATE:
?Zf%?ﬁ%*/ﬁﬁﬁ (linear) WG, FIAH W LIS 2] 55 #EPCAH ]

KernelPCAI— MMk pise, FRERERZZSE. Hlao 1, RATE
Z%in_componentsix & 50.99, {H 7] LLiPCAILTE IR B 99%1E 5 & IHF
EE, SR AEKernel PCAH A XML . Kernel PCA WL 25 iE Z 11
¥ (a0, n_components = 1) , MAb, HMZEE EHOKBESHEE
BWE, B, ReRRRE T E R EM S E (gamma)

B2, tnf s BEIX LA ? ] LUEE  EE R e . i ud, 1
ANF I R BN S HE R SNSRI, R = A i LB A i 2
HHE . BRAVEAEF 12T RN S IX Mk,

JEAR [37] 3¢

e scikit-learn X' #4: Kernel PCA (http:/bit.ly/2HRkxC3)

o %ALYy R AT FHRBFAZ s £ (AR LR 1 P4 (http://bit.ly/2HReP3f)

[F] i i 3R
XPRFIEREAT BRYESRAT, SR JE R N 0 2848
fir Ry %

i FH 264 #4387 (Linear Discriminant Analysis,LDA) 7772, FHRFEEL
P L B — AN AT DA S [R) AT o3P e K Al o3 A A L



# IndkE
from sklearn import datasets
from sklearn.discriminant analysis import LinearDiscriminantAnalysis

# I Iris flower Hdfdg

iris = datasets.load iris()
features = iris.data

target = iris.target

# GIEIFZTT LDA, #RJG et AR e 4
lda = LinearDiscriminantAnalysis(n components=1)
features lda = lda.fit(features, target).transform(features)

# ATEDRFE AR
print("Original number of features:", features.shape[l])
print("Reduced number of features:", features lda.shape[1])

Original number of features: 4
Reduced number of features: 1

A] PLfif B > #explained_variance_ratio R & H AR E G S &
(APEIR ZR) BN . EARRRT RS, BT RE 799%H1E

J%\%:

lda.explained variance ratio

array([ 0.99147248])

it

LDAR—Fh 43877k, W w R E4E )77k . LDASPCARTJEEZEAML,
BB AE 2 (R B RN AR E R 23 ) . SRITAEPCAY, W7 iR s 2=
T N s ZELDAY, AT A— D Bise, HAMEIEIEEZE



SN I I S A2 R PR EIE b, BREm BEa AR A
AR AR R . I AR B O Byl _E, A PSSR AN 5 70 1
(HAHES) ; MR BIESGE R L, W R —ANREIE A &

CRIREAR 1 —A4EEE) , JF BABRBERFFRAI W k. 99K, AT S
Fir, ERZIMBIRASEME S, 4R EE, EMESE R,

x Axes Of Maximum Discrimination Between Classes
- =
2

X,

{Escikit-learn™', LDA & HLinearDiscriminantAnalysis /7 ¥ASEE, H
A& —/NZ%n_components, /s E IR FIFFFIERE . N 7T
n_componentsHE (Fla, FTEREZDANZHD , AT
explain_variance_ratio_ 15, ZHF7 2 R~ RN H I RHAE T OR BR
WiEEE (HITEXRR , .

lda.explained variance ratio_
array([ ©.99147248])



HAKSRi, 7] LPLiz4TLinearDiscriminantAnalysis (£2%(n_componentsi’
H9None) JR[FIREA A DR BUE SR BT, R R EZ
DA AT RRIE A e PR EE e T BRME. (GBR M0.95800.99) HIfE B &



# Qg7 LDA
lda = LinearDiscriminantAnalysis(n_components=None)
features lda = lda.fit(features, target)

# PR R o LURER

lda var ratios = lda.explained variance ratio_

# HEBUE XL

def select n components(var ratio, goal var: float) -> int:
# A B RN AIE
total variance = 0.0

# AR R AAA
n components = 0

# W o LEERRC R

for explained variance in var ratio:

# PHEF AT %
total variance += explained variance

# n_components My 1
n_components += 1

# AR F bR

if total variance >= goal var:
# Simlh
break

# iR n_components fIfi
return n_components

# miTHE
select n components(lda var ratios, 0.95)



S ] 352
o [UAZLDAMPCATEIrisE a4 F I —4ERL (http://bit.ly/2Fs4cWe)
o (LMY (http:/bitly/2FtiKEL)
9.4 O YR AT B AL PR 4
7] 2 iR
X AR TURFAERE R AT B4
filr T %

i AE R RS 43 fiftv2: (Non-Negative Matrix Factorization, NMF) X 4RFAE
R B IEAT P4



# N
from sklearn.decomposition import NMF
from sklearn import datasets

# s
digits = datasets.load digits()

# AR
features = digits.data

# Gl NMF, EfT iR A
nmf = NMF(n components=10, random state=1)
features nmf = nmf.fit transform(features)

# Wosi R
print("Original number of features:", features.shape[l])
print("Reduced number of features:", features nmf.shape[l])

Original number of features: 64
Reduced number of features: 10

it

NMF /& — Ml B PR 4E T, © T DL MR RE  CRERFIERE 70 fif
NEAFRE, HFBUTT R , KA R Oy om R
FRAIEZ TRV AE R AR R . faj Sh b, NMEA] DA/ D 4E8, KO- RS
Ferkrh, PN CHHBRAIHLRE ) B 4E% 2 LL15 2] B SR ARRE K B 4R 211G
i%@zjjﬁﬁf@ 5 — N UTER R PRAER S E, NMEPRICREERRE
TN

V *WH

o, VEOERFERFE (RIdMRE, oA WORd<r4EREFE, H
serxn iR . IR, AT RAROE A B D U Z4EE

INREEFANMA, FFLFEREg A REE & M 8E . th4h, SPCASERHTIH



T I EARAE, NMAASE FERA 15 B AE R B 1 IR 465003 1
SEE. K, #HHEZ2%m_components) i P E 1 4 775 & AW =24
—RAITTREAIME, HEAH AR EFEIEARE (LH12E) .
SEAH 58] 152

o FE SRS (NMF)  Chttp:/bit.ly/2EvtWRj)

9.5 X s it 25 i AT 45 A1k B 4

[F] i 3R
X M R AR R AT R IE R R4 A
fir Ry %

15 FH B A1 B 3 (Truncated Singular Value Decomposition, TSVD)
VA

# InEEA

from sklearn.preprocessing import StandardScaler
from sklearn.decomposition import TruncatedSVD
from scipy.sparse import csr matrix

from sklearn import datasets

import numpy as np

# i
digits = datasets.load digits()

# AR
features = StandardScaler().fit transform(digits.data)

# LR

features sparse = csr_matrix(features)



# gl tsvd
tsvd = TruncatedSVD(n components=10)

# FERsARS [4hdT TSVD
features sparse tsvd = tsvd.fit(features sparse).transform(features sparse)

¥ ﬁﬁ/l\?ﬂ%
print("Original number of features:", features sparse.shape[l])
print(“Reduced number of features:", features sparse tsvd.shape[1])

Original number of features: 64
Reduced number of features: 10

it

TSVDSPCAZRAL, FH5L EPCAR &R —AN D I f AR b & = E
R (SVD) 7. fEFMSVDH, X445 dMNMFIE, SVDK G dxd
AER R TR, M TSVDER R [BlnxnZk (R F4E M,  Hodm2 st ds & 1
2. 5PCAMLL, TSVDRIMLALL T & H T Wi Rk HFE .

{BRRTSVDAH /M rill, Hiwh AT 52 A2 RGP AL (X
s FHAE FHRE R e 1 7 SR E B o — NI B FI R R 5 T2 0
ANFRAL B E R A A —xfiti vk, SRR 2 Ik H transform 77V

5LDA—F£, TSVDEi# 1T 2 $n_componentsts & A8 4 H FIHRFE
(o) . B2, HH PR IEEUE 2 /00 o] DLORIER SR et 7 T3
FERFAE B — Fh 77 5 R AE AR RS 3% B Bn_components{F N S HHEATAL
1k, CERIE 3= A i )11 2545 584 ) n_components{d ) » H T TSVD#ZHL T
FEAS B AR B T IR AB R AERE FEAE B e, BRI 3RAT Tt m] DA e S AR B
s B & CHHPEZ95%8099%) EFE . EARMRTTRF, §i=
AN H R R BE AR BE R 2930% 1 R AR 2R 15 2.



# R BAr AR B RN
tsvd.explained variance ratio [0:3].sum()

0.30039385386597783

A LB —MEATTSVDRI R, HIXNME B ClS3
n_componentsiX B N RIGFHMEREIRL) , AR ITHEBEERENT TGS
= IRHMERE .

# ML R/ LIO(EMES n_components fE, BI&IfiEfT TSVD
tsvd = TruncatedSVD(n components=features sparse.shape[1]-1)
features tsvd = tsvd.fit(features)



# R ZA A
tsvd var ratios = tsvd.explained variance ratio

# ke L

def select n components(var ratio, goal var):
# REELENAEE
total variance = 0.0

# RO
n_components = 0

# WA EERRICR
for explained variance in var ratio:

# FZEIASY %
total variance += explained variance

# n_components (AN 1
n components += 1

# QR B bl

if total variance >= goal var:
# St
break

# &l n_components ffi
return n_components

# il
select n components(tsvd var ratios, 0.95)

40



S e 2] 52

e scikit-learn X #4: TruncatedSVD Chttp://bit.ly/2GTfxvh)

SE102 s H B L 1% BE R AT Bk 4
10.0 &4

FIEVI T W AE R AT BEA R AHE R a5 B SN T, Eka) g
PR AE R ARSI RE R AU 4E R, X P VAR N RFIEFR BN (feature
extraction) o ANEEAH T —FIBELETT 1 BB EE (feature
selection) . FHEEFESIREE B EE & FRHMEM E7E B EBRA R
ik o

FRALE BRI IR 7 =38 I ygas . BARAAIIR AT E. E4s T
PARGEFAL ST HE BOREF RV . AARa A A W, X
H ARy PU 2R e o B A A R AR IE 15 o IR ST TR IR i %
IAURFIE TSR AR L g 52 2 SR I gRIE RE 1 —#B 0

PR, WATSZEAR BN HRX=F07, HRRARITESRE T
Pl A I FREUIAR, AETRA SR EL A 2 RAR MR i A\ U5 72
REEAE . BRI, AR H UM 8 s M R 88 X A RFIE B 607 7%, T
KRN ZITE RIS G IRR AR HLAS 52 S FIRH &

10.1 BB BERE T Z R

7] L1 &
M—HEAE R R BT =8 (Rl Be A5 BUME BB BORFIE.
it T 5

PR T 22 K45 € BRME A RFAIE -



# ndlE
from sklearn import datasets
from sklearn.feature selection import VarianceThreshold

# Ik
iris = datasets.load iris()

# Qg features Fil target
features = iris.data
target = iris.target

# il VarianceThreshold 4%
thresholder = VarianceThreshold(threshold=.5)

# IR KT 2 A
features high variance = thresholder.fit transform(features)

# o K ER R

features high variance[0:3]
array([[ 5.1, 1.4, 0.2],

[ 4.9, 1.4, 0.2],
[ 4.7, 1.3, 0.2]11)

iR
77 ZB{EM (Variance  Thresholding, VT) &4 FIRF LI 1EZ

o IXRPIT VA BIARE AT /N7 2 BRFAE AT 8 B R 22 IRFAE Y B BRI —
L. VIUTEEN S — B R TH AR MR 17 2% -

mn
1
operatornameVar(x) = EZ(xi- — u)?
i=1

HrpxZRFERE, x AR DRMERFIEME, pRRrEE. Sy



%5, TERTBERNRFIESEES.

KHAVTHEN TFEFEEM A, F—, FEAROhr CERRAL2
FHERALRET7) o L, 0 B4 e B s 22 R E B A AN [/ (5
— MFE LV N AL, T 5 — NMREPASE TN AL, IR AVTIERL G
FERER . B, TENBERTFENERER, ALK EE N TR
—MNEEWEE (BE R R RREAERE VL) « fLlsid S
variances_SK & & &R T 2%

# tlﬁ#!&j:l"/%
thresholder.fit(features).variances
array([ 0.68112222, 0.18675067, 3.09242489, 0.57853156])

mJo, WERFHECZhnrEl (RIFISME N0, TN, J7 22 BUERE
ABIFIERER (BN RHER) T Z 4D

IIE
from sklearn.preprocessing import StandardScaler

# PrifE(URFIEARE
scaler = StandardScaler()
features std = scaler.fit transform(features)

# THEm RS

selector = VarianceThreshold()
selector.fit(features std).variances
arFay{l L.y Loy Lo L)

10.2 —AHEE T =R

7] R IR

f—ﬁ:@%ﬁﬁ%(%ﬂﬁ%ﬁﬁ%>,%E%%%ﬁ$ﬁ%ﬁ$%
FE.

il ks %=



PR 7 22 KT 45 € BRI —AHARFAIE -

# #E

from sklearn.feature selection import VarianceThreshold

# o T8 SR R

# F¥iE 0: 80% A3k 0

# FRIF 1 80% Ay 1

# FHE 20 60% A7k 0, 40% Ak 1
features = [[0, 1, 0],

[, .1; 1],
[0, 1, 01,
(4, 4, 11,
[1, 0, 0]]

# Bl VarianceThreshold &% itia]T
thresholder = VarianceThreshold(threshold=(.75 * (1 - .75)))
thresholder.fit transform(features)

array([[0],
[1],
(o],
[1],
[0]1)
iR

MR IE—FE, BhikmfE B 'R 2 R INEZ — e A el
752 £ AERHE (RMASSFIRENLASED &, TR AT

Var(x)=p(1-p)

Hrp, pRMEEE T RN 0RAMR. WL EpHIfE, AT U
SR KR 7> AR AR T F — SR I RF Ak




7] L IR
AR EL L B = S S R R S EPS G
it Ty 5

g%ﬁ%ﬁ@ﬁﬁ%@ﬁﬁﬁ%ﬁ%ﬁ%%ﬁ,m%ﬁf,mw%ﬁ¢
\—‘I:

# I

import pandas as pd
import numpy as np

# A —MHIERERE, Forb SR EERIARHE

features = np.array([[1, 1, 1],
(2, 2, 0],
[3, 3, 1],
(4, 4, 0],
[5, By 17,
(6, 6, 0],
(2, Ty A;
(8, 7, 0],
(9, 7, 11])

# FafpOrRPREAR R DataF rame
dataframe = pd.DataFrame(features)

# QIR
corr matrix = dataframe.corr().abs()

# PR | = bk

upper = corr matrix.where(np.triu(np.ones(corr matrix.shape),



k=1).astype(np.bool))

# TREHIH: LT 0.95 I iEHmEs|
to drop = [column for column in upper.columns if any(upper[column] > 0.95)]

# MIPREFE
dataframe.drop(dataframe.columns[to drop], axis=1).head(3)

[ % I — N =]
b N = | S
= S =M

it

FENLES A 2 P 2 1B PIRFAE R FE A OCH 1r)jdo n SR P MRS AL R FEAH
Ko MAEATHTEEHE B HARFE AL XA IE S AETTR
ﬁﬁﬁﬁﬁ@%ﬁ%ﬁﬁﬁ:M%ﬁ%¢%%*¢5ﬁ%%ﬁ%§ﬁ%
JRFERD AT

£ B TT N, B e IR A AR R -



# HOHRE
dataframe.corr()

0 1 2
0 1.000000 0.976103 0.000000
1 0.976103  1.000600 -0.034563
2 0.000000 -0.034503  1.000000

SRJG AR IR b = MR e RS S ORI R

# SRR b= P
upper

B 1 2
0 NaN 0.976103 0.000000
1 NaN NaN 0.034503
2 NaN NaN NaN

B, MRt i M S AT T N — A
10.4 M BE 5 2 BT S A AH 20 B4R 1

»y

[F) L IR
MR I H An e, RS B R BRI

il ks %=
XTI RBAHIE, tH R MHEM HAR BN RS E ( X 2 chi-

squared) :



# Ik

from sklearn.datasets import load iris

from sklearn.feature selection import SelectKBest
from sklearn.feature selection import chi2, f classif

# IR

iris = load iris()
features = iris.data
target = iris.target

# R R AR R R

features = features.astype(int)

# ARG R AMREE

chi2 selector = SelectKBest(chi2, k=2)

features kbest = chi2 selector.fit transform(features, target)

# SornsR
print("Original number of features:", features.shape[l])
print("Reduced number of features:", features kbest.shape[1])

Original number of features: 4
Reduced number of features: 2

X EUE R EE, WP RENMRE S H AR & 2 18] )7 22 0 HTFE
(ANOVA F-value) :

# 1L F (AR RRIMAFHE
fvalue selector = SelectKBest(f classif, k=2)
features kbest = fvalue selector.fit transform(features, target)

# ork;
print("Original number of features:", features.shape[l])
print("Reduced number of features:", features kbest.shape[l])

Original number of features: 4
Reduced number of features: 2



& 7 kR [E E BOERFIE, 14 7] PLIE i SelectPercentile /5 V4 K& £ Hin%
HIRFIE -

# I
from sklearn.feature selection import SelectPercentile

# 1S F ARG AT 75% ARHE
fvalue selector = SelectPercentile(f classif, percentile=75)
features kbest = fvalue selector.fit transform(features, target)

# WoRESR
print("Original number of features:", features.shape[l])
print("Reduced number of features:", features kbest.shape[1])

Original number of features: 4
Reduced number of features: 3

it

RGP DA AP 7 KA B HAH . B2, R4t E
R T MR BIFIREAL B E R LR (BORHIE S H bs 1 &L
K BB ZESR

Hrr, O ZHINDRNEALE: E | AEBCRFALN B bra &K,
HAE R 0 R IFEA R R

R E R T, e RRWEEAYEE (ESRHES B Ax
Al EIC R BMED Z I ZE R . i T EAFEAN J AR E iR 5 gt
&, RATAT LR B0 S PE R R A . W R E A B, Ak
IRRFHIE S bR TR, R AR & RrFHENGEE . Mk, W
RAFFEAT H br i B A OS,  WACGREFIE T A 5 IR 7 SRR I /5 AR



EZEESY

N TR D7 G HEATRFE L P, B8 T B S AR E AN B e B
B RO GE T, SRR kAR SRR OKIRHE . fEscikit-learntT,
AT LU ] SelectK Best /7 vk A% o i (R AIE . v S8t T EAR
R TR HE SO

m LR, RgtTHE R BN A S8 2 a3 AT U5, P DA
MR Gert AT R FE ,  H bs ) AL AL 20 0 F e . X T
BUERRFE, A AR L O 0 R R B R r geit. &Ja, A
RITGA TR, FraE#E LIS R

Rtz Ab, S FAUE RAFIEIE a) DAE A E_classif R H AR NRFIEAT H AR
A& B FJANOVA  FlE. EMRYE Hbs A & e R L 0 2RI, {5 A
CARIRFIWTBEAS 7 SRR IE B 2 IR 22 R 2 K. Bilan, skl —A
“uHARAEE (HHD M DNEERRE B ED . IBAANOVA
FAE A] DR S5 PP 291500 2 5 5 R AR . R R, R4
iﬁ%ﬁ#ﬁ%%%ﬁﬁﬁ%ﬁ%,ﬁ%ﬁ&%ﬁ%ﬁﬁﬁ%ﬁ%%

10.5 3 5 FURFAE VE BR

[F] L F 3R
H 2% 3% 7 B R B A SR UL
RS

{8 H scikit-learn ' RFECV i it 52 X 56 1iE (Crossing  Validation,CV) it
T A RAFNEE S (Recursive Feature Elimination,REF) . % A<
SNGER, B—RINGREE—ANRME, BRI (FIFEE) 42
T o PSR WIRFIE L A& B AU RFLE -



# I

import warnings

from sklearn.datasets import make regression
from sklearn.feature selection import RFECY
from sklearn import datasets, linear model

# mg—sep AR EAE S S
warnings.filterwarnings(action="ignore", module="scipy",

na g

message=""internal gelsd")

# e RFIERERE, PR B R A%

features, target = make regression(n samples = 10000,
n features = 108,
n_informative = 2,
random state = 1)

# QIRZRMEE XS

ols = linear model.LinearRegression()

3R HE R S

rfecv = RFECV(estimator=ols, step=1, scoring="neg mean squared error")
rfecv.fit(features, target)

rfecv.transform(features)

array([[ 0.00850799, 0.7631277 , -1.2416911 , -0.25651883, -0.10738769],
[-1.07500204, 2.56148527, 0.5540926 , -0.72602474, -0,91773159],
[ 1.37940721, -1.77039484, -0,59609275, 0.51485979, -1.17442094],
[-0.80331656, -1.60648007, 0.37195763, 0.78006511, -0.20756972],
[ 0.39508844, -1.34564911, -0.9639982 , 1.7983361 , -0.61308782],
[-0.55383035, 0.82880112, 0.24597833, -1.71411248, 0.3816852 ]])

PAT5ERFEJR,  Bin] LS 21 N A% Or B R IR AR -



# FRFFERECE
rfecv.n features

R PAAE A MRS R AR L1240 R B -

# WPAERHIE A ST E
rfecv.support.

array([False, False, False, False, False, True, False, False, False,
False, False, False, False, False, False, False, False, False,
False, False, False, False, False, False, False, False, False,
False, False, False, False, False, False, False, False, False,
False, False, False, True, False, False, False, True, False,
False, False, False, False, False, False, False, False, False,
False, False, False, False, False, False, True, False, False,
False, False, False, False, False, True, False, False, False,
False, False, False, False, False, False, False, False, False,
False, False, False, False, False, False, False, False, False,
False, False, False, False, False, False, False, False, False,
False], dtype=bool)

B LSRR



# PHHEAGRAF (1) Sl

rfecv.ranking

array([11, 92, 96, 87, 46, 1, 48, 23, 16, 2, 66, 83, 33, 27, 70, 75, 29,
84, 54, 88, 37, 42, 85, 62, 74, 50, 80, 10, 38, 59, 79, 57, 44, 8,
82, 45, 89, 69, 94, 1, 35, 47, 39, 1, 34, 72, 19, 4, 17, 91, 9,
24, 32, 13, 49, 26, 12, 71, 68, 40, 1, 43, 63, 28, 73, 58, 21, 67,
1, 95, 77, 93, 22, 52, 30, 60, 81, 14, 86, 18, 15, 41, 7, 53, 65,
51, 64, 6, 9,20, 5, 55, 56, 25, 36, 61, 78, 31, 3, 76])

e

K] fese 2 H AV IEA PR s e R T 58, 0 K BRI R
PRI IR N . A ERBERT R, AL ERAEXE M. RFEH
JAR B EE NG - MEETSH (B EIRED R,
N A BSCRF A E AL REEE e A BORF IR 2B R, SR )5
o BA NS EIRHE CIARRIZFHE IR AR ED) |, IR E MRIESE
TR bR ER, EiZTETHERAMBBRAIE D AT i b AL AL 2

R IR S ROz IR 2 DRRIE? BAT AT LE R IX MG,
RIS S 5 /= R I S (S Rl b vk = S 1N L 2 O B A T

(CV) BJ5k. BATRAE T —FE R e s ek, X R R4
(LY

s MR EIN A AR AR AR . 55 —20, KRy
P YIZREANREE . 550, MHIIGERINGHRA. F=0, &
BAFEM AR Hbr & (AR, R S -5 1 Ry
ik, HEARERTMEER . &a, RURENTNE RS B G2
EEe, PAPPA R R RE -

T B 42 U755 LA RFE AL 75 32 (R R RO S RS AL . Bk
i AERRRRFES AR, (3 XREAR PRI . 5z YL
MESARAEIR D — MR BUR RS T, WUAESE T Vs . o
SR XURIE G E 5 7 0 ML JE B PR A2, U0 A A 5
NBIRFAES, I PER LR E (e A BT



fEscikit-learnH, i A A XI5k )38 VH AFAE T bR A& HRFECV R ST
[, BESTLEESH. S Hestimatordt B GBRK2EA (2
F1)H) , S Hstep e B IRIEARE FIRHME R B & B L], S%scoring
R LEAAE 6L I 1A A TR 4 8 1 vk

S 5] 132

o i1 FHAE XAk AT 28 A SURFE W B - Chttp://bit.ly/2Ftuffz)

/v/rllen i FR 250

11.0 Fi4

AN B PN PRE 5 2] e A SR Al AR R o 7 5 ) e B AR A 2 il
PHE I P B PR RS, KRR Z D S & E, (HEN XA
S HIEBR . — MR RE I A R HETR I A4 S HAME, b
B H R AR A — MR GXARTR HL) , BERAE
AERAROA R CIXARAE) o DN, FEJFURZE S S MM B Z AT, 5
TR ART PP A AR

11.1 A7 Y I F p 7Y
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P L R SR 7 S L 2
L ESTES

O —NRUKZ, X EIEIAT I . IR R, PR 28 SRk J7 vk
PRI Y 1 RE



#

from sklearn import datasets

from sklearn import metrics

from sklearn.model selection import KFold, cross val score
from sklearn.pipeline import make pipeline

from sklearn.linear model import LogisticRegression

from sklearn.preprocessing import StandardScaler



# TR
digits = datasets.load digits()

# CUEFFEARE
features = digits.data

# 0 A
target = digits.target

# OlEnE S
standardizer = StandardScaler()

# BT REIRS
logit = LogisticRegression()

# O R (A R Rk £
pipeline = make pipeline(standardizer, logit)

# G k o R %
kf = KFold(n splits=10, shuffle=True, random state=1)

# AT ke LB IE

cv_results = cross val score(pipeline, # ifikek
features, # HFHiE
target, # Bizn&
cv=kf, # 2 XIEH %
scoring="accuracy", # Fikk
n_jobs=-1) # {EMIFAR CPUE;

# R TIFHE
cv_results.mean()

0.96493171942892597



it

PG B S BB O R AR B BRI — R, AN TR —
LePERESEAr (HERAR . BUTRZES) R E RPN . AR Ay
IRMARA E 2 A SREE K o a0 A H 7] — 00 B RN ZR A PPl A A,
2R BN EE R AT RETEA R BATVEZEN . PHASEIR R B B A S PPl
FEN R EE BRI, T2 ZPH EE MR WL B B (e
SRR BEBO BRI, BRI, PR TTIR RS B ERAT T PR A AR T
FE T B L AR B T AR 1

— P ATAT I SRS S R B — 5B B A IR, X R 7 AR oA

Hold-out¥&iF (Hold out validation) . fEHold-out¥&iFH", #¥E CHFEE
FEPREE) #)IZ54E (training  set) FIIREE (test  set) PHHR
e BIAKEMREBAE—1L, BEXE D EIAMFAE. AR5 IZR8E
YIRS, i FRRAERE FEAD H AR 7] R OB A e AR TN . i), i
I PPk AR A AE AR B B P IR, SR HIZAR B AE R WL ) 28 -
FIFTIN R . AN IX R T iEE P RE S B, BRI RE KT
§g§§HKH@WWﬁ£§§; HYR, BRI ANPEAL B #7820 A FH B m]

B —F 7R PO A LSRG, AT 22 X GE (K-Fold Cross-
Validation,KFCV) o fEk#TA8 XIGiE, HdEa o Nkty, I ZrF Y
k-1 204 20 A R E RN 2R, T B — i 2V i . ¥ b
RITFEE TR, BRI —m AR WEIRE ANRE, MERAEKIGER
W A5 B IEAE N AR 7

TERTT IR T B, B N1040 KA X E, IR P-4 25 B %
4 #llcv_results .

# HE 10 fyllnate s

cv results

array([ 0.97222222, 0.97777778, 0.95555556, 0.95 ,  B85535550;
0.98333333, 0.97777778, 0.96648045, 0.96089385, 0.94972067])

EMEHKFCVIY, FEFE =i, B, KFCVEUERFMEARHAZMAL
THABFEAR) R 2[R 53 A [, Independent Identically
Distributed,IID) o H0SRE IS [F] 73 A 1, S i AF 208 43 2 HiH H i



JF$T 4l fEscikit-learn ', A] DLl Id ¥ & shuffle =True>kKF] HLEHE .

HR, HBAVEHKECV RIEAL 2888, 185 K& — 83 REr
M e RIkAH B G N ZkIT) o Flan, R  HismEhas
A, I H80%IIFEA & S, NIl 2 B4 AR B 2 80% 1) 55 14 F1209% 1)
LPEREA . fEscikit-learn™, 7] DA StratifiedKFold % #tKFold KA F 43
JEkITAE SIS

5, A8 HHold-outd® ik BUAE SCEGIER , 1% 5 T Il ZREE T HHfs 1HEAT 7l
REEE, SRR SRS B[Rl A TN GRER AT, I 2 AR B
[f1. B, {& Hstandardizer®f EE 24T AR AEALIT, AT F 5019k
EHPPFIHEATT 2, RER XA TR B 4 (i Htransform /572 [
P FIN ZREE A 4R -

# i
from sklearn.model selection import train test split

# GIEiNER A
features train, features test, target train, target test = train test
split(features, target, test size=0.1, random state=1)

# (I E T R B4
standardizer.fit(features train)

# FbriE AR ER IR
features train std = standardizer.transform(features train)
features test std = standardizer.transform(features test)

AR R O 3A B IR AR R AR A o n SR A FH I ZR S ATl 2
FIFEAS U ZRTRAL B A%, JUTRER ) — 845 2l = AE VI SR R v
o XAMHNEH MBS, AR .

F 1 scikit-learn )i 7K 2k (pipeline) , f# FHAZ X I IERE A 15143 4] R
Bl E — AT B R 1 K4 (Wistandardizer) , 2R )5 Il Z5— M



B (logit#@ M) -

# 08—k
pipeline = make pipeline(standardizer, logit)

IRIE,  HESSHE @4 B /K 2644/ T cross_val score 72, scikit-learniifi 2=
RA T TAE

# T K LRI
cv_results = cross val score(pipeline, # ifizk#k
features, # ¥HFkERs
target, # Hfzn&E
cv=kf, # 72 LS Hik
scoring=" accuracy” , # #isk @
n_jobs=-1) # {EMAFAR CPU

cross_val_score Jji&TH A =N EANH AT RE S H, X=ASHWR
HE., oA TIREMEAH AR X UETT 5. ka8 Xk 21
AR EE W%, WA —SHARR T, W 38 NIRRT
(leave-one-out-cross-validation) , % J7VERIHTEKETHEAZL. scoring
ZHARE AT EAR LR AUARAE, AR FER AR SRR AR . B
J&, n_jobs = -1%iffscikit-learnfd HI BT A v F I CPURZ K #EAT 115 15
an, WARARETHEAE A% (R R AZED . B4
scikit-learn 5 {5 F 4= 5544 CPUAZ K IR #21E .

JE R [ 12
o N AN G A FK AN Z 1 A SCHIE Chttp://bit.ly/2Fzhz6X)

o (X XISUEHIFEREY  (http://bitly/2FzfTiw)

7] L1 &

2 AR B ME DAY, S SR A AR R AT R LE



R TT %
15 F scikit-learn ) DummyRegressorf!) 3t — ™ fi] 5 (1 3 v [7] A A5 70

# Ik

from sklearn.datasets import load boston

from sklearn.dummy import DummyRegressor

from sklearn.model selection import train test split

# I
boston = load boston()

# GIASEAE AR B b i
features, target = boston.data, boston.target

# AP s R e A5
features train, features test, target train, target test = train test split(
features, target, random state=0)

# (il DummyRegressor 44
dummy = DummyRegressor(strategy="'mean')

# VIR
dummy.fit(features train, target train)

# AR Jitia
dummy.score(features test, target test)

-0.0011193592039553391

& ORISR E SRR, THRTERS 7, R SRR HER R AT LR



# N
from sklearn.linear model import LinearRegression

# IR A S [ R
ols = LinearRegression()
ols.fit(features train, target train)

# IHERT )

ols.score(features test, target test)
0.63536207866746675

it

DummyRegressor ft VA AN — AN ] LAY, LA o 2 AN S fr

IR T X b . FRATTIE I P 7 R B U A = B R g A

JREGT R4t B, — Ao Bra B P S e S — AN H i 78100

FE 0 IR SN AR G 2 0 R g, 2 T AP T RME. a0

i%ﬁn]ﬁi/l\@&%@ﬂ%@ﬁ@qj’ SRS NLAS 2= I T VAL A Bk
W K.

DummyRegressor{ii H strategyZ #0 i B i fst FH I 0 U5 v, ml ki 7%
BFFINGEIIEBE P ALE. 1A, WS K strategy % & ¥ constant 3
fd FconstantZ 4, A RS Fir A A 1 0000 45 SR A 2= 0 — AN 4

# G RT A RTINS, 20 1 DummyRegressor
clf = DummyRegressor(strategy='constant', constant=20)
clf.fit(features train, target train)

# AR RS
clf.score(features test, target test)

-0.065105020293257265



BB, score 7 2R B P)f& ¥ e 22 (R-squared,R 2 1873) :

A2

w2 Libi=7)
B —\2
lf(}"!-‘}")

W,y RHEMGFEANESME,  y, —LTIME, y A HARIR

A

R2BFEITL, BARRERMEXS H A & R Rsikar (RIS .
11.3 O] & — A~ i o A5 Y

7] R A IR

AR — i B R ) SR 5 A B Y AT % B

iR TT 5

f# A scikit-learnf¥)DummyClassifier:



# hna

from sklearn.datasets import load iris

from sklearn.dummy import DummyClassifier

from sklearn.model selection import train test split

# Ik

iris = load iris()

# QUEFFAERERE RN E Axi)
features, target = iris.data, iris.target

# PR AR
features train, features test, target train, target test = train test split(
features, target, random state=0)

# {llE DummyClassifier
dummy = DummyClassifier(strategy="uniform', random state=1)

#
dummy.fit(features train, target train)

# HREERR2
dummy .score(features test, target test)

0.42105263157894735

AL LB I v o AT AN IRAT TN ZR ) 0 R 104573, T LA B2
PR AENERE T T P2 T T



# WHUE
from sklearn.ensemble import RandomForest(Classifier

# E s LR
classifier = RandomForestClassifier()

# g
classifier.fit(features train, target train)

# HHREENNES
classifier.score(features test, target test)

0.94736842105263153
(A7

— P B A (R 2848 PERE BIPRHE R R 7 2 s B VR
R EBENURE ) 43 2545 BT 4 E o scikit-learn ) DummyClassifier 7] DA
AR RS R, B W strategy ZEU R L | — L84 gl WUNAE 77 V45 B 1%
W, HAEMAEREAH. A Estratified /775, EE TS L5
SR AR A L BIAR R B an, INZREE R A 20% 2 ZotE, T
DummyClassifier2>H 20% M 2245 H MR N P45 5 28 — A2
uniform/7V%, ‘EREHLA RIS ST TGN, W R AR A R E20% 1 2o,
80%H) 551, T2 uniform B2 A2 Y TN 45 R H150% M ik, 50% 9 5
P

JEAR [37] 3¢
scikit-learn 3 #%: DummyClassifier Chttp://bit.ly/2Fr178G)

11.4 PFAl — T p 228

[F] L 3

70— MNNGRIE I oo 284, THEEmTERE.



il ks %=

{8 Hscikit-learn¥]cross_val_score /7 £ AT 28 X I,  [F]I {3 F scoringZ:
ok e YEREVEAL TR bR, FTUAEAERAR . RS, HREMF1I %2
PR AR L

HEMEZ (accuracy) J&—FH WHITERETEPR, &R as# LA T A A
S5 SR e, HibE AL

TP+TH
ERH TN FE 4 EN

o A A=

Hrp:

o TP “HFHM"MHE, KEATETIEER (WEA IR, Dk
IRt B Tl = A Y R 0 = = N

o TNE“H M "% &, MEARATE TR (WREBEA T, BA
W SEIL = S ) T HLAR I AR T A A

o FPiE“BFHVE %R, BRI R, URARE T 7EE, APk
DRI Y IE SRR

o FNZ“BIIME"MEE, WRRAIERHER, RERAKETIER,
DRI T SRR AR o

AT LU ¥ 58 scoring= " accuracy " RKAE 3T (BNERAIITED A2
NS UE PP A ) AR R



# I

from sklearn.model selection import cross val score
from sklearn.linear model import LogisticRegression
from sklearn.datasets import make classification

# M BAHIERERER bR &
X, y = make classification(n_samples = 10000,
n features = 3,
n informative = 3,
n_redundant = @,
n_classes = 2,
random_state = 1)

# QIEEREIH S
logit = LogisticRegression()

# {iF IR B 2 SUBRE
cross val score(logit, X, y, scoring="accuracy")

array([ ©0,95170966, 0.9580084 , 0.95558223])

R SAE T EE B $EMmTN AR T . 2R
M, FEMSE R, FEARBIRM A B A A & ()
w, 99.9%MIFEAE T 20251, RAE01%E T4K2) « H[IEAELNAY
TP DU, A8 P A 2R AR o iy s b v 2 H IS Y 1) 7R 28 s (L TNl
TIARRHIEN . Hlan, AT —FrHEE FILREE (RF0.1%H K
W) ENBEFH A . MBI UE, KO RE R
95%. SRTT, 99.9%F N M HIXMERE, Wi, WRFAIMEE
B — AN 2 AT T AR A A N X R e, X AR ) AR oK
2 EL Il 2k H AR Y 1514.9%, B BARIX A A= X, A4 A
T HTRXAER, WAVEFE S —-SHARTER (WS, FR%E
FFE13ED RIS,

L (precision) & BT Uy 1E SIS FRIREAS Hh A 1Bl 000 A0 A 1Y)
F e BATAT DI E B AR i 45 R e = i 9ahs, BV FE



AN IS0, WO IER R Rl ge el 2 K. HAA SR R a2
AU, RO BEATUNAE AR R 8 € I A 2 TN A A IESE . kSR n] LA
NN

TP

TP+EP

A B =

# (8RR R R i 2 LISk
cross val score(logit, X, y, scoring="precision")

array([ 0.95252404, 0.96583282, 0.95558223])

A B R EBHPEFEAS 5 BT I 2RPEA R BB . A [l 3R AT B ) e A Y
AIESFFEARIIBE ST A IR E IR R, BFOYENTHBCE 2kt
ZS TIPS

TP
TREEN

ASEE

# B R T2 Sk
cross_val_score(logit, X, y, scoring="recall")

array([ 0.95080984, 0.94961008, 0.95558223])

AN X SR — R W U RS0 BE AN A (R 3, ] BE R 48— sl I [|) 4 e 56
BB Y. XA R SRR A LA — ok, pie A AE
W REHAGFOHLT, FATA BARE0HEER A 0] 22 [8]35 2 M1, 1
Fy 0% (Fyscore) LU 2 IXFFERK. F1EGEMM-T2E (R
TREREEE AT ED -

AR x BEE

B, =2
] WHE + B EE




F | U s IR RN A IEFARE S (correctness) HIfahs, FARIEHAR
WWNIERPIFEARS, S IEFRMIFEA AT &5 1 Eel

# {EH 1 98oHirae LEE
cross val score(logit, X, y, scoring="f1")

array([ 0.95166617, ©.95765275, 0.95558223])
b

TEONVPG SRS, TERREES G ERREE, T HEARE 5 T 3.
SN, B AT B bR AT AT 3 EEAE R B FEE A 4 ] 8 22 TR DR A A1l ED
B B RN AR [ R Pl 0 BUANER 1 B R SRR R 2 1A
) — TP, W9 AR DTS A S A

% T 1 F cross_val_score 7%, #1215 2 FE A 1) B S2AE A T ,
ATIETT DA BT S HEAf SR AN T [0 R 45 b



# s
from sklearn.model selection import train test split
from sklearn.metrics import accuracy score

# BIRIA SR g
X train, X test, y train, y test = train test split(X,

Y,
test size=0.1,
random state=1)

# MRS
y hat = logit.fit(X train, y train).predict(X test)

# TR
accuracy score(y test, y hat)

0.94699999999999995

A 58] 152
o MR IIFE (http://bit.ly/2FxTpKO0)

11.5 ] LT 2R 28 1 R
7] 20 38

i VAL e RAS U TERE, RS AT BER BUE AT VAL o
il ks %

SAE TAERFE (Receiving Operating Characteristic,ROC) i 28 & P4
TR E N E H 7. ROCHI &S & — M B E (RP A RIX
SREARJE T IR R b L B FE A AR BE PR B b . JE
22 HIROCHNZE, AT DO I Re . — AN IEBR T 1 B AR 1
534, HROCHIZEHE F R AZ 197 T 1) B i S2OyR K2R, B3R



MBI . T —ANBENLTI 732528, HROCH 2644 27 X A 26
R P BE T, ROC B 2R jl Bl SO R K 28« fEscikit-learn, 3%
1T A Froc_curves ki B 8N BI4E N B HPHE % (True Postive Rate)
FEBHH 2 (False Positive Rate) , 4R )5 FH BIZ#] H k-



# g

import matplotlib.pyplot as plt

from sklearn.datasets import make classification

from sklearn.linear model import LogisticRegression
from sklearn.metrics import roc curve, roc auc_score
from sklearn.model selection import train test split

# QIERHIERRER F bRl &
features, target = make classification(n samples=10000,
n features=10,
n classes=2,
n informative=3,
random state=3)
# FEREA RSy A R RIS
features train, features test, target train, target test = train test split(
features, target, test size=0.1, random state=1)

# QlEnRes
logit = LogisticRegression()

# IR
logit.fit(features train, target train)

# PRI B
target probabilities = logit.predict proba(features test)[:,1]

# TR ERE R PR B
false positive rate, true positive rate, threshold = roc curve(target test,
target

probabilities)

# 1} ROC ik

plt.title("Receiver Operating Characteristic")

plt.plot(false positive rate, true positive rate)

plt.plot([0, 1], ls="--")

plt.plot([o, 0], [1, ©] , c=".7"), plt.plot([1, 1] , c=".7")

plt.ylabel("True Positive Rate")

plt.xlabel("False Positive Rate")

plt.show()



Receiver Operating Characteristic
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e
PEHAT AL, BATHZ2E TR E RS IR, SR, T2

S EER A TS 2 R TR TR . U, B REARECE — 2 B
%?E?Kﬁ%ﬁ%oﬁmﬂuﬁ@mMMQmMEﬁﬁﬁfﬁﬁﬁﬁ
) R

# RIS R
logit.predict proba(features test)[0:1]

array([[ 0.8688938, 0.1311062]])
A[LAMEH classes REF DX .

logit.classes
array([0, 1])

AP, B MR LI8T%MIRIR T (0) . H£113%H
MR TIEZ (1 . BRI, scikit-learn 2ok BEA T Jy M2 T
S0% CHIBIED 9502, ARTT. SBREFRATZ 1T 5 5 DR 5 S 1 4



AR XA EME. B, QRAEFA TR S5 iR, A

HA T A Tk DR IR BIE . IXFE IR = T 2T L H

VERIREAAR A, ERWIR— AN LS, A THRAE R

TR A o IR . X PRI E A2 (TPR) FMBBA M2

%$§>Rﬁﬁﬁ%%ﬁE%ﬁ%%E%ﬁﬁﬁE%ﬁﬁﬁW%E%%
Bt

A eyE A
AfaMeHART+BANRGHEANS

fimiE (TPR)=

ﬁm%%%ﬁ%ﬁﬁm%ﬁ%%ﬁﬁﬁﬂ%%ﬁﬁ%%ﬁ%%#ﬁﬁz

Rl eg i A&

BmEEFE (FPR)=
i TELPE T 69 4% A 2% + L] 1 A9 AF AR

ROCHH 28R 7~ B ARER BE T A S O TPRAFPRAE . B0, FEATT AR
W R, E2150% 1% B E T, TPRN0.81,FPR40.15:

print("Threshold:", threshold[116])
print("True Positive Rate:", true positive rate[l16])
print("False Positive Rate:", false positive rate[116])

Threshold: 0,528224777887
True Positive Rate: 0.810204081633
False Positive Rate: 0.154901960784

SR, WS B E IR E 2180% /A4 (RP3E E A AU REAS TN 9 1E 2K i 7
FIFf ERE) , M TPRAIFPRICIE ER 2> 5.3 R %



print("Threshold:", threshold[45])
print("True Positive Rate:", true positive rate([45])
print("False Positive Rate:", false positive rate[45])

Threshold: 0.808019566563
True Positive Rate: 0.563265306122
False Positive Rate: 0.0470588235294

IR A2 R N FRAT TR R A A F g B SR R iR i 1, BTk i) — L
EREEAR (TPRE/DN) 5 10 HAREE 5 1 R i SRR T 2R AR i 1
(FPRE/N)

bR 1 Be nI AL TPRAFPRZ [H] )55 52, ROCHI R4 n] DL 1R 2 [ id
HIEErrE. BAMGy, mhigeie, Mg Tmmfiwase. B4
JREE, JEESTFHEROCHIZE T A (AUCROC) KW e fir G m]
BEMIRIE N i AR BE 7K. AUCROCHIME BRBZIT 1, LAY IM:RE
PRI . fEscikit-learn™, 7] LUf# FHroc_auc_scorekit# AUCROC:

# TR ROC dhek m 5 Ay ifH
roc_auc score(target test, target probabilities)

0.90733893557422962

AR 58] 152

e (PythonfIRHJROCHIZ)Y (http://bit.ly/2FuqoyV)

o (ROCHIZE T ALY  (http:/bit.ly/2FxTrl6)
11.6 1Y LT 2R 8

7] 2 4 A

PP — N BEFTIN = BE 20 ) 7 RAR TR e -



il ks %=
ik FH RE 5 AL BB A DAL 20 SRR AL FR AR EAT 2 IR -

# I

from sklearn.model selection import cross val score
from sklearn.linear model import LogisticRegression
from sklearn.datasets import make classification

# BRI RPN B e

features, target = make classification(n samples = 10000,
n features = 3,
n informative = 3,
n_redundant = 0,
n classes = 3,
random state = 1)

# GIELZ R
logit = LogisticRegression()

# (& MHERRRIE bR T2 XRRE
cross val score(logit, features, target, scoring='accuracy')

array([ 0.83653269, 0.8259826 , 0.81308131])

e

R IAE T (b, BEAIPSRIFEARCRENSE) , #ER RSP
AR R BE A — A ] B L TR AR bR o HER 3 R A I B T A A A5
SRR EH b, IF HAE oo KA 2 o KA T RCR —#E4f. (H
f,%%%ﬁﬁ%ﬁ%ﬁ(ﬁﬁ%%@ﬁﬂ>,&&ﬁ%ﬁ@ﬁﬁ%
o

scikit-learn ¥t 2 N B K el 2 H T PPl — o008 as iy, (Ha ) —
A fEbR R LN HAE 2 oo 284% b KRR A RRME | 80



BT L e TEAN A A HTels. BIREN TR 2N —Jur K
W), HIERATTLLEEIE EE —H o REEES, [/ Likds
PR VAL 2 000 2K ds . XLEEX B — AN RN H Zour KA Ehs, Bl
g%/ﬁ\iﬁé{i&ﬁ R ME— 2R —FE, AREXTETE 7 2R IAE 0 S RFIE, 15
PSS §

# {EM macro-F, srBOEE RG22 G HE
cross val score(logit, features, target, scoring='fl macro')

array([ 0.83613125, 0.82562258, 0.81293539])
LAY, _macrodi HIR K 2% 70 PPl 70 BT 29 (E B 5 i -
macro
TR R, REBUINBCFME, B0 REBUEM R .
weighted

THREEN RIS, REHINBCTFEME, BUE AR 0 REIREA L S
EREALLT LB

micro

TEBNMERTRAETIE 5, AREICEFNE.
11.7 7225 s VR HEHY AT A)

] & A A

ééiﬁfrjﬂﬂ AR EE B T 7 SRS 28, Ay B Re s n AL ALt EE A A [R] A
T PERE o

RV

15 FHVEVESEFE (Confusion Matrix, #1202701 B &P~ SR ECE TN 532
(Predicted Class) FHE.5Z502 (True Class) :



# Ik

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn import datasets

from sklearn.linear model import LogisticRegression
from sklearn.model selection import train test split



from sklearn.metrics import confusion matrix
import pandas as pd

# AR
iris = datasets.load iris()

# GVEEFHE P
features = iris.data

# G A i) &
target = iris.target

# QI B 2 AT
class names = iris.target names

# G
features train, features test, target train, target test = train test split(
features, target, random state=1)

# GIEGER R R 2R EA
classifier = LogisticRegression()

# UIZREY IR
target predicted = classifier.fit(features train,
target train).predict(features test)

# BRI R
matrix = confusion matrix(target test, target predicted)

# fld—/ pandas DataFrame
dataframe = pd.DataFrame(matrix, index=class names, columns=class names)

# D

sns.heatmap(dataframe, annot=True, cbar=None, cmap="Blues")
plt.title("Confusion Matrix"), plt.tight layout()
plt.ylabel("True Class"), plt.xlabel("Predicted Class")
plt.show()



Confusion Matrix
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Predicted Class
iR

TRV FERE 2 o SRR M RE v AL I TR SR R 7 e BRI —ANFE E AL
RRIRE G R . M GEFE DIHRTEIEXZ2T) B8 —FR R AR
PITRM 5325, MR —ATRIFEARFIE LK. m &R R IuksAR & Bl
IR FNE SR — el e & . B — M T BEIE 28 b i Be . 7E
ATHIRRTT RS, £ AR T8 I A s setosa 7 FEIFEA LY
(A FRR) , HESZ)FEW s setosaZr RIIFEAE (HAITERR)
XYL EFRATT B B VER L T 1 BB 93 2R AIris setosalfIAEA . SR1, 1%
P LE T Iris virginica7y BB KIAE. 4 T AW HRIUHEER, ZB8
JRIH TR 7O B S5y N Tris  virginicaHIAEAS, (H & 40 [a] B 5
JuME ) EHPEL6AN B 5L 25 N Iris versicolor R FE A il JMlris virginica.

RTREREA = AEAER. Jh —Desei iy, HRE R
ZRENME EAAE, MM BN X NE; R A,

FOVRIEFE A AR R AR 50 e B 7 A ook b Ik, TR
W FEFEAM R LR s B AL IR SRR AS () o RPN 1, dbn] DLEOR'E &
Banial), RREHEI Fln, AR R g R X
srlis  virginicaflIris  setosafJFEAS, ANMELAIX 7pIris  virginicaAflIris



versicolorPIFER . )5, N T EERER I, RIBHEEEER (
WREAEHH 1005138, RIEHEMETRMAT2EW 1) .

SE AR 5] 152
o JEVEHE[E Chttp://bit.ly/2FuGKaP)

o scikit-learn3C#Y: JREIEHFE Chttp://bit.ly/2DmnICk)

11.8 145 [m] Y A5 AR
i
i — N TR e .
R T %

fEF¥) 7% % (Mean Squared Error,MSE) :
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=
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# Uk

from sklearn.datasets import make regression

from sklearn.model selection import cross val score
from sklearn.linear model import LinearRegression

# R RREAE RN Fble) i

features, target = make regression(n samples = 100,
n features = 3,
n informative = 3,
n targets = 1,
noise = 50,
coef = False,
random state = 1)

# flH LinerRegression #t4:
ols = LinearRegression()

# {1 MSE Sehek Il e SUEIE
cross val score(ols, features, target, scoring='neg mean squared error')

array([-1718.22817783, -3103.4124284 , -1377.17858823])

75— E R PEAl R BE R R Fia b 2 D g R 2L (coefficient

determination, BJ1587%)) :

# {EHPE FEOT R R ARE 28 USE

cross val score(ols, features, target, scoring='r2'")
array([ 0.87804558, 0.76395862, ©.89154377])
i

MSEs [B AR i 5 F Pl fabr 2 — o MSERJTHH 20 T -

of



H

—

) 1
MSE = Ez (J‘j ')’f}z
i=1

Hofr, nRFEARREE, y RFEARINHIME, y, of&BATy ; KT

{6, MSE HMEM TSR BT J5 Ale MSERMERCR, &P J5iR%E
HUlOR, BARIPEREE .. PUTRETERSE EAVF S RRE, e
AREMEA AL, EEA —MREE 2N, B R 72 B S 40 E
FMFEEITELL T, P I3 LU S 4 BOR R 2= WUk N 2 557 . 31
n, BWADERARNB, SEEALHEA P

o MET A PR ANFEA B R ZE 0 A 205110, 'EHIMSEN02+102=100 .
o TRAIBH /M FEAR KR Z D 515, B HIMSEN52+52=50 .

P R S R ZEE A SR, #2105 A1, MSEZAARRAIA (MSE =
100) FITRIIZL R LLASAIB (MSE = 50) M2, (BB IEARFEEIXFE
X R IR CRAE BATERE S BTl 24U008) , I HMSEE N
PRAGFERR R AR 4T

B—RIREE: BB T, X T scikit-learnfscoringZ (1 &
scoring{H A K IR AL Tscoring /DR . IRMXTMSER B, N4
e, MSERMEE K EWRER AR 2. Kk, fEscikit-learn
1 F B /&neg_mean_squared_errorZ#(, ‘&;& MSEMIHH R EL.

T3 A E L HIPRAG [ AR R AR 2 8 B8 (R 2 1570) , BERERH
b lr) B AR A 22 /b eI R AR AT AR

RE=1- )

o,y JRFEAGIOME,  y, RffAy BIE,  y &1 Absi i
A . R2AG 0BT, ARV REBk AT
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import numpy as np

from sklearn.metrics import silhouette score
from sklearn import datasets

from sklearn.cluster import KMeans

from sklearn.datasets import make blobs

# AR

features, = make blobs(n samples = 1000,
n features = 10,
centers = 2,
cluster std = 6.5,
shuffle = True,
random state = 1)

# (£ KMeans Jioxt B, LARUIH %
model = KMeans(n clusters=2, random state=1).fit(features)

# AR 7%
target predicted = model.labels

# PEiHCE
silhouette score(features, target predicted)

0.89162655640721422

b

PPASAT M 2 SR, BEREHNNE (tbtn, 7 SEBEMNED 5 R
[ B X L PR SR AT P A . E, (A BRER TR i IR S A 2 4
BT Hinm . V2P RIER IR IR AR ZRA Hsa &, (Hg
A A H bR ER, SRR E S (R3S Tk gep A g
SR B AN B BRI

IRBA HbrAE, SUOCIETHETONE S BB M 28, AR



Ccluster) A [RFIEIRZ AT AP A0 BB IR, “Bf [ HRSEHh [F]
FBEA R EE AR /N CRIAE RS, ARSI FIREAS 2 8] B e R
FOR (R AR o FeRp R Ea] LA —AME RN PEAl X A s
Yo SBIMEARIR R BT A 5 ON:

b,—a,

e m“(“f* E’f)

Hr, s BRI AL, a | AFEARLS RSN A FEA T )T 2 8
B, b RIS KE A 7 SR AL BRI P R A A 7 A P
silhouette_scorei [1] [’{E 2 FT A FEA R T8 58 BT R . %2 B8 R BUIE
T-1NZE], HA1FoRAHESE. DBMIK (485 HAh IR S (A FR 4
) AR

S Arp ] 52

e scikit-learn ' #Y: silhouette_score Chttp://bit.ly/2BEVQV5)
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# M

from sklearn.metrics import make scorer, r2 score
from sklearn.model selection import train test split
from sklearn.linear model import Ridge

from sklearn.datasets import make regression

# GURRROLAEREAN H bl it

features, target = make regression(n samples = 100,
n_features = 3,
random state = 1)



# Gl
features train, features test, target train, target test = train test split(
features, target, test size=0.10, random state=1)

# QIR U

def custom metric(target test, target predicted):
# HWHR K49
r2 = r2 score(target test, target predicted)
# iRl R BT
return r2

# IRk eR B (PFarad), JRRIE o Bote FBARkAT
score = make scorer(custom metric, greater is better=True)

# @l ER (Ridge Regression) A4
classifier = Ridge()

# 1) el I R
model = classifier.fit(features train, target train)

# WA ELPE) o
score(model, features test, target test)

0.,99979061028820582

it

H 9, scikit-learnd ¥ 2 F T VRSB RUMERE N B R bs, (He XEATE D
HIFa AR 9RB A . fdi Fscikit-learnfymake_scorerpf %, FKATREIR A
A H e XFebrk . B, © X—1RE, EEXAINZSE H
SEf H AR R EMTINE, HIRE—ANE. R, f# Fmake_scorerf) Z
— VR %R, JFfR R E R R e s R E (fFH
greater_is_betterZ %) .

AR TT b B E X3 Frcustom_metric2 — AN BRI E], &R 2



XTI B fEbe i 7B, USRS ESEBRER R, ] PAE AL
A € X 38R & #rcustom_metricRE. A3, 4k B Hscikit-learn N B 11
r2_sc{c;;e7?‘?£iﬁﬁ Lbig, FRATAT PAB XN 1HEAS 0 1 3 8 AR bREE IR
W TAE:

# RS T
target predicted = model.predict(features test)

# WER Gy
r2 score(target test, target predicted)

0.99979061028820582

S AR 5] 132
e scikit-learn 3 #4: make_scorer Chttp:/bit.ly/2FwMm4m )
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# fagE
import numpy as np
import matplotlib.pyplot as plt
from sklearn.ensemble import RandomForestClassifier
from sklearn.datasets import load digits
from sklearn.model selection import learning curve

# I
digits = load digits()

# QIEFFERPE R bl 5
features, target = digits.data, digits.target

# {2 SRR AR B NS L RS Rmi 5

train sizes, train scores, test scores = learning curve(# 4y%
RandomForest(lassifier(),
# PEIFRRE
features,
# Hbni
target,
# R
cv=10,
# MRk
scoring="accuracy',
# fERATH CPUE
n_jobs=-1,
# 50 g ERTHLAL
train sizes=np.linspace(



0.01,
1.0,
50))

# RSB I TR

train mean = np.mean(train scores, axis=1)

train std = np.std(train scores, axis=l)

# TR i G Akl
test mean = np.mean(test scores, axis=l)
test std = np.std(test scores, axis=1)

# W
plt.plot(train sizes, train mean, '--', color="#111111", label="Training score")

plt.plot(train sizes, test mean, color="#111111", label="Cross-validation score")

# R
plt.fill between(train sizes, train mean - train std,
train mean + train std, color="#DDDDDD")
plt.fill between(train sizes, test mean - test std,
test mean + test std, color="#DDDDDD")

# flEA

plt.title("Learning Curve")

plt.xlabel("Training Set Size"), plt.ylabel("Accuracy Score"),
plt.legend(loc="best")

plt.tight layout()

pLt.show()
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A 58] 152

e scikit-learn ' AY: 2~ #iZk (http://bit.ly/2FwjBVe)
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Mz,
.
.

{5 F scikit-learn ) classification_report 2 %

# M

from sklearn import datasets

from sklearn.linear model import LogisticRegression
from sklearn.model selection import train test split
from sklearn.metrics import classification report

# I
iris = datasets.load iris()

# GRS
features = iris.data

# O bR i
target = iris.target

# Gl HiR R A7
class names = iris.target names



# BRI
features train, features test, target train, target test = train test split(
features, target, random state=1)

# GIHLEHEIHA S
classifier = LogisticRegression()

# AL i
model = classifier.fit(features train, target train)
target predicted = model.predict(features test)

# Ry AR
print(classification report(target test,
target predicted,
target names=class names))

precision  recall fl-score support

setosa 1.00 1.00 1.00 13
versicolor 1.00 0.62 0.77 16
virginica 0.60 1.00 0.75 9
avg / total 0,91 0.84 0.84 38

b

classification_reportfZfit T ﬁ%ﬁ%ﬁ s
Tetr R .. ARIRME | 28
support#| 72 fa fN 3 R AR E .

S e 2] 52

o fEHfIE A H ] Z (https://en.wikipedia.org/wiki/Precision_and_recall)

AR SRS PR AR IO TV,
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#

import matplotlib.pyplot as plt

import numpy as np

from sklearn.datasets import load digits

from sklearn.ensemble import RandomForestClassifier
from sklearn.model selection import validation curve

# I
digits = load digits()

# CUERRFAEAREFn E brn) &
features, target = digits.data, digits.target

# Sl 2R B b
param range = np.arange(1l, 250, 2)

# WX RINRIZEIE 5 SRR S E L R
train scores, test scores = validation_ curve(

# R

RandomForestClassifier(),

# FEIEHRE

features,

# Bl

target,

# S ANEEE

param name="n estimators",

# WEREAEH

param_range=param range,

# 28 UGTERTTEL

cv=3,

# vhEREARER

scoring="accuracy",

# (M CPU #

n_jobs=-1)

# THRERE NS E Gy iR fE R 2
train mean = np.mean(train scores, axis=1)
train std = np.std(train scores, axis=1)

# PR M LG R E R
test mean = np.mean(test scores, axis=1)
test std = np.std(test scores, axis=1)



# ARG LR T

plt.plot(param range, train mean, label="Training score", color="black")

plt.plot(param range, test mean, label="Cross-validation score",
color="dimgrey")

# R AR SEATI O b it ik
plt.fill between(param range, train mean - train std,
train mean + train std, color="gray")
plt.fill between(param range, test mean - test std,
test mean + test std, color="gainshoro")

e

plt.title("Validation Curve With Random Forest")
plt.xlabel("Number Of Trees")
plt.ylabel("Accuracy Score")

plt.tight layout()

plt.legend(loc="best")

plt.show()
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RNEZHEZ (BFEABHNTZEER) a4, i H L O
RIYNZRIT UG 2 AT AR FR LS o B, BENLARAR 7 285 6 g S ik
R, B DU FEAS TN 73 2R 45 5 . BENLARMR > 2R g i — il
SHERMP ) E (Number of Trees) . KZHIH T, BSHN
HRARERMERENE (ZUH125) er. 22, BEUMRESES
BUEZ AR R E HRAR/REAR A . By Erh il B R 1
BEE B I I, — D BENLARAR 7 R A AE I ZR AR ANAZ G E I 7
AR . SRR BUDR,  YIZREEFNAE SCIRIE I AERF 28 70 B R
iX, RUPZERRIWE . AR EEEGINE1250, MNHEREZE 21
(Accuracy Score)#RiAt 424k, R B 2 v 5 SR I 2R KA RE L
FRARA] B I A RE T RAR =AM

{Escikit-learn ', FRA10] LL{# FHvalidation_curveit B 56 iF i 2k, B 53
MNEESH.
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e param_range s& 8 2 HHUE 1 X 8]
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o scikit-learnSC#%: IGiERNZE Chttp://bit.ly/2FuwYFG)

12,0 &4

ENLER A, FRATE S R /M0 R R AR B SR I 2R B0 DLy 2] —
MRS, A, R8I (SRR E S RS MEEILARMO
I LS, XS HOL I 7 S IR A E . B, FEPLAR
MR R S (HIEREZM) 5 (Hig, FiEASZI/MMP K
PR, XAMEDAHE N ZRZ BT BOE « XA R 5 AR O 2 80H
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WA P 2]/ (N, SR SCRr I By KA BEH LA,  LATA
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{#i F sciket-learn ) GridSearchCV :

it

Gﬁ&mﬂN%—Wﬁ%iﬂ%ﬁﬁﬁﬁ@ﬁ%%%ﬁﬁ%oA%%

Ui »

GridSearchCV i F H. H i) B8 ME BIE A 21 & R I Rp 2

# nakE

import numpy as np

from sklearn import linear model, datasets

from sklearn.model selection import GridSearchCV

#

iris = datasets.load iris()
features = iris.data
target = iris.target

# QIR ZHE S
logistic = linear model.LogisticRegression()

GV (I e S e 2 A X U]
penalty i b R i |

# G ENI DA 2 3 ]
C = np.logspace(@, 4, 10)

# IR 2 i -
hyperparameters = dict(C=C, penalty=penalty)

# QIR =S
gridsearch = GridSearchCV(logistic, hyperparameters, cv=5, verbose=0)

# MG %
best model = gridsearch.fit(features, target)

e A — AN E N ESEUE URR AN S S, RE

P BEAF 70

_\_

I:l



R A I i AR A . B, AT g e 7 S8 F A i IRl VA 1 Dy o7 =)
ik, EAEWASEZSE: CHIENIMEAE ] (regularization  penalty)
WERARA FIECH IEMAL IR TR A B, AZEHL, BATEAERET
KEJLEFNAEAT. HETR R 7 FECH R LI 5 AT Lk F — & 51
@%Eﬁ%@%ﬁEW%Zﬁﬁﬁo%%ﬁ%%é%%%?c%wﬁﬂ
FEAORER

np.logspace(0, 4, 10)

array([ 1.00000000e+00, 2.78255940e+00, 7.74263683e+00,
2.15443469e+01,  5.99484250e+01, 1.66810054e+02,
4.64158883e+02, 1.29154967e+03, 3.59381366e+03,
1.00000000e+04])

SRIE, NIEMMALAE ST ST AN AT BERIME: [11',12']. GridSearchCV{#
FCHIE AL IS B B A A RN RS, A A k3T 58 X3 IE %o A5 44 i3
1TV . AT T R A 10T RERICHE, 24P RE R 1E AL A 5
8, FRAHSPTE EUE, XAERIE—IEA10 x 2 x 5= 100/ME L,
BLNFL A R AR,

— H GridSearchCVZE &l Z%, mhm] DLEIE T B 7 A& A AR B
ZH (BEESHD -

# hREEEZE
print('Best Penalty:', best model.best estimator .get params()['penalty'])

print('Best C:', best model.best estimator .get params()['C'])

Best Penalty: 11
Best C: 7.74263682681

PRINTE DL T, ERB GBS E)S, GridSearchC VKA FH & 80 Z A



B LRI IR Cifg AN Ok B 0 B P 2 O3RiE) AT
A PR A ] HAthscikit-learn B R — A5 HY AR L SR AT FU -

# T E i
best model.predict(features)

array([6, 0, 0, 6, 06, 0,0, 0,06,0,0,0,0,6,6,0,0,0,60,0,0,80,.80,
b.0,9, 8.0,9.9,8,820,8,809,8,0, 80,0, 590,90, 8 8
B, 8,0;8,3; 1, 1, 1,3, 4 1; 3, 1 1, 1530 3, i 34y 15 L 4 0
Lo & B e by 2 1y 3y B B 85 8y D0y A, 4 Ay 3 Xy 0L 10,
L € ol dee by e by ol Bl B Oy 0y Bde @ & 025 0 8 ki 8
2y 2 2y el D ke B B Bs D By e T Be T P X By B B2
2 2, 2 202, 2, 2,2, 22, 2, 2]

GridSearchCVJverboseZ 51T =, BARZSH —BWATEIXE, H
FERKBRIFEF I L B ZSECR I — i i B 5 B . verboseS %

TRIE TR IR RV B A TR A, 13B3EM A
B BT ORI AT

S AR 5] 152

e scikit-learn X' #4: GridSearchCV Chttp://bit.ly/2Fuctc4)
12.2 el %% PF i AE A A

e 20 i i

il P — P EE 55 2848 R B 1 8 TH R SRR A T VAR P A AR Y

fil R TJT S

{#i F scikit-learn ') RandomizedSearchCV:



# A

from scipy.stats import uniform

from sklearn import linear model, datasets

from sklearn.model selection import RandomizedSearchCV

# IR

iris = datasets.load iris()
features = iris.data
target = iris.target

# CIREEHEHNS
logistic = linear model.LogisticRegression()

# CIRENE TR 2 ]
penalty = ['L1', '12']

# G N et 25
C = uniform(loc=0, scale=4)

# @
hyperparameters = dict(C=C, penalty=penalty)

# CIEREHLIGEX R

randomizedsearch = RandomizedSearchCV(
logistic, hyperparameters, random state=1, n iter=100, cv=5, verbose=0,
n_jobs=-1)

# BRI 5
best model = randomizedsearch.fit(features, target)

it

121707, FATE—HH P 2 XS HE ¥ A GridSearchCV, JF
MR E 4 R AR, L GridSearchCV 5 3 R E AR T 1E L,



R PR SE A (NIESSAA. W0 m) BB e = riE
SHBENLHE . scikit-learnf# - RandomizedSearchCV 2 HLixX Fh BE 148
o

{# F{RandomizedSearchCVHY, #158$8E 7040, H4scikit-learntés M iZ% 57
A RS EOHAT R I BENLRAE . 25— M5, FRATMIXTE](0, 4)f1)
5] A R BEN LI E 10 A -

# EX (0, 4) FEAaAE, MR 10 PMREAE
uniform(loc=0, scale=4).rvs(10)

array([ 1.97118721, 1.34786898, 3.79867719, 1.15999967, 3.33485021,
1.20394179, 0.88117832, 0.47855329, 0.48521699, 1.5479854 ])

B, WERARE —MESIER, Bl AT S HUE, (11,121,
RandomizedSearchC V>R it 41| R 347 A Bl (R BEALAAE o

MGridSearchCV—#F, FATA] A F R W) ESH1E

# HEREEEE
print('Best Penalty:', best model.best estimator .get params()['penalty'])

print('Best C:', best model.best estimator .get params()['C'])

Best Penalty: 11
Best C: 1.66808801881

#i1% GridSearchCV—#¥, 7B+ 45 W 5 RandomizedSearchC V{5 F #/™44
BEEMBAEBESHONG N . 2B M scikit-learn H 7Y H At 452 7Y
—FEA] DA SRS, 451 an 4 TR XA AT -



# T F brin)
best model.predict(features)

array([0, 0, 0,0, 0,0,0,0,0,0,00,00,0,20,020,0,0,0,0
, 0,0 0,000,00,00020,0202020°200,0 0,0
g 00 b hd b E L b L BT LR
Lt LT e b T 5% T L
Lkl st bl 200207
2, 2.8, 2. 2,2 2,2,%.2:3,9 2,2, 1,32,2,.2, 1, 2,2, 2
2, B2, 0. 5, 22 B 02, 20D

XHHEZEN & R (BRI ECED 2 M iter GEARIR
O R,

JEAR 3] 132
e scikit-learn 3’ #4: RandomizedSearchCV (Chttp://bit.ly/2B7p1zT)

o (fFHMNIERMMEZSE) (http://bit.ly/2FrUinf)
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#

import numpy as np

from sklearn import datasets

from sklearn.linear model import LogisticRegression
from sklearn.ensemble import RandomForestClassifier
from sklearn.model selection import GridSearchCV
from sklearn.pipeline import Pipeline

# L EREHLEF
np.random.seed(0)

# I

iris = datasets.load iris()
features = iris.data
target = iris.target

# Gk
pipe = Pipeline([("classifier", RandomForestClassifier())])

# GVl =] Bk Rt 2 4y i
search space = [{"classifier": [LogisticRegression()],
"classifier penalty": ['11', '12'],
"classifier C": np.logspace(0, 4, 10)},
{"classifier": [RandomForestClassifier()],
"classifier n estimators": [10, 100, 1000],
"classifier max features": [1, 2, 3]}]

# B GridSearchCV #4%
gridsearch = GridSearchCV(pipe, search space, cv=5, verbose=0)

# T
best model = gridsearch.fit(features, target)



it

FERTM T, FRATEE I R 5 S FE e S a2 7 A,
B2, WISRAEIE P AZAL R S BFAZ B A TrWe 2 5ol AR 1)
scikit-learn 70 VP44 27 > BAEAE MR R BRI — 8050« FEARTTIfRERTT R
Hr, FRATE T — M E M S BRI R ] 185 Bl EE AL AR
o B ) BEACA A O S A, HIRATRH
classifier__[hyperparameter_name]iX ##% =& GBS U ik E . #1
n, X EE, SN T RN Z 0 [RIC L K AT BE Y IE 4k A%
Tipenalty P EIEELE S, G0 T 8.

{'classifier': [LogisticRegression()],
'classifier penalty': ['11', '12'],
‘classifier C': np.logspace(Q, 4, 10)}

X T BENARM AR S, BATHRAIE 17— SRR 5 i

{'classifier': [RandomForestClassifier()],
'classifier n estimators': [10, 100, 1000],
'classifier max features': [1, 2, 3]}

EHREMZ G, A L# Fbest_estimator SR F i (R A )2 HAR S
.

# HEREET
best model.best estimator .get params()["classifier”]

LogisticRegression(C=7.7426368268112693, class weight=None, dual=False,
fit intercept=True, intercept scaling=1, max iter=100,
multi class='ovr', n jobs=1, penalty='l1"', random state=None,
solver='liblinear', tol=0.0001, verbose=0, warm start=False)

ﬂ%ﬁ%%—ﬁ,%&ﬁﬂﬁ%ZEﬁﬂ%ﬁ%ﬁﬁ%ﬁﬁ@ﬁﬁﬁ
P



# TN E frlel

best model.predict(features)

array{(e; @, &, ‘B, & 8; 8, 8,8, 6, €, 9; 8, 8, @, 8, B 0, 8; B; 8, B; €

B; 0 8,0, 8.0, 8; 88, By B, B 8:8; B; 8, 8 U:8; 0, 0, B &

e, e09¢911,1,1,11,1,1,1,1,1,1,1111111,

,211,341,4,1,1,14,14,1L4,14,21,1111111,

14,114,114 1L1,2222222222222122

2,2,2,2,2,2,2,2,2,2,2, 2,22 2,2221,22,212

2,2,2,2,2,2,2 2222 12])

b 82 A1 N 520 3 5 e
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#

import numpy as np

from sklearn import datasets

from sklearn.linear model import LogisticRegression
from sklearn.model selection import GridSearchCV
from sklearn.pipeline import Pipeline, FeatureUnion
from sklearn.decomposition import PCA

from sklearn.preprocessing import StandardScaler

# U BB
np.random.seed(0)

# EsdE

iris = datasets.load iris()
features = iris.data
target = iris.target

# (/% StandardScaler 1 PCA fITisb M # %
preprocess = FeatureUnion([("std", StandardScaler()), ("pca", PCA())])

# GIR—ANifikek
pipe = Pipeline([("preprocess", preprocess),
("classifier”, LogisticRegression())])

# GUR AR 0]

search space = [{"preprocess pca n components": [1, 2, 3],
"classifier _penalty": ["11", "12"],
“classifier C": np.logspace(@, 4, 10)}]

# GRS G
clf = GridSearchCV(pipe, search space, cv=5, verbose=0, n jobs=-1)

# kT
best model = clf.fit(features, target)



it

18 BRI BT 2 R/, — M s S B AT AL B . 7R AR Y ok %
), DN O AR B R . B 4E, GridSearchCVAE FH A2 X 56 1F KA &
e FERR Y . SRTMAE S XIS UE T, FRATIMER 2 A 3 ) A8 — o B 72 )1 25
A AT IR, A S e AN B2 A8 TAC B D IR i (a4 i ssobn AL
. BT EREE, FRATCE BT miabee, S5 HE1T
GridSearchCV. #HJx, TiALE D IRAT1/ZGridSearchCVERAE ) —&R 47
BRARIX [ REE R RIEE 44, {H7Escikit-learn TR % 55 %], FeatureUnion
A UL A Z AT B R . fEARTT MR T Z 8 H T FeatureUnion
KHEWANTACEEP IR FRAEE PR (StandardScaler) 1A 7373 #r
(PCA) , EHi—A 4 ApreprocessHIXt %, BHS XA TALEE D
. ARG, FRATH 2 B K preprocess— [A] AL & Bl /K b . & |
SR, BE . Bl B SR S A A A X e R )
PEAE A E AT 45 scikit-learnfe AL F .

Hk, —HHAbE A H OIS, XESH0EE LA H A P 5t
wilan, A FHPCAMIFFLE RS 2 P o8 XA R e e S 1 i B . 2
M, BATSSERERE fa e M8 b5 A2 il R 1) 3 il 72K
. rlalsE, scikit-learntd B LIX ANEAE . 3 R 0] P A S ik
HSHRRERN, EfSG MBS AR . fEARMR I ZHE
KM FE X T features_pca__n_components':[1,2,3], IX3%BHIRATAHEL
HIE— AECE =AU SR P R R,

AL ARG, BRSPS 8. AR R
Fr, ATRAE B 3RO B

# A R R R R
best model.best estimator .get params()[ ‘preprocess pca n components’ ]

1

12.5 JH AT Ak A 7 gk 4

7] L1 &
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# I

import numpy as np

from sklearn import linear model, datasets

from sklearn.model selection import GridSearchCV

# AR

iris = datasets.load iris()
features = iris.data

target = iris.target

# BIHE R A5
logistic = linear model.lLogisticRegression()

# BHEEN AR T e 2 e )
penalty = [II'L].H' I-l'|-2II]

# BIEEZH C ki Al
C = np.logspace(0, 4, 1000)

# Bl ZHOED
hyperparameters = dict(C=C, penalty=penalty)

# BIHEMEE RS
gridsearch = GridSearchCV(logistic, hyperparameters, cv=5, n jobs=-1,
verbose=1)

# tiTRsE S
best model = gridsearch.fit(features, target)

Fitting 5 folds for each of 2000 candidates, totalling 10000 fits
[Parallel(n jobs=-1)]: Done 1352 tasks | elapsed: 7:2s

[Parallel(n jobs=-1)]: Done 5120 tasks | elapsed: 30.3s
[Parallel(n jobs=-1)]: Done 10000 out of 10000 | elapsed: 1.1lmin finished



it

ERN IR RTT R, AT RIEREM PR ERE N —DBME, PME
ARG A] PVPRIERAT 5. SR, FLSEAMESS il A BT B80T MR
TNk, FEREBERETE R TR TR EEUNT . N T IR AN AR,
scikit-learn FU VR [FI N Y 2R 2 MR, EAREE R K ZH AR BT,

scikit-learn 1] DA [F] IS Y| R PR AU B = 55 T W2 FICPUZ KB &= . KE2HL
MAREICA BN ES G 4%, IR AT LR ) ZRa M (RS 0R B BT
fERMRZ AR o XK RS E . S8 n_jobsiE
T AT NGB RS B . iRk T7 Z 9 Rn_jobsix B -1, FKIRscikit-

learn- {5 B B CPUZ . ARMERATE LT, n_jobsHME N1, Fox RAHH
—MMZ. N TIEHX— 5, BATEIT S5k 7 ZAH A i) GridSearchCV,
{H/&n_jobs=1, {RA]ULE B FIREAERM AT AR EBAELK T GF

=, YRR SR EIE L .

# QIEfER BRI R

clf = GridSearchCV(logistic, hyperparameters, cv=5, n jobs=1, verbose=1)

# AT R S
best model = clf.fit(features, target)

Fitting 5 folds for each of 2000 candidates, totalling 10000 fits

[Parallel(n jobs=1)]: Done 10006 out of 10000 | elapsed: 2.8min finished

_:I:,#, \ AN N —H‘}FU
] ALf A
TR e B I R
[ USES

A0 RS FH B R e 1 S B0, AT LU I scikit-learn AR AL 1 2E
X5 ub s ZHOR LD BEARNEAR Rk 2. Ban, A5
LogisticRegressionCV:



# InEE
from sklearn import linear model, datasets

# IR

iris = datasets.load iris()
features = iris.data
target = iris.target

# flH: LogisticRegressionCV if%
logit = linear model.LogisticRegressionCV(Cs=100)

# 2R
logit.fit(features, target)

LogisticRegressionCV(Cs=100, class weight=None, cv=None, dual=False,
fit intercept=True, intercept scaling=1.0, max iter=100,
multi class='ovr', n jobs=1l, penalty='12", random state=None,

refit=True, scoring=None, solver='lbfgs', tol=0.0001, verbose=0)
e

A, RS ST EIR PR RE 8 LU 5 7038 2R e B AT LS Y 4 2 B R K 2]
I Z . {Escikit-learnt, VP25 5% (WL ENE, ER[E T
SR 2L R HRA R g S SBRAIE 7 v R A H 8 & It 34 TR e tE
HZH. Hltn, LogisticRegressionH T AT hr#EIZ 4RI H /0 2K48,
LogisticRegressionCV U SEI 1 — AN 2 1958 A uE @ 4R [n] 9 73 25 4%, Be
IR S ECH R -

scikit-learnf'/ LogisticRegressionCV 7 i & — 1 CsZ%. WRCsH—N
IER, Win] LM CsHik ek S8, WiRCs H—PMEE, siatEm—
MNEA N N BRI E P FE . IR L i1k {8 12 RE 0T 208 18] B8 AH S5 1 5
7\, 7£0.0001%10,0002 /8] (CHIEEHUAETEED HHHL



{22, LogisticRegressionCVAH — Mg ii, & H e RCHIPME X R, 7E
12,179, HESEE EESECH 7 — NS GERMGETD o X1
scikit-learn 1 VF Z B B KA HIAE X ISAE AN 5, X PR ]2 1R W WL
i

AR 58] 152

e scikit-learn ' #Y4: LogisticRegressionCV (Chttp:/bit.ly/2GPJvjY)

e scikit-learn CAY: FRAVERA 1A XIS E  Chttp:/bit.ly/2F0TQsL)
12.7 A 3% B 5 M BE BF
] A A
TP 10 I A AR e PR 31 A R 1 PR BE
i T &
A5 F R B A B IF SFe 8 G A i 75 -
# I
import numpy as np

from sklearn import linear model, datasets
from sklearn.model selection import GridSearchCV, cross val score



# ke

iris = datasets.load iris{()
features = iris.data
target = iris.target

# QIEGEAR [ x5
logistic = linear model.LogisticRegression()

# GIEEEZ L C Y 20 Mkl
C = np.logspace(0, 4, 20)

# Bl i
hyperparameters = dict(C=()

# BRI R
gridsearch = GridSearchCV(logistic, hyperparameters, cv=5, n jobs=-1,
verbose=0)

# irindEnd LRE 14
cross val score(gridsearch, features, target).mean()

0.95343137254901966

it

PR AT XS UEXS T VR 2 AR — AN B R A X S . 11D

2, ka8 XIS UE S AEk- 19 808 EIIZRARY, T s FH 30 A 1 2500 e 2 A

ggﬁﬁw,%Eﬁﬁﬁﬂ%ﬁ%ﬁ%ﬁiﬁZ@%%ﬁ,ﬁ%ﬁﬁ%
IS/ ¢

TEARZIA B E P71k (B GridSearchCV A

RandomizedSearchCV) , #BfHH 1 28 Y IGUE K PEAL B L8 S 20 A4 il T 1%
RS, SR, IX A — NG Had s AR 78 A IR B iR @ BT
A H X LI R IEFRAEE S, I A e A e v B8
HITERE T o AR TVEL? 28 X IGEH S 7 — N TR R



NSRRI AT Y FEHREAS ISR, N7 A8 XIS UE A ik B m Y,
T AR AE SCBGUE XA R 4 Ge AT oAt 1. EARREHRT R, AT
HRAE X Sk i /& GridSearchCV X 4, 4R J5 1% F cross_val_score /7 {44 H:
B RSP EAE G UEH

W RAPREB A, AT P — AR R SEE . G, B verbose = 1, X
FERL AT LU B K4 T A4

gridsearch = GridSearchCV(logistic, hyperparameters, cv=5, verbose=1)

SR JE, AT gridsearch. fit(features, target), Xut/eH T FIREBAERTIATA
HRAZE B IE «

best model = gridsearch.fit(features, target)

Fitting 5 folds for each of 20 candidates, totalling 100 fits

[Parallel(n jobs=1)]: Done 100 out of 100 | elapsed: 0.4s finished

Mot A R T LA 2, N EBAZ SCRIEXS 20 Mg i A Y 73 7 I 25 T 54K,
HAF100 MR . $5 ROk, AR R ET (BRAN3HT) ikRE

gridsearch:



scores = cross val score(gridsearch, features, target)

Fitting 5 folds for each of 20 candidates, totalling 100 fits
[Parallel(n jobs=1)]: Done 100 out of 100 | elapsed: 0.5s finished
Fitting 5 folds for each of 20 candidates, totalling 100 fits
[Parallel(n jobs=1)]: Done 100 out of 100 | elapsed: 0.7s finished
Fitting 5 folds for each of 20 candidates, totalling 100 fits

[Parallel(n jobs=1)]: Done 100 out of 100 | elapsed: 0.5s finished

g R IR, NEAE IR UER 20 MBI 25 1 50k LAFR B i AR A5 Y,
I HAE AN 3T A8 U PP 2R, S TH I 2R 1 300 MY

132 2Rk [

13.0 &4

LA [l 2 LA 7 > e ) B e B S I Bk 2 — o WIERIR G AR K
B NMIH G20, SRR iRJa — A YR nT e st 2 2k [ .
F b, HFEARERSR, ANEENOIOVRNEEEIN . T
WIRRSHE, AHBMERHIE (B MmFER) N, ZelkRlIe &R
I e — B2 H W HA B TI  J5 % . AR S A2 B3 7
(RASe—2g e U5k X7k n) LLEN M e AN 1 T AR Y

13.1 & —%HE%

7] L AR
UIZR— D RERANRF AN H A 7] B 2 [R) 2 1 5% AR AR AR
figt Ty 5



fERZ MBI (scikit-learnH [ LinearRegression) :

# N
from sklearn.linear model import LinearRegression
from sklearn.datasets import load boston

# A R AFRIERY B
boston = load boston()
features = boston.data[:,0:2]
target = boston.target

# G HEERE: ] AT 5
regression = LinearRegression()

# LA LR aE
model = regression.fit(features, target)

it

ZeVE AR I S H Ar 1A B 2 DI AP R &R . g, Rk
Xt AAR R AR (BN R EL WMEBSED ZEEN. N T E T
B, XA AR R R, SRR 2 T

ELs i
s

y=ﬁ0+ﬁﬁj+éﬁ:+f

S, 5 RFIEER, x REMSEREE, B AL B
BRARII R, SRR RREEME LR, TUBEFS
I, Bl TG Fintercept #F B, M (YR
SDNE



# AR
model.intercept

22.46681692105723

T g Alx B, x TUAT LA coef KA

# oREFAERY AU

model.coef

array([-0.34977589, 0.11642402])

EAREIREY, A EERLidshiE Qota70FM) KWhE, H
PoATRIt. B, B fEEniEL:

# HErm s —4-{EFkLL 1000
target[0]*1000

24000.0

f Fpredict /5%, FATAT AT ZAE B A0 {H -

# TS —AFEAm BERE, FHREL 1000
model.predict(features)[@]*1000

24560.23872370844

ANEE,  TIIE AN L S24E R AH 2560.243E 70 !

LEVE RN ) A R AT RRREE, RO ) 28 BOOR R AL B PR (1) A2
WX B bR ERIR . B, AT 05— MR B R R
FEH . AEFRABIR R A, IX AL R EL05-0.35, WAL XA R 3L



Fe L1000 (AN HIRHERE TR END » el Pk E AR
SRR I — R CLJE B AR AL -

# FH—-FHkELL 1000
model.coef [0]*1000

-349.,77588707748947

XN NERAR AR IR 2 18 55 2 A % PR 293505 7T !

7] LA ik
R B AR RSO IR T 5 — AR IR, DU SR BN RFIE
LA

figt Ty 5

{ F scikit-learn*JPolynomial Features 8! 2 2 T XAFE, X X Pk i o< &R
A



CE

from sklearn.linear model import LinearRegression
from sklearn.datasets import load boston

from sklearn.preprocessing import PolynomialFeatures

# N AERIERER S
boston = load boston()
features = boston.data[:,0:2]
target = boston.target

# QIHSE DAFAE
interaction = PolynomialFeatures(

degree=3, include bias=False, interaction only=True)
features interaction = interaction.fit transform(features)

# G I %

regression = LinearRegression()

# L astkRA
model = regression.fit(features interaction, target)

it

A B FEANREXT H AR 1A 8 52 BUR T 5 — ANMRFE. R —A 5k
WINHEEA o ) 1] 451 - FRATTE A — JeiRrAIE Rk (sugar) A&
L FE (stirred) , PUAEREE TR INHE 2 AN EH ). H A0 A k-

(sugar=1,stirred=0) A HEINMEAZER (BTA BFBEASUIERE) , Riifk
IMMETIASIORE (sugar=0,stirred=1) WAL EARE . {HA2, OB
M 4P (sugar=1,stirred=1) VK ASTOMMEAREH o 0B A 450 FH X7 D H{EAR F
%%%%mﬁm%%oﬁﬁﬁﬁﬁ?,ﬁ%%%ﬁﬂﬁ%Z@ﬁEﬁE

ReAFAEA B F 0 — AR AR A SR B E BT R I A T - 3 R LUK




FRRFE (R EARAE) AT, H AU T

y = ,éﬂ + ;‘§lx1 + rézxz + ,ésxlxz +€
Hrp, x o fix, 5 5 & sugarflistirred I1E, x | x o AR PIH 2 (8] KA EAE
H o

ffﬁf@%ﬁ%@ﬁiﬁﬁ IR S R IE B R 4L . DU N 25— DA R
NMRFAIE -

# TBEF T HEERSHE
features[0]
array([ 6.32000000e-03, 1.80000000e+01])

A D ERE, A TR MR R IZ AR AR SR R ] -

# N E
import numpy as np

# PN AN AR R
interaction term = np.multiply(features[:, 0], features[:, 1])

WIE, ATULER S DA 2 BRI :

# WARD T HEAN ORHE

interaction term[0]

g.11570

EORRANE T 78 0 1 B RS AN R 2 TR E A BAEH, (B I I
AFIXFE. EXFIELL T, ¥ Fscikit-learn[JPolynomialFeatures A T
FIRFIEH &0 I (2 HRHMIE) 21RA ., SR mnT DAH LR %
FEIRMEER e A S A B R RFE AN SE BT 25

EA{ F PolynomialFeatures 8| 52 FLAFE, WAIR B3N EHEZN S K



H B ) —>Einteraction_only, % Binteraction_only =  True=%iiff
PolynomialFeatures 2 iR [F152 HAFE (AN 2 T UFAE, X T 22 DU
fE, FATEAELI T AR o BRVANENL T, PolynomialFeatures ¥ N
—/NYVERZRRE (E4Eo81) , F-ATTATBA# Finclude_bias = False
KEHIEIIARZE . )5, degreeZ#H T-# € i 2 FJLMRHIESR B 5E
BAHE (RVFAVEE S = MRER S BRHME) o FEARMERTT R, AT LA
WS — N FEAR R RE 528 BARMIE 2 5 5 AT T E R 45 A
7], K5 PolynomialFeatures ;e 15 1F % T1F:

# WEEE AR
features interaction[0]

array([ 6.32000000e-03, 1.80000000e+01, 1.13760000e-01])

>

13.3 & AEZE
[F) L IR
X AR R R A
il ks %=
FELENE AR T gy N 2 T UL, LB 22 T [l R A -



# A%

from sklearn.linear model import LinearRegression
from sklearn.datasets import load boston

from sklearn.preprocessing import PolynomialFeatures

# INEHA R EUREE
boston = load boston()
features = boston.data[:,0:1]
target = boston.target

# QU HASHE x™2 Fn x*3
polynomial = PolynomialFeatures(degree=3, include bias=False)
features polynomial = polynomial.fit transform(features)

# QP S

regression = LinearRegression()

# ek TR
model = regression.fit(features polynomial, target)

Bt

FIHAT AL, BATA TS 17X R R BRI ZHO 2 57
PR e Z R AR — 5o AELRIE R, AT Bl = 20
AR 1 L 2 TR R OR 28 K BURAEE [, B2 L2026 ) v 2 K 4 7
10JZEHIPI1E, 10JZAE I BE R LIS ZERI P . (HE A W2 RATF
AR EMERT o

AW A UG —DARLE R &R, a4 52 2 /N EUS Al i 25 1K
DEC IR AR MWESE B, AT UG SE e A A A B2 5521
NI R BAFAEIR K (B2, W52 2] 99/ [ S F 27
2J100/N R A2 R, AT 2 TR 73 B2 57 2 MR 2, TN 52 2] I
()X 2 2 2 1 ST 1 2R BB A 7 >0 J I g i 9/ o



2 I B R AR R R — Ry, e BRATAT DU ARZRVE IS R AT
o BEANEE 2 I B R, 5 BORE 13,17 Hh A A 2k R 2

¥=PBy+Bx +e

Fe ek 2 TG RR B, IXAT PUIE TS i 22 B URFAE R S B -

o

A A 2 1
y=ﬁﬂ+ﬁﬁi+ﬁf%+.‘.+ﬁﬁ%+t

HrpdZ Z WA YEEE . At an DR AAERIA A T AR 80 oy
XGRS TR IE, RSO SR AR A SRR R U L. B
AU, ZMERIAIEARIE X 2 xR, AT 4 ERS—A4
AR B RALH] o

NS REHAT DN B, N TEBRAREIE R AR, AT L
R AT RAE SR T RPN R CPITI. =R0755) REVEURIRF L. AR
AMPPHRFERR S, A7l g . Oy 7 HE— W], XA
LA D B = 2 I R, AR SR A

(BRI — DA x4

# Bk
features[0]

array([ 0.00632])

KT RIRB TR, K5~ MEARIEIRTIE B (r2) -

# WEE A FERIE S E
features[0] **2

array([ 3.99424000e-05])



BORERAEE) T — AV RS MR EIRT BI= R () 3
)

# st — RN =ik E
features[0]**3

array([ 2.52435968e-07])

KT =ARME (xa x 2 Hix 3 ) S FERMEREREH, SR 5 HEAT St ]
A, XIS T 2 IR .

# MEBHE—THARIA=TRE X X AR X B 3 5
features polynomial[0]

array([ 6.32000000e-03, 3.99424000e-05, 2.52435968e-07])

PolynomialFeatures§ N ESH . FH—1S%Zdegree, ‘i€ 2 I
RAIFMERI B 8. B0, degree = 3K A plix 2 Fix 3 . 88 NS E02
include_bias, ERAE ¥ N PolynomialFeaturesfl & — N4 N1 AE (FR
HNfRZ, bias) , 7] LLEIL % Binclude_bias = False KM% E o

[F) L IR
T SRl D E M [R5 22
il ks %=

AL S AT I (RO IEMME IO 15 I 5%, anie (Al (ridge
regression) FEZ[[)H (lasso regression) :



#

from sklearn.linear model import Ridge

from sklearn.datasets import load boston

from sklearn.preprocessing import StandardScaler

# e EdR

boston = load boston()
features = boston.data
target = boston.target

# FEARE(L
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# g/ M ERE alpha (Hi¥EIR
regression = Ridge(alpha=0.5)

# WALtk R HY
model = regression.fit(features standardized, target)

it

EARELPE A, B HMERSE (y ) FIBTIME €y, O 17

RERNGATY, XA TR ZEHWPRRNIRZEF 7 (RSS,Residual
Sum Of Squares) :

)

R$=,Z[ﬂ-ﬂf

f:="1

IE A BN AR 5 FL AR, (R E AT RRSS AN 13 R 4UH



R, 2T RR VU 4A7E 1] (shrinkage penalty) , K N'ER
Pl «<dfig /N AR . BV B JEE PR AR DL IE A AR AL D77 IR TR
F1)H . =P E AT A RS s & ST A R . ARG R, e R
TS Al 2505 e 2280001 75 i) e R

RSS+a i JB
j=1
Hr, ,éj Thig S itp MFIEF ) MFIEM R 5L S8 (Tls

W) o BREIFASIARLL, RAEG 00 K 7 el BS80S
A R LEIHE Z AN AR

> 8]

Hrh, netEARmHE. A EHN RN AZEEFE—F? RBiEs
5, W el )@ Lk B R B A g AR L, (HREREIH («HY_JEBS
TS PR E R G R iR AR IEIEPFHE?ZIEIEE/J i
Tz (a4, AP A s 2% Celastic net) —MFENAE T ™
PRI IO B . T e s R — W‘Ewlﬁy m’i\lﬁlﬁﬂlgfg@ﬂﬂﬁﬁ

1=1

A POE R A K e %ZEPBD)\}S’ RAGTT AR B AR

2 B oHI R A X ﬁ ThJRETT R, of BOK, 2B B ki i

B, amfi*ﬁﬁﬂﬁmﬁﬁ@i%ﬁ MBI AR5 ) . {Escikit-learn
i, ffi FfHalphaZ 30k 1% B o,

scikit-learnfl & —MRidgeCV /7%, 1I LT H & SRk BEELAE 114 -



# Ik
from sklearn.linear model import RidgeCV

# Bl =/ -alphafiffRidgeCVii %
regr cv = RidgeCV(alphas=[0.1, 1.0, 10.0])

# FEEERH
model cv = regr cv.fit(features standardized, target)

# HEBM AL

model cv.coef

array([-0.91215884, 1.0658758 , 0.11942614, 0.68558782, -2.03231631,
2.67922108, 0.0147/320, -3.0777265 , 2.58814315, -2.00973173,
-2.05390717, 0.85614763, -3.73565106])

R LB e U 2 O -

# #F alpha i
model cv.alpha

1.0

A BER R AELNERDT T REURE R VER (scale) IR
i, T AE IR AR R rp AT R I i, P AE I 2R 7 2 i
IR IE C AR AEAL o

7] L IR

i SR 3 R AE AR B R fT AL 2 1 e AR
il ks %

(FIEEFAEVEF



# i
from sklearn.linear model import Lasso
from sklearn.datasets import load boston

from sklearn.preprocessing import StandardScaler

# AR

boston = load boston()
features = boston.data
target = boston.target

# FeibhriEft
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# GIdEHREIA, JHEE alpha (i
regression = Lasso(alpha=0.5)

# AL iERH
model = regression.fit(features standardized, target)

it

ERBH AT AT DURFRFAE A R BN, T Rt sl A5 R e
%ﬁ%ﬁ%oﬁﬁﬁ%ﬁ%%mm@w&ﬁﬁﬂ El,ﬂu%ﬁﬁ%

%ﬁ%ﬂ,ﬁ%%%ﬁﬁﬁ&%%ﬁ#*ﬁﬁ@$ﬁ%:



# BERN

model.coef
array([-0.10697735, 0. , 0. , 0.,39739898, -0, ;
2.97332316, -0. , -8.16937793, -0, w =l )

-1.59957374, 0.54571511, -3.66888402])
ISR Ksalphat N — N KHIME, 2% SRR 2 AT T 4FAIE -

# f#E—alphafi y10M) &R
regression al@ = Lasso(alpha=10)
model al@ = regression al0.fit(features standardized, target)

model al@.coef
array([-8:, 8., =8y Be, =B, By =By O, =B, =82 ~Buy B, =8:])

A FEEREFE, BATAT AAERFAE R P P A 5 100 VRFIE, 2R BB R
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14.1 I 2511 55 B 5 2R 28
) e iy i
A5 FH R SR 2R 2548
BT &
1§ F scikit-learn ' ) DecisionTreeClassifier:
# I

from sklearn.tree import DecisionTreeClassifier
from sklearn import datasets

# R

iris = datasets.load iris()
features = iris.data
target = iris.target

# QIR 2R R
decisiontree = DecisionTreeClassifier(random state=0)

# IZE
model = decisiontree.fit(features, target)

it
VR D1 4538 2 2k B4 15 0 RS K R R A2

(impurity) FJRZERN . BEEAAMER T NAT 2,
DecisionTreeClassifierfA A {8 A JE A4 (Gini impurity) :



GiHy=1- 3 p/
i =

Hb, G(r) =T RUEBAGERE, p i RAET R LRI L.

TRAE AN L FAR A R SRR B LR 3 AT, BRI T A
ARAR AT S (R — R 328D BB RG24 AF

1 scikit-learn'}', DecisionTreeClassifier(){# Fi 7 25 HoAth 2 > 2k
L, B RHAOTIENGRARRY, SR 5] DA U 2R i Ase 28 Sk fai) — AN

ZN:PIEss

# OIHEHA
observation = [[ 5, 4, 3, 2]]

# TMEEAR 2

model.predict(observation)

array([1])

R LA F predict_proba /i iE & A LA B T3 (TR 7228
R .

# EERA R T A5 2054
model.predict proba(observation)

array([[ 0., 1., 0.]1])

e, QR AR AL EE TS, Al DME eZ M criterion:



# {H entropy {EA Al EERE IS i G RE e ek 4y 2 880 52
decisiontree entropy = DecisionTreeClassifier(
criterion="entropy', random state=0)

# kA

model entropy = decisiontree entropy.fit(features, target)
S AR 58] 132
o (HRIEM222])  (Princeton K E M, http://bit.ly/2FqJxlj)

14.2 1| 25 1 T A%t ] U A 7R

7] L IR
IR — AT R AW A [l
il ks %=

f Filscikit-learn ff)DecisionTreeRegressor:



# N
from sklearn.tree import DecisionTreeRegressor
from sklearn import datasets

# IO BRI s

boston = datasets.load boston()
features = boston.datal:,0:2]
target = boston.target

# Gl S ] AR 5
decisiontree = DecisionTreeRegressor(random state=0)

# AR
model = decisiontree.fit(features, target)
ik

ORI [ YA R 5 R SRS 73 ISR 1 AR D7 2GR AL, A A& A=A H
HeJE AL B S, TR BN TR 2 (MSED B9/ B R AR
N R VA b e -

.
MSE:;.Z (J"a'_}’i)z
1=

Hop, y REEANESEE, y, RFANTINE. fEscikit-learn™, PR

P [B] 9 # Y 0] BLH DecisionTreeRegressorts) 22 . 1R 8431|2556 LA f5 v BA
BT AR B AT T -



# OIHEHEA
observation = [[0.02, 16]]

# TiileEAE

model.predict(observation)
array([ 33.])

5] Y SR A 7 228 DecisionTreeClassifier—#f, FHZ#{criterion 7] LLiZHE 7>
2= (split quality) WJE & . Flan, " PLHFR4a xR 2=
(MAE) 9> 54 o3 S5 E R A 38 1 SRR A 28

# (£ MAE G g o SRl D Y
decisiontree mae = DecisionTreeRegressor(criterion="mae", random state=0)

# Il
model mae = decisiontree mae.fit(features, target)

JEAR 3] 3¢
o scikit-learn3CH: PR [EIT Chttp:/bitly/2GR63AZ)

14,3 AT UL B b A A

7] R IR
AL — A AR
fir R Ty %

R RSB HOYDOTHE I rl ALk -



# haE

import pydotplus

from sklearn.tree import DecisionTreeClassifier
from sklearn import datasets

from IPython.display import Image

from sklearn import tree

# Ik

iris = datasets.load iris()
features = iris.data
target = iris.target

# QIR R KNS
decisiontree = DecisionTreeClassifier(random state=0)

# R
model = decisiontree.fit(features, target)

# €Ik DOT il

dot data = tree.export graphviz(decisiontree,
out file=None,
feature names=iris.feature names,
class names=iris.target names)

# SE
graph = pydotplus.graph from dot data(dot data)

# R
Image(graph.create png())



petal width (cm) <= 08
gini = (L6GT
samples = 130
value =[50, 50, 50]
class = setosa

Tru/ wj]w

wini = 0.0 petal width (cm) <= 1.75
P gini = 0.5
samples = 50 B
P s samples = 100
“:F]E;:JT“',{:” value = [0, 50, 50|
sl i class = versicolor

L. N

v

petal length (cm) <= 4 95
gim =168
samples = 54

value = [0, 49, 5]
class = versicolor

petal length (cm) <= 4 .85
gini = 0043
samples = 46
value = [0, 1,45]
class = virginica

i

petal width (cm) <= 1 65
gini =0.041
samples = 48

value = [0,47, 1]
class = versicolor

petal width {cm) <= 155

vl

gini = 0.444
samples = 6

class = virginica

ue=1[0,12,4]

/

gini = 0.0
samples = 47
value = [0,47, 0]
class = versicolor

gini =00

samples = |
value = [0,0, 1]
class = virginica

gini =00
samples = 3
value =[0,0, 3]
class = virginica

b

\

sepal width (cm) <= 3.1
gini = 0.444
samples = 3

value=[0,1,2]
class = virginica

petal length (em) <= 545
gini =0 444
samples = 3

value =[0,2,1]
class = versicolor

gini =00
samples = 43
value = [0,0,43]
class = virginica

N

@ini = 0.0
samples =2
vilue = [0, []. 2]

/N

class = virginica

gini=0.0
samples = |
value = [0, 1,0
class = versicolor

clas

gini =00 gini =00
samples = 2 samples = |
value = [0, 2,0] value = [0,0,1]

s = versicolor

class = virginica

A DURP A R a AL, 2 paRE WA*%M%MZ—,E&Q% RS i

AINLAR 5 2 R e U AR 2

X MR

IR EERT
E)E%%UE%EZ,

fREC8 )

i [50,50,50]

. 067

1|:l|:|) Tyl':lj

o TEARMRRTT R, B LIDOTH

SRR W R

s AT AR BIRSEUGE , A RAE I 58
BN 2045 70 3o RN,

i /N S T0.8
WAL AT LA B Je Al fE

FAUMERT HE - SroRTHREALE

IRARAEZ Y AT AR, RS BIRRAS A T 7




FNsetosa. WATIER] LANTEAE LT AL, REEEA RN (petal
width (cm) <= El ; B ) BENE SE R HR AT W setosaZS A, BAN,

IR—AN 3T B —MRHE R R SN (petal width (cm) <= 1.75) , WM
REAE XS 150N FEA 1 1 1440 IERf 7095 o XA A AE I 58 B o — MR &
ELHRHIE !

U SRR oAt B R Bl R A A A B e, AT PO R ARAL S G SRR
S APDF#S B PNGH

# gt PDF
graph.write pdf("iris.pdf")

True

# (& PNG
graph.write png("iris.png")

True

AT BRSO PR 73 AT AT 1l (A ER A, XMt n] LA
F T R S [ AR

VER: macOSH P i e 75 B 22 B GraphViz A (el 17 LiddARS . ] DA H
Homebrewfy 4 (brew install graphviz) 17 %%%. 5 <Homebrew ] %
B, 15 U5 W Homebrew [F) B 77 W% o

AR 5] 52

e Homebrew Chttps://brew.sh)

14.4 ) 25 B HLARAR 7 2 25
RS

R — D BEHLARAR > S A AL



il T &R
{# F scikit-learn ¥ [ RandomForestClassifieril| Zx BN L AR R 43 S g8 7

# TN
from sklearn.ensemble import RandomForestClassifier
from sklearn import datasets

# IR

iris = datasets.load iris()
features = iris.data
target = iris.target

# CIRBEHLARM s Ao 5
randomforest = RandomForestClassifier(random state=0, n jobs=-1)

# s R
model = randomforest.fit(features, target)

e

R — & UL L, BT 2 i S )2 8ds (s - &
FEAREN AR X R ER B ) T i N FERENLARM A, VR BRI
RIS B 25, B R BRI B 251 (bootstrapped) FEA (R
AR BEHLIIARE, RS A EA RO R, IF BB mAE
JE T 7 RN R 5 8 A HRFIE A — > 580 IX A H AL R SRR 2L 1l ) AR
M CRENLARARE L4548 ) 85 150232 Ve e A B 0 702

Rtk Ty £ 514 134T Eee, 1] DLk Bilscikit-learn )
RandomForestClassifier-5 DecisionTreeClassifierf] T /£ 5 L.



# GIEEREA
observation = [[ 5, 4, 3, 2]]

# TRIEEARR 25 2
model.predict(observation)

array([1])

RandomForestClassifiert? {# F§ 5 DecisionTreeClassifiertf [5 ) 2%, 1
n, FRATTAT DA BE B R A R R Y T v

# (SRR R AR
randomforest entropy = RandomForestClassifier(
criterion="entropy", random state=0)

# YIGRER
model entropy = randomforest entropy.fit(features, target)

AL, AN —AFRMIT A 2 — BRI R S, RandomForestClassifier
AR HEEM . B, S8 max_featuresit & &A1 i 7 B
ZREWRHIE i K s, UV A AR s R A FE R CRFAIE 2L
) . VFAE BREMI E L) Alsqrt CRRAEBE ) o BRIATE
LT, Z#imax_featuresE# 1% B auto (FHZTsqr) « HiK,
bootstrap F T~ & B 7E G A I8 A FIAEAR 42, 2B R dhAE CGBRIA
B) L E W FhFE. 2=, Z¥n_estimatorsih B AR5 R E
MHIEE. F£104759, FRATEN_estimators{ENESHE, Il AL HT )
BEIE I PP TR s . fJa, BT R SR P S s R Ak
%, A[LAEE S % jobs = -13R485E 4 T A 1T H CPUIET I,
It HAZZFAAUT FEHL AR 73 25856 20

SR 5 12

o (FENLARHFL) (Berkeley Statistics,http://bit.ly/2FxmOPs )

14.5 )| R B AL AR (8] V] 4



7] 78 F ik

B MENLARMN SR — A A )T,

fi T %

1§ F scikit-learn 7 ff)RandomForestRegressorill 2k A L AR WA [B] YT 15 74 .
# I

from sklearn.ensemble import RandomForestRegressor
from sklearn import datasets

# AU IR R
boston = datasets.load boston()
features = boston.data[:,0:2]

target = boston.target

# GIEBEHLARAR IR0 5
randomforest = RandomForestRegressor(random state=0, n jobs=-1)

# g
model = randomforest.fit(features, target)

it

FEEEBENLARAAR 28 —FF, TRATWB] DLE ZEBENLARAR Bl A A, Hor
BN — A 2R T, FHAERD T AR FINA S B —E
SEFE. 5 RandomForestClassifier—#f, FENLARM BRI A TS H
B2

o max_featuresif B4 15 B B ARFAE R BORECE, BRMEL [P
A, HerhpRRFE A B



e bootstrapi® B & 7o 18 FH A B 13, ERE N True,
e n_estimatorsi¥ & M 15 E, FRIAME 10,

S AR 5] 132

e scikit-learn ' #%4: RandomForestRegressor Chttp:/bit.ly/2GQZ3nx)
14.6 1| KA JEREE SR

71 230 i i

A8 R0 T8 AL AR AR v i R

fif R T S

THEIF AT AN RHIE R 22 (Feature importance)

# ks

import numpy as np

import matplotlib.pyplot as plt

from sklearn.ensemble import RandomForestClassifier
from sklearn import datasets



# Insdl

iris = datasets.load iris()
features = iris.data
target = iris.target

# GUEBERL AR R R
randomforest = RandomForestClassifier(random state=0, n jobs=-1)

# A
model = randomforest.fit(features, target)

# R T

importances = model.feature importances

# R AR R
indices = np.argsort(importances)[::-1]

# TR R R 2 AR T
names = [iris.feature names[i] for i in indices]

# GIHE
plt.figure()

# G E b
plt.title("Feature Importance")

# iR &
plt.bar(range(features.shape[l]), importances[indices])

# PR 2 FRR A X SR
plt.xticks(range(features.shape[1l]), names, rotation=00)

# Do
plt.show()



Feature Importance

petal width [cm)
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X} 28 2

FE13.3HH, BATXS R 0 FEE AT 1 Al filAk, JFHERIMIET
T 56 JEE (10 DR AR 3 B 08 Rs R AR A IR 028, IX M TE I 96 S5
R R ERAL . THER U, AZEEE (Ebin gy 28as T rg 5k
JEAAERE B, VLR R R iR 05 22) (1P s B R IR 20 AL
e 5 B A ARFAIE

FKTRER EE AN A FEFE. B, scikit-learn 7 2 Ffnominal 4
TFREFAE AR RN Z A —JuhFIE, A3 RFAE ) 3 B 9 2 A — Tk
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fEscikit-learn ', PR A FAFEALAR AR 5328 2 BT AL EmT DL I
feature_importances_ £ & 45 4 Fh AR ) B EAR Y

# AAEFEILRE B
model.feature importances

array([ 0.11896532, 0,0231668 , 0.36804744, 0.48982043])

BUEOR, BNZ R LR 2 (R R BRI T 1) .
2 ) X ERAE B P A B T R R BE L AR AR T

14.7 e £ bH ' E EREAIE
7] L IR
TEBENLARAM P HE TR IR %
il ks %=

Ry e B EERFAL, IR e A T EBr I R 2



#

from sklearn.ensemble import RandomForestClassifier
from sklearn import datasets

from sklearn.feature selection import SelectFromModel

# I Edr

iris = datasets.load iris()
features = iris.data

target = iris.target

# CUERERL AR bRy 225
randomforest = RandomForestClassifier(random state=0, n jobs=-1)

# IS, T T R
selector = SelectFromModel(randomforest, threshold=0.3)

#(f PR 25 G AR A AR
features important = selector.fit transform(features, target)

# (e FH T T | 0 L AR A A
model = randomforest.fit(features important, target)

Bt

RS T, PRA) ARy R DB P RE B . B0, AR DR
)75 22 B A B ANASE P /D B B RF ISR S R AR 2R 1) Al e

fEscikit-learn™', A] LM FH — a7 B 2D AR RR B 2 — /M R /b

WRIERORRRY . o, ([ ITA BRI — N FENLAR AR R, I8 I 2%
13 2R H 8 B IIRFE . #2 Tk, Al —MUEL & IxX S 5 EURRE
IR R P . AT A W 77 =A% 1 SelectFromModel /5 v KBl 2 R

fERERE, FHoA AR & E B KT ST A RHIE . &5, i XL
FRAE BN — AN

XA EPENEFEFE: 55—, Zitone-hotZwid ¥ nominal i 432



R 1) B PR R B ek b 25—, X R AR ORIRFIE, HE
TR TP EH R — ML B, AR S AR AL B

FEE AFf ] 52

o (fEFHBENIARMBATRIELEFE) (Robin Genuer. Jean-Michel Poggi-.
Christine Tuleau-Malot,http://bit.ly/2FvG70D )

14.8 Kb AT 1] 53 2

[F] i i 3R
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fir R Ty %

H1Z#jclass_weight= " balanced " VIl Zx 5 W B FE L AR ARAR Y .



# I

import numpy as np

from sklearn.ensemble import RandomForest(lassifier
from sklearn import datasets

# IR

iris = datasets.load iris()
features = iris.data
target = iris.target

# BBaD 40 4~ FEARLL e B A i s
features = features[40:,:]
target = target[40:]

# QIR R frr 220 010 1
target = np.where((target == 0), @, 1)

# QIRREHLARA D KGR
randomforest = RandomForestClassifier(
random state=0, n jobs=-1, class weight="balanced")

# IR
model = randomforest.fit(features, target)

it

FEIL S 2 S VRN B B, RS 20 18 RIS ) 4 28 in) . 2R
AR RIZAN ) B, AT A S PR R it e . FRATTAE 1757798
TPV AE B0 P Ab Bk A2 v b BN I8 17 43 S ) — LE SRR . AN 7 scikit-
learn™, 1R 2% ) FEARW A H T A LA RN E T . N
RandomForestClassifieri’ B 2 #(class_weighti 0] DL 2 1E AN Y54 43 2 1 )



. G HUR SR A AT T AR L R SR (0{ " male " ;. 0.2, "
female " : 0.8}) , RandomForestClassifier¥ N7 AN HUOINA . AT
Z¥{balancedi@ F HAH R, EMRHE S AL H IR P E1EE

it A EAR:
. n
s n;

AR, nRBEARE, 0, RAKHFREARNSE, i

e

IPREVEE BRI, AUTH IR TR PR PR 2E (110

A (), FAIIEAFPFEARLESHINI0M1100 (n 5 ) o WERMEH S
class_weight= " balanced " , #lEEWEIY KA/ R E GR/INEK S
KHBLE) -

# TR B BR
110/(2*10)

S
BRI IR E AR EL A/

# TR KRR
110/(2*100)

0.55

14.9 75 il 1k T A 1] A
71 e i ik
T B4 ) R SRR 114 8 A AT ASE
(RPN
18 FH scikit-learn®% il 35 T W 1 S5 1E R I 25 0 S 40



# I
from sklearn.tree import DecisionTreeClassifier
from sklearn import datasets

# Ik

iris = datasets.load iris()
features = iris.data
target = iris.target

# QIR R R SR

decisiontree = DecisionTreeClassifier(random state=0,
max_depth=None,
min samples split=2,
min samples leaf=1,
min weight fraction leaf=0,
max_leaf nodes=None,
min impurity decrease=0)

# SRR
model = decisiontree.fit(features, target)

it

fEscikit-learndt T4 ) 2 S S, AR 22 FY T4 1) D S RS 1) 77
V2. FATTRT LUl v E AN A S HOR U5 R X T

max_depth:

PR ORRE . A% S %09 None, IR —BEAK, EIBIPTA M
NAETT o AR ACBEA N ZSHAIE, XRR = 9G8R B 877 3
XA BEBUE T RN IR IE o

min_samples_split



R R RA, 7R ERCMOFEAREL IR REAE N iz2 5
E, NEXANBHARE/MIFEAL, IR T B NS EE, W
INFEARKION BFEAECR LU R

min_samples_leaf

{E%*ﬁ R ER B MEAEL . Smin_samples_split{# H A [ 1S H0k%
o

max_leaf_nodes

1T N R EREREE

min_impurity_split

AT 73 2P 5 B e /NS L EE ke

TR HARE M, AL BB T, 1R %M $lmax_depth Al

min_impurity_splitiX A NS4, BUONEIR IR CHRFROMBE,  stump)
ZERTE R, JF HO7 2BV

7] R I
i B LU PR BB AL AR AR E B S R
it 7 5

1 | AdaBoostClassifier AdaBoostRegressori/l| Z:—boosting /5 /1! ;



# I
from sklearn.ensemble import AdaBoostClassifier
from sklearn import datasets

# I

iris = datasets.load iris()
features = iris.data
target = iris.target

# (I adaboost 42 il %
adaboost = AdaBoostClassifier(random state=0)

# AR
model = adaboost.fit(features, target)

wie

TERENLARAR R, F— 4 BEATL R S 6T H A r) S 34T 0 i — 0 AR

H B 5 K [ 2 2] 77778 boosting. A —Fh K 2K [ boosting B2 Y 1

AdaBoost, EIEMAMINZG— RPNGHE GEF 2 — MREIREN, A

FRABIAED , BRGEAER 2 AT — AN 2 T & (1R A 43 e 55 R A

H, AdaBoostF LM EARD R T

1 AR REA | SRR E R, — L, e R
i

B "

2. FHEE IR,

3. XWTH—IFEA:

(1) R FGBIA x , WU IR, Ww b,

(2) R RggAR R X T2 AR 1, w3 K



4. Nk AF R, FEAPAE R w,, g FEmE.

5.J EHEWDIRINA, B2 5¢ 32 T Bk 228 I 25 5¢ T e 2 1 95 15
v

AR —NHERR, HEHPARGHEMEET ONT A ER
E) BEIHIFEA, fEscikit-learn™, FA17] LL{# FH AdaBoostClassifier

i, AdaBoostRegressorsZ il AdaBoost. i 5 # ]S4 /& base_estimator.
n_estimatorsflllearning_rate.

e  base_estimatorZ /NG 2 HiE. INSEILTAFENR
A2, AR HBIALIE R RN (BRIAME) & AdaBoosti 5 F 1 5% 2 Hik

e n_estimators;e s 2215 R R AL A 2 &

e learning_rate;e "EN I FIAE AR E, ERUME N /DX ANZSEL
HEME PR ITREAR /DN, XA R I ok AR e (HA I 2
R ERE SR L)

e loss/EAdaBoostRegressorf 24, B E | 1EFEHBCER B FH I
PR E . HERME N R R E, (HE T LASON T (square) BY
FE#ph % (exponential)

JEAR 3] 3¢

e (AdaBoost/I4H) (Robert E.Schapire,http://bit.ly/2FCS30E )
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# I
from sklearn.ensemble import RandomForestClassifier
from sklearn import datasets

# ndcdic

iris = datasets.load iris()
features = iris.data
target = iris.target

# QRN KR
randomforest = RandomForestClassifier(
random state=0, n estimators=1000, oob score=True, n jobs=-1)

# kR
model = randomforest.fit(features, target)

# ERRIMRE
randomforest.oob score

0.95333333333333337

e

TERENLARAR R, AR B 25 IREAR FAEIEAT I 2R X TERE XY
TEHRWT S, A RSSINGNIFEARTE, XEFEARRRNRESN
(Out-of-Bag,00B) FEA, L2AMFEAT] DL ARG R VA% B HLAR AR 1

PERE -

MTRANFEA, B ESUE S R EA BT NI ZR R AR 1 52
PERTIMEREAT LB THE AR B30, BiRErS 2] EENLAR
MEPERETR bR . OOBZ» BIFAL i Al LI A8 AR UE B B AT S

£ RandomForestClassifier 1 ¥ & Z%{oob_score = Truer] LLi+H OOB%y
. %5 30aT LE FHoob_score RFREL,



155 KNN

15.0 4T

KNN (K-Nearest Neighbors,KIT2E) 4328482 A B 5= > s b i fa] 5
H im0 2888 2 — . KNNA B8 — R N2 —Phiiis
(lazy) WIZ=>128, DRUOAMRS RS HEE I Zh— A F SR AT ,
T A K R =4 1) 49 25 4] e N B e sl T AN W 2B A BT o B A8 e R )
MK BB, R AN SR FN I S AE ] Bl A2 7 2 N1 R
2, BAeESWIIANRT»IEL. REBIRE WA {# Hscikit-learn K 4
A FHHKINNZ> 2585 .

15.1 2] — AW EAE 1 m it 2

7] L1 &
B E — MUEE RN WEE (LfE
it T 5

1 Ffscikit-learnf#JNearestNeighbors:

# I

from sklearn import datasets

from sklearn.neighbors import NearestNeighbors
from sklearn.preprocessing import StandardScaler

# Ik
iris = datasets.load iris()



features = iris.data

# 004t standardizer
standardizer = StandardScaler()

# FriThrielt
features standardized = standardizer.fit transform(features)

# PRI (E
nearest neighbors = NearestNeighbors(n neighbors=2).fit(features standardized)

# G- EE
new observation=1[ 1, 1, 1, 1]

# R B AR A AR |, LARENRA N SR
distances, indices = nearest neighbors.kneighbors([new observation])

# BRI Mg
features standardized[indices]

array([[[ 1.03800476, 0.56925129, 1.10395287, 1.1850097 ],
[ 0.79566902, 0.33784833, 0.76275864, 1.05353673]]])

it

MR ZRP R TS EAARIRE. BATEE T —DMUWRE

new_observation, ZAJEHKE| T B EHRIEFI U EME . indicestd & T AL
PR TR B AT R IX PN EME AL &, BT PAX[indices] 7] PASE 78 B4
BAE. NEM LR, "TUEEEEE—MAHELE R EEEN, Kt
AN il I ERAE AR SJATCN 2 IR e 5 EAe i AR A W 26 55 B AE
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H 7
deucfidean = JZ, = l(xr' N yi)

T

M
il

i1

3

7z

H

manhattan — i;l Ixi = yr’l

BRINE LT, NearestNeighborsf# FH X ] K i 3 #H 5 .

" 1/p
dmiuknwsk;’ = (i';l |x;' - J":'|P]

X Hx My R EATEE I S A WEHE . X7 R AR R 5 b A
— NS Hp, Wikp =1, K2 SmiEE; Wikp = 2, HLKIK
PEES . fEscikit-learn ', ERikp = 2.

FATAT LU i metric S HOR € BE R PR -

# T R ECRE Bk Rm L T 4~ S
nearestneighbors euclidean = NearestNeighbors(
n neighbors=2, metric='euclidean').fit(features standardized)

B2 A distances ™% & A AU S 211X A I 40 R S e P

# #& distances
distances

array([[ ©.48168828, 0.73440155]1])

FA138 7] LA kneighbors_graph il 2 —MERE, SRIRN B RN W 2211 %
T AR JE



# RS (A B ECRR i T Rl 3 4B (BAEERC)
nearestneighbors euclidean = NearestNeighbors(
n neighbors=3, metric="euclidean").fit(features standardized)

# g MRENEREN 3 MIERIZE (BFEEAC)

nearest neighbors with self = nearestneighbors euclidean.kneighbors graph(

features standardized).toarray()

# M BEMFERERAC
for 1, x in enumerate(nearest neighbors with

x[1] =0

# AR BRI
nearest neighbors with self[0]

array([ 0., 0.,

By By

By iy

0., 0.,

g.; 0.,

By, B

6., 0.,

0., 0.,

Bex By
B Bay By
B By By
8., 0., 9.,

0.,

[ I <= B > TR <= B > [ <= R < B <= |

0.,

a0 o o o o @ O

0.,

0o o O O O O © =

L T e B - TR e B e T s TN < BN == T o |

0o o o o Qo 9o o o oo

= 0 o o Qo o Qo o 9

self):

0 o o o oo oo oo 9 o
0o o o o o o o O O
ceooooo oo
0o o o o o o o O
oo o o o o o o S

1E TRl AR JE BE A5 FH 2 10 B i S 2 S Bk, AR BB — 1
HERWRHE, A SR R SBAL. XA R N EE B FepRA
NPT RRAE B AL F S R AR R, R — ANRFE R A 2 | R IT,
MFERRALR T o, BAFEH RS REESmnTarE. JAE
figt 1 77 2 18 1T StandardScaler KR AR AL X LSRR, AR R X F 9 78 1Y 1)



15.2 Al #E — P KNNS 2K 2%

7] i 1

XF T R FN TG, TS0 1 73 SR & 1 732K
fl R TT &

WREAREA RRER K, B B2 KNeighborsClassifier:

# s

from sklearn.neighbors import KNeighborsClassifier
from sklearn.preprocessing import StandardScaler
from sklearn import datasets

# s

iris = datasets.load iris()
X = iris.data

y = iris.target

# (5 standardizer
standardizer = StandardScaler()

# BrELRRE
X std = standardizer.fit transform(X)

# A4 5 e rd KNN 4225
knn = KNeighborsClassifier(n neighbors=5, n jobs=-1).fit(X std, y)

# QUMM
new observations = [[ 0.75, 0.75, 0.75, 0.75],
[ 1,1, 1, 1]]



# T A AR E 5 2
knn.predict(new observations)

array([1, 2])

i

FERKNNEEH, WREE D RRMPMEE, P ETREA
PEETEAr CEEIERIREE S BRI kB CERMRFR x|, HILR
O, ARFEREKIEER T ENH IR, BERZ N
NI AT 732K, IR mERRE, B TRANDIGIER

H
rE:

1 .
E,Z 1(y; = j)
1V

X Bvigx IR N KSR ME, v 2B MEE N 228, TR —1M8
N (AP BE NI R E, NOFtZMD) . fEscikit-learn ', FATAT
PL{iE F predict_proba i 2 7 iX LE Ml 4 .

# BERBAWEHE WET 3 o dh i SE— IR
knn.predict proba(new observations)
array([[ 6. , 0.6, 0.4],

[6. , 6., 1. 11)

PR o R ) 0 SR A BATRY T 7328 o 2885, 8 _E T 10 g ) 45 2R
H, B—MERENIZE T2 (Pr = 0.6) , W28 AN WEHENZE
Td2 (Pr=1 , WFAR:

knn.predict(new observations)
array([1, 2])

KNeighborsClassifier 7' — S HUEAT R . 5 — > 2Zmetric, B A] LA



RV e R e S febr (FEIL14.1715) o 28—/ En_jobs, ‘BEF&Hl
A UM 2 /DA CPUNAZ . T 75 220t — A i B ER L T IrE 8
PR, PrCLEE AU 2 W, 2 = J2algorithm, ‘B KiX
ETHREIEAENEE . REAFNEIEZEARKREX A, H2
KNeighborsClassifierfA i\ 2= H ik F i A& 5%, Frbh—RA KR E
NEAIZBEEANZHM 0. BUAE UL T KNeighborsClassifierih /2 5 3%
ATTR TR AR AR, 2R3N RS WS A o] LA — 52, FH R
SETN A2, HRZ R IR A 145 distance % i€ T weightsZ 5, AT
A EE P EE LU PR B S E R R s A E . XA AE M
EOW R 2 A E A, KOvER e BT 48 e T g S R IR 2 kT
MEAE 77 R HE -

BeJa, IEQIS TR RR i, B THEE B A B RHERE A A R AE R
— AN, BT DA FHKINN o488 Z AT AR AEALRF AL AR AR B2

15.3 Fiff 52 F AF H AR da 2 B 1 A

EFEGBN
ANKNNZFRASH B ERIKE
il T &

18 H GridSearchCVIX £ FF B B RO



# Bk

from sklearn.neighbors import KNeighborsClassifier
from sklearn import datasets

from sklearn.preprocessing import StandardScaler
from sklearn.pipeline import Pipeline, FeatureUnion
from sklearn.model selection import GridSearchCV

# s

iris = datasets.load iris()
features = iris.data
target = iris.target

# (g standardizer
standardizer = StandardScaler()

# FE (LR

features standardized = standardizer.fit transform(features)

# BlEE A KN 42
knn = KNeighborsClassifier(n neighbors=5, n jobs=-1)

# QIE—Aik ek
pipe = Pipeline([("standardizer", standardizer), ("knn", knn)])

# WiE—A- A&
search space = [{"knn_n neighbors": [1, 2, 3, 4, 5, 6, 7, 8, 9, 10]}]

# (Ol grid %
classifier = GridSearchCV(
pipe, search space, cv=5, verbose=0).fit(features standardized, target)

it

KAE AR/ ATKNN P 245 (1 BE 2 A LM . ENLER 220, 3l



—H2ZREmZ (bias) 7% (variance) Z [BJFRF|—F P47, Tmk{HE
SF X R RSAR IR . WRk= n (XEnEMEENEE , B4
MEMSIB KT ZB /. tHEk = 1, BAWESEN, HEHFER
Ko HARKD T ReAEmZ T 2 2 M ST IKIE, 4152 mEm
KNNZ7» K8 . Rk, FATH GridSearchCVA A [FK{E FTKNN 7
KA XWIUE . XN IEFEGE WA, FhA] PAAS 21 58 r= A8 i fEKNN
3R kA :

# HefEAERAY AN (K)
classifier.best estimator .get params()["knn n neighbors"]

6

15.4 B 8 — AT 42 [ I i A0 4 2K 58
i 3

XTI AR MG, MR — 2 BE B VU A I LB A 70 SR B

Hork,

RIS
1 FHRadiusNeighborsClassifier:



# INEUE

from sklearn.neighbors import RadiusNeighborsClassifier
from sklearn.preprocessing import StandardScaler

from sklearn import datasets

# IR

iris = datasets.load iris()
features = iris.data
target = iris.target

# (I standardizer
standardizer = StandardScaler()

# FrilEfeRFE

features standardized = standardizer.fit transform(features)

# ER— 1 H PRl sy K 8
rnn = RadiusNeighborsClassifier (
radius=.5, n jobs=-1).fit(features standardized, target)

# GIEMA AR
new observations = [[ 1, 1, 1, 1]]

# Tz A (R %
ran.predict(new observations)

array([2])
s

FEKNNZF2EE5 1, WS 173 2R A2 AR B KA 208 S B 73 A Tl 147
MAEAN K 2 T 2P AR R R 2 28 a8 T, ERAE I 70 K iR —
A2y B N T ULEAE 1 0 R B Y - #Escikit-learn™,
RadiusNeighborsClassifier 5 KNeighborsClassifier{R fH1LL, [& T NS



. HFH—"NS%fradius, fERadiusNeighborsClassifierd', A7 E+g
& AR E A M EEREA BE EAE B hnMBE R4S . BRAEIRE
1R 7877 B E A Tradius i N FEAME, 5 W S -3 05 HAh K S 40—
FEAER R R B0 B AT 2 . 58 =AM HIZ 3 Zoutlier_label, &
FH KA E a0 SR — WS AE A B At WL 8B 7 2 A radius R VG FE Y
XA MEAEPZBARIC A . ZRE—DNE SIS ST

165 ¥4 0] 1T
16.0 40
447 BT R PP, BRI M
KHvE. BRENEAE R ey R (P B R ETD LR IRATAT

S
B
DLIE it — AN ] B8 5 16 1 7 VSR T — S 24 B T AN SRR . R
B A anaT {8 A scikit-learnR YI| 25 85 Fh 43 25 8% o

16.1 Y% — 142K

%xmm

7] 2 4 1A

| S TN o =t R

fiE R 7 %

1§ F scikit-learnf¥] LogisticRegression )|l Zx— 3% 45 [a] JF #5 H .



# g

from sklearn.linear model import LogisticRegression
from sklearn import datasets

from sklearn.preprocessing import StandardScaler

# SR P/ oy AR

iris = datasets.load iris()
features = iris.data[:100,:]
target = iris.target[:100]

# FrifEfURHE
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# G- MEAR RIS
logistic regression = LogisticRegression(random state=0)

# IpR
model = logistic regression.fit(features standardized, target)

e

9 R P S P —C A IR, bR A
BIRHME) o (ERBMREI T, SPMN CHtn, Bo+ Box)) BAAE—

1
/I\Eiﬁ@iﬁ__z: , (MY {EsigmoidpRi E) . Hodn:
l+e

1

Pi= 11 X) = — 53

l1+e

Hrfr, Py  =1X)2 M SEER H b Ey ; BT R10HER, X2l



ERESE, BB 2EEINSE, e&fkhiZ (Euler's number) . #
5 bR B AR FH R A BB B i E (BB e FEO B 2 18], IXAE A R Al R A
M2 WRP(y; =1X)KT0.5, Ay BB SSA5KL, BEE5
0.

fEscikit-learn, FA1A] LL{E F LogisticRegression ¥ ~] — ™ i% 45 0] T 45
A, —BgNgrtik, AR AT BUR T 0005 WL = AE 1 72K -

# QI —HHI B E
new observation = [[.5, .5, .5, .5]]

# T o2

model.predict(new observation)

array([1])

TR, MEERTIIA 732K, FATIE AT AHE— D EH X
FHR T2 R

# EEHMAIREE

model.predict proba(new observation)

array([[ 0.18823041, 0.81176959]])

FATHI M Z2{E A 18.8% LR J& T 47 280,81.1% I ME R J& T 432951
16.2 Y22 ot 228

7] 2 i i

HIRE P AL, TEINGHE —DEEW R,

il R JT 5

fEscikit-learn™, i LogisticRegressionf# F — Xt £ 5k & £ Wizl /25K



UIZRZ i [m] AR -

# s

from sklearn.linear model import LogisticRegression
from sklearn import datasets

from sklearn.preprocessing import StandardScaler

# Inaso

iris = datasets.load iris()
features = iris.data
target = iris.target

# triEfLAFE
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# QI —3 Z A% B R
logistic regression = LogisticRegression(random state=0, multi class="ovr")

# e
model = logistic regression.fit(features standardized, target)

it

WOLHE, EHREIHEZ T ounRds, XEKREEARAHE Z A9
KiJErRE. HE, ZEEITEWANIGY R AT PUE I A A 5,
F—F B —%£ (One-vs-Rest, OVR) HIiZHE (R, fEiXFP& (A
EIEIj X T8 — AN FRIRATTHA 2 U 2 — A B b P AR SR W 00 2241 2 AN
B TIXANIE GXFEF AR —JumRn @ 1) . EF— "Mk, B
B— N2 @ b, WEHME AT N0 E*ﬁﬁ?@iﬂﬁ

B MY R 2o FH (Multinomial Logistic Regression, MLR) -
ji(jﬁ;:MLRElj FATAELS. 1755 v 21 ) AN 12 48 oR HA — 1 softmax R £



Byix.
Eka

Ply;=k| X) = :
E;{: 1‘3}%I

XH P(y; =k | X) 2B MEER HArMEy MBS, K&7KM
HE. MLRA — MRS RIC . B Fpredict_proba /5 VA Tl A%,
Al EE (RUIXAMERAE A B0 s i)

fi H LogisticRegressionftf, A LAFEIX AR HAR e £, BOARIESE 2

OVR (multi_class="ovr" ) . FATH A PLimulti_classSE% BN
multinomial, X Nf#H FIMLR.

16.3 38 55 15 K A a2y /5 22

7] R I

/NI AR B A AR R R T 22
it 7 5

VAR I AL 55 i 2 20 C -



# I

from sklearn.linear model import LogisticRegressionCV
from sklearn import datasets

from sklearn.preprocessing import StandardScaler

# IR

iris = datasets.load iris()
features = iris.data
target = iris.target

# PR fErE
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# QRN R R AR R
logistic regression = LogisticRegressionCV(
penalty='12"', Cs=10, random state=0, n jobs=-1)

# R
model = logistic regression.fit(features standardized, target)

g
IENI4E (regularization) & — P ik fk 11 5= B B Sk el /N Ho T 2= 77

e WERRHBUL, BB — AT WU RRAIS Hi /MU R R g -, I8
EHMRONLIERML2ES . LIES 2.




X B} denje 257 3] (U ML BN M B4 ot — NS
¥, FoRENHISRRE

L27E S /2.

o JIERCR, SRS EE (a2 S B R B 1G] piik
H, scikit-learni#/HH AL, HHCKAE o XEMCTHET LN LS

e, 8o = 1.
X

A BRI AR, N TRUNTE, FRATIECHE 7R B R 1
Wz, USRI HCIE . fEscikit-learn™t, A LA
FLogisticRegressionCVIE KA R C. LogisticRegressionCV H1 [ 2
BCsH LI WRIE: —REHRERIOCHBUETEE (W HEMt 7 —
MERBINRIENZHEE , R DEREBE. T BN
{H, LogisticRegressionCVZAE M — M3, HKENXANERHE, B
T 1) 76 2% A& MK 52 ] A AR 2R/ (E-10,000 21 10,0002 [8] A 4E -

BRI /2, LogisticRegressionCV A SR VFERATTLLEA R 31100 . SRR A8
XA, bl 2128 TR R BB AL R EOR, (H2 BRIk

—i,

16.4 fE 8 KEE4E g 2kas

JAFE B

FE— N REAR AR ISR — N 0 o R AL

il R T %

f£scikit-learn 31 i@ it LogisticRegression s F AL ~F- 24 5 (Stochastic



Average Gradient,SAG) solver>Killl Zx— & 5 [a] I 5 .

# N

from sklearn.linear model import LogisticRegression
from sklearn import datasets

from sklearn.preprocessing import StandardScaler

#

iris = datasets.load iris()
features = iris.data
target = iris.target

# FrifEfEAHE
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# QIEE R
logistic regression = LogisticRegression(random state=0, solver="sag")

# il
model = logistic regression.fit(features standardized, target)

it

scikit-learnf#LogisticRegressionfig ff | AN/ B T-9)I1 k1% % [ YA A 2 11 05
1, IREETTIEMERR Nsolver. KA EIL T, scikit-learn2> 75 AT H )ik
i fEsolver, B E S AT Zsolver N BB LS H 15 o

BARPPASE B TERMME (RE THEZER, WUET

[ SEAH 5] 152 FR 51 HH () Mark Schmid e gk 2526401 , 2 BEHL 3246
JEE B2 9w A AT A e Kl £ L B Ak A HeAthusolver B R 1| 25 Hi

— MR, A S REER, e TRIER AR U, P AbRiELL
FRIEX A IRIC 2 . JeATa] AEARS F1 i B solver="sag', il 215
VEAE X solvers



S Arp 2] 52

o (CEITFEALF ML B R /DA TR (Mark
Schmidt,http://bit.ly/2GRrvw0)

16.5 Kb A P4 1] 43

7] L IR
Ugr— el B 2 S A i A
il ks %=

fEscikit-learn #fi FH LogisticRegression>K i)l 2% — ™1 45 [0] A F 77 .



# EkE

import numpy as np

from sklearn.linear model import LogisticRegression
from sklearn import datasets

from sklearn.preprocessing import StandardScaler

# ke

iris = datasets.load iris()
features = iris.data
target = iris.target

# Fefrnn 40 MIRHE, (Ho ™ HAL M
features = features[40:,:]
target = target[40:]

# QI BFrmaR, 0fCFEm30h 0, 1 RFEER3 0 LIshE by
target = np.where((target == 0), 0, 1)

# b bRHE
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# QRIS R R
logistic regression = LogisticRegression(random state=0, class
weight="balanced")

# IR
model = logistic regression.fit(features standardized, target)

it

Fscikit-learnH 1R 2 HoAth 22 3] 5535 —#FF, LogisticRegression H 77 | —
AREFRA AT 3 R T WEREE B P B 70 RAF R A1, 1 HAE%K
P AL P R A AR XA R, AT DA class_weightZ 5045 71



KixENE, HREIEET SISl . BARMmU, me
balancedZ#UH & H 345 %4725 FALE, M EAES5RHIIIER]
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KHw  ZRHIPE, e ERNEE, n; 2R T 2R WEER
HE, kenIRiEE.

175 S Fr =L
17.0 fEi4

TSR ENL, AR . SR, —SE T T BEn
AEAS (A P fn - 14575 8] WEORIR R, (EHSURE R, T 07, W
REFE A" ge=ta], FATEH —4EREE-T i (RI—2%2 . R
B El—A=gE=a], FATMEH A 4ERpE-T i CHean—5K- 51
ARBLE —IKIR LD o T A AN 2 TR S N T B 1 ndE S TR

SCRE IR BN LIS SR — A Be B R A I ZREE S 43 2 1A #E ()6~ TH R 45
By Dl—MAEMWAD 2 RE = 4ea 005451, FATAT PLTEXAS B
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F &4y 25 8% (Support Vector Classifier,SVC) kS48 Kb 4338
2 [8] [B] B )~ 1 -

# hndk

from sklearn.svm import LinearSVC

from sklearn import datasets

from sklearn.preprocessing import StandardScaler
import numpy as np

# AR, BUR RS A RRb BRI AN
iris = datasets.load iris()
features = iris.data[:100,:2]
target = iris.target[:100]

# FrifEfLReT
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# G e e i as
svc = LinearSVC(C=1.0)

# R
model = svc.fit(features standardized, target)

it

scikit-learnfJLinearSVCSZHL T —/MEHHISVC. A T bR SVCHITE A
A—NEMAE, FBAE T E S 7R SR . SE
SVCIEm4E = AR IFRIR I, H By 2 Jong 7 AN e Al
— IR FEARLHE, BIREN RGN R, KIRATAT CLaf Rtk
XAMERY, [BlZ— T NS, SVC—HIRE B — N aeE kb 4328
Z [A) A BE AT, ORI RE AN ERE, Bt DL B 1
—%H%Z%. £ FHPAREF, BATFEWA KRB E—A—gE== A -, 2R
JEE] T X AN



#
from matplotlib import pyplot as plt

# EEEAS, FERELS%E LA
color = ["black" if ¢ == 0 else "lightgrey" for c in target]
plt.scatter(features standardized[:,0], features standardized[:,1], c=color)

# QT

w = svc.coef [0]

a = -w[0] / w[1]

xx = np.linspace(-2.5, 2.5)

yy = a * xx - (svc.intercept [0]) / w[1]

# miHETEm

plt.plot(xx, yy)
plt.axis("off"), plt.show();

£ EREF, 3R0R A REAs ml e B, 7RI A A Rl 2 ik



IR o T A R T OAEAS U T — AN SR 70 k. e
U, EIXFL LTI S 732R0, IR 52k 7 I
AR E IR JATAT LR B, W RAE 2 B A R 2 (B B3 — A3
FIFEA 5L, A e 2 I o & 10 2R0:

# QI — TR
new observation = [[ -2, 3]]

# TOMGETEEA s o 38

svc.predict(new observation)

array([0])

XFSVC, AILEHFEFHNER. B, NI, FATHEAS]
PR N e Rl (R3S, HLSVCAEMHEZE Juy 2K Al
IR A LU W EEPrR, AT e OVEZ (%
AT o PO EIRERZLNE D 721, B BT 1
A LS8 SEH 3 TR I FERIREAS i, i AR I A1) k- T e —
FHZ. EAENE, AEEMES,, XAMELIFAZ .

BEE S, FATEARE RT3 XL, T
TESV Cle KA V- Th] 794 (0 P 1 B FH B /N 43 B R 2 (RIS P AT . 7E

svCH, JFERBIE —MESHC (IR P ZE82 gD ok
FERI) . CRRSVCHEAERI— IS, Wesr A asfs — MEA S 0 2R
DRI I T {CIR/NE, SVCH] LA B 2 [IFEA R A R
K UWZEKR, FTEAN) « HCMKN, SVCE YR HE #6172 1M
%Eﬁ,ﬁ%ﬁﬁ&ﬁ%%%ﬁ%ﬁﬁﬁﬁ%%ﬁ%%(%§¢\ﬁ%

)

fEscikit-learn™', CieHIZACHIRER, BRIMEZL0. MiZLCHEL
A AR — AN SAL TRV SR 125 RO IR B BRI AT

o
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RENGR—SVC, (HRIRHIE IR LA R 731

R TT
R BN SRR mNL — DN R, CAEE RStk P siil 7
# nas

from sklearn.svm import SVC

from sklearn import datasets

from sklearn.preprocessing import StandardScaler
import numpy as np

# G EBHLR-F

np.random.seed(0)

# R AHIE

features = np.random.randn(200, 2)

# RS ] URATEERERR) QI ATy Eds
target xor = np.logical xor(features[:, 0] > 0, features[:, 1] > 0)
target = np.where(target xor, 0, 1)

# QIR — A TRl R B v AL
svc = SVC(kernel="rbf", random state=0, gamma=1l, C=1)

# ke
model = svc.fit(features, target)
B

AP SCFF M ENURAT 2 R, A, R 7 NSO E
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f(x)=p,+ aniK(xr., ;x:!.,)

KB o AR, SR LR ARG, B RS
M, (X, Xy VRXCHFE IS BEEORKRNK, Talk
Box o A Xy URMNE GORGREAERRA 4 RS, FH%

2 o XMTK, RFERMIENA: B, g 7 RAITHT AR
IR BEANFERI 2SS B, AT A A (A% eR Bk G A 7] (188
. Hehn, WURIRAREEL7. 1 T AR R AN T T, T DUE
AR AR AE

P
Y

K(xf’x:") A

]

X EpR R ECE . AR BN TSR AR R o SEA 5, AT 2
T A% R O B 45T R 2 TR A pR A

3 2
K(xi., x!.f) = (l + j;lxux!.fj]

XHPAREZ AR BRI . FRATE 7] PAAE F S RF e S L A il A i —
Mz R, 12 m A% % (radial basis function kernel) :

P s 2)
K( %, xl.;) _ E‘_ FEJ' = ‘(Affx!"}']

XHyR— NS, mHAZBURT0. /TR I SR R B A T,
R LNEART IR0, FRATTR] DL oA ] 328 4% o8 BOR B e 2 VA% bR
A, LAOUEE — AN AR T PRI



FATAT AL — AT B ) TR B AR AZ R B e & . XM R AT
Sebastian Raschkalt) TAEA T — K%, EEH T WEER— 4
75 8] B P H  SRIA F . R TR BB R XA R B W] AR . Z R
B, fral P E il —i:

# wH R R L
from matplotlib.colors import ListedColormap
import matplotlib.pyplot as plt

def plot decision regions(X, y, classifier):
cmap = ListedColormap(("red", "blue"))
xx1, xx2 = np.meshgrid(np.arange(-3, 3, 0.02), np.arange(-3, 3, 0.02))
Z = classifier.predict(np.array([xx1.ravel(), xx2.ravel()]).T)
Z = Z.reshape(xx1.shape)
plt.contourf(xx1l, xx2, Z, alpha=0.1, cmap=cmap)

for idx, cl in enumerate(np.unique(y)):
plt.scatter(x=X[y == cl, 0], y=X[y == cl, 1],
alpha=0.8, c-cmap(idx},
marker="+", label=cl)

FEARTT RIS, BATOESEA RE CRIPINERDD M—
PRSI H AR B BB mUE, XSRS BT
AR . BAJIEULELE, AEE 2R EH LA PLSE M TFZ >0 2R
gl . &5, B —MEH LM R EISVC:



# QM IR e By SVC
svc_linear = SVC(kernel="linear", random state=0, C=1)

# Il
svc_linear.fit(features, target)

SVC(C=1, cache size=200, class weight=None, coef0=0.0,
decision function shape='ovr', degree=3, gamma='auto', kernel='linear',
max iter=-1, probability=False, random state=0, shrinking=True,
tol=0.001, verbose=False)

FNOKk, BROABATH B R A PIANRAE, P L) DAAE — 4k =25 8] 3 I H 0
S N AR e T (L RED -

# 1 H LR (S - i
plot decision regions(features, target, classifier=svc linear)
plt.axis("off"), plt.show();
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a0 BB, XA R 0 RACR IR L AEBATH — MR R A%
PREOR R VERZ R P8R RN GR— AR 2L .

# QA Rl R A% e S SVC
svc = SVC(kernel="rbf", random state=0, gamma=1l, C=1)

# WZRX A~ 2R

model = svc.fit(features, target)

R J5 BRAT T UL S AR AN T 1 -

# 1 g (AR
plot decision regions(features, target, classifier=svc)
plt.axis("off"), plt.show();
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{Escikit-learn™, FRATAT DL 15 & kernel 20 W) {E >R IE BEAEFH A% bR
o —HIEEE T — MR R E X R U € — LA 0 1
8, tbanmrme w2 mZm et md G Ldegree%iﬁﬂéﬁ%ﬁ) 42
) EAZ AP )y GEidgammaZHOkkE) « BITEFEREETZ
HC. GBI, KETEN T E?Tﬁl_ibé%ii@ﬂfFiﬁégiﬁ’ NG
R R BRI AR ge = A M e i IR A I S BUE A 5 .
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7] R IR
BRI T WL AR AR TN N R A~ 00 SR AR
fir R Ty %

W R A H scikit-learnfJSVC, #] LLi% & probability=True, #&J5 Il
7, %% 0] LU B predict_proba ik 25 & A HE o I HER -



#

from sklearn.svm import SVC

from sklearn import datasets

from sklearn.preprocessing import StandardScaler
import numpy as np

# InEELR

iris = datasets.load iris()
features = iris.data
target = iris.target

# FrifE(EAFE
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# {5 SVC Hg
svc = SVC(kernel="linear", probability=True, random state=0)

# S
model = svc.fit(features standardized, target)

# GIEE— e E
new observation = [[.4, .4, .4, .4]]

# BB AR5y Ry

model.predict proba(new observation)

array([[ 0.00588822, 0.96874828, 0.0253635 ]])

Bt

AT I AR 22 B o ) SR AR OB OR TN 7028 . Eb i, fEKNNZ
B, MEE RN E B 0 RGOS, AT SO E 8 1%
N RIER . R BRI IO N2 XA SBT3 o



SVCHEFAT FH— M PRI K X H], XM LA ERE T EH
WEAEJE T A RN . (B2, FRATAT Dl i R i) 0 R 22,
Frea LR Ui . fEA AN ZRSVCH AT AT FH Platt4ig i (Platt
scaling) , BB LINEZXANSVC, SAJEINGE— AL A SIS IE 2 (]
AL NS SV C I % 4 il 2

XEAMBRSHA &, HEFNSERETEAEE. RS+
AP I32E, wlRT DA I Platt e A3 Je o

TR SRR A A T EE R P 55—, DPUONIRATENIZR T —4
17 58 SIS UE AR, - BT CAA: sl P00 SRR R (1 T 2 X0 25 B AR A )1 2
O TR) 25—, DROY T RO R I8 5 ) uE TH B R A, prELEdT]
A REAN S B2 S TN 7> 2R U0 I . Rt i, — LS AT REAR U
J& TR, (ER eI E T K1 BER 41/ 10.5,

{Escikit-learn ', XL FN A D U I Zraz B i TH B H R . 384T
A Ll 152 B SVC ¥ probability Z 40U~ True KA EIX — o FERLTL B I
gr5¢2 J5, Wl LAfE Fpredict_proba /7 v H W 22 4H R 43 S ) T A6
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# Mk

from sklearn.svm import SVC

from sklearn import datasets

from sklearn.preprocessing import StandardScaler
import numpy as np

# IR, SRR %
iris = datasets.load iris()

features = iris.data[:100,:]
target = iris.target[:100]

# PRl
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# Gl SVC A%
svc = SVC(kernel="linear", random state=0)

# A%
model = svc.fit(features standardized, target)

# B E
model.support vectors

array([[-0.5810659 , 0.43490123, -0.80621461, -0.50581312],
[-1.52079513, -1.67626978, -1.08374115, -0.8607697 ],
[-0,89430898, -1.46515268, ©.30389157, 0.38157832],
[-0,5810659 , -1.25403558, 0.09574666, 0.55905661]])

it



P THT A ARSI & B — NS WERME. (AR NS =) BT e i,
TR ENIXAN S TR, B, Re] LS ST T AR B A
X FEm ECESE R 1. R, XSS FR R & X AR R R &
5. ten, WRMNEIREFREE T N EIECRF =W EAE, A asii
ANEHAL; (HRWBRBEE A R &, PS5 2R 2 B F R EE A
o ININEE

WER5ESVCZ JG, scikit-learn$Fefit | 1R 2 A SCFrm &R, FRATH
fit ¥k 75 2% F support_vectors_ K4 A 0 oiOU SR AE REAE A S RE ) =
AT AT CLE A support R EFH X FF M =AM EE R 51ME:

model.support
array([23, 41, 57, 98], dtype=int32)

e, BATTAT LAAE Fn_support K& B RN 736 JLA SRR &2

model.n support
array([2, 2], dtype=int32)

17.5 A3 AN 5487 1) 4 2
[Pk e
FH AN 253485 1) 0 R AU )1 22— 1~SVC
fil R IT 5
18 H class_weightoRk G i B4k &0 B 2501 7055 2K fa 28400



# Ik

from sklearn.svm import SVC

from sklearn import datasets

from sklearn.preprocessing import StandardScaler
import numpy as np

# B 2 A 3 Bl

iris = datasets.load iris()
features = iris.data[:160,:]
target = iris.target[:100]

# Wikran 40 DAEE, 1% 2Bl o A iy
features = features[40:,:]
target = target[40:]

# OlE bR, HH0RE2K0, KX MllE 1 %R
target = np.where((target == 0), @, 1)

# PRl
scaler = StandardScaler()
features standardized = scaler.fit transform(features)

# fllg svC
svc = SVC(kernel="linear", class weight="balanced", C=1.0, random state=0)

# g ek
model = svc.fit(features standardized, target)

[AR7
FESCRFRENT, CR MRS, eReEd —DUEER R

T AR A BN A REAE A BN — DTk, SRR
FAE AR AL EC:



C_:' =C*w}.

X ORI IR RIET, w, BARMINBERAE, C; ZH%)
ICHE . 75 IR S, TR 0K 545 i 2 O 7
T, ORI BRI 2 1 5 2 AR

7Escikit-learn {8 FHSVCHE}, 1] LAk & class_weight="balanced’ H /) 4C
HU{E . balancedZ%ME H 3 A7 2% B AN A A E

j

L
] kn.
]

KHw | 2 KIE, neWSEENEE, n ; 22K ERE
B, kR RIEE.

5185 FhE DL

18.0 [Ei4T

DU e B2 SN FH AR A B R P(A), DL R AR A B 4644
THABEAERMEZRPB | AN, HKEHEEPA | B)IEE 5

P(A | B) =

DUerSr s A2 WGW R AL EERTT, AR SRR AR L 1 AR 28k
Bt SR AN . ENLER 2 2R, DU dr e BAE 70 2R BNV 22—
B A= DI p 2888 . Fha DU S48 K S P 3 > b i) — 25400
MBS —ddst, XS R e

1. JiEEM.



2. MR EREE AR .

3. FEATNZRATTIN B v SR A

4. XFHFAR KIS E i E SRR PR AR
HAAORUL, AR I s 22 1 R il iy 2 U AR/

Plxp, -+, X; | y)P(y)
Ply |2 x) = ( ,lp(xl,..ixj])

® P(Y[X 1,..x ) )JIUAEJE IR LR, FRom— D SMEAEI MFIEEX ¢ ,.00x B
TBOLR, B SAly BER .

® P(X 1 ,.x j [y)FEBURMER, Fonsm e MEERI 2Ry, HFHEZxX 4

oJP(y)ﬂLIYE%%ff%%, re A E B A Bl Z A 170 Ky IR K0
VP

o P(x 1, I IE IR

AERPEE DU, BRATTREWAR 45— A IR A K S 47 L
B RURRBL, BONEREELE IS AR E A, bl
LR S BB o A TSR, R BKH
KB GRS

SR E DU Kk, AT BB A7 R B .
X FHA AT, AU IO RRMERP(x | | y)IGE 4
R FRAEIES GRlD . TR ARG, HHx s
SN IR R A ORI CHLAESE. —2h5) vEfl. 8=, fh
2 DU B 154 F — AN —— S AN AE AT ES [0 LSRR A T ST )
SRR R 2 B B2 SR 1, (LI 72 SRR A T E 3 S B TH



I NETL IS

fEARE A, AT PR A scikit-learnd& F 3R AN [R] IBLSR 20 A1 Il 25354
RALIAR R DI 73 2835 o

18.1 %S I 2 HE ) 25 2R 2
I B A

AL E S CIEREUED , FATENZR— AR D7y 28
o

NS
{Escikit-learn #58 FH i A 25 DU 373 25 4% -
#

from sklearn import datasets
from sklearn.naive bayes import GaussianNB

# IR

iris = datasets.load iris()
features = iris.data
target = iris.target

# Gl Ehs M- Hod 4

classifer = GaussianNB()

# R
model = classifer.fit(features, target)

it
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2RO
¥

X H o umAll e noseE 7 Ry FIRFIEX KT Z T EIME . RO EAME
WA FIRFE I IEZS 0 A1, B AFE P AT RR A AR 2 E LR K3 5% 1
iESERERC RSN R N I R SN

fEscikit-learn™,  FATYIZrrE b 2 DUH-2r 75 S8 a5 I R I SR H A A R —
PR T, AR Elt al AT — S E 1 02K T

# Gl uEE
new observation = [[ 4, 4, 4, 0.4]]

# Tsr %
model.predict(new observation)

array([1])
P2 DI 288 — HRE =R, BRTHRITNEANHirsgRKikeE —

NI . 7] L# F GaussianNBHpriorsZHUR % 8, XS HE
2R, Hipoos N B mE R R

# EERR- BRI, A hEs I g
clf = GaussianNB(priors=[0.25, 0.25, 0.5])

# IR

model = classifer.fit(features, target)



?%K%mmﬁﬁﬁﬁﬁﬁﬁ,%é%?ﬁm%ﬁﬁ%ﬁﬁ%%m

5 i B — 4, GaussianNBr=A: Tl % (i Hpredict_probafi
) BRALIKIER. W, CNTRAER. WREANRA A
IR R, T LR R [Bl)H (isotonic  regression) BY 3 HAth AH <77
VERARIE .

S AFf ] 52

o (FEMLES 2 > bR UL Moy 24 A2 ande] TAFHY)
(Dataaspirant,http:// bit. ly/2F6trtt )

[F] i 1 3R

25 E B E T EEYE (count  data) , YIZE—ANAbE DI
5o

fir R Ty %
5 FH 22 T AT 2 DL Hr 00 2485



#

import numpy as np

from sklearn.naive bayes import MultinomialNB

from sklearn,feature extraction.text import CountVectorizer

# Bl A

text data = np.array(['I love Brazil. Brazil!',
'Brazil is best’,
‘Germany beats both'])

# BIHAL
count = CountVectorizer()
bag of words = count.fit transform(text data)

# IR A
features = bag of words.toarray()

# G F )
target = np.array([0,0,1])

# HEG A RNERERE, SIS T 4
classifer = MultinomialNB(class prior=[0.25, 0.5])

# IZgpR
model = classifer.fit(features, target)

e

2 WA 2= DU 2 2R 88 5 s kb 2= DL B0 288 18 AR I BE2EALL, (H
FEREAR B FIRHE AR Z 0 A o AESEBR N A, X R E X Fh 4y
KA FEH TR 2 BB CERanst i Esr, M1EI5) o &5
DL FH 22 Tk 2 DL 2 SR 88 )3 o SOAR 702, A i) 48 el
TF-IDF 5% (ZU.6.8516.971)



FEARTRERIT RS, B T — DR SCRKEEE, Bima3 1
S0 AR , RJRIESORT R 8 B BN R SRR AR FE AT — A H b )
. fE, FAVEHMultinomialNBAR I Zr— MRS, FE45 @ AR
CGCRFEPUBANISCRFFE E A 5B 5a R

Multinomial NBAGaussianNB ) TAE J7 BRAHAL, BAYER & H ficy vkl
g51r), M AT LA predicl A 432K -

# Gl — Mg
new observation = [[0, 0, 0, 1, O, 1, O]]

# TEMIET B 2 2
model.predict(new observation)

array([0])

IR A $5 7€ class_priorfIME, 2 WEEE 22 0 1mAS 2 e, HE2
IR ARAEE I 2 0 AT SR S SR 13k, ) LR Efit_prior=False.

1% 5>, MultinomialNB & A — NN ) -F g 2 £alpha, ‘& 7 Z4
Ko EMIENNMEAZL0, WEN0.0FLEME MM

[F] L 3R
TR — S BT e R IR BT, FREUIgR— AR R DU o 38 ds
iRy %

A AR5 RAR 2R D20 St -



# ndE
import numpy as np
from sklearn.naive bayes import BernoulliNB

# G Aok
features = np.random.randint(2, size=(100, 3))

# Gl —A4 —IC Hbgm i
target = np.random.randint(2, size=(100, 1)).ravel()

# A KAl G A IR SRR DI Rt 4
classifer = BernoulliNB(class prior=[0.25, 0.5])

# SR
model = classifer.fit(features, target)

e

BRI 2= DLW 43 28 2 B s BB OARFIE AR A2 — oo s 2800, IXFEEATHE
HWAEMME (tbin, Zidone-hotgmtd )4 L LI REHIE) « BEMZ
IR —F, (AR TR -2 T30 28, IXBRHIERE
BER TN AN BAE— SO I T . AIMultinomialNB— £,
Bernoul iNBINH —- 15 24 alpha, AT AL IR FEE AR
WE. &5, WMREHCEMZERE, 1 U Hclass_priorZ 4, EHf
H—1FR, RS8N0 R amit Rl mREfRES — LR
MEZ, W] DL E fit_prior=False:

model_uniform_prior = BernoulliNB(class_prior=None, fit_prior=False)
18.4 1% 7HE Tl A 2
] 2 A A

RHE AR 22 DU 73 S8 4845 Y AG FIRER (8 e ATl AR RE o
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{# FH CalibratedClassifierCV:

#

from sklearn import datasets

from sklearn.naive bayes import GaussianNB

from sklearn.calibration import CalibratedClassifierCV

# I

iris = datasets.load iris()
features = iris.data
target = iris.target

# GE AR DR
classifer = GaussianNB()

# Bl M sigmoid FeikiRkei e LAEERR
classifer sigmoid = CalibratedClassifierCV(classifer, cv=2, method='sigmoid")

# B
classifer sigmoid.fit(features, target)

# QIERIIEHE
new observation = [[ 2.6, 2.6, 2.6, 0.4]]

# Bk AR
classifer sigmoid.predict proba(new observation)

array([[ 0,31859969, 0.63663466, 0.04476565]])

it



RPN 2 IR i DL H A AR RER 3.  {Escikit-learn
Wi, R A 2] B S VR FRAT 148 F predict_proba & 25N 43 IS Y THI AR
Fo X— R IEH . tean, SR 45 e M E2E A 1 90% 11 A
g TR0k, mIENTRENA—"MREE 7K. He, BFhE
DU R 7 SRR AE N I — SRR A, A 140 A 28 I A 2 B St S A
., ¥r)ihil, predict_probaf A BE WM — AN ERAE JE T — 2R
MEAQ T (70%) , RIS, AR L2 10%2H

99%. FFAlELERN R DUy, RVE XS AN ] H b 73 28 0 SRR = ) R
e IR, B R G K BB AL R im e, ik FomiE 1.

AT RAGA B XX TMAE R, AT DA RS #E (calibration) 575
fEscikit-learntf', ®] PA{# H]CalibratedClassifierCVZs, f)&E%4 hkrsc X
IGUF RS [ PRIAE %< . {F CalibratedClassifierCVH, Il 2R84 FH k)]
%ﬁﬁ%@ , MREE MR FH RS HE PR 2, 3 [B] 1 TN A 2 2 k3T 1~ 15

I IRATAIME DT 58, AT U 21 SR 0 SRS, = A AL i) T gt o 2 Tl
(M2 FEMRRTTZ S, BATENE 7 — e = DUt 2kds . sk
WZRIX A 2R A8 5, HE T — ESRE N 72 5K, SiaB BRI
ity F4) A8 3R T A

# UNEE A e R DAy 2 25 R TP B [ A o 2 iR
classifer.fit(features, target).predict proba(new observation)

array([[ 2.58229098e-04, 9.99741447e-01, 3.23523643e-07]])

Big, WRBANEX 2 JFRHETMIRER (LR T 5 A i XA
KD, 2R EURA PRI R

# AERETATS
classifer sigmoid.predict proba(new observation)

array([[ 0.31859969, 0.63663466, 0.04476565]])



CalibratedClassifierCVHEft | PRI HE 777%: Platt sigmoid B8 AR T [H]
4, ALl methodZHCR N E . ZRIMEATIR, X EA YRR 40
W, HEFEURH—S, RFREELESH, EEAERDIELT
(tean, RA100MEME) , Bffadile. £ LR £,
KA AT 85 R A B 42 R AT 150 W 248, T AFRAI 148 ) 1 Platt

sigmoidf¥i /iy,

o Su— >

195 KL
19.0 fH 4>

AR R IR EAE A B 2], X ERE FATA] DR BURRE A1
HirEd. &2, ISR PA R R, RIS H <@z H 5
ERHMER 5. 28007, BRI F KB — a T r)E eS8,

AR B X e P f R W) 35 e 5 AT R SRR & R B 98 . 7EIX
M FHATREAA RS, BOABAIFHEE — D H TIPS
BRI H bR, g, BATEE »— kP cliiEES. Wi
HIREHH S RAMAeES REAREIE T RIT AR EARY, B
FAT R BRI ER S RAEES 2 AP 22 7. a2l

MEEAE A2 (cluster) L,

RREVEN Hbr A X S W SRAEEAE R 4028, RS ) uh, AT
BETE A BinmsrEa F I EE M 7K. BREEFHIRZ, B
fEH T Z2RASE T ER IR BRI RR, EAREY, FINTSHRK
i Fscikit-learnSE P — Ee BESR BT, I W 252
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#

from sklearn import datasets

from sklearn.preprocessing import StandardScaler
from sklearn.cluster import KMeans

# InEckdn
iris = datasets.load iris()
features = iris.data

# BrifEfLRFIE
scaler = StandardScaler()
features std = scaler.fit transform(features)

# Gl K-Means 4%
cluster = KMeans(n clusters=3, random state=0, n jobs=-1)

# EREE
model = cluster.fit(features_std)
it

K-Means 535 /e i WA — M RERELIL . fEK-Means 8, HIL A
EMRED BIRANAF, FMHANTEHEAZ . THRNEREIGER &
BN — NS, Bk, K-MeansHiEA W T JLAARR:

1. FEHLETEKN 2 (Rlcluster) B« 0 R

2. TR MEE:

(1) FHRAANMEAE MK RA O fUZ 0] PR

(2) R MEMEARIRE & B HA il 70 4.

3. RO KRS BRI N AL T E AL E

4. EEDBONZ, HEBAMNSETENREN I H. X ZE R



gl N C s, mHEATPMEIE T .

KTFK-Means&HiE, A3LEMSFER. £—, K-MeansERBREITE KR
KRWER (thin, RESEERE) o B, ITAEER—E =V E
Wo EfRTRY, RATRHEZAT 7 AndEfL, DU EIXNEME. 56
=, Sz EE TR RIS 2H TP S8 i 8 KBS ) .« iR
PRINA E CIiEm e X Rk, Fnlpers S A RAET

fEscikit-learn'', K-Means¥E 252 id it KMeansZE K sLH . Horpi B 2L
FIZ 0 /&n_clusters, & ERIBWHEK. EHEENT, BIHHAH
PR DL e kP (D, 2R AR EdE S — NN —A
R, HERNMEEFAMER LN E. EXEELT, RIT4E
A PAFE T — e R oRIE K E . B0, $eBEE R %L (silhouette coefficient,
Z 011975 M & 12 [F 28 H AL R FUAS [F) 28 2 Ta) AR AL RS 1 B AR o
1M HENK-Means &3k FITHAE IR K, B CART B8 B¢ H T HEALFT A 1
W%, FATT L En_jobs = -1 >RSI — M,

R ES, RAIMEAN RS EAREIESE, BT 7 —/MEF: &
IFIE XN BIEEG3I NS, Kk EKk = 3. Hlabels Jjikal IEE
FEAS W EL AR ) TN 432K

# HEHIM %
model.labels

array([1,

!

L I S
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¥ ! al BJ‘ Eli'
], dtype=int32)
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# ERALR
iris.target

array([o,
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!

(ERIEWPRARR, WERIPRMBERES T, BAK-MeansHIR I =
SR B

fieJri» Bscikit-learns ) H AR —HF,  FATT AT LU HI I ZREF 1K) 50 SRR
TR EAA 1) 732K -

# BIHETEE
new observation = [[0.8, 0.8, 0.8, 0.8]]
# TS E AR %

model.predict(new observation)

array([0], dtype=int32)

IX AW S A A T D 2 AN Sy v R S B lr B 4025 B] DA
cluster_centers_ K2 & IX L .0 £



# BERSERPOS
model.cluster centers_

array([[ 1.13597027, 0.09659843, 0.996271 , 1.01717187],
[-1.01457897, 0.84230679, -1.30487835, -1.25512862],
[-0.05021989, -0.88029181, 0.34753171, 0.28206327]])

S AR 58] 132

o (K-Means% £ /1) (DataScience.com,http:/bit.ly/2Hjik1f)
19.2 i K-Means% 2K

IEFEG

BB 7 Bk N4, H & H K-Means532: 75 2K KB [E]

il tR T 5

{8 FH Mini-Batch K-Means:



# M

from sklearn import datasets

from sklearn.preprocessing import StandardScaler
from sklearn.cluster import MiniBatchKMeans

# Medn
iris = datasets.load iris()
features = iris.data

# FrifEfLAHE
scaler = StandardScaler()
features std = scaler.fit transform(features)

# fllk K-Means 4%

cluster = MiniBatchKMeans(n clusters=3, random state=0, batch size=100)

# IEEY
model = cluster.fit(features std)

it

Mini-Batch ~ K-MeansF13A T£E19.1 71 1518 FIK-Means & yE 1 TAF R FH S
Bl WRAIRFTILE 2407, MAXMHPELEMX A LE, EiTrEER
KPR R AE MBI — &R BN LR A B dEprE M EE L PIT. X
AN TFEER] DAE R 30k — /N5 B s S 0 T I 35 4 Fa S5 eSSy B 1]

MiniBatchKMeans ] F 1= flKMeans 1423 #HACL, e A BT X Al AE T

batch_sizeZ % . batch_sizes il BN L R P BEALE T U 218 K8 = .
LRI ERME R 2, 7E ISRt 8 7 B0 o B 55 T itk

19.3 Meanshift 55285y



7] R iR

FEANXS 73 2 (I BCRAAR MR B 500 T X LEAE 22K
fl T 2

{8 FlMeanShift 3

# In#:

from sklearn import datasets

from sklearn.preprocessing import StandardScaler
from sklearn.cluster import MeanShift

# Bk s
iris = datasets.load iris()
features = iris.data

# FRE(CAHE
scaler = StandardScaler()
features std = scaler.fit transform(features)

# i MeanShift %
cluster = MeanShift(n jobs=-1)

# IZRR
model = cluster.fit(features std)

it

FATENHE VTS B K-MeansHVEH — PN S, Xt BEE NG I E R
K sk, mHILE R RIERIEIR . MeanshiftF VA H KA X LR
il o



Meanshift/e il AL, (EARIFARRE, HISSE AR RIR slovy
tLBeR R . BMRE DA ZFAIRE M e (Rl 4 RgRr e
[, EifiuiE100N A (RIEATRIMEE) « PIVFIRK, AR GFHE
FRITAHTT . BN NRIEE—F, REdE T UEHRZ N
KI5 R 2N —2 . BEEN R, DO AT IR 1 ORISR A A
Hgal, B EMATFIRER I, H&ax s Nt ek e
k15K (cluster) o BN NI IR 2 AT I & PTAERI R Ko

{Escikit-learn 4 SZ B Meanshift 5.7 i) /& MeanShift, ‘&t FHRILEE
ZAHIEE 2 AR . MeanShiftF B DM EE S, E—1 =2
bandwidth, ‘&¥&E T —ANWEAEH LA e #5805 m i X 4k (Y AR
) BT, ERATAZEEL Y, bandwidthgl & — ™ NBEAE S B AEE 3]
PR E . AT AT @ XN, HEEAER T, MeanShifte
H 3ttt — & fbandwidthfi (B ZFINHHEAE) « 5=, &
P& AT Meanshift FiERS, £ — M WLEAE % B A BT a7 At W 22
B XM TEI A — D ANEAZUE AN BONEI T,
MeanShift# ffr A 113X <10 L7 W 2248 0 Fic 2a B E s W E A 7% . 4
FARME LS EIE, 7] LAz B cluster_all=False, iX#f A IUE PR
TR W E -1,

SR [ 12

e Meanshift’8 25 5H.7% (EFAVDB,http://efavdb.com/mean-shift/)

19.4 {5 FHDBSCAN X 2K & vk

7] L IR
TR EAE 7> AR e B TE Y
figt Ty %

1% FIDBSCAN & K &y

Ko

s



# I

from sklearn import datasets

from sklearn.preprocessing import StandardScaler
from sklearn.cluster import DBSCAN

# AR
iris = datasets.load iris()
features = iris.data

# FrifE (bR
scaler = StandardScaler()
features std = scaler.fit transform(features)

# @ld DBSCAN *f %
cluster = DBSCAN(n jobs=-1)

# I
model = cluster.fit(features std)

g

RRBIRZ M EME B REL KA X1k, DBSCANH VL& 2IX—
R 3 R TR bﬁ? RRMTEARBEE TR 5. BARR,
DBSCANE LA T L

1. e FE—ABENL M ZZME .

2. WHx, MEANEC R /NR ERCE TE, e AN — R,

3. Xfx; WA S0 G EE AT D2, 40 E K0 EHantt, DAOkSEHE.
X il % %MV@M$@

4—4%H3%@m%ﬁﬂﬁ%m%@,%ﬁ%—ﬁﬁm%Mﬁ(E%
THESATDERD .

—HERIX B IR, BATRH G EERMIZ DU B ENES. &



JG, PLRAE SR E XA AL O SR AN Ty & T X4 52K,

T8 L 2 2R SR AR 2t ) W B K g ARl R
DBSCANX} & 7 B & UL F3 N FESH.

eps

1]

M MEAEE 7 — D MEEN g i, XA R A AN

H e B o

min_samples

/NIRRT R, R — SIS AL A B/ Teps E 85 VG FL A

A XA EE IR, A Y R0 SR

metric

epsHTHIMIIE S FE &, thiminkowski (BJr] REFFEFE R s
euclidean (MRIKFRES) o VEE, WHRAEH X RETERS, #rTlHZ

Hip 7 51 T SR B S Y R
b SR | R S R o R
T Q) R, G LG bR -1

# R AR
model. labels

array([ 0, 0,0,0,0,0,00,0,0,0,0,80,8,
0,0,0,0,0 -1,0 0,0 0,0,0,0,
0, 0,0,0,0,0,0 -1,0 0,0,0,0,
W O O S, O S P T, R 1
N (R O L N T T (. (T I8
O TR [ R T R R O 0N
Tz L: 1 205 =la=15 =15 oy 1: Ia s 1
1, 1,1, ~1, 1, 1, <1, 1, 1, 1, <1, =1,
1, 1,13 1,0 1, 1, & 1.1, 1. 5,

-

R LUE B A JESEPR A K, #ibs



S Arp 2] 52

e DBSCAN (Wikipedia,https://en.wikipedia.org/wiki/DBSCAN)

19.5 2R G IFRIH
] 4 i
R R I YR 2 B 5L
UNVES

1§ FH Agglomerative 3£ 25

#
from sklearn import datasets
from sklearn.preprocessing import StandardScaler

from sklearn.cluster import AgglomerativeClustering

# g HdE
iris = datasets.load iris()
features = iris.data

# FrfEfheE
scaler = StandardScaler()
features std = scaler.fit transform(features)

# G/~ Agglomerative a4
cluster = AgglomerativeClustering(n clusters=3)

#
model = cluster.fit(features std)



it

AgglomerativeZE K2 — Mo K] RIGHERERE L. 1
AgglomerativeZ K H1, WA MEHE —ITHIGHES 2 — ML R K. #H,
Wi e — & KA R R G I AWERRXANGIFERE, 1ERBEAWIHE
£, BHFEBFEAMEA L. fEscikit-learn,  AgglomerativeClustering i
FlinkageZ#Ck th € & IF g, A8 AT DA/ Mb N T B :

1. EHEMERENTTZE (ward)
2. MINRFEZIEMEMER PR R (average) o
3. MINREZIEMEME B KEEE (complete)

BHEWNZEWIRE M. B Zaffinity, & €linkage i F ] fE 25
& (Hinminkowskizi# euclideanZs) . & —/NJ&n_clusters, ‘B iX%E

T RFEEFAE SRR REN = AT, B2 n_clusters ™MK
B, RERBEHA LK.

ANFATH R B A TSR L — 4, W] LU labels_J5 iR EFH B WEE
FIELINE EF

# RN
model. labels

array([1,

’

’

-

!

-

!

! !

-
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205 25 P 2%
20.0 4

MWL L RMETT (unit) « FETIEI—NEE Z M N, N
BN L — N ZH R |, SE XI5 B3 A E R A
I ERAMEE (CRGED , RIRERME R Bigs — M aE R AL
XAy A 2R BT AR I 2 A e I 28 T BEIR S B4 o0 (A SRIEA IR
JEZRIAPLTTHITE) o

At (feedforward) fHZEM%%, N AW/EZ ZEAN#4s (multilayer
perceptron) , IS S B AT ER I N TR 2% . fh 22 ) 2 ] DAAR
NH— RV EIEZRZHR BN, © RN — s — N WEAE R
TEE, 5 iR X N HAME (LA EE 328 o« WEE HI R
EEEMZE R R L, el —E, MG R EE T, H
prse i m K4 5 B AEARRE], <RI IX AN 44 R T

BARCKYL, B2 NS A & 3R SR I A 0 E . 12 X 25 R 46 o
H—MaNE, BNERE DAL 0SS ) —DNEFIE
B Eean, nR— N WEAEA 100MMFAE, A AN ZEEA 10075 Ao
A M R a — Nt 2, BIERREE % 3 s AT AT 5%
HHWME. 20605, RIBATH B bR 2B oo, FATALL
FH— N RE DN AEEE, XA S8 sigmoid B8 H0K © 1%
HBR B AEOFN 12 18], RN U Z 48 ) T 7 SR MR . SR 3 N 2 AN
HZE 2 B AR B < (HSEEMIRAR AR . X
b [ 0 2 AN W K S N R R S oy — Se ), X dbfl H B L 5
HZANHE,  ma] LA RN RO EAE ) B bR 5335, A 2 RREE R
2% (w102, 100/=. 1000/2) BN NIRRT IS, EATHI N FH
NAERRNIRIE 2] (deep learning) -

— MM T, MEMZELEQER a8 S I a o T & = B o A
BE IES A /NEIUE. —BE—PMREME CEF LGl 2 — 0
EHES, MR IR <batch>) #ALLG LML, B HE S

W 5K 42K bR 205 M EAE 1) B SR AT LU IR AN I R MU R AT m) 4% 4
(forward propagation) . 2[R, FIE“WJEfEMH&E ML 1R, Bl
AR S EOS TENAE A B SE 2 (A i 22 R s R, XN AR AR




% [Af& 4% (backward propagation) o X TH—NS%, PUALFEIERE M
AR ] R SR ELAE 4 e Sy HH B

A2 ) 25 S 0 I SRR R )R L 53 B AR A2 VI ) A% 37k R s ) A5 3k
CHT A I AE AR I I ) 28 4% 35— IR LSRR 9 —~epoch, IX ARl 2R —
AR 22 ~epoch) ,  PAIE AT Hr 2 HI1E

AT, AT AT I Pythontd Keras K814 . IR ATPEAL J LA
ZM %, Kerasiz — & ERBEMAA, f#H T 1% TensorFlowflTheanoiX #f
I ESRAE N E <5127, XT3ATRU, KerasE’JﬁE?%”TjEf? ‘B A DA

?/éﬂ‘]??ﬁ??@%W%E‘J&ﬁ%ﬂﬁlléﬁ?’ 8 5K B s T A 40 B 45 HoAth R 5

fi i Keras @ & KA M 28 BE ] LAFICPU CEb i, IREJZE LA H D I
25, WATLUHGPU (tbt, s IOy B2 S ue it i iHEAL I
Tko FEDISCES A, BATHEZIE WAL FHGPUKIIZR M 2%, (HREN T
2220, A Pra e a2 #RAR /N i ELAR Ty 8, S8 10 A F i 2
A PLE L 2 WA EATIZREE R . IR AT ZACAE, X R AL 2%
MK EZESE, #HCPURIIZE L HGPUIRSZ .

[F] L 3R
XA AT THALBE, s T DU T ko 2%
iRy %

{#i F scikit-learn ] StandardScalerbr #EAL B AN HEFALE

#
from sklearn import preprocessing
import numpy as np

# G
features = np.array([[-100.1, 3240.1],



[-200.2, -234.1],

[5808.5, 150.1],
[6600.6, -125.1],
[9000.9, -673.1]])

# Ol scaler
scaler = preprocessing.StandardScaler()

# FARFHE
features standardized = scaler.fit transform(features)

# oK
features standardized

array([[-1.12541308, 1.96429418],
[-1.15329466, -0.50068741],
[ ©.29529406, -0.22809346],
[ ©.57385917, -0.42335076],
[ 1.40955451, -0.81216255]])

Bt

ARTTHIN B4R, HENEXN T2 e JEw B2, By
DLlERATEE S —iE. —BCkul, —MMEMNESHmvimi (8L
WA N NRIBENLE. WRFHEELESEE RIRZ, HEM
HEFERINEBAWMNE . 7N WEEPIRHEE I X Ee i 28 6 ) 45 15
Ja, SATAM, BrCALRTE RRHEE A R B R EE ., BT
XSS RN, HefEsEER (OREHLEME AR aitntk, tan A TR
BAEES & — JuhRHIE A5 B2 SRt B — NRIE A, [ HISE A

0, Wr#EZE N1, {#Fscikitlearnf{]StandardScaler, 1E%5 5 sLHliX—44 .,

A AEF FATHI R —ARFAE B S E AR 1 22 K A AL U RCR -



# FTENEI I bRife 2
print("Mean:", round(features standardized[:,0].mean()))
print('"Standard deviation:", features standardized[:,0].std())

Mean: 0.0
Standard deviation: 1.0



20.2 Wit — L X 4%

7] LA &
BEF— P R 45
il ks %

1 F Keras ') Sequential #5774 .

# e
from keras import models
from keras import layers

# JSEhphe Mg
network = models.Sequential()

# IR ReLU SR st i 2
network.add(layers.Dense(units=16, activation="relu", input shape=(10,)))

# MM ReLU G e S 2k 2
network.add(layers.Dense(units=16, activation="relu"))

# W sigmoid Sl s B AR
network.add(layers.Dense(units=1, activation="sigmoid"))

# G

network.compile(loss="binary crossentropy", # 734
optimizer="rmsprop", # ¥jititki%
metrics=["accuracy"]) # iRl MERERR

Using TensorFlow backend.

b



e 28 e 2 R A2 o, # 2o = SR LR e 1AL e 42 )
KT AARE 2 . MMrBURE AR 2 Z S0 (AT 1E
AREYWRD , HEAANZ, EFEHIREERE 12K, HERA
AR 21 78 TAE .

T fEKeras A — D FI B2 I 2%, AT 7R 20 X 28 B AT I Zrd 72
vr 2. oM, REBURME sl a2 i~ D IR.

1. s

2. GEAHARLL NS HAE N E.

3. RErA MG BARAKRA, FEn EmE (—ERED

4. FEROK, RIXAMEN A BEEA R A E COMPERIE R ED .

5. CHHEILES R MZTT.

S, REEUR A R R )R, BATTARAL AUE AP o i SR A
R R BHRYL, RIS, AP 2R e S >
ORI, RVE I, APge il 2 n] e Rh 22 N 48 I R A L 40
B SN AR AR

X REEZ KU, — N RAT IO R B H IE & Mot (Rectified
Linear Unit,ReLU) :

f(z) = max (0, 2)

X Bz R IAGE s A 2= 2 M. JATAT LA 2], anikz K T0, Wos
PR B IR Bl z{E s B IGREI0. TXAfa) 800 B 50 V2 n] 51 AR

CRAFATIRIXEERFE) i E O 2 W 2 o S0 G PR AR A
i, AR ERE A AEAR 22 AR B0 B A

55, BANTHEEIGEE ML T )= R R, a2t be
FARRAFBE R, ERFHEITH B SBR.

=, FATLAHE R A0S e CERA IR S . St eg
KA AR Jo 2 AR ZE 28 1 H bp Pg o 3 B A M — B8 L ) i H = AR



s

LR

— A sigmoid Bl B E A TG .

Z LR

kM2t GX BkZ BIr RN 40— softmaxifi o4
EVE

— AN O R IR T

P, AT EE L — DR R E CH R AT & BN A B S AT S 18
FE) o XA RBUB L H Rt R R A SR Pl o 1

!
S
3
ok

/A X (Binary Cross-entropy) o

~

R

>
N

o

JG

KA X (Categorical cross-entropy) o

BV

VI TTIRE

L, BATHTREE LMt as, enl LI BB g g B TR 5K
gegerd TR R, I HARE 1 A R MR ZERE S HUE . H
PALERAT: BEHLERE FRE. ShEEENIARE N EE. B iRAL A B G MR

flitt O XERASSHIEZERE, Al LEE AT AR R 1 IE (B i3
FIHEIBERLD o

ﬁgg FATRT UL — A B 2 DR R PP AL IS R TR e, Bl ifE
ES

KerasHe fit 1 A0 1) s #2825 (1) V%« KerasT)sequential 5 24 & i 42 4



22 TC R HE B R AR 2 4 o Ty — b B3 1o 2 R 2% 14 vk MU AR e 2
HAPL (HEXMIDEEE W RN AR IMAE G .

TR TT e, ATE FKerasffsequential B B 1) i T — AN 2 BOAHEE
M2 (TFEEEIRHE, BAIASEWMANEFELEN, FNEREEMZ
HHE2ES]) . B EZEEEER” (NIWESERTD) , XEWER
— EW A M IuEA F— ZRrE & oHiE. 58— DREZEH,
WA TH Eunits = 16, RRX—ZEFI6MNMWELIC, HFPMHELICE A ReLU
BoE K% (activation="relu') . fEKerasH', ATfa#2 M %% ()5 — Rk
JZHR LA & — AN input_shapeZ %, ‘&R /RNFHMEBIR IR, b,
(10,)5 5 FEAT, FH—E BN WRE A 10NMHIEE. 5 ZMEH
—E—k, RAEAFEI Linput_shapeS . FATHIFHL WL 2 ¥t
Kl —oum 2R, Bl B AR S — N sigmoid 0 BB AR 22

JG, ERHH IR AR 2 8] (RoR—PMEMEE TR .

e, EYIGEAZ FT, TS fKeras, FRAVEELLMIZE U],
FATH compile 71, o bALAeE ¥ (RMSProp) « 2K BR 3L
(binary_crossentropy) , VLA —~8#H 2414 ge i & hn i oK 2 JfKeras
LURCIES e

AR 5] 152

o Keras 3 FY4: #in2kpf#y (https://keras.io/losses/)

o 7RIk L (Wikipedia,http://bit.ly/2FwpCkM)

o (pIRIAIEIHHIREMA ML KEL) (Katarzyna  Jano  cha,
Wojciech Marian Czarnecki,https://arxiv.org/abs/1702.05659)

20.3 I Z— D o4

) 7 IR
IR — > o0 RHIAR A M 25
fir R Ty %

fii Fl Keras#y @ — M RIBIMA %%, S8 )5 FEOTEIIZRE -



# N

import numpy as np

from keras.datasets import imdb

from keras.preprocessing.text import Tokenizer
from keras import models

from keras import layers

# BoEhafLR -
np.random.seed(0)

# BOE RN SR
number of features = 1000

# MR P A H bR
(data train, target train), (data test, target test) = imdb.load data(
num words=number of features)

# S IERAREE(E ) one-hot ki AT

tokenizer = Tokenizer(num words=number of features)

features train = tokenizer.sequences to matrix(data train, mode="binary")
features test = tokenizer.sequences to matrix(data test, mode="binary")

# GBI B
network = models.Sequential()



# in{E F ReLU i ef Bt 2 ik 4% B
network.add(layers.Dense(units=16, activation="relu", input shape=(
number of features,)))

# IRmiEH ReLU S e St 2k 2
network.add(layers.Dense(units=16, activation="relu"))

# ishnfEH sigmoid kR K 2k EE R
network.add(layers.Dense(units=1, activation="sigmoid"))

# iR L

network.compile(loss="binary crossentropy", # 7 Xfi
optimizer="rmsprop", # #JHHEE
metrics=["accuracy"]) # fHEMBEEAMERETR

# U ahe2 s
history = network.fit(features train, # #%fF
target train, # Hiz i
epochs=3, # epoch fy i
verbose=1, # 1 epoch ZJEHTEN
batch size=100, # fp/Mitik (G
validation data=(features test, target test)) # Jli{4d

Using TensorFlow backend.

Train on 25000 samples, validate on 25000 samples

Epoch 1/3

25000/25000 [ ]

- 1s - loss: 0.4215 - acc: 0.8105 - val loss: 0.3386 - val acc: 0.8555
Epoch 2/

25000/25000 [ ]

- 1s - loss: 0.3242 - acc: 0.8645 - val loss: 0.3258 - val acc: 0.8633
Epoch 3/3

25000/25000 [ ]

- 1s - loss: 0.3121 - acc: 0.8699 - val loss: 0.3265 - val acc: 0.8599




it

1220275, FATHE T an e F KerasFsequential 57, <15 3041 145 FH
BRI Zrah 2  2% . HERAHLTEL, AT 7 50,0005 52 P E 5L
(25,0002 HIE I ZRE4E, 25,0005 A/EMREHE) , AREEENH A
IETVPN AR PN o FRATTHE VR 1 SCAR A 810004 — R Sk 3%
10004 i LA I 5 A . T i, iR AT A& M 25 2 {f
F25,0001 W82 B R TR — 2% RS VT2 IETHI (138 & T PR, oA
MEAEA 1000 MFAE . IX BLIRATITE FHER20.277 —FEHI PP 2% (2R A8
BVEAARE, W UUSH%2027) « A—FERIHT /&, 7820.27 R 3kA]
Qg T A N HFFRE IR E

fEKerasH', IZRAP&E M2 H R 5, 8 FRER e EEMNSH.
B NS HOE I ZRE0E RF AT H bp il & . JRATT T LLE F shape 75 iR &
AR R AR

# EBEFHEEMAER
features train.shape

(25000, 1000)

epochsZ % 41 %€ 7E I 2R i ivf 75 224 FH 2 /D “1~epoch. verboseZ £ ik &
EINGEEEPFEHRBZMER, OB REAERY, 12—
%, 2%~ epochiii i —26 H & batch_sizei EAETTH Z /W EEH
ZJEA IS

e, WATOR B — NN E R AR VPR o X el B R AR AN B bR
i) 5 7] LU fE validation_dataZ 44, FHRVEAERREE . B, FAITA] LU
Fvalidation_splitZ £k % & 22 8 % /D L g i )11 2R S 0cdm FH T PR Af A

A,

1Escikit-learn H fit /7 VA 1R [Bl— NI 25 JG AR A, {H & FEKerasH fit 7 145 1R
8] —MHistory X %, e 8L 2 #8 J B s FIEENepoch ) 14 BE £ HE

20.4 Y Zr— DL s




[F] LA &
R — 2 I0 70 KA 2%
it Ty 5

gﬁﬁKerasW@* METR N2, Hoa H E SR A I A2 softmax By B

#

import numpy as np

from keras.datasets import reuters

from keras.utils.np utils import to categorical
from keras.preprocessing.text import Tokenizer
from keras import models

from keras import layers



# eEhidL A
np.random.seed(0)

# VoE T TR SR AR R R
number of features = 5000

# e e B A
data = reuters.load data(num words=number of features)
(data train, target vector train), (data test, target vector test) = data

# AEFHEERE L one - hot SRt FEERE

tokenizer = Tokenizer(num words=number of features)

features train = tokenizer.sequences to matrix(data train, mode="binary")
features test = tokenizer.sequences to matrix(data test, mode="binary")

# 1€ one-hot HaRth AL ) ik e fer (A
target train = to categorical(target vector train)
target test = to categorical(target vector test)

# JSEhrhis MR
network = models.Sequential()

# ifshnfE H ReLU S ef By ik fe B
network.add(layers.Dense(units=100,
activation="relu",
input_shape=(number of features,)))

# ifshnfE H RelU S R Bt 84 2
network.add(layers.Dense(units=100, activation="relu"))

# i softmax $LiG R E S iEREE

network.add(layers.Dense(units=46, activation="softmax"))

# HHiF R A

network.compile(loss="categorical crossentropy", # %34
optimizer="rmsprop", # HHi{tHE
metrics=["accuracy"]) # FHHEfRIEAMERENGIR

# UIphis vz
history = network.fit(features train, # $FfiE
target train, # HizRE
epochs=3, # 3 /- epoch
verbose=0, # &%l
batch_size=100, # @ -Htuchois{iics
validation data=(features test, target test)) # lif%ciis

Using TensorFlow backend.



it

FERR AR T, BATRIE T — N ER20.3TFT /A1) —u i R4 R
AR, (HIEH A —FERHTT. 25—, XIRAIEEE 211,228
ANEEEAFIE T A LA K46 T (RI4600038) o 3K
AT ) L A= FE 4 95000 e R (7l 3o AE 1% B A= X 50001
1] FP RSN 5 D SR VRFIE R . B4 T one-hotZ 5K H A
ﬁﬁ%ﬁﬁ*%ﬁﬁﬁ@,%*ﬁ%%*ﬁ%%ﬁ%?%4%%¢%%
N

# AR HERE

target train

array([[ 6., 0., 0., ..., 0., 0., 0.1,
8., B 8o aonye B8, B0,
[ By Ber B wwusn Biw B B,
[ By B B vanp BBy Bal;
[ By By B wing Bayi@a; Bl
[ By By By o By By Ba1])

=, FATBIN TSR KMo icE, TS RIRA6 R
[A] IR IIR R

F=, PR —ANZI KR, HAEH V46 g (A
MZETOR N — 0130 K=, HrP S — A softmax il R, 1X
MPEE R IR B DN A6ME I AERE, K46 MEZMINL. AR R
— AN MEAEWE 46 K2 — HIREEE

F, BAVEEH T —ANEG 200 KA AR R AL, R0 2R3 SO
%K. PR £ categorical_crossentropy

20.5 I Zx—A>[B] 9 A Y

7] L 3R



N BN ] B Zr— DR R 2%

BT &

i FH Kerasty 3 R A — N AR L 0. B OE 2R B AT 28 Y 2%
# ks

import numpy as np

from keras.preprocessing.text import Tokenizer
from keras import models



from keras import layers

from sklearn.datasets import make regression

from sklearn.model selection import train test split
from sklearn import preprocessing

# BBV
np.random.seed(0)

# A EHIEARERN H frin) B

features, target = make regression(n samples = 10000,
n_features = 3,
n_informative = 3,
n_targets = 1,
noise = 0.0,
random state = 0)

# AR s ANEREF IR A
features train, features test, target train, target test = train test split(
features, target, test size=0.33, random state=0)

# IBshihes Lk
network = models.Sequential()

# iFhn{E FH RelU 8@ R Snn 2184 2
network.add(layers.Dense(units=32,
activation="relu",
input shape=(features train.shape[l],)}))

# otk RelU 8iE A2 is B
network.add(layers.Dense(units=32, activation="relu"))

# IEINGEA BTSRRI i
network.add(layers.Dense(units=1))

# hiFFhER R

network.compile(loss="mse", # H¥jiinE
optimizer="RMSprop", # k¥
metrics=["mse"]) # HyKHinE

# iERahes g
history = network.fit(features train, # ¥
target train, # HpxRE
epochs=10, # epoch fyfi
verbose=0, # #HHiH
batch_size=100, # -tk EAYE



validation data=(features test, target test)) # lif¥d

Using TensorFlow backend.
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{8 Kerasta g — A2 WA 2%, 355 13 FH predict 75 ¥ KA TR -

# ndE

import numpy as np

from keras.datasets import imdb

from keras.preprocessing.text import Tokenizer
from keras import models

from keras import layers



# 1V E AL
np.random.seed(0)

# A AR A R
number of features = 10000

# i IMDB HLRZ Y Bt Fn E bl B
(data train, target train), (data test, target test) = imdb.load data(
num_words=number of features)

# 1€ IMDB #ifife4i>h one-hot ZRYAIRFHIERIEE

tokenizer = Tokenizer(num words=number of features)

features train = tokenizer.sequences to matrix(data train, mode="binary")
features test = tokenizer.sequences to matrix(data test, mode="binary")

# JBEhipes sk
network = models.Sequential()

# EnfEF ReLU Sid s dl i ik i B
network.add(layers.Dense(units=16,

activation="relu",

input shape=(number of features,)))

# EhnfEH ReLU SiE R il it B
network.add(layers.Dense{units=16, activation="relu"))

# UEIn(EH sigmoid B e Ry 2k
network.add(layers.Dense(units=1, activation="sigmoid"))

# GHFOPEE S

network.compile(loss="binary crossentropy", # 7 %4
optimizer="rmsprop", # ARG
metrics=["accuracy"]) # FFfERRRIEAEREIRIR

# Mgap 2 Mg
history = network.fit(features train, # $:fiL{H
target train, # B
epochs=3, # epoch iy
verbose=0, # {4t
batch size=100, # M -Hbdcndse (i &
validation data=(features test, target test)) # MIAXHIE

# TRt A a2
predicted target = network.predict(features test)



Using TensorFlow backend.
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# A

import numpy as np

from keras.datasets import imdb

from keras.preprocessing.text import Tokenizer
from keras import models

from keras import layers

import matplotlib.pyplot as plt

# 12 AREHLFT
np.random.seed(0)

# AN R R
number of features = 10000

# WS PPl M n B bl



(data train, target train), (data test, target test) = imdb.load data(
num words=number of features)

# eI one- hot ZRRSATHRFIEAIEE

tokenizer = Tokenizer(num words=number of features)

features train = tokenizer.sequences to matrix(data train, mode="binary")
features test = tokenizer.sequences to matrix(data test, mode="binary")

# JSEh PR Lk
network = models.Sequential()

# ihnfEH RelLU & eA% i a0 B
network.add(layers.Dense{units=16,

activation="relu",

input shape=(number of features,)))

# hniE F RelLU fiid R4 2
network.add(layers.Dense(units=16, activation="relu"))

# iInfER sigmoid iiE ek A i B
network.add(layers.Dense(units=1, activation="sigmoid"))

# HENE AL

network.compile(loss="binary crossentropy", # 7 X
optimizer="rmsprop", # ¥HHLIEE
metrics=["accuracy"]) # FfERRIEAVERN R

# N Ehphis g
history = network.fit(features train, # HI{4
target train, # H#z
epochs=15, # epoch fJE &
verbose=0, # &t
batch size=1000, # Mtk L SR
validation data=(features test, target test)) # ¥

# FRECNSR R % T R RE
training loss = history.history["loss"]
test loss = history.history["val loss"]

# Mg epoch Bl
epoch count = range(l, len(training loss) + 1)

# AR B s
plt.plot(epoch count, training loss, "r--")
plt.plot(epoch count, test loss, "b-")



plt.legend(["Training Loss", "Test Loss"])
plt.xlabel("Epoch")

plt.ylabel("Loss")

plt.show();

Using TensorFlow backend.
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# DRI SR S A afye b b B

training accuracy = history.history["acc"]

test accuracy = history.history["val acc"]
plt.plot(epoch count, training accuracy, "r--")
plt.plot(epoch count, test accuracy, "b-")

# WL e b AR

plt.legend(["Training Accuracy", "Test Accuracy"])
plt.xlabel("Epoch")

plt.ylabel("Accuracy Score")

plt.show();
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MR, st ac g8 s, JF R A NG, S
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BTSSR, WO E T (weight regularization) :
# I

import numpy as np
from keras.datasets import imdb



from keras.preprocessing.text import Tokenizer
from keras import models

from keras import layers

from keras import regularizers

# EEEPLFT
np.random. seed(Q)

# BRI TR R
number of features = 1060

# MR A hnScRARE AN H e &
(data train, target train), (data test, target test) = imdb.load data(
num words=number of features)

# IR EE Y one - hot HabitTIRFfEHiPE

tokenizer = Tokenizer(num words=number of features)

features train = tokenizer.sequences to matrix(data train, mode="binary")
features test = tokenizer.sequences to matrix(data test, mode="binary")

# JaahhERpsg
network = models.Sequential()

# W RelU s ef By 2% 4 2

network.add(layers.Dense(units=16,
activation="relu",
kernel regularizer=regularizers.12(0.61),
input_shape=(number of features,)}))

# W ReLU S ef oy 44 2

network.add(layers.Dense(units=16,
kernel regularizer=regularizers.12(0.01),
activation="relu"))

# WAfER sigmoid A e Y4kt B
network. add(layers.Dense(units=1, activation="sigmoid"))

# ISIEPERMEE

network.compile(loss="binary crossentropy", # =3I
optimizer="rmsprop", # ¥J7I{EE
metrics=["accuracy"]) # FREWIFRIEATEREIER

# Rz
history = network.fit(features train, # #5iiL
target train, # Higm&



epochs=3, # epoch 4 &

verbose=0, # {4kt

batch size=100, # @/ Mfitakiyul Ll b

validation data=(features test, target test)) # MK

Using TensorFlow backend.
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# hdE

import numpy as np

from keras.datasets import imdb

from keras.preprocessing.text import Tokenizer

from keras import models

from keras import layers

from keras.callbacks import EarlyStopping, ModelCheckpoint

# Iz ABEHLRT
np.random.seed(0)

# RARMNEEN R R
number of features = 1000

# PR b A A B )



(data train, target train), (data test, target test) = imdb.load data(
num words=number of features)

# JERCIFEARFA A one-hot SR aREE R
tokenizer = Tokenizer(num words=number of features)

features train

features test =

# JEEhipis e

= tokenizer.sequences to matrix(data train, mode="binary")

tokenizer.sequences to matrix(data test, mode="binary")

network = models.Sequential()

# iinfE H ReLU i s B4kt 5
network.add(Llayers.Dense(units=16,

activation="relu",
input shape=(number of features,}))

# RINER RelU i ef By ket 2
network.add(layers.Dense(units=16, activation="relu"))

# UIntE sigmoid i ef By k% B
network.add{layers.Dense{units=1, activation="sigmoid"))

# HIEML2MILE

network.compile(loss="binary crossentropy", # 2 ¥%ff

optimizer="rmsprop", # HI7iR{EE
metrics=["accuracy"1) # [REfmRIEAMRE R

# R AR A RO ATES RN, TRORAT I ERES i s
callbacks = [EarlyStopping(monitor="val loss", patience=2),
ModelCheckpoint (filepath="best model.h5",

# IR phiz L%

monitor="val loss",
save best only=True)]

history = network.fit(features train, # $Ffr

target train, # Hfpm

epochs=20, # epoch [Ty &

callbacks=callbacks, # EAi&s®

verbose=1, # {£iE4 epoch ZIGTEMHEA

batch size=100, # Atk e (A s

validation data=(features test, target test)) # iM%kl

Using TensorFlow backend.
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# I

import numpy as np

from keras.datasets import imdb

from keras.preprocessing.text import Tokenizer
from keras import models

from keras import layers

# I EREHLE -
np. random. seed(0)

# R R TR
number of features = 1000



# WGP b BN B e &
(data train, target train), (data test, target test) = imdb.load data(
num words=number of features)

# IR one-hot SufiI4 A HEpY

tokenizer = Tokenizer(num words=number of features)

features train = tokenizer.sequences to matrix(data train, mode="binary")
features test = tokenizer.sequences to matrix(data test, mode="binary")

# Janhphz2 s

network = models.Sequential()

# M A BN/ Dropout B
network.add(layers.Dropout (0.2, input shape=(number of features,)))

# FIN{E ] ReLU s R B ke B
network.add(layers.Dense(units=16, activation="relu"))

# hRnRipEE SN Dropout B
network.add(layers.Dropout(0.5))

# deinfEH ReLU i s KAk i 5
network.add(layers.Dense(units=16, activation="relu"))

# ARrmieeEdEin-—1~ Dropout 2
network.add(layers.Dropout(0.5))

# {Fhn{E sigmoid M EA K4 iETE R
network.add(layers.Dense(units=1, activation="sigmoid"))

# JRIEMERE

network.compile(loss="binary crossentropy", # 2%/

# SRR ek

optimizer="rmsprop", # HILtR{E%
metrics=["accuracy"]) # HHEMERIEDMEGERR

history = network.fit(features train, # ¥

target train, # HixmiE

epochs=3, # epoch %

verbose=0, # H&HiH

batch size=100, # M@/ MitikAEL (A E

validation data=(features test, target test)) # Mli{EdR

Using TensorFlow backend.
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# Mk

import numpy as np

from keras.datasets import imdb

from keras.preprocessing.text import Tokenizer
from keras import models

from keras import layers

from keras.callbacks import ModelCheckpoint

# UCERiHLA 1
np.random.seed(0)



# VR R AR R
number of features = 1000

# MGZPFEAR T ndidEF H b &
(data_train, target train), (data test, target test) = imdb.load data(
num words=number of features)

# HZIFEARFAR ) one - hot #abt e HFE
tokenizer = Tokenizer{num words=number of features)

features train

features test =

# JEahihiRpLs

= tokenizer,sequences to matrix(data train, mode="binary")

tokenizer.sequences to matrix(data test, mode="binary")

network = models,Sequential()

# I{E FH RelU i e iy 4k fie 2
network.add(layers.Dense(units=16,

activation="relu",
input shape=(number of features,)))

# IE RelU S s vk fie 2
network.add(layers.Dense{units=16, activation="relu"))

# hnfE FH sigmodid S e i S
network.add(layers.Dense(units=1, activation="sigmoid"))

# GRS

network.compile(loss="binary crossentropy", # 7%/l

optimizer="rmsprop", # HIJIREE
metrics=["accuracy"]) # frifpnElE AR R

# VA AR R BORIEATE AR, TR IERES A i e Y
checkpoint = [ModelCheckpoint (filepath="models.hdf5")]

# Vi

history = network.fit(features train, # $%fr

target train, # Hipm&

epochs=3, # epoch %

callbacks=checkpoint, # #7240

verbose=0, # #&HHH

batch size=100, # M-t ss (s

validation data=(features test, target test)) # i[if#iR

Using TensorFlow backend.
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#

import numpy as np

from keras import models

from keras import layers

from keras.wrappers.scikit learn import KerasClassifier
from sklearn.model selection import cross val score
from sklearn.datasets import make classification



# VEREHLFRT
np.random.seed(0)

# FROESE
number of features = 100

# A BCRHIERERE AN H bR B
features, target = make classification(n samples = 10000,
n features = number of features,
n_infermative = 3,
n_redundant = 0,
n _classes = 2,
weights = [.5, .5],
random state = 0)

# Gl R, R R TR
def create network():

# B s
network = models.Sequential()

# hnfER RelU SiiG R 2kl B
network.add(layers.Dense(units=16, activation="relu", input shape=(
number of features,)))

# iinfE A ReLU BE AR &k 2
network.add(layers.Dense(units=16, activation="relu"))

# ik R sigmoid G ERENT L H R
network.add(layers.Dense(units=1, activation="sigmoid"))

# GFVPEE L

network.compile(loss="binary crossentropy", # 7434
optimizer="rmsprop", # ¥R
metrics=["accuracy"]) # HEFREIEAIERER R

# R BEHIFEL AL
return network

# 3 Keras %, LAEEREW: scikit-learn (EH]

neural network = KerasClassifier{build fn=create network,
epochs=10,
batch size=100,
verbose=0)



# (5 3 4 SRR TR 22 %
cross_val_score(neural network, features, target, cv=3)

Using TensorFlow backend.

array([ 0.90461907, 0.77437743, 0.87068707])
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SearchCV)

# I

import numpy as np

from keras import models

from keras import layers

from keras.wrappers.scikit learn import KerasClassifier
from sklearn.model selection import GridSearchCV

from sklearn.datasets import make classification



# 1 EBEHLRp
np.random.seed(@)

# REEA R
number of features = 100

# A REAE RN H B &
features, target = make classification(n_samples = 10000,

n_features = number of features,

n_informative = 3,

n_redundant = 0,

n classes = 2,

weights = [.5, .5],

random_state = 0)

# QR R RIGRFEE AT RS RS
def create network(optimizer="rmsprop"):

# Jashpiz sk
network = models.Sequential()

# dshn{E ] ReLU 8l e #my 2ikds 2
network.add({layers.Dense{units=16,
activation="relu",
input_shape=(number of features,)))

# iEIn{EH ReLU SiG A4t 2
network.add(layers.Dense(units=16, activation="relu"))

# @hnfE A sigmoid {E R By i 2
network.add({layers.Dense{units=1, activation="sigmoid"))

# HmiFETpesmLs

network.compile(loss="binary crossentropy", # 7 ¥
optimizer=optimizer, # {ifbid
metrics=["accuracy"]) # FREMREMEDMEGRIGR

# R R R
return network

# ¥ Keras BiRILAE EREH scikit-1learn f£EH
neural network = KerasClassifier(build fn=create network, verbose=0)

# GEEHEZ R
epochs = [5, 10]



batches = [5, 10, 100]
optimizers = ["rmsprop", "adam"]

# Gl 2ok
hyperparameters = dict(optimizer=optimizers, epochs=epochs, batch_
size=batches)

# OIE A
grid = GridSearchCV(estimator=neural network, param grid=hyperparameters)

# LB E
grid result = grid.fit(features, target)

Using TensorFlow backend.
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# R R R
grid result.best params

{'batch size': 10, 'epochs': 5, 'optimizer': 'adam'}

[F] L F 3R
PR ] HLAL A 22 X 25 R 45 7
iR Ty %

fi i Keras[’Jmodel_to_dotE{# plot_model ( WALHSJ5HIED -



#

from keras import models

from keras import layers

from IPython.display import SVG

from keras.utils.vis utils import model to dot
from keras.utils import plot model

# JEEhE L,
network = models.Sequential()

# HRINAEH ReLU s s By 2 E R
network.add(layers.Dense(units=16, activation="relu", input shape=(10,)))

# UIAEH ReLU i A Bl 2 E R B
network.add(layers.Dense(units=16, activation="relu"))

# WO sigmoid M s 2k R
network.add(layers.Dense(units=1, activation="sigmoid"))

# n[Hl{LIMEREEH
SVG(model to dot(network, show shapes=True).create(prog="dot", format="svg"))

Using TensorFlow backend.



_ input: | (None, 10)
dense_1_input: InputLayer
output: | (None, 10)
input: | (None, 10)
dense_1: Dense
output: | (None, 16)
input: | (None, 16)
dense_2: Dense
output: | (None, 16)
input: | (None, 16)
dense_3: Dense
output: | (None, 1)

U SRABE ) 9 25 25 44 B R A7 9 SO, Rl RS A plot_model:

# el E g SR B R AF S i
plot model (network, show shapes=True, to file="network.png")

it

Kerasf2fit 7 T H R ZH TPl a2 4 . an SABE Jupyter
Notebook H 2 7x — ML M 2%, 1] LA Fimodel_to_dot. show_shapesZ
AR € 2 RN A B AR, B nT AT B RATI N 4% . R AR
JE 7~ — /B TR B A, A DAk B show_shapes=False ( JLAHE 517

KD -



# EHME
SVG(model to dot(network, show shapes=False).create(prog="dot",

format="svg"))

dense_1_input: InputLayer

A 4

dense_1: Dense

'

dense_2: Dense

'

dense_3: Dense

20.15 PN
EFERLS
{55 FE 35 LR 9 24 0 — AL PR 435
LS

fili HKeras 8132 2 /07 — NG RUR B2 R 45



import numpy as np

from keras.datasets import mnist

from keras.models import Sequential

from keras.layers import Dense, Dropout, Flatten

from keras.layers.convolutional import Conv2D, MaxPooling2D
from keras.utils import np utils

from keras import backend as K

# iEARmEEEL
K.set image data format("channels first")

# i EREHLRF
np. random. seed(0)



# EfRfEa
channels = 1
height = 28
width = 28

# M MNIST #edig b i dinfn B fn
(data train, target train), (data test, target test) = mnist.load data()

# CPRUNERE P (S R R TR
data train = data train.reshape(data train.shape[0], channels, height, width)

# A P (S R e R AIE
data test = data test.reshape(data test.shapel[0©], channels, height, width)

# PR AR R 0 Fn 1 2 (A
features train = data train / 255
features test = data test / 255

# %t HfritfT one-hot %l

target train = np utils.to categorical(target train)
target test = np utils.to categorical(target test)
number of classes = target test.shape[1l]

# Eabis s
network = Sequential()

# iBInA 64 -itiEds. —A-Kshh 5x5 9 D RelU Sid e B & E
network.add(Conv2D(filters=64,
kernel size=(5, 5),
input shape=(channels, width, height),
activation="relu'))

# R4 2x2 B NME L 2
network.add (MaxPooling2D(pool size=(2, 2)))

# i Dropout B
network.add(Dropout(0.5}))

# ihn— B A A
network.add(Flatten())

# idinay ReLU i R B4 128 et chy4aniddE =
network.add (Dense(128, activation="relu"))

# i Dropout B



network.add(Dropout(0.5))

# UIE M sof tmax i s 2k =
network.add(Dense (number of classes, activation="softmax"))

# GRS

network.compile(loss="categorical crossentropy", # 7 %fj
optimizer="rmsprop", # ¥JHiRtEE
metrics=["accuracy"]) # FfEmRIEAMRER R

# lZknhenm s
network.fit(features train, # $HI
target train, # Hfzili
epochs=2, # epoch ¥
verbose=0, # &
batch size=1000, # R/ MitiRiMEIEH
validation data=(features test, target test)) # MIXAH

Using TensorFlow backend.

<keras.callbacks.History at 0x133f37e80>

B

LRI M 2% (Convolutional Neural Networks, X 4% {45 AN ConvNets)
Fe—MRAT IR W 2%, T H A UE B AE T B e s R A RE (kb
BEIRA . M. RHLEZI) o X EAGAE B BT 48 I 25 0 SE 4RI AT
11, BMGHIEMMGE ZA0 S — DNMRHE . (HR R X A, <@ KA
e B, BIMEAEMSSHEEE B R RIS E R, b+ —
FK10x10M5 ZZ TS, FRATTATRE &3 e F ¥ ali— /N 100/ ME ZRFHE 1T 7]
B, XFERIEERTIRAERER, S IA NS INRHE (LG RE) RIS
1ONMRHMIE 2 B B3 (8] 98 R 5B M S5 11 MRIE 2 B B 25 (8] 9k R 2 — FE R
HHEL FEI0MFIE AR R A R imim g =, BB 1 MRER
KRB RBIZ, MBEBNMHERRIEFINMEERLE TN AE R H



U0, BT 22 R 2% 2 ) RSP B 4 JR Ok R T A2 R AR 2. B B
Wi, X TEIRAG B DA 2 I 28 oV R — R, ANE YR AR
BIFTAL . 281K UL, BOSFRATE N GR— A W 28R, 177X 2
o vl e A R AE S 7, WA BT B e 3 A2 T .

LRI N s K 2 ANFET, B R DU RIE WA ) f Gar] BLAE
WHAR D . KPS MG 2, X 5L AR 5 A

B, —sk MG AR IEE B A EE =AEE: & T EAIRE
BIPAANEEAE W IR, &5 — N7 B — Skt . IR IR —ME RN
Aitt. ERERGHY RE - NRBEE (GERPEE) , Rit—ikKEEGe]
LRI A— . HREAEEOEG Y, —MEEEIGRHZAMER
N. b, fE—iKRGBEMEH, —AMERMIBUE 23 MER R,

SRt N3N B (4. 4. W) o i, — kBRI EE T DL
MBI — 345k &E: T E x & < IR OUE/ERMER) - 5
Mg, BRI DA RS RG G R LIEs— a0, X
MR OBEGEMNTRERA)EN. 25, CEyE RS EE SRy —
ARGk &=, Sk K E AL T FE A R, T AE3ANERE (R
Pl MAERRNE R Tt (tbin, RASEPEHE, &
WA AELERS)

FHOAERPMS M. RS RN SR L) — 5 T

CGHE & S MER N — DD ORI, M {Estriding) » #4
J o B 1R )l DA AR 7 SR AN, DA A . B FH ) 2
i ittt (max pooling) , EIEEAE MR AMELLR F—/Z. £/
I R RN 2 — e REH], SRR TIRZ B2 IS4,
XA SRR Pt e A albosk, i PUE I e Kb A i 2 501 2
e m. Al LE MR e R A R i N R

X EZE AR U AT e A BB AR . B 1A sk s — R
IR R . 56— DGR ZE ] RER B —2eis, LRI %, #%
&, BAMEH s R RN BRI E S A ERERE S —
o, P e e, BAOMEH S = oL Z 8t — 2 460
%, B IRE R BB AR AR

R R A AR 4 1 B KA 2K

RAEENRIR R TT ZEERA R 247U, (B ERAE B ) —
Teor RAFARH R AR R T AP AL 125 4 FIMNISTA



£, BESEhR_ ML SIS ) — DN e R R EE . MNISTHIREE RS
70,0005 F 5 M0 ~ 9RIEFHI/NEIGE (28 x 2818FK) . FidRE D&
Shrid, FrCARATEER —K/ANEGE B ESE T (W22 .
FRYE Y SR EE AR EEBEE (I BC L 2, F60,0009K BG4 2%,
10,0005k PG A5 3t .

PAHEE G ER ARG R MM I R% 0. BAokIE, iR
reshape U FE AN K #4 e i Keras T R AR . 355, BATTIELE 1AH 1A
WEIOMLZIE], FONWIRFEAME LM RS H Gl ERHI IR BN
BlE) KRZ, INREMZERIMERERIRE . &a, FAHE A Ar2dE H

one-hot#if, IXFFEAH) HARELA 1017038, ARRMOBIIHIE T

BIXFEAL B G B 2 Ja, AT AT LB SR ME N 7. 56—,

WIn—N &)=, e e iEss mEEA AR, & O RN E—
HZE, A3 x 3ME DX T RE GOk AR E . — M G
K, HHME DK 5820, INnEKIEE, SAHSRGE R K

Mo =2, ¥WhNDropout/z KNS IIERIRER. SEI0E, wn—

& RS Nl e iE 2 E ] O . &5, NI iEsEmM
B EXEAERAT IR, R, BIAXR— N2 Iun K8, ALk
12 Fn H JE A8 FH B /2 softmax i 2R

m R, X MR RS M2, FE SRR T R 2
A B2 GARE M KM 2 B BRIP4
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# g
from keras.preprocessing.image import ImageDataGenerator

# CIEE R

augmentation = ImageDataGenerator(featurewise center=True, # “kjit ZCAH{t
zoom range=0.3, # BEHLECAREIE
width shift range=0.2, # BifLiTALEIf
horizontal flip=True, # BB
rotation range=90) # RfbLiEF:A (&

# *f raw/images i 1A fE ik

augment images = augmentation.flow from directory("raw/images", # B ifh%
batch size=32, # fitikik/h
class mode="binary", # 4%
save to dir="processed/

images")

Using TensorFlow backend.

Found 12665 images belonging to 2 classes.

it

Tl REGENW, UMM T RS AR E s tT, R RA]
B IXAN MBS o (HE, A —NEUESCESR, i HLARAE T B 1
PBREAT AL HE, XAFAU SRR AR LA R, AR AT RS 5
Hu A 2R B SR B L

B G N B 1 — DN vk R TN E EME . BATESRSE &

Wit 7RG, R, KerasfImageDataGenerator /3SR {E 15 5% 1A
—F, UAEE AP R, e, NIRRT EHRERH T
featurewise_center=True KRR HEABE N B EE T G K .

A UCEE G M S NERERI SR IIABE 5 o IR 2547 — AT il
RIRFIE, WS EREE IR 5, M RITERE R 2488 XN



ANV 7 ] AL AR 2 X 288 5k LSt B (g e e AR 1 B BB R, JF HLAE
il AU E /R

5% UG AT H B A 28 AT VI ZR R, m] DU 22 Fo VR AL 4%
BeEg, DL AR RN, LSRR R, B R D
HOREE . BIEIR/NPIARAL, tHn) LR 35 BB e R . FRATT AT LA
F [AIF ¥ ImageDataGenerator2S SEiiiX L6444t . Keras3CHY (Z AT R
R SEAR 15> FIH T A AT R 07  RATH R 7 i —
MRFEE -, Hh s BERIREIAT. FF . B AEs:

H—HIREE, flow_from_directory F)#i H /& —NPython B A= Al 23 %)

%o XN RKZEIEMN N IATA B TR Em, RBP4 R B N\ 22 Y
AT I ZRE i, A HE AT EE . i RABLE I S 2 R S A BT A K]
1%, 0] DLTA] B bl ) A il o o

)i, Floaugment_images & —/NMERES, FrLAE I Z L M 251, 0
JiAst H fit_generator ] A &2 fite 2551

# ISRz L
network.fit generator(augment images,
# {51 epoch HiF A R as AT
steps per epoch=2000,
# epoch AV
epochs=5,
# R RS
validation data=augment images test,
# (K epoch Hoil i d: ik SRR
validation steps=800)

A BT FH A 40 S 4 P A #RT PLZEGItHub  Chttp://bitly/2FviVVg) LR
o

S AFf ] 52

o Keras . #4: K4 TiAb#E (https://keras.io/preprocessing/image/)
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# R

import numpy as np

from keras.datasets import imdb

from keras.preprocessing import sequence
from keras import models

from keras import layers

# P EREHLFPT
np.random.seed(0)

# BB AR B
number of features = 1000

# GEEEE R e Fn B frie it
(data train, target train), (data test, target test) = imdb.load data(
num words=number of features)

# RIS IR ESCE R, (R A 400 ML
features train = sequence.pad sequences(data train, maxlen=400)
features test = sequence.pad sequences(data test, maxlen=400)

# JaEhphR
network = models.Sequential()

# AR
network.add(layers.Embedding(input dim=number of features, output dim=128))

# b 128 ASpE e RO ML B
network.add(layers.LSTM(units=128))

# RO sigmoid MHS MR E
network.add(layers.Dense(units=1, activation="sigmoid"))



# iFHER M

network.compile(loss="binary crossentropy", # 7% Xf
optimizer="Adam", # Adam {f{t%
metrics=["accuracy"]) # HEMRIEA RS

# I miL
history = network.fit(features train, # JE
target train, # Hizln&
epochs=3, # epoch M &
verbose=0, # Ak
batch size=1000, # & HtikAvHAKE
validation data=(features test, target test)) # i #dH

Using TensorFlow backend.

it

BANA W 2B B /- R A A, AT DS — R e AR 2 X 2%
KSEI, (HATR AT — D ERATHIEE:: B A ML, 6IHMHE
W28 — AR, BB BAEMIZSHEI2A, X ik H & & HE —
FICAZ, AL AT LS L M PR AR B . — R AT BT R P 2% K
FEHAIE 2% (Long  Short-Term  Memory,LSTM) fH& /%%, ST
LSTM S V4 A fARe 1 225 HAtAR SR kL

FEMRRTT S, BAMEM 1203 IR FEE, IZE—PLSTMAZ
[0 28 SR PN X L 50 VP2 1 TV 36 2 i PP . EUIZRIES 2/, 7
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# ERE-AHA
print(data train[0])

(1, 14, 22, 16, 43, 530, 973, 2, 2, 65, 458, 2, 66, 2, 4, 173, 36, 256, 5,
25, 164, 43, 838, 112, 58, €78, 2, ‘9, 35, 480, 284, 5, 158, 4, 172, 112,
167, ‘2, 336, 383, 39, 4, ‘172, 2, 2, 17, 548, 38, 13, M7, 4, 192, 50,16, 6,
147, '2; 19;. 14,22, 4, 2, 2, 469, 4, 22, 11, 81, ‘12, 16, 43, 538, 3B, '7h,
15, 13, 2,4, 22, 1¥; 515; 17, 12; 16, 626, 18, 2, 5; B2, 386, 12, 8, 316,
8, 106, 5, 4, 2, 2, 16, 480, 66, 2, 33, 4, 130, 12, 16, 38, 619, 5, 25, 124,
5, :36; 135; 48 25,2, 33, 6, 22, 12, 213, 28, 71, 54, 5; 14, 407, '16; 82,
2, 84, 18% 117 2. 15, 2564 2; 7, 2, & 123, 36, 71, 43; h38, 476; 26
400, 317, 46, 7, 4, 2, 2, 13, 104, 88, 4, 381, 15, 297, 98, 32, 2, 56, 26,
141, 6, 194, 2, 18, 4, 226, 22, 21, 134, 476, 26, 480, 5, 144, 30, 2, 18,
5L, ‘36, 28, 224, 92, 25, "1684, 4, 226, 65, 16, 38, 2, 88, 12, 16,°283, 5, 16,
Z; 113, 103, 32, 15, 16, 2, 19 178; 32]

H1 2% RN BN B — M), AE R RN RSP E S IR P E A —
e, UK BPIREARK A —, B, 7EB X inim A& N 2
A, TELLFTE AR RA R E . F4711% F pad_sequences>K SEIR
X—ri, pad_sequences NERENMEAII AN AEMLEANIKEMFA, AT LI
F B —ANFEAL i pad_sequencesihFE 2 J5 R -



# BER A
print(features test[0])

[6 06 6 6 0 6 © € 0 0 © 6 06 0 06 6 o6 o
e 06 0 © 0 © © 0 © 0 6 0 6 0 06 6 0 ©0
e 06 0 6 0 © © 0 © O O 6 O @ 06 6 0 O
e 0 0 © 0 © © 0 ©® 0 06 06 6 @ 0 6 0 o©
e 06 0 o 0 6 © 06 ©® 0 6 06 6 e 0 6 0 0
b 06 0 © 0 6 © 0 ©® 06 6 6 6 6 0 6 0 ©0
b 6 0 6 0 6 ©6 0 © 6 6 06 6 € 06 6 0 0
e 06 0 © 0 © © 0 ©®© 06 6 06 6 6 06 6 0 ©0
e 06 0 © 0 © © 0 © 0 6 0 06 @ 06 6 0 ©0
e 06 0 © 0 © © 0 © 0 6 06 6 0 06 6 0 ©°
e 06 0 6 0 © © 0 © O 6 6 O @ 06 6 0 O
e 0 0 © 0 © © 0 ©® 0 06 06 06 @ 0 6 0 O©
e 06 0 o 0 © © 06 ©® 0 06 0 6 e 0 6 0 0
b 06 0 © 0 6 © 0 B 06 6 6 6 6 0 6 0 O©0
b 6 0 o 0 6 © 0 © 06 6 606 6 € 06 6 0 0
e 06 0 o 0 © © 0 ©®© 06 6 06 6 6 06 6 0 ©0
e 06 0 © 0 © © 0 © 0 O 0 6 @ 06 6 0 ©0
e 06 0 © 0 © © 0 © 0 6 0 6 0 06 6 0 ©0
@ 06 0 0 1 8 27 2 2 17199132 5 2 16 2 24 8

oy @ 2 4 e 2 2 W 2 2 o 2 2 9 4 2
8 14991 13877 38 19 27 239 13100 235 61483 2 4 7 4

20131 2 72 8 14251 27 2 7308 16735 2 17 29 144 28

1 2 18 12]

g, WAMEH ARIE S ISR R R —: WME. {£
20.3 W = onsr Kas, FATTNAEAR AT one-hotZ i i /E N 1 22 I 28 1)
BN HEXEEBAHEGEN R R N — D24 m =, FFHHRAD
) 5 2 (A ) B B 2 s LT B T AN TR AL o fEKerasH, A LLdE IS
JIA—/EmbeddingZ K53 . X T4—/~% AEmbedding 2 11H.,
Keras#i 24 i — /M Bk R R IX Ml . BEER—E 2 A 128 ME T
PLSTMEZ, B 2 i ARG B RefEAR KM A, JE%H &G BN T 2L



o e, PUONIXR A oo Rl (B — 2k VP A IR TH A EEA
e DUIETD 5 PPN R — 4 oAl sigmoid i eR 25 43 5
=

LA, LSTMR— MM, WREZ T NIE . &
LA 2R 4 LB A, L BILSTMI) 2SI L AR AL i

Yaxan > S He
215 AR AL AN 2R 25 o o A AR
21.0 fEiA
BT BI20F A K1 2000 /N1, AN T ERSREUR GG E s, LA AN
AT ML g 27 ) G s BRI T A Y, (H&, N TiEXETAER M
1H, RATFEHER G —SEHE, bt e E53— N a M HE,
ESEPLX AN H bR, B OHEN R G R A8, 3 HAE N 75 BB s i

WO, XA E 2R ELD,
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7] R4 ik
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# AnakE

from sklearn.ensemble import RandomForestClassifier
from sklearn import datasets

from sklearn.externals import joblib

# AR

iris = datasets.load iris()
features = iris.data
target = 1iris.target

# IRy RS
classifer = RandomForestClassifier()

# IR
model = classifer.fit(features, target)

# AERE RS h pickle ik
joblib.dump(model, “model.pkl")

[ 'model.pkl"]

— BRI R A7, AT T AE HARN A (Ebinweb W ) _EA#H
scikit-learn >} A% Y .



# MOCHH
classifer = joblib.load("model.pkl")

PRIR I EA B -

# BIRURIRA
new observation = [[ 5.2, 3.2, 1.1, 0.1]]

# T4 5%
classifer.predict(new observation)

array([0])
it

AP R SE —20, pt R AR B, e T DA 5 —
AN EGE TAERINE .. ORI A pickle STAF 5L RE A BIX AN H 1T .
pickles&PythonfF A &M . BARKRYE, AT Hjoblib (B 2&—
£, 1EM & ilpickle XX 43E F T NumPy 40 AR KA TS, fEscikit-learnl
SrJa A, X FRE LR W) KRR,

MR A scikit-learnt R, R L, RUNAR TR AR BIR T A /] REAE &
A ¥ scikitlearn FANHERS, i DAAE SCAF 44 5 B AR By FH i scikit-learn
WA 1R A H -

3
import sklearn

# 3515 scikit-learn AIkiA
scikit version = joblib. version

# AERRAT A pickle it
joblib.dump(model, "model_{version}.pkl".format(version=scikit_version))

['model 0.11.pkl']
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#

import numpy as np

from keras.datasets import imdb

from keras.preprocessing.text import Tokenizer
from keras import models

from keras import layers

from keras.models import load model

# I EMBLFT
np.random.seed(0)

# VOE RN ECR
number of features = 1000

# AGEEBAR T AR A H bR
(train data, train target), (test data, test target) = imdb.load data(
num words=number of features)

# AEREBAREAN one-hot SR AL

tokenizer = Tokenizer(num words=number of features)

train features = tokenizer.sequences to matrix(train data, mode="binary")
test features = tokenizer.sequences to matrix(test data, mode="binary")

# EEhERR L%
network = models.Sequential()

# W hTE ] ReLu il s By 2154 5
network.add(layers.Dense(units=16,

activation="relu",

input shape=(number of features,)))

# WIMER sigmoid Bl eA ) 2k R
network.add(layers.Dense(units=1, activation=" sigmoid” ))



g T

network.compile(loss="binary crossentropy", # % X/
optimizer=optimizer, # fL{t
metrics=["accuracy"]) # HHlEMREIEAMRER R

# UIlAah 4
history = network.fit(train features, # F{Efd
target train, # Hizii
epochs=3, # epoch ¥
verbose=0, # Akt
batch size=100, # M/ MtikiMa Ak &
validation data=(test features, test target)) # Mit¥dE

# (RTFHIE 2
network.save("model.h5")

Using TensorFlow backend.
SRJE BT LAAE 55— R B AR I G N 2 Y

# B
network = load model("model.h5")

it
XI5 scikit-learn, Keras F541E 25 (# Fipicklefi SUR BRAFHUN, Tl 20414
TRAFNHDES S, DRSS 1R S200 1), AL A it
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