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ZAEHIE 2RIt
O ZBE#5X ([E])3) (Logistic Regression) , E—NEIFGEE,
BEERTISE, BFRAXNEJL=MET, 1ZiEET

O A7TSCHl—5n2s, EBEEERMZE— RN EXEREL
O ZiEAfFE D REI IS —MTRRIREL, EMEZIEERFEEEL (Logistic
Function) #1793
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Sl pi

#1941 R4 E R HELUER T ETRE
import numpy as np
import matplotlib.pyplot as plt
def initPlot():
plt.figure()

plt.title("House Price vs House Area’) House Price vs House Area

plt.xlabel('House Price') #x3ir&EX = .
plt.ylabel('House Area') #yiitR&s = 160 - —
plt.grid(True) #E~Mt& o \\Ii\ne1
return plt g N

xTrain0 = np.array([[3.32, 94], [3.05, 120], [3.70, 160], [3.52, 170] % 120 - ? \\\t

155]) #RiERRFERIHES i e ‘\"\Z\ | line3

yTrain0 = np.array([0, 0, 0, O, 0]) #y=0FKFAGFE ] ¢ \\1!\ .

xTrain1 = np.array([[3.36, 78], [2.70, 75], [2.90, 80], [3.12, 100], . . i .

125]]) #FiEPIFERIES * - - - 1 3;4\\ -

yTrain1 = np.array([ 1, 1, 1, 1, 1]) #y=1FR¥F5E House Price

plt = initPlot()

plt.plot(xTrainO[;, 0], xTrain0[;, 1], 'k+") #kFREE, +FRrRFRATF
plt.plot(xTrain1[;, 0], xTrain1[;, 1], 'ro’) #r_=LL B, oFRmmHIFAR B
plt.show()
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LogisiticRegression3g

O {EAScikit-learnEfYLogisticRegressionZE iR RIBIEHTE 4 2 0] &R
O from sklearn.linear model import LogisiticRegression
O model=LogisticRegression(penalty="I2', dual=False, tol=0.0001,
C=1.0, fit_intercept=True, intercept scaling=1, class weight=None,
random state=None, solver='"liblinear', max iter=100,
multi class="ovr', verbose=0, warm start=False, n jobs=1)
v penalty: IERI{LE2L, ®N&R(EA “L17 #1 "L2"
v solver: LItEIRIEFESE
- liblinear: {SERIAATRAH TR ERIEAIRAREL
- |bfgs: HAH-HTERI—FF
-> newton-cqg: tBR4IASRKIEAI—F
> sag: FEHFIEEE ThF
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LogisiticRegression3g

O {EAScikit-learnEfYLogisticRegressionZE iR RIBIEHTE 4 2 0] &R
O from sklearn.linear model import LogisiticRegression
O model=LogisticRegression(penalty="I2', dual=False, tol=0.0001,
C=1.0, fit_intercept=True, intercept scaling=1, class weight=None,
random state=None, solver='liblinear’, max iter=100,
multi class="ovr', verbose=0, warm start=False, n jobs=1)
v multi_class: D;‘é)’j“tl_?q:?‘%*ﬂz
v class weight: ERIINESEH
v fit_intercept: BEFEEIE
v max_iter: EAWEIHISRKIEUIREL
O HEREL fit(X, y). FUNEREL predict(X). FTRUBIEREREY
predict proba(X), i#1044E score(X, y)
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O %F—2: ES)EGE0E
v xTrain = np.array([[94], [120], [160], [170], [155], [78], [75], [80], [100], [125]])
v yTrain = np.array([0, 0,0,0,0,1, 1,1, 1, 1])
O 55 fliELogisticRegressionXIEFUS
v from sklearn.linear model import LogisticRegression #&A\3&
v model = LogisticRegression(solver = "Ibfgs") #BIEX5:, BIAMLAEIREL-BFGS
O%=%: HTE
v model.fit(xTrain, yTrain) #R{7Hl&
v print(model.intercept ) #%iH&EEE
v print(model.coef ) ##iHHFI=R
O 50925 XIFEdERATITN
v' newX = np.array([[100], [130]]) #&NXFrEAR
v newY = print(model.predict(newX)) ###iHFEIE



Xh534.2

#H5 4.2 EF Scikit-learn EEK R R EIFEFRNIEIER
import numpy as np
import matplotlib.pyplot as plt

from sklearn.linear_model import LogisticRegression

xTrain = np.array([[94], [120], [160], [170], [155], [78],
[75], [80], [100], [125]])

yTrain = np.array([0,0,0,0,0, 1,1, 1, 1, 1])

model = LogisticRegression(solver = "Ibfgs")
model.fit(xTrain, yTrain)

newX = np.array([[100], [130]])

newY = model.predict(newX)

def initPlot():
plt.figure()
plt.title('House Area vs Is Easy To Sell’)
plt.xlabel('House Area')
plt.ylabel('ls Easy To Sell")
plt.grid(True)

return plt

plt = initPlot()

plt.plot(xTrain[:5,0], yTrain[:5], 'k+")
plt.plot(xTrain[5:,0], yTrain[5:], 'ro’)
print ("model.coef : ", model.coef )

print ("model.intercept_: ", model.intercept )

#HTEDEIRIPE x &
split x = -model.intercept [0] / model.coef [0][0]
print("oEIAIFIE x B: %.2f" % split_x)

x = np.linspace(30, 200, 10000)
y =1/ (1 + np.exp(-(x * np.reshape(model.coef , [-1])[0] +
model.intercept [0])))

plt.plot(x, y, 'g-) #8NFRFE'g-'", TREAHFRENEER
#IR AR

plt.plot([split x]*2, [0, 1], 'b-")

plt.text(split x, 0.5, "({:.2f}, {})".format(split_x, 0.5))
plt.show()
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X184.2
0BT RRE4.2

1
Py =1lz) = f(z) = 1 + e—(—0.064267042+7.23982418)

O IS 15ZIREL:
v Hx=112.6507, o EPFHIEEEID AZE
P(y=1|x=112.65)=0.5

House Price vs Is Easy To Sell
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W*ﬂﬂ%{ﬁi‘l‘ (Maximum Likelihood Estimation)

O HRAKAETT R — R TSRS E, BT RENNE R EER I RERY
SHUE. FERAUAMET T, BIIESHEXCRNEER=GSESE, LIE
XS EERETET - E N ZIRIETE.

O ERAUIMETTH, BIMRIKWNZIETERNRE MRS hemESZ2IRY,
FHEIFANTFIEZERSMARETZ L, EFREENZSEE. ERMNNBIRERE
WNZIRYEEE, HE&EERREERXEEIERNSEUE.

O #4MF, BRikBAIE—MED, F(IANEX MEMIEEEA LASERES D,
BATRT LA T—ER S oML, FicREXEmEmIEmEA_LAYER.
RBAMRSXMEDIEEFA LRERZ v, BBARATTLATEHE/RSLIRHEEM
IFEEA LRIBER, AISRTESERAYERMEER, SENNRIX LRI,
HAIRNBIFRERE— &I p B, EEXMEREA, MiESEaRITFitRE
== WIENESEEN
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Xh34.3

#{1S 4.3 BTHEE NS AR E SRS R SeFilialt
import numpy as np

import matplotlib.pyplot as plt

from bgd_optimizer import bgd_optimizer

def normalize(X, mean, std): #33&aEH1TIT—(LAIRREL
return(X-mean)/std

def make_ext(x): #3 x HTH &, MIA—1 2 1 R%5
ones = np.ones(1)[;, np.newaxis] #EZE 1 FEIE
new x = np.insert(x, 0, ones, axis = 1)

return new_x

def logistic_fun(z):
return 1./(1 + np.exp(-2))

def cost_fun(w, X, y):
tmp = logistic_fun(X.dot(w)) #£&MRE, =3k
cost = -y.dot(np.log(tmp) - (1 - y).dot(np.log(1 - tmp)))

return cost

def grad fun(w, X, y): #EFAT 4.12 1HE w HOHEE
loss = X.T.dot(logistic_fun(X.dot(w)) - y) / len(X)

return loss

mean = xTrain.mean(axis = 0) #})||&aEE
std = xTrain.std(axis = 0) #})|ER&EREAZE
xTrain_norm = normalize(xTrain, mean, std) #|3—{&d=E

np.random.seed(0)
init W = np.random.random(3) #BEH 4084 w, B3E w0, w1, w2

xTrain_ext = make_ext(xTrain_norm)

#EFRSE = AHLEEE TEREY
iter_count, w = bgd_optimizer(cost_fun, grad_fun, init W, xTrain_ext,
yTrain, Ir = 0.001, tolerance = 1e-5, max_iter = 100000000)

wowl w2 =w

#rHlnnElk,

x1 = np.array([2.7, 3.3, 4.0])

x1_norm = (x1 - mean[0]) / std[0]

x2 norm = -(WO + w1 * x1_norm) / w2 #ll&#k: wO+w1*x1+w2*x2=0
x2 = std[1] * x2_norm + mean[1] #HT4&HIERSRARGRI x B, EItEE
BT "R

plt.plot(x1, x2, 'b-")

plt.show()
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Python4mfS33CIR
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iR ESRATIRER

O 1z SR AR EEE NEEERBISEIN, Blbgd optimizerfREl, 1%
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P RERNTFNTT A

O X F— Lo (A, SOH%) | ABERRUBLI0.5%M ABERF
g, B, SRELR— MRS T EERAE, KT
y=0, EDZREAELERR. HAEESARE0SBHERE, R
R R B A R R R TR

O T4 RmRXBEFTN, Rl )mE/RAIRESHNRBIRTERIXIPE, BME—
LT ERIERIRAI AN, BALIBAITRHIT XS, BR—L8EX
SANREEET, NERREERAFRE™ERR,

O B ERIB{E TR IREREIEREER  (Accuracy) RFIEERBIFASN—ER
MEIERIGE,



— R RERRNTEIN A

B335 (Actual Class)
1 0

1 =15 1E=FH
RS (True Positive) (False Positive)
(Predicted
Class) ; {ERRE E
(False Negative)  (True Negative)
TP+TN
O IEfEE (Accuracy) @ Accuracy =~ = BEMREEARES 10004,
HpB 5SNMEANELHHZTE
. .. TP =
== % P n : . . — "
O 5B5EZR (Precision) Pr ecision T+ 7P Bl (y=1)  SHRIERS
0 ZE= (Recal)  : Recall=—1F DHTTEIGATERATI,
TP+ FN y=0, WTP=0, TN=995,
O F138% (F1-Score) : FlScore= 10 FP=0, FN=5

P+R
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{tr34.4

# (\154.4 Fahit BB EF LRI RFENER

#IZAB IR T, EREIEEIAES4.3/plt.show()IEAI Z RIFBIETT

xTest = np.array([[3.00, 100], [3.25, 93], [3.63, 163], [2.82, 120], [3.37, 89]])
xTest_norm = normalize(xTest, mean, std)

xTest_ext = make_ext(xTest_norm)

yTestProbability = logistic fun(xTest ext.dot(w)). # [0.93, 0.62, 0.00, 0.89, 0.40]
yTestPredicted = yTestProbability > 0.5 #fil{E»N: 11010

yTest = np.array([1,0, 1, 1, 1])

yTest real pred = yTestPredicted == yTest #i1EFMESSIFMEEEER

accuracy = np.sum(yTest real pred) / len(yTest) #i1HIEifH=
precision = np.sum (yTest real pred * yTestPredicted) / np.sum(yTestPredicted) #it &=
recall = np.sum(yTest real pred * yTest) / np.sum(yTest) #1HZ M=

f1score = 2 * precision * recall / (precision + recall)

FUUME: [True True False True False]

print( "FUME: ", yTestPredicted ) SCRRE: [10111]

print( "SEFRME: ", yTest) IEREZ (Accuracy) : 0.4

print( "IEFAZ (Accuracy) : ", accuracy) AERfEER (Pecision) : 0.6666666666666666
print( "JEEZR (Pecision) : ", precision ) ZEZE (Recall) : 0.5

print( "BE[ZE (Recall) : ", recall) F1Score: 0.5714285714285715

print( "F1Score: ", f1score)
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1IZ1T455RIREA
O WA EHEEFHEE MR, FHEHESYERT I, iTEFllyEsD,
SREIEHER—, BRESSEREITNYE.

O1549) “yTest real pred = yTestPredicted == yTest” 2EMHESER
SCEFIIELER, FHEENFIRAIIAT, AEERIXTRAYIA0, (EEI1E
BRI BIERH T 7 e, WRSFmUME(1, 1, 0, 1, 0], EsH{EA(1, O, 1,
1, 1]

O ZiAF S RMREITRELRNEMNRE, AEHBZRE—NEHEK, 5
BREXFFFKRAEAIELN, NMFKEAERRG

OB &9, ECovid-19EMNIIEIRES, BAESERE,
TR EER AL SR
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ROCHlZ:

O ROCEREATRESADHEEEE CWHIMER, —iEAEEXAET
ATEREE. FREHREIL, B ET{EX’EM“WLJ:/ HHE—RE,
RE A ER ROC FZSRMA M KIS AR TAIBIR S SRR
RV E SIS [ARIX A
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ROCHlZ:

O X ERFEFYRRZ (receiver
operating characteristic curve, &
FRROCHHZE) , NFR/ARRSZ ML,

(sensitivity curve) , FERETF _HkAT
HIBR AR BIXRYE S FIHT

O ROCHIZLAEATESE (TPR) 94k,
{ERPATESE (FPR) J9tsthRFrZE R HIAAAR
l [ BRI ENAN R S (E KAIRT &

HERMERAERBAIERIE S ER

TP rpp . FP

TPR = —
TP+ FN FP+TN

«
v 061
>

S 044

Receiver operating characteristic example

1.0 1

0.8 4

0.2 4

0.0

ROC curve

0.0

0.2 0.4 0.6 0.8
False Positive Rate

Perfect
1ocl'lssmer ROC curve

True positive rate

0.0 0.5 1.0
False positive rate

1.0
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Xh34.5

# (A54.5 28 SR LT RIRERIRO CHAZEE]

# ZRIDEE A G4. MR EL A REEHISTT

xTest = np.array([[3.00, 100], [3.25, 93], [3.63, 163], [2.82, 120], [3.37, 89]])
xTest norm = normalize(xTest, mean, std)

xTest_ext = make_ext(xTest norm)

yTestProbability = logistic_fun(xTest_ext.dot(w)) # 0.93,0.62,0.00,0.89,0.40
yTest = np.array([1, 0, 1, 1, 1])

from sklearn import metrics

fpr, tpr, thresholds = metrics.roc_curve(yTest, yTestProbability)

print ("K{&: ", ','join(['%.2f'%(t) for t in thresholds]))

print ( "fpr: ", fpr)

print ( "tpr: ", tpr)

plt.scatter ( fpr, tpr)

plt.plot ( fpr, tpr)

1.0 1

0.8 1

0.6 4

0.4 1

0.2 4

0.0

K{&:
fpr:
tpr:

1.93, 0.93, 0.89, 0.62, 0.00
[0. 0. 0. 1. 1]
[0. 0.25 0.5 05 1. 1]

0.0

0.2 0.4 0.6 0.8 1.0

thresholds[0] represents no instances being predicted and is arbitrarily set to max(y_score) + 1

32/49




AUCHEtR

O EERERE: TPRUSEYF, FPRE(THLT, RE—EHIE?
TP on_ PP
TP+ FN FP+TN

O ROCHIZABI SRR EMRE,. ROCHLISEILAL i, ERRERME
EI}E:'NE_I_J

O fZE FEUEFAEFR7IAUC (Area under curve) . AUCKREIRHEL BT
=A?

O AUCEESBE S 0-1

OIS N . AUCERTBEIIE (&) RHuFiENG (d6) e
JRL2= (1]

TPR =

00000000000 00000000000000000OO00O0 @ Actual Negative
[NNNNNNNNNNNNNNNPNPNPNPNPPPPPPP © Actual Positive
I

0.0 Output of Log. Reg. model

—_
'O——

[1] https://kevincodeidea.wordpress.com/2017/01/23/proof-of-the-auc-is-equivalent-to-probability-of-ranking-positives-over-negatives/
[2] https://rogerspy.github.io/2021/07/29/roc-auc/ 33/49
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OFERSERAT, HAMEREIEAT N, IFEEET— S %
B HATE - BEX 73 Tk

#1XF84.6 4 HIE4.6FhHUSTER 125 -
import numpy as np 1.00 % ° . .' *

import matplotlib.pyplot as plt 7 AR AR
PNIASIHIRAGR, SR, BESIRRARE, Bame | 0| L T L LT
AER, LSRR \t R, - P e
RIS A loadixtpdelimiter 2HIER, BEIOXRSF=Fnumpy | | L T P

X = np.loadtxt ( "non-linear-data.txt", delimiter = "\t" ) 075 ¢ *® '.* o

plt.figure () -075 -050 -0.25 000 025 050 075 100 125
X11 = XIX[;, 2] == 1, 0] #3REUFREREI B THIBE0 N BIE

X12 = XIX[;, 2] == 1, 1] #3REUREREI 1B THSE 1 MEHE

X01 = X[X[;, 2] == 0, 0] #3KENFrE 2B 0891 THISE0NB S o2 E 2Rl LS T E S AN 45
X02 = X[X[;, 2] == 0, 1] #3REUFEREI 00 THIE 1 MEIH(E FHUELE, SRMSRRRN ST
Pltplot(XT, X12, "r+") #2FXAH AR (BB AR R R e
plt.plot(X01, X02, "ko") #£45HIZER H08IHEA = X LREA S BEFF

plt.show()
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X134.7F/11X584.8

#{X734.7 XFALogisicRegessionZE#HTH LS L
import numpy as np
from sklearn.linear_ model import LogisticRegression
def extendData(X0, X1):
rowCount = len(X0)
feature index =0
features = np.zeros([rowCount, 28]) #28=1+2+3+4+5+6+7
foriin range(0, 7):
for jin range(0, i+1):
features[:, feature index] = (X0**(i — j))*(X1**j)
feature index +=1
return features
data = np.loadtxt("non-linear-data.txt", delimiter = "\t")
newData = extendData(datal[;, 0], data[:,1])

model = LogisticRegression(solver="newton-cg", penalty=

"none")
model.fit(newData, datal;, 2])
print("model.coef : ", model.coef )

print("model.intercept : ", model.intercept )

#{X54.8 LLHILE4. 7RIS R
plt.figure()
X11 =data[data[:;2]==1,0]
X12 =data[data[:;2]==1,1]
X01 =data[data[:;;2]==0,0]
X02 =data[data[;2]==0,1]
plt.plot ( X11, X12, "r+")
plt.plot ( X01, X02, "ko" )
newX1 = np.linspace (-1, 1.6, 100)
newX2 = np.linspace (-1, 1.6, 100)
Z = np.zeros ([ len (newX1), len (newX2)])
foriinrange (len (newX1)):
forjinrange (len (newX2)):
tmp = extendData ( np.array ([ newX1 [i]1]),
np.array ([ newX2 [j11)) #3 FRAHE
Z[i,j] = model.predict (tmp ) #i+&33
plt.contour ( newX1, newX2, Z, levels =[01])
plt.show ()
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SR

o Y -

model.coef :

[ 6.75648906
-35.68695213
-301.02643472
425.84753516
146.08263767
386.27226822
-778.26775291

model.intercept :

15.61204317 42.60187485 -61.49758007

-89.18474107 -13.76242629 -193.87613648
-244.9038965  96.59149095 132.7132875

254.50022587 307.12501577 -23.98634476
504.59891556 823.70400268 772.78806942
-46.62328301 -74.27162823 -517.93456299

-1226.28898173 -729.0797253 -444.26963462]]

[6.75648906]

15 A

1.0 4 ° [ ]

0.5 4

0.0 4

1.0

15
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O#zOBERE: BTHIHEHREEZMENNESHERE, NEAEE
sMESYHNED, UIFHERESRENARERERE, MimRaid:
=):8)[E

O XIS ERERAREFIIA— ST

1 —m l. 1 ; 1 A —d
L) = 30 o) =1 gl ]{—Z,ﬂ"ﬂ

m e l+e 2m

A

O B-REHIJIERE (Occam's Razor) : MIREZNMRIESMER—E, N
SR A B YA

O 3G, MENSREEEMSE— 1R, REFIIERERNE
X, EREFENNXEE, REENTHRERIZL. XMEKREREEHE
L NXBENSEE (BxdE) IEFEX, ATEZEEAE/N, Frld
RERYEBK, ABRIESEHERK
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4L 1iTi5 AR

L(W) - Zizl [_y( ) lOg( _wlx(® ) _ (1 o y( )) lOg(l — _wlx(® )] H— Z " WJZ
m l+e 1

te 2m <7

A ) o, by 4ot
O -2 W RIES, thiRERIpenaltyll, RXSHEBERNLIR

O EIEE ey, U ERTE, e iREFEEE R EI
(BABE v, BARESE w) . —E. =B\

O 1 RE5#, BTEARENIIMNE
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IEN{LIRI5ER

te 2m

1 m i 1 i 1 ﬂ/ d
L(W) :_Zizl[_y()log( — T (i) )_(l_y())log(l_ — T (i) )]+_Z ~:1W]2'
m I+e™ l+e™ j

O ST E 2
OPenalty _ A "

5wj m

O 1S2p A RERIERE AT

o :Zzizl[(_y +1-|—e T())x ]+mwj
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O ZzUERTER wo LIIMOSEL w; BIEEFT



IENNY =AY R EFSEI

0 AZEERHPRIEEEIRANEDIZXIN MEDRN A

model = LogisticRegression ( solver = "newton-cg", penalty =
‘12" ) #E]ik: 11, 13, 14FSE

O iz17ERC54.9

. o HTEHIEMNRNEIHERECERR, FELLnT

L LA ZEIF—K (normalize) Bs5;

' ' o SETEREEIEASHIRINE, HrhEenss
FISH SR ERE.
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KRBT
O 55— HER)IGEIENNHEYE
v ) IGEIREE50005KkFEHFE A
M EIRE S 5005kFEH=E
FIKE R TR EFXINAYERRET, TRARE
FKE R D #ERg—/928+28
KB REEREE, BMSHEEIEN0~255, 0FRTAEE,
2553 4%H, PEEAEEARENRKES, FETUIERGBFE
ElRa%iig
v #¥E{Etarab digits for training.txtfl
arab digits for testing.txt3{4

SN N X
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O 55 TSR A TEEA)Z
v BENMEERIMMFIE, SKREXN—4EE, BEREN
GERERORESELAS, H155I28* 28 M ATR,; BR
RS S HRR];, =RE—HEENKINE28%28+1=785
v' 5000M)IIZREBI R R IR— 1 Z4E804H, K/\E5000%785, Hapk—
)| ZFERE
v ENGEENEBER0~255, EIXT)IISGEEEHITII—(E

(normalization)
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HFScikit-learnZFESCI

#{{184.10 {#fLogisicRegessionsC S K552
import numpy as np
import matplotlib.pyplot as plt
from sklearn.linear_ model import LogisticRegression
def normalize ( X, col means ):

return ( X - col means) / 255
#NNE) 15 E0E
trains = np.loadtxt ( "arab_digits _training.txt", delimiter
= "\t")
trainX = trains [ ;, 1: ] #5807 25
trainY = trains [, 0]
col_means = np.mean ( trainX, 0) #8\NEMHAFSE
trainX = normalize ( trainX, col means)
solver =

max _iter = 500 )

model = LogisticRegression ( "Ibfgs”,
multi_class = "multinomial”,

model.fit ( trainX, trainY)

#INEGNIHETE

tests = np.loadtxt ( "arab_digits testing.txt", delimiter = "\t")
testX = tests[:, 1: ] #5505 2R

testY = tests [, 0]

testX = normalize ( testX, col means)

predictY = model.predict ( testX)

errors = np.count_nonzero ( testY — predictY )
print("TMEIREZ . {{/{}".format ( errors, np.shape ( tests )
[01))

FulsEiRE2: 54/500
O KB+ RY)F—{LEREnormalize( ), HSHE— "%

numpy#iH, MEPRIEMN (BiE) #BEHTIE—
i, EERRATHhIEHEEREIEERFZEEEE
ZRVEUEE KM SR A R &

O 7 ERAREETRYE—HAT
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True Class

[ARRABHATEF R TG

LogisticRegression Confusion Matrix

<t n
Predicted Class
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