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Goal

1) Implement classification model using Logistic Regression / OVR & MLP

2) Evaluate with various metrics ( precision, recall, accuarcy, F1-score)
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1. Introduction

Brief overview of Logistic Regression / OVR& MLP
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1. Logistic Regression

- Regression (X) Classification (O)

- Sigmoid Function (output value : 0 ~ 1)

1. Introduction

- used as a “binary” classifier

Find the best b0, b1l
that best fits the datal

»
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1. Introduction

OVR ( One-Versus-Rest)

- used in MULTI CLASS Classification

- compare ONE group with all the REST

( rest : treat the others as same one group )
- need “C” Classifiers

( C : unique number of classes )
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1. Introduction

2. Multi Layer Perceptron

- find the weight using back propagation

- need large datasets

- be aware of overfitting ( many parameters )

Find the best w, b
that best fits the datal

»
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*

2. Implementationy

1) Karate
( binary classification : Logistic Regression & MLP)

2) Other data
( multi-class (over 2) classification : OVR)



. Define Functions

. Prediction

1. Karate Dataset

. Import Dataset

. Modeling

( 1. Logistic Regression & 2. MLP)

. Evaluation



Implementation 1. Karate
1. Import Dataset

ev = pd.read_csv( 'embedded_vector.csv')

Balanced dataset
data = ev[['¥'.'Y", 'Color'l]

data.colums = ['x1','x2", 'class'] In [6]: datal'class'] .value_counts()
data = data.sample(frac=1) # fo shuilie
data.head() Out [6] o 17
4] 17
xt X2 class Name: class, dtype: intGd

20 0569728 0.138210 0
31 0232140 -0.446658 0
30 0040150 0.527334 0

1 -0.251698 -0.596485 1
11 0587872 0.846916 1

34 rows, 2 independent variables

plt.scatter{datal '«1'], datal'x2'], c=datal'class']) |r| [_I'I‘] . data.ShaDe
plt.show()

10 Out [_l'"] (34, 3)
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<> ---------- e Implementation 1. Karate

2. Define Functions

1) train_test_split : divide the dataset into two parts ( train & test )
2) mul : matrix multiplication

3) sigmoid : sigmoid activation function

4) standard_scaler : scale the columns into Gaussian Distribution

5) l0SSs_func : use LoglLoss as a loss(cost) function



2. Define Functions

1) train_test_split

Implementation 1. Karate

def train_test_split(data,test_ratio):
data.iloc[:,[0,1]] = standard_scaler(data.iloc[:,[0,1]])
test_index = np.random.choice(len(data),int(len(data)*test_ratio),replace=False)
train = data[~data.index.isin(test_index)]
test = dataldata.index.isin(test_index)]
train_X = np.array(train)[:,[0,1]]
train_y = np.array(train)[:,[2]].flatten()
test_X = np.array(test)[:,[0,1]]
test_y = np.array(test)[:,[2 ]] flatten()

return train_X,train_y, test_x test_y

[ process ]

1)
2)
3)
4)

scale every columns ( into Gaussian Distribution )
choose random sample x%
use x% as test dataset, (100-x)%as train dataset

separate X & Y

Total number of examples

Training Set Test Set

https://miro.medium.com/max/2272/1*-8_kogvwmL1H600N1A1tsQ.png




2. Define Functions

2y mul & 3)sigmoid
def mul (W,b,x):

return np.dot(x,W)+b

def sigmoid(x):

k =1/ (14 np.exp(—x))

return k[:,0]

4) standard_scaler

def standard_scaler(x):
mean = np.mean(x)
std = np.std(x)
return (x—mean)/std

Implementation 1. Karate

5) loss_fun

def loss_func(y_hat,y):

total_loss = np.mean(y*np.log(y_hat) + (1-y)*np.log(1-y_hat))

return —total_loss

l <
Hy(q) = =5 2 ¥i - 10g(p()) + (1 = ) - log(1 = p(3;)

i=1

Binary Cross-Entropy / Log Loss

use log loss (binary cross entropy) as

a loss function



3. Modeling
1. Logistic Regression

def logreg(x,y,epoch,|r):
W = np.random. rand{x.shape[1],1)
b = np.random. rand(1)

for ep in rangefepoch+1):
Z = muliW, b, x)
vy _hat = sigmoid(Z)

loss = loss_funciy_hat,y)
dw = np.matmul{x. T,y _hat—v)/x.shape[{]
dh = np.sumiy_hat —y)

W = W—Ir=dw.reshape(—1,1)
b—Ir=dh

=
Il

if ep % 10000 == 0O
nrint{'epoch

ep,’ laoss ', loss)

return W, b

Implementation 1. Karate

2. Multi Layer Perceptron

class HN:
def __init__(self, input_nun, out put _num, hidden _depth, nun_neuron,
activation=Signoid, activationZ=Softnax):
def init_var(in_, out_]:
welght = ne.random normal (0,01, (in_,out_1)
bias = np.zerosilout_, J]
return weight,bias

#H# 1-1 Hiddsn lapsr
sel fosequence = list() # fists ta put nsurans
W.b = init_var{input _num,nun_neuron)
sel f.sequence. append(NeuroniW, b, activation))

for _ in rangethidden_denth-1):

Wb = init_var (num_neuren, num_neuron)

sel f.sequence appendiNeuron(l b, activation)) # defauit - Sigmoid
#H# -2 Juiput Lapsr

W.b = init_var(num_neuron, out put _num)

sel f.sequence. append(Meuron (W, b, act ivat ion2)] # defauw/t  Softwax

def __call__{self, «):
for layer in self.seguence:
¥ o= laver (%)
return x

def calc_gradiself, loss_fun):
loss_fun.dh = loss_fun. grad()
sel f.sequence. append( loss_fun)

for i in rangellen(self. sequence]-1, O, —1):
L1 = self. sequenceli]
L0 = =elf. sequenceli-1]

LO.dh = _n(LO.grad(], L1.dh)
LO.d¥ = LO.grad_W(L1.dh)
L0.db = LO.grad_b(L1.dh)

sel f.sequence. renovel loss_fun)



3. Modeling
1. Logistic Regression

def logreg(x,y,epoch,|r):
W =
b = np.random. rand(1)

for ep in rangefepoch+1):
Z = muliW, b, x)

vy _hat = sigmoid(Z)
loss = loss_funciy_hat,y)

dw = np.matmul{x. T,y _hat—v)/x.shape[{]

dh = np.sumiy_hat —y)

W = W—Ir=dw.reshape(—1,1)
b = b—-Ir=db
if ep % 10000 ==

nrint{‘epoch :',ep,"

return W, b

= np.random. rand(x. shape[1],

1)

|oss !

'loss)

Implementation 1. Karate

1. Initialize W & b

2. Find the probability

ho(X) = ——— — Pr(Y

1+et'X —

3. Update weights

1 1 Gl
aamn: (Tﬂj,“,w WW)%?M@
(yg 6Tz) (gT )) g(0" ) (1 — Q(UT:E)G%OT:C
(y(1—g(" D—%l—ymw’))
(y — ho(x)) z;




Implementation 1. Karate
3. Modeling

1. Input : 2. Multi Layer Perceptron

o . Qq 1 HN:

= number Of neurons in |np|Jt Iayer ¢ anSef __init__t=sel f, input_num, output _nun, hidden_depth, num_neuron,
o activlation=8ig!moid, act ivat ion2=Softmax):

- number of neurons in hidden layer e palaft = pFandan.nornal (0,0.1, (In_out )
bias = np.zerosilout_, J]

- number of neurons in output layer return el bias
#H# 1-1 Hiddsn lapsr
. If. = list() igte ta put neurans
- number of hidden layers Bob = 1nit var(inout numnup neuron)
sel f.sequence. append(NeuroniW, b, activation))
- activation function 1 & 2 for _ in rangelhidden_depth-1):

Wb = init_var (num_neuren, num_neuron)
sel f.sequence appendiNeuron(l b, activation)) # defauit - Sigmoid

5 #5 1-2 Ouiput Lapsry
2. Network ArChlteCture W.b = init_var(num_neuron, out put _num)
sel f.sequence. append(Meuron (W, b, act ivat ion2)] # defauw/t  Softwax
NeuralNet_10 = NN(?,2,1,2,activation=Sigmoid, activation2=Softmax) def __call_(self,x): ‘
- for layer in self.sequence:
loss_fun = Logloss() 7 = leeerls
EPOCH = 16 return x

def calc_gradiself, loss_fun):
loss_fun.dh = loss_fun. grad()
sel f.sequence. append( loss_fun)

for i in rangellen(self. sequence]-1, O, —1):
. L1 = self. sequenceli]
(mpUt) (OUtpUt) L0 = self.sequenceli-1]
HH LO.dh = _n(LO.grad(], L1.dh}
2D data Probablllty LO.d¥ - LO.grad W(L1.dh)
LO.dkb = LO. grad_b(L1.dh)

sel f.sequence. renovel loss_fun)



Implementation 1. Karate

4. Prediction
(2) Train the model

1. Logistic Regression

W_10,6_10 = legreg(train_X_10,train_y_10, 40000,0.001)

(1) Split the data 109%  epoch : 0 loss @ 0.6593308365741114
epoch ¢ 10000 less @ O0.16243315108234851
train_X_10. train_y_10. test_X_10. test_y_10 = train_test_split(data.0.9) epoch ¢ 20000 loss : 0.08608784835902628
train_X_30. train_y_30. test_X_30. test_y 30 = train_test_split(data.0.7) epoch @ 30000 loss @ 0.057335378260770044
train X 50, train_y 50, test X 50, test y 50 = train test split(data,0.5) epoch ¢ 40000 leoss ¢ 0.043373910295135046

train_X_70. train_y_70. test_X_70. test_y 70 = train_test_split(data.0.3)

W_30,0_30 = legreg(train_¥_30,train_y_30,40000,0.001)

0 epoch © 0 loss : 0.5857B5050892402

30/0 epoch ¢ 10000 less @ 0.5277547221980337
epoch ¢ 20000 loss ¢ 0.5264002682692209
epoch © 30000 loss @ 0.5260746776716059

(3) Make a prediction based on cut-off value of 0.5

def predict(test_X,W,b): epoch i 40000 loss ¢ 0.5253887552029032
preds = [l
for i in sigmoid{np. dot{test_x, W) + b):
e (i drtliesti, 1 < b2 W_50,b_50 = logrea(train_%_50,traln_y_50, 40000,0,001)
elseﬁ’feds-ame”dm epoch © 0 loss : 0.48855425018653145
‘ 0 epoch © 10000 loss : 0.29181132527506544
preds.append(0) S0% epoch : 20000 loss : 0.2639832066663257
return np.array(preds) epoch : 30000 loss : 0.25330077359826224
epoch : 40000 loss : 0.2540438366830823
yv_pred_10 = predict{test _X_10, W_10, b_10)
yv_pred_30 = predict{test_X_ 30, W_30 b_30) W_70,b_70 = logrealtrain_x_¥0,train_y_70, 40000,0,001)
yired S0 = pires leitltect B0, b E0.b_50) epoch © 0 loss : 0.5410069002830594
ypired 10 = prred_ct(test A0, b0, b_i) 70%  cpoch : 10000 loss ¢ 0.5650531338348519

epoch : 20000 loss : 0.5616843341978129
v pred 50 epoch © 30000 loss : 0.5614450045147054
epoch : 40000 loss : 0.5614244931790818

array([1, 0, 1,1, 1,1, 1, 1,0, 1,1, 1,0, 0,0, 0, 01



Implementation 1. Karate
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Implementation 1. Karate

4. Prediction

2. Multi Layer Perceptron (2) Train the model

case 4) train 70%

(1) Split the data

MeuralNet_70 = NN{2,2,1,2,activation=Sigmoid, activation2=Softmax) # i

train_X_10, train_y_10, test X 10, test_y 10 = train_test_split(data,0.9) loss_fun = Logloss()
train_X_ 30, train_y_30, test X 30, test_y 30 = train_test_split(data.0.7) EPOCH = 16
train X 50, train_y 50, test X 50, test y 50 = train_test split(data,0.5)

train_X_70. train_y_70. test_X_70. test_y 70 = train_test_split(data.0.3) loss_per_epoch_T70 = [

for epoch in range(EPOCH):
for | in range(train_X_70.shape[0])
loss = GD(MeuralNet_70,train_¥_70[i], train_y_70[i], loss_fun,0.1)
loss_per_epoch_T0.append(loss)
print('Epoch {1 @ Loss {1'.format(epoch+1, loss))

Epoch 1 @ Loss 4.898567335884803
. s . Epoch 2 @ Loss 4,058881620380265

( Same data preprocessing as Logistic Regression ) Epoch 3 @ Loss 8.0708254147867633
Epoch 4 @ Loss 2.187728063268146
Epoch 5 @ Loss 1.3616007602003
Epoch & @ Loss 1.159184633676766
Epoch 7 ¢ Loss 0,9003590294018504
Epoch & @ Loss 0.7273030175086146
Epoch 9 @ Loss 0.60621833372b357
Epoch 10 @ Loss 0.51730505231219483
Epoch 11 @ Loss 0.45116720465828421
Epoch 12 @ Loss 0.399216673960884
Epoch 13 @ Loss 0.3577633372026356
Epoch 14 @ Loss 0.32398144587221663
Epoch 156 @ Loss 0.2953883482882117
Epoch 16 @ Loss 0.27241995779724454



<> ---------- o Implementation 1. Karate

5. Evaluation

Actual Values

def Metrics{pred,actual): Positive (1) Negative (0)
TP, TH,FP,FN = 0,0,0,0 -
for i in range(len{pred)): S eostve(n)| TP FP
if predli]l=actualli]==1: z
TP +=1 £
elif pred[i]>actual[i]: T Negatve(0)| PN N
FFP +=1
elif pred[i]<actualli]:
FN +=1
FEE Return 4 metrics
TN +=1

1) Accuracy
accuracy = (TP+TN) / (TP+TN+FP+FN]

precision = TP / (TP+FP) 2) Precision
recal | = TP / (TP+FN)
Fi1_score = 2=(precigion=recall)/(precision+recall] 3) Recall

return accuracy,precision,recal l,F1_score
4) F1-Score



5. Evaluation

1. Logistic Regression

Implementation 1. Karate

print('Training Dataset 10%"')

print(‘accuarcy :', np.round(acc,3))

Training Dataset 10%
accuarcy : 0.667
precision : 0.692
recall @ 0.6
f1-score @ 0.643

print(‘precision :', np.round(pre,3))
print('recall :', np.round(rec,3))
print('fi-score :', np.round(f1,3))

acc, pre, rec, f1 = Metrics(y_pred_10,test_y_10)

10%

print('Training Dataset 30%')
acc, pre, rec, f1 = Metrics(y_pred 30,test_y 30)
print(‘accuarcy :', np.round(acc,3))

print('precision :', np.round(pre,3))
print(‘recall :', np.round(rec,3))
print('fi-score :', np.round(f1,3))

Training Dataset 30%
accuarcy - 0.478
precision : 0.421
recall : 0.889
fi1-score : 0.571

30%

print('Training Dataset 50%"')

print('accuarcy :'

Training Dataset 50%
accuarcy @ 0.647
precision @ 0.7
recall @ 0.7
fl-score : 0.7

print('precision ', np.round(pre,3))
print('recall ', np.round(rec,3))
print('fi-score :', np.round(f1,3))

acc, pre, rec, f1 = Metrics(y_pred_50,test_y_50)
, np.round(acc,3))

50%

print('Training Dataset 70%')
acc, pre, rec, f1 = Metrics(y_pred 70, test_y 70)
print('accuarcy :', np.round(acc,3))

print('precision :', np.round(pre,3))
print('recall ', np.round(rec,3))
print('fi-score ', np.round(f1,3))

Training Dataset 70%
accuarcy - 0.8
precision @ 0.75
recall @ 0.75
f1-score : 0.75

70%




5. Evaluation

1. Logistic Regression

Implementation 1. Karate
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precision @ 0.7
recall @ 0.7
fl-score : 0.7
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fl-score : 0.75




5. Evaluation

2. Multi Layer Perceptron

In [26]: prediO

Out[26] = array([0, O, O, O, O, 0,
o, 0000000 0

In [27]: pred30

Out [27] - arraw([0, 0O, 0O, O, O, 0O,
0], dtvpe=intG4)

In [28]: preds0

Out [28]: arraw([1. 1, 1, 1,1, 1,

In [29]: pred7?0

out [25] 7 array{[0, 0, O, 0, O, O,

=20

R R R D D P O P T R B

o, o0, 0000 0,000 0,0 0,0 0,0,
0], dtvpe=intG4)

0,000 0,0 0 00 0,00 0 00,

dtype=int64)

0, 0, 0], dtyvpe=intG4)

Implementation 1. Karate

TOO SMALL dataset to be

used on Neural Network!



<> ---------- o Implementation 1. Karate

Implication

Too Small Dataset!

Should use most of the data to train the model



( unable to open

2. Other Datasets

[ Glass Dataset ]

BlogCatalog )

Ri Na Mg Al Si K Ca Ba Fe Type

144 151660 1299 318 123 7297 058 881 00 024 2

. 94 151629 1271 333 149 7328 067 824 00 000 2

Number Of Classes ' 6 35 151567 1329 345 121 7274 056 857 00 000 1

24 151720 1338 350 115 7285 050 843 00 000 1
[ ] 0 1 2 3 4 5 6 7 8 9 10 1 12 type
. . . . I 138 1349 3.59 219 195 880 1.62 048 058 088 570 081 182 580.0 2
- Goal : classify which type the wine belongs to! ;o 1ss 2o 12 040 242 260 0s2 187 85 129 267 w00 0
48 14.10 202 240 188 103.0 2.75 292 032 238 6.20 107 275 1060.0 0
- Number Of CIaSSeS . 3 10 1410 216 230 180 1050 295 332 022 238 575 125 317 15100 0
) 5 1420 176 245 152 1120 3.27 339 034 197 675 105 285 1450.0 0



all the other settings are same as [ 1.Karate ] except...

Binary Classification

Logistic Regression

( 1 classifier)

»

2. Other Datasets

Multi-Class Classification

OVR (One-Versus-Rest)

( C classifier)

[ Implementation |]

1. OVR
2. Confusion Matrix

3. F1-Score

( micro & macro )




Implementation 1. Karate
1. OVR

def OVR(data,test_ratio,epoch,Ir):
[train_x, train_y,test_x,test_y = train_test_split(data,test_ratio)| (1) Split the dataset

pred_result = []
real result = [] loop ‘C’times ( C : number of unique classes )

for index in datal'class'].unique():

train_yZ = (frain_y == index).astype(int) | (2) Return 1 if ( class = index)
test_y2 = (test_y == index).astype(int) 0 if (class! = index )

W,b = logreg(train_x,train_y2,epoch,Ir)

y_pred = predict(test_x,W,b) (3) Modeling & Training & Predicting
pred_result.append(y_pred)

real_result append(test y2)

pred_OH = (pred_result == np.amax(pred_result,axis=0)).astype('int")
act_OH = np.concatenate(real_result).ravel().reshape(data.iloc[:,—1].nunique(),-1)
return pred OH,act_OH  (4) Classify accordingto => 41 -1

Class1 vs. Others - fi y
Class2 vs. Others - f>

> = urp,,max folx)
V=1,...C

Classc vs. Others mmEp | )



Result

prediction,actual = 0VR{new_data,0.3,100,0.005)

epoch
epoch :
epoch
epach -
epach -
epach -
epach
epach
epach -
epach -
epoch
epoch
epoch :
epoch
epach -
epach -
epach -
epach
epach

epoch
© AN

DI"\I"\I’""'\

0

20
40
60
80

100

0

20
40
60
60

100

0

20
40
60
g0

100

0
20

loss
loss
loss
|oss
|oss
|o=s
loss
| oss
loss
| oss
loss
loss
loss
loss
|oss
|oss
| oss
|o=s
loss
loss

| [ R=y =l

1.012143425232233

- 0.276978281 72454686
. 0.2661b2697977399435
- 0.2674520147626868

- 0.26733675528461476

- 0.26726689270077 79
0.89589779539857002

- 0.68441683694129793
- 0.68011996582151064
- 0.6762043699275796
- 0.6724611416577259

- 0.666852590934953
0.9450484165785725

. 0.8350815753263266
- 0.8185435647036615
- 0.80284989103 76841
- 0./8778402/5607149

- 0.7733207572269169
0.67426882945995139

- 0.36971688004006756
N 2RRAQIRRRNRRRROA

Classifier 1 :[Class 1 ] vs [ Rest ]

Classifier 2 : [ Class 2 ] vs [ Rest |

Classifier 3 : [ Class 3] vs [ Rest |

Classifier 4 : [ Class 4 ] vs [ Rest ]



2. Confusion Matrix

def confusion_matrix(actual,prediction):
n = actual.shapel[0]
conf_mat = np.zeros((n,n))
for i in range(n):
for j in range(n):
conf_mat[i][j] += len(np.intersectid(np.nonzero(actual[i]),np.nonzero(predictionlj])))
return conf_mat ]

In [42]: actual?
out[421: array([[1, 1, 0,0, 0, 0,1, 0,0,1,1,0,0,0,1,1,1,0,0,1,0,0,
1,0 01,0, 1,1,1,1,1.,0,0,1,0,0,0,0, 0,00 0,71, Class 1 Truth
0,0, 1,0 1,0, 1, 0,0],
[g 8 g 9] } 9] g 9] g] g g llj 8 llj 8 1 ? } ? g llj 8 C|a332 Asphalt Concrete Grass Tree Building Total
01,0 00 00 1,0, 7
0,0 1,000,000, 0,0 0,100 0 0,0 1,0 0,1, Asphalt 2385 4 0 1 4 2394
01, 1,0 000000, 11,01, 1.0000 11,0  Class3
1, 0,0,1,0 1,0 0,111} Concrete 0 332 0 0 1 333
-
[}
In [43]: prediction? %g Grass 0 1 908 8 0 917
Out[431: array([[1, 1, 1,0, 0,0, 1, 0,0, 0,1, 0,1, 0,1, 1, 1,0, 1,1, 0,1, £
(DS P P R A O S B O A DA Y DAY Mo I DR AR Class 1 & | Tree 0 0 0 1084 9 =
1,01, 1.1, 1,1, 0,11,
0,0 0 1,1,1,0,1,1,1,0,1,0,1,0,0,0,1,0, 0,1, 0 Building 12 0 0 6 2053 2071
0,000, 1,0,0,0,0,0,0,0 000 1,01, 1,0 0,0 Class 2
[8% g 8 g 8 g Jj g]JO 0.0.0,0.0.0 00,00 0,0 Total 2397 337 908 1099 2067 6808
0,000,000 0,0,0,0,0,0 00,0 0,00, 00,0 Class 3
0,0, 0,0,0 0,0, 0,017}



3. F1-Score

Micro
pooled L F weight : number of actual class
T 18 9
3 ¢ 45
Macro (average & weighted average )
BAC T F CON T F EXP 3
T ¢ 3 T 5 4 T 2
- 4 11 F 4 14 F 20




3. F1-Score

def f1 _scores(con,score):
# score =0 7 micro / score =7 omacro / score = 2 0 oweighted macro

# (1) Micro F1

it score==0:
return np.diag(con).sum() /con.sum()

rec.pre.f1 = [].[].I]

for i in range(con.shape[0]):
recall = con[i][i] / con[i].sum()
precision = con[i][i] / con[:.i].sum()
f1 score = 2*recal I*precision / (recall+precision)
rec.append(recall)
pre.append(precision)
f1.append(f1_score)

# (2) Macro FJ
it score==1:
return np.average(f1)

# (3) Weiohted Macro FT
elif score==2:
w = [con[x].sum() for x in range(con.shape[0])]
return np.average(f1,weights=w)



Result

Glass Data Wine Data
. glass_con = confusion_matrix(actual, prediction) Confusion matrix ac‘tua|25 redic‘tion?
Confusion = slassicen - ( P )
matrix R IR T SR & | array([[11., 0., 2.1,
Eé:%fé:%:%:%i [ 2..15., 0.].
0., 0.. 0. 0., 4. 0.1,
[0 a., 2., 0., 1., 01D [ 8" 1" 18]])
print('Wine Dataset')
print('Micro F1 :',f1_scores(wine_con,0).round(3))
print('Macro F1 (Average) :',f1_scores(wine_con,1).round(3))
F1-Score print('Macro F1 (Weighted Average) :',fi_scores(wine_con,2).round(3))

Wine Dataset

Micro F1 : 0.792

Macro F1 (Average) : 0.792

Macro F1 (Weighted Average) : 0.799



Thank You!!




