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4.1. Classification(214))

 Credit scoring example:
* Inputs are income and savings
« Qutput is low-risk vs. high-risk

Savings
| Low-risk

« Formally speaking
e Input: x = [z1, z2]? ngoh—nsk
» Output: C €{0,1}

® ®

« Decision rule: if we know P(C|Xy, X5) * o

C=1if P(C =1|z, > 0.5 >
ChDDSE{ ' ( |$1 mz)

C' = 0 otherwise Income

« Or equivalently,

C=11if P(C — 1|:I?1,:132) = P(O — 0|:1:1,:I:2)
choose
C' = 0 otherwise

« And the probability of error:
1 —max [P(C = 1|z1,z2), P(C = 0|z1, z2)]



4.2. Bayes' Optimal Classifier « Choose arg max P(C|x)
4.3. Losses and Risks (=41} 2|§)

* Credit scoring problem
« Accept low-risk applicant — increasing profits
 Reject high-risk applicant — decreasing losses
> increased loss by accepted high-risk applicant # decreased gains by rejected low-risk applicant
« Errors are not symmetric! —» Maximizing gains? Minimizing Losses?

 Define
a;. Action assigning input to class C;
Air: Loss of a; although the real class is Cj,

-
* Expected risk: R(a}-lm)?z}é}};ﬁ(@l.ﬁ)

» Decision rule (minimum risk classifier): Choose arg min,R(C/x)
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4.4. Discriminant Functions(T'&

- P

¢ Choose C;
« Note:

gi(x) = ¢

\

(—R(ai|x)

P(C;|x)
P(C

gi(x)

X2

if g;(x) = max g (x)
Minimum risk classifier

Bayes classifier with 0/1 loss
p(x|C;)  ditto

BH)

1

4.5. Linear Discriminant Function

gi(x) = Z WiiXj + Wig
j=1

v



g(x) = Wi1Xq + Wy X9 + Wgo = 0

: g(-:r:} =wlz+ wy

Cq1if g(x) >0

choose _
{Cg otherwise

(52)



4.6.

M E E(Single Layer Perceptron)

Impulses carried toward cell body

\ dendrite
presynaptic
/ terminal
~

Impulses carried away
from cell body
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is licensed under
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: output axon
activation
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Side-by-side illustrations of biological and artificial neurons, via Stanford’s CS231n. This analogy can't be taken

too literally—biological neurons can do things that artificial neurons can't, and vice versa—but it's useful to
understand the biological inspiration. See Wikipedia's description of biological vs. artificial neurons for

more detail.



ngle Layer Perceptron)

, o S
Y= D Wi, + wy = djwpr, where 2g=1- - - - . {(46.1)
k=1 E=10
SR ..f ’I'-;_,'U L
= flo)= - WL ¥~ {4.6.2°
.y .fiy} 10 otherwise S . ( . )

Threshold function: outputs 1
when input is positive and 0
otherwise — perceptron

2 S
Logistic sigmoid function
N S S ——
J(‘L) - 14e—2
Differentiable — a good
property for learning i
xO = 1 xl xz xd . ﬂ':f{y'}:'l_i_f*? . . . . . . . . . (4:63)



4.7. Training Perceptron (& 4!

Gradient Descent (A Al 46}

Training Sample z* =[21. 45, ...

Perceptron Output yt

Regression (Linear Output)
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Gradient Descent

Training Sample 2 =[21. 25, ....a%

Perceptron Output y*

Classification (Sigmoid Output)
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Logistic Regression vs. Perceptron

ol
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[Scikit-Learn class]

Perceptron: Threshold = 210 sl

n
X = E XiW;i
i=1

Y_{+1 if X =6
-1 ifX <4

n
Y = sign EZ XiW; — 9]
i=1

Aw; = n(t —y)x;






Perceptron &&

2x> from sklearn.datasets import load_iris

OREILLY" Frr iris=!oad_iris(as_frame=True)
=xx |ist{iris)
=Hx I ['data', 'target'. 'frame', 'target_names', 'DESCR', 'feature_names', 'filename']
?_H_% D—ltla-lo 2> iris.data. head(3)
Hands-On Machine Learning sepal length (cm) sepal width (em) petal length (cm) petal width Ccm)
with Scikit-Learn, 5 . ‘] 3 . 5 ‘] . 4 |:| ) 2
Keras & TensorFlow
R 4.9 3.0 1.4 0.2
N N 4.7 9 2 1.3 0.2
*> iris.target. head(3)

M — Ny A=

.
1]
1]
1]
Mame: target, dtwpe: int3dd

x> jris.target_names
arrav(['setosa', 'wversicolar', 'wirginica']l, dtype='<10")

{ Versicolor
’ Vs

perceptron-10&-p217~218-p378-3rdEd.py




Perceptron &&

OREILLY

=2 Hil2 = sk learn. | inear _model LogisticRegression
Hands-¢ ichine Learning . . "
i sk learn.model _selection train_test_split

W=iris.datal["petal width (cm)"]]  values
v=iris.target_names[iris.target]l=="virginica'
W_train, X_test, v_train, v_test = train_test_split{X,v, random_state=42)

log_reg= LogisticRegression{random_state=42)
log_reg. fit(%_train, v_train)

log_reg. predict(¥_test)

x> |log_reg.predict{¥_test)

arrav( [False, False, True, False, False, False, False, True, False,
False, True, False, False, False, False, False, True, False,
False, True, False, True, False, True, True, True, True,
True, False, False, False, False, False, False, False, True,
False, False]l)

perceptron-10&-p217~218-p378-3rdEd.py



Perceptron &&

O'REILLY"

HEL AR e

Hands-On Machine Learning
with Scikit-Learn,

imeort onumpy 25 np

Kars & ToiorElin from sklearn.linear_model import Perceptron
¥=iris.datal["petal length (cm)", "petal width (cmi"]] values
y={iris. target==0) #lrizs-setosa

per_clf = Perceptron{random_state=42)
per_clf fit{x,v)

¥_new=[[2,0.8],[3,1]]
v_pred=per_cl|f . predict{¥_new)

»2x oy _pred
array([ True, False])

perceptron-10&-p217~218-p378-3rdEd.py



from sklearn import datasets

B from sklearn. linear_model import Perceptron

NN @ . from sklearn.model_selection import train_test_split
- import numpy as np

#O0HYNE 10 4 e HAE g2z
digit=datasets. load_digits()
x_train,x_test.v_train,v_test=train_test_split(digit.data.digit . target. train_size=0.6)

A
o

# fit 5= Perceptron &
= Perceptron(max_|ter 100, etal=0.001,verbose=0)
p.fitlx_train,yv_train) # digit OOz 222

res=p.predictix_test) #f HAE =22 =

P E= #Z

nl'oﬁ—g gicE conf =np. zeros(Em EU))))

for i in rangeilenlres)):
oxl P conflres[il][y_test[i]]+=1
— — print{conf)

# HEE HA
4'2. no_correct=0
Py
for i in ranag=(10):
no_correct+=conf[i][i]

accuracy=no_correct/| en(_res) B
print("BHAE HEHW e BEEHEE ", accuracy=100, "% LICH.")
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