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Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)
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o GIHEZEMLE (Convolutional Net)
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e 19604, Widrow and Hoff EEIXTERHLZTTAIBRIEMN JE)E 28 (Adaptive Filter)RERT
least-mean-square (LMS) algorithm, t0U{H delta rule
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1. & =0 (iteration¥%q)

. +1, () 1 .
2.1% = _1q () 5 forallj=1, 2, .., m.
3. YN E, = 10) 20) .., ()
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BRHINB=E3131E (Batch Learning)

While = _, - () >
For each sample ( , )forj=1, 2, .., m:
Calculate output = ( () )
Update weights ( +1)= ( )+ - () (n)
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Linear Separabilty for the classes C; and (. \

Rosenblatt - 1962

Let the subsets of training vectors C; and (s be linearly separable. Let
the inputs presented to the perceptron originate from these two subsets.
The perceptron converges after some ng iterations, in the sense that is a

solution vector for

w(ng) = w(ng+1) = w(ng +2) = ... (35)

is a solution vector for ng < ny0r




AN AU S EIE: Proof 1

a
w (0) = 0 (36)
ZEREBE =1, 2 3, . B

with x(n) belongs to class C}.

PERCEPTRON INCORRECTLY CLASSIFY THE VECTORS

z(1),x(2),...
RABRFMBIMEERN  (NES R RETEF)

w(n+1)=w(n)+ x(n) (38)
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1E{C{#HEHcorrection formulafg

i+ ZRINC

wn+l)=z(1)+x(2)+..+x(n)

HEEas, JH—EaE (#ES

Yy —

¥ (39) Fihsk w(0) 8

T T

min wgy T
x(n)eC

wow(n+1) =wyz (1)

—I—'wgm

(n)

(2) + ... + wy  (n)

(39)

(40)

(41)
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AN AU SN EIR : Proof 3

g (40) WA (41) A

wi w(n+1) > na (42)

(@ Cauchy-Schwartz £AFN1E, - EEIKIESE
2 2
ng{H |w (n+1)|° > [wgw(n—l—l)] (43)

1B (42) A (43) 15

2
wi | [wn+D)|F > n?a?

Jw (n+1)|7

1V
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X (38) N, MBZTRERI B

Jw (k+ D" = lw&)” + |2 (K)]° + 20" (k) z (k)

B (37) I

|w (k+ 1)
|w (k+ 1) — [|w (k)

IA A

2% ZRINC

|+ [z (B)])7
2

(44)

(49)
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RN AU S EIR: Proof 5

X (45) FIARIKIFRZISAS
Z[Hw (k+ 1)) = [|w (k }<Zuw (46)

Rz
w(0) = 0

z(0) = O
M (46) aIfbiEA

Jlw(n+DIF <Xiy llz®)) (47)
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AN AU ENEIR: Proof 6

EX—NIEE

(48)
= B
6 ShE, | (k)|
18 (48) WA (47) MEB
9
lw(n+1)" <y lz(k))° < np
FRuEE i B 32
2 2
nma:cO; — nmaa’:ﬁ (49)
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£ (49) R, X KiE, =

5 HwOH (50)

Oé

maxr
Fi:
For n(n) =1 for all n, w(0) = 0 and a solution vector wy
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o ~f5l: FIAS S ( height: cm ) | {AE ( weight: kg ) . F#& (age: years) . &
B7/K¥ (education level) EfMN—PMAREBEFEECESHREREIEEIEIR (obesity)
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e 55: ., K&E: L, FK: 3,

o XHBIKIE: 4, (0NFERLIT, 1409, 2.8, 3:XKEKLL)
o fBF: . (0:F; 1:2)

o IUNEWR: - (0:0-10; 1:10-50, 2: 50-100, 3: >100)
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e MBRXENEBRHATT UL, B—ENEUREAREENER, NIRFEMNFIXRITN
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BEXXDIAEHRELSENBERT, BEASELEID", HibEL T RERIMTAIMERTE
Bl ARBIEREGFHIGFEEISIARIRIA,

e AT EBEARKRNABLLTIEAGIF
o M1 BRINBITRERI
o =f5l2: delta rule BE0#1

o * ZHHAIZEIER D WTFENMEEH, AT UHEESDTT
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ZH01: hard margin

e GOAL: FATHE (sepal) fi1eili (petal) PHEKEESERXEEF (setosa and versicolor)
o ZYIEEE: Iris ZWIEE K H UCI Machine Learning Repository

e https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data


http://archive.ics.uci.edu/ml/

wWiaixZRINC

Inputs  Weights Net input Activation
function function

output




import numpy as np

class Perceptron(object): \‘-‘-Jl‘-': ENIVERSITY

1‘25%%'&‘\’.

def __ init__ (self, eta=0.01, epochs=50): Aw =1 (tal‘gct(l) _ output(‘)) x(l)

self.eta = eta

self.epochs = epochs *yiﬁgﬁﬁsl\—t

def train(self, X, y): AWU — ?}(t&l’g&t(f} - Olltpllt(i))

Aw; = n(target® — output®) x”
self.w_ = np.zeros(l + X.shape[l]) 3-?‘}] yﬁ“h*ﬂi AWZ = q(target(f) - Ollttlpf)ut(ﬁ) xéﬂ
self.errors_ = [] 4.?9]&"3“1;2/'\%&

for _ in range(self.epochs): *Xiﬁgﬁ: Emﬁ,*t

errors = 0

for xi, target inm zip(X, y): Sﬁ,ﬁﬁﬁﬁ*¥$ ij ey ﬁ'(_l(i) _ _1(1')) x}(f) =0

update = self.eta * (target - self.predict(xi)) *mgA . . (i)
self.w _[1:] += update * xi AW} - ﬂ(l(l) = 1(1)) xj =0

B ems v e EHINE
errors += int(update != 0.0) ia%iaﬂeﬁ *Xgﬁgﬁ %Ei?éﬁ%'é

self.errors_.append(errors)

return self ij = ??(1(1) _ _I{l)) xj(f) i ﬂ(z) x;f)
dot net_topue(serr, 1: 1. KT BB RN Aw; = (=19 = 19) x? = 1(=2) x”

return np.dot(X, self.w _[1:]) + self.w_[0] N . N
‘ BEE: NEEFERBEERES
dof predict(self, x): 2.8 FH I {H R &G K FN 45 RIS F 15 -1 5ix? (Bx: KEER)

return np.where(self.net_input(X) >= 0.0, 1, =-1)
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import numpy as np

class AdalineGD(object):

def _ init_ (self, eta=0.01, epochs=50):
self.eta = eta

self.epochs = epochs

def train(self, X, y):

self.w_ = np.zeros(l + X.shape[l])

self.cost_ = []

for i in range(self.epochs):
output = self.net input(X)
errors = (y = output)
self.w [1:] += self.eta * X.T.dot(errors)
self.w _[0] += self.eta * errors.sum()
cost = (errors**2).sum() / 2.0
self.cost_.append(cost)

return self

def net_input(self, X):
return np.dot(X, self.w [1l:]) + self.w [0]

def activation(self, X):

return self.net input(X)

def predict(self, X):

return np.where(self.activation(X) >= 0.0, 1,

-1)

Ga:xZRINC
IRKEE

1 . '
J(w) = 5 E({arget(‘} - output(’) ¥ output(i) eER

iT8HE
aw aw > Z(r(f) (f))Z
= E Z Wj(t(i) _ o(ﬂ)Z
Z 2(:(1) - 0(!)) (t(’) - f))
- Z(t(ﬂ (i)) ( D _ z wix ﬂ)
= 2,7 = oM (=x")

(t = target, o = output)

Aw; = _W% = =1 Zi(t(i) - O(i))(—x;ﬂ) =N E,-(f(f) — o(i))x;i),

EEF

W =W+ Aw.
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class AdalineGD(object): MANIING UNIVERSITY

def _ init_ (self, eta=0.01, epochs=50):
self.eta = eta

self.epochs = epochs
def train(self, X, y):

self.w_ = np.zeros(l + X.shape[l])

self.cost_ = []

for i in range(self.epochs):
output = self.net input(X)
errors = (y = output) I V) a
self.w [1:] += self.eta * X.T.dot(errors) EE*&;‘%I§1+A§7J“?
self.w _[0] += self.eta * errors.sum()
cost = (errors**2).sum() / 2.0
self.cost_.append(cost)

return self

def net_input(self, X):
return np.dot(X, self.w [1l:]) + self.w [0]

def activation(self, X):

return self.net input(X)

def predict(self, X):

return np.where(self.activation(X) >= 0.0, 1, =1)



import numpy as np

class AdalineGD(object): "q."."-Jl"hl; UNIVERSITY

def _ init_ (self, eta=0.01, epochs=50):

self.eta = eta

self.epochs = epochs E%UE?ﬁnﬁn

def train(self, X, y): . J‘XEE/\J “O" /_sEE 'T‘—'"& ﬁﬁZ:xEE
self.w_ = np.zeros(l + X.shape[l]) ZE‘_UFE%E/\J_ .J*j‘\_‘Lo
self.cost_ = []
for i in range(self.epochs): * *REE%EE%T%1/E%TFEEE$ZK !
output = self.net input(X) ﬁ'ﬁzzlﬁlzfz HUHI‘JJ\Z/I\*$ZKE;‘FE:
SERER S (7 - onipet) XA “HESE TR

self. 1:] += self.eta * X.T.dot(errors .
= e (batch gradient descent)

self.w _[0] += self.eta * errors.sum()
cost = (errors**2).sum() / 2.0
self.cost_.append(cost)

return self

def net_input(self, X):
return np.dot(X, self.w [1l:]) + self.w [0]

def activation(self, X): Eﬂl ”ﬁrg-lzlzﬂ:" Hg;E"*gI tEE_/I\E
return self.net input(X) Eﬂgﬁuiﬂnﬁ“, ZE%‘&?E‘#&ZEO

def predict(self, X):

return np.where(self.activation(X) >= 0.0, 1, =1)
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