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F ,G ⊆ Rd F ∩ G = ∅
F G

◦ f∗(x) = w∗x + b
f∗(x) > 0 ∀x ∈ F , f∗(x) < 0 ∀x ∈ G

Rd

f (x) = wx + b(w , b)
(x1 , y1), (x2 , y2), . . .(x i , y i ) Rd

x i ∈ F ∪ G y i ∈ {1,−1} y i = 1 y i = −1 x i ∈ F x i ∈ G



F
G A hypothesis, a hyperplane

in general, is uniquely specified
by a pair (w, b) 

(xi, 1)
(xj, –1) Data

f(x) = wx + b = 0



w ← 0 b ← 0

i = 1, 2, 3, . . .

i (x i , y i )
a = ∑d

j=1 w
jx j

i + b

y i ⋅ a < 0 x i
w ← w + y i x i
b ← b + y i
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f (x) > 0 ∀x ∈ F
f (x) < 0 ∀x ∈ G
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f∗ ∶ X → {0, 1}
C

F∗ = {a ∈ X ∣ f∗(a) = 1}
◦ F∗

R
H ∈ R

R ⊆ Σ∗ Σ∗

(a, f∗(a))
a ∈ X (a, 1) (a, 0)
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classifiers

A target classifier
(concept) f*

Hypothesis

(x1, 0), (x2, 1),
(x3, 1), (x4, 0), ...
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Data



ℝd

A class of
linearly
separable sets

A target of linear
equation f*

Perceptron(w, b)

Data
(x1, 0), (x2, 1),
(x3, 1), (x4, 0), ...

(in f(x) = wx + b)







Σ
a ∈ Σ

w = a1a2 . . . an

ε

Σ∗ ε Σ+ ε
Σ∗ = { a1a2 . . . an ∣ ai ∈ Σ, n ≥ 0 }
Σ+ = { a1a2 . . . an ∣ ai ∈ Σ, n ≥ 1 } = Σ∗ \ {ε}

Σ∗
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H ∈ R f (H,w) 0 1 w ∈ Σ∗

H
w H

L(H) = {w ∈ Σ∗ ∣ f (H,w) = 1 }
R

R
R N
◦



C ⊆ { A ∣ A ⊆ Σ∗ }
L ∈ C σ = (x1 , y1), (x2 , y2), . . .

L{x1 , x2 , . . . } = Σ∗

y i = 1 ⟺ x i ∈ L i
σ[i] = (x1 , y1), . . . , (x i , y i ) σ

M σ
γ = H1 , H2 , . . .

M Hi σ[i]



γ H H L
M L

M L ∈ C
M C



σ L

γ = H1 , H2 , . . .

i ← 1 S ← ∅

S ← S ∪ {(x i , y i )}
k ← min { j ∈ N ∣ L(H( j)) S }

H( j) j
Hi ← H(k) Hi

i ← i + 1
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L ∈ C
x1 , x2 , . . . L = {x1 , x2 , . . . }

γ M
H L(H) = L

M L



C
C

C
C

Σ = {a} C {an ∣ n ≥ 1}
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