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이것은 이용허락규약(Legal Code)을 이해하기 쉽게 요약한 것입니다.  

Disclaimer  

  

  

저작자표시. 귀하는 원저작자를 표시하여야 합니다. 
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Q

T = {t1, t2, · · · , tm}
θ = k=1,2,··· ,m−1 . (tk, tk+1)

TQ = {ti1 , ti2 , · · · , tir} q
Q

Q

S Q
⋃

s∈S

s− TQ Q

S = ∅
j = 1, 2, · · · , r
s = {tij}

k = 1, 2, · · · , ir+1 − ir − 1
. (tij+k−1, tij+k) ≤ θ
tij+k

tij+k

tij+k

tij+k

S = S ∪ {s}
j

s = s ∪ {tij+k}

S = S ∪ {s}
j

S = S ∪ {s}
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κ = 0.749 (p ≈ 0)
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( , ) :=

( ) :=

( )

t1, t2

t1 =
(

. 1
1, . 1

2, · · · , . 1
n

)
;
∣∣t1

∣∣ = 1

t2 =
(

. 2
1, . 2

2, · · · , . 2
n

)
;
∣∣t2

∣∣ = 1

t1 · t2 t1 t2

.
(
t1, t2

)
=

t1 · t2

|t1| |t2| = t1 · t2 =
n∑

i=1

(
. 1

i × . 2
i

)
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tq ∈ TQ

. (t) :=
tq∈TQ
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k (mi) =
1

k

k∑

j=1

j (mi)

=
1

k
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j=1

mi j

mi j

.

µ

m

µ k (m) =
1

1000

1000∑

i=1

k (mi)

m m1, · · · ,m1000
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"1 "2 "3 "4 "5 #1 #2 #3 #4 #5

! " ! ! " " ! ! " "

m1

"1 ! P 20 = 1/1 = 1 AP 20 = (1)/1 = 1
"3 ! P 40 = 2/2 = 1 AP 40 = (1 + 1)/2 = 1
"2 "
"5 "
"4 ! P 60 = 3/5 = .6 AP 60 = (1 + 1 + .6)/3 = .87
#4 "
#1 "
#3 ! P 80 = 4/8 = .5 AP 80 = (1 + · · ·+ .5)/4 = .78
#2 ! P 100 = 5/9 = .56 AP 100 = (1 + · · ·+ .56)/5 = .73
#5 "

m2

"4 ! P 20 = 1/1 = 1 AP 20 = (1)/1 = 1
"1 ! P 40 = 2/2 = 1 AP 40 = (1 + 1)/2 = 1
"5 "
"3 ! P 60 = 3/4 = .75 AP 60 = (1 + 1 + .75)/3 = .92
"2 "
#4 "
#2 ! P 80 = 4/7 = .57 AP 80 = (1 + · · ·+ .57)/4 = .83
#1 "
#5 "
#3 ! P 100 = 5/10 = .5 AP 100 = (1 + · · ·+ .5)/5 = .76

· · · · · · · · · · · · · · · · · · · · ·
m1000

"5 "
"2 "
"3 ! P 20 = 1/3 = .33 AP 20 = (.33)/1 = .33
"1 ! P 40 = 2/4 = .5 AP 40 = (.33 + .5)/2 = .42
"4 ! P 60 = 3/5 = .6 AP 60 = (.33 + .5 + .6)/3 = .48
#3 ! P 80 = 4/6 = .67 AP 80 = (.33 + · · ·+ .67)/4 = .53
#4 "
#2 ! P 100 = 5/8 = .63 AP 100 = (.33 + · · ·+ .63)/5 = .55
#5 "
#1 "

µAP 20 = ( 1 + 1 + · · ·+ 0.33) /1000

µAP 40 = ( 1 + 1 + · · ·+ 0.42) /1000

µAP 60 = (.87 + .92 + · · ·+ 0.48) /1000

µAP 80 = (.78 + .83 + · · ·+ 0.53) /1000

µAP 100 = (.73 + .76 + · · ·+ 0.55) /1000
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