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259,153 LS-Print1 276,341

LS-Print2

LS-Hand-All

LS-Hand LS-Hand

518,850 3.1

256 1024

5.4

Clustered-RNG
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5.8: LS-Print Clustered-RNG

5.4.1

Clustered-RNG 5.8

LS-Print1 2 Clustered-RNG

1 1

LS-Print1 5.8(a)

“3” “8” 2,857

3.1

“2” “3” LS-Print1

5.8(a) 353 LS-Print2 5.8(b) 1,238
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5.9: LS-Print2 “4” “5”

LS-Print2 2

“2” “3”

5.8(b) LS-Print2 Clustered-RNG “4” “5”

5.9 “4”

“5”

Clustered-RNG

5.4.2

Clustered-RNG 5.10

LS-Print1 2 Clustered-RNG

5.8

1 1
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5.10: LS-Print Clustered-RNG

5.8 5.10

5.8 “0” “6” 5.10

3.1 “0” “6”

Clustered-RNG

5.8 5.10

5.10 LS-Print1 “6” “8” 164

5.8

LS-Print1 2

Clustered-RNG

Clustered-RNG

5.2.3
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5.11: LS-Print

LS-

Print1 2 5.11

Clustered-RNG

5.5

LS-Hand Clustered-RNG

Clustered-

RNG
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5.12: LS-Hand Clustered-RNG (a) . (b)

5.5.1

Clustered-RNG

LS-Hand Clustered-RNG 5.12(a)

Clustered-RNG 5.12(b) 5.10 LS-Print1

2 1

716 724

Clustered-RNG 6

50 1024

PC Intel Core i7

3.4GHz 16GB OS Windows 7 Clustered-RNG

5.6.1

5.12(a) (b)

Clustered-

RNG 5.13

“7” “9” 30,593
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5.13: LS-Hand Clustered-RNG (a)

. (b)

“7” “9” 6,624

5.12(a) (b)

5.12(a) (b)

5.14 “4” “8”

“7”

5.12(b) Clustered-RNG “7”

“9”

“9”

“7”
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5.16: LS-Hand
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5.17: LS-Hand

5.5.2

LS-Hand Clustered-RNG 5.12(a)

5.16

LS-Hand Clustered-RNG 5.12(b)

5.17

5.17 “0” “8”

“2” “8” “9”

62



Clustered-RNG

5.16 5.17

5.17

5.16 “1”

“1” 5.16

“1”

5.2.3

k-

k

k

Clustered-RNG

5.5.3

Clustered-RNG

5.12(b) “7”
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5.18:

“1” “9” “7”

“7” “9”

LS-Hand

SVM (Support Vector

SV) SV (Bridge

Vector BV) Clustered-RNG

SVM LIBSVM [99] RBF

5.18

SVM

6

Clustered-RNG
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Clustered-RNG

SVM

SVM

Clustered-RNG 1

5.6 Clustered-RNG

Clustered-RNG

Clustered-

RNG RNG

RNG Clustered-RNG

5.6.1 RNG

2.2.5 RNG [59]

2 3 RNG

RNG RNG

RNG-1 [13] RNG

N O(N3)

O(N2) . RNG-1

RNG

RNG-1 RNG

Step 1 d(vh, vk), h, k = 1, 2, . . . , N, h �= k
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Step 2 (vh, vk) dxmax =

max{d(vh, vx), d(vk, vx)}, x = 1, 2, . . . , N, x �= k, x �= h

Step 3 (vh, vk) dxmax < d(vh, vk) vx

(vh, vk)

RNG-1 RNG

[100]

(Look Up Table LUT)

LUT

LUT

dxmax < d(vh, vk) vx

RNG

L2

RNG-1 2

5.19 RNG-1 Step 1

P 1 Vp, p = 1, 2, . . . , P

vh vk, k = 1, 2, . . . , N, k �= h

d(vh, vk) vh dpmin =

min{d(vh, vx)}, vx ∈ Vp, x �= h x LUT 5.19(a)

vn 4

LUT

RNG-1 RNG-1

1 5.19
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5.19: RNG (a)

. (b)

Step 2 3

O(N2)

RNG

LUT

5.19(a)

vn LUT 4

(vi, vn)

vm

max{d(vn, vm), d(vi, vm)} < d(vi, vn)

LUT

(vh vk)

vh, vk vx′ , vx′′ ∈ Vp d(vh, vk) ≤
max{d(vh, vx′), d(vh, vx′′)} Vp
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5.19(b) vm, vn LUT

7

d(vm, vn) ≤ max{d(vm, vi), d(vn, vi)}
(vm, vn) A2

d(vm, vn) ≤ max{d(vm, vj), d(vn, vr)} B2

A1

B1

RNG

LUT O(N)

5.6.2 Clustered-RNG

RNG Clustered-RNG

RNG

Clustered-RNG O(N2)

MNIST LS-Hand

28× 28

MNIST 754 1024

16× 16 LS-Hand 256 1024
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5.20: MNIST Clustered-RNG

Clustered-RNG 3

Clustered-RNG PC

Intel Core i7 3.4GHz 16GB OS Windows 7

MNIST Clustered-RNG 5.20

Clustered-RNG O(N2)

Clustered-RNG

8 RNG-1

20 Clustered-RNG

LS-Hand Clustered-RNG 5.21

5.20 MNIST 50

LS-Hand Clustered-RNG O(N2)

Clustered-RNG

6 MNIST
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5.21: LS-Hand Clustered-RNG

RNG-1 Clustered-RNG

MNIST LS-Hand

LS-

Hand RNG-1

9,000 RNG-1

LS-Hand 50 250GB

9,000

RNG-1 Clustered-RNG

p
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p = 64

p

p

p = 8

p

CPU

p = 200

CPU

p 8 p 10 100 8

Clustered-RNG

Clustered-RNG

p

5.7

RNG

1

RNG RNG

1

Clustered-RNG

50 50
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4.6 MST

RNG MST MST

RNG

Clustered-RNG Clustered-RNG

RNG

RNG

RNG

O(N)

Clustered-RNG
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6

SVM

6.1

Clustered-RNG

SVM

Clustered-RNG

SVM

2.4 SVM

SVM SVM

O(N2) SVM SVM

SVM

SVM

SVM

SVM

Clustered-RNG

SVM SVM

5.5.3 5.18

SVM
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6.1: SVM

6.2 SVM

6.2.1 SVM

Clustered-RNG

SVM SVM

SVM

SVM

1. RNG 6.1(a)

2. RNG Clustered-RNG

6.1(b) emn, eij, epq 6

3. 6.1(c)

4. SVM SVM

6.1(d) 6 4

one-vs.-all 2 SVM

Clustered-RNG
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6.2:

6.2

A

A A

B C

A B

SVM

5.8(a) LS-Print1 Clustered-RNG

“0”-vs.-all 2 SVM “0” 4

“3” “6” “8” “9”

“0” “1” “2”

“0”

4

Clustered-RNG

2.4 SVM
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SVM

SVM

SVM

SVM

SVM

SVM

6.2.2 SVM

Clustered-RNG

SVM

SVM

SVM

SVM

RBF(Radial Basis Function)

K SVM f(v) = sign(
∑

k∈S αkykK(v, vk)+ b),

yk ∈ {−1, 1} S αk

vk α

SVM

SVM α
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6.3: 2 SVM (a) RNG. (b)

(c)

6.3(a) 19

6 6.3(b) (c)

RBF SVM

α (b)

(c) (b) (c)

6.5

6.3

6.3.1

LS-Hand

MNIST
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SVM

518,850 LS-Hand LS-Hand

100,000 LS-Hand-All

MNIST 60,000

10,000

3.1

16× 16

LS-Hand 256 28× 28 MNIST 784

1024

SVM LIBSVM [99] RBF C

γ 5-

PC Intel Core i7 3.4GHz 16GB OS

Windows 7

6.3.2

SVM

(i) (ii)

(iii) 3

one-vs.-all SVM

SVM

SVM

SVM (iii) LIBSVM

SMO [84] O(N2) SVM

(ii)
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(i)

(iii) SVM

SVM

SVM

6.4 SVM

SVM

6.4.1

LS-Hand SVM 6.1

(ii) (iii)

C σ 3× 6 Clustered-RNG

SVM 6 Clustered-RNG

6.1

1/50

“9”-vs.-all 20,467
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6.1: LS-Hand

Training Dataset Full Bridge Random

(Proposed)

#Training Data 518,850 10,592 10,592

Clustered-RNG(s) – 1.16× 105 –

Parameter Optimization(s) 6.37× 106 3.72× 105 2.15× 104

SVM Training(s) 5.22× 104 8.50× 102 1.72× 102

Total(s) 6.42× 106 4.89× 105 2.17× 104

#SV 3, 186 2, 848 883

Error Rate(%) 0.061 0.073 0.34

6.1 1/50 SVM

Clustered-RNG

13

70 SVM

6 one-vs.-all SVM

SVM

0.27 %

SVM

SVM
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6.4: LS-Hand

6.4.2

LS-Hand 50

SVM [92,

93, 95, 96] SVM

SVM LS-Hand

SVM

6.4 SVM

LS-Hand 500

1.84 %

2.33 %

SVM
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6.4.3

6.4.1 6.1

SVM

SMO

5.5

LS-Hand

LS-Hand SVM 6.2 LS-Hand

SVM

6.1 6.2

SVM 4.89× 105 s

9.54× 105 s 2 6.2

10 %

SVM 1/5

6.2 6.5

SVM

SVM

6.1 6.2

3,000
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6.2: LS-Hand

Training Dataset Size (%) 100 10 1 0.1

Preselection Method None

#Training Data 518,850 51,880 5,180 510

Clustered-RNG(s) – – – –

Parameter Optimization(s) 5.46× 106 1.62× 105 3.32× 103 2.91× 102

SVM Training(s) 3.73× 104 1.15× 103 1.52× 101 ≤ 1

Total(s) 5.50× 106 1.64× 105 3.34× 103 2.92× 102

#SV 11, 741 2, 753 768 159

Error Rate(%) 0.085 0.24 0.69 2.2

Training Dataset Size (%) 100 10 1 0.1

Preselection Method Bridge Vectors (Proposed)

#Training Data 43,967 6,142 837 107

Clustered-RNG(s) 4.75× 104 3.55× 102 5.60× 100 ≤ 1

Parameter Optimization(s) 9.02× 105 2.14× 104 9.71× 102 1.43× 102

SVM Training(s) 4.34× 103 7.66× 101 4.46× 100 ≤ 1

Total(s) 9.54× 105 2.18× 104 9.81× 102 1.44× 102

#SV 9, 102 2, 474 562 105

Error Rate(%) 0.081 0.24 0.71 2.2

10,000
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6.5: LS-Hand
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6.6: SVM
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6.5 MNIST SVM

LS-Hand

SVM

MNIST

SVM

6.5.1

MNIST

6.1 MNIST 6.3

6.3 MNIST

SVM Clustered-RNG

11

6.1

13

6.1 LS-Hand

1/50 MNIST 1/10

LS-Hand

6.4 MNIST

SVM

6.8 6.4
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6.3: MNIST

Training Dataset Full Bridge Random

(Proposed)

#Training Data 60,000 4,313 4,313

Clustered-RNG(s) – 1.33× 103 –

Parameter Optimization(s) 2.61× 105 2.34× 104 4.40× 103

SVM Training(s) 3.02× 103 1.20× 102 4.70× 101

Total(s) 2.64× 105 2.48× 104 4.45× 103

#SV 1, 684 1, 690 695

Error Rate(%) 0.42 0.47 1.08
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#training data (log scale)

Bridge vectors selected from a subset of LS-Hand

All images of a subset of LS-Hand

Bridge vectors selected from a subset of MNIST

All images of a subset of MNIST

6.8:

6.4 LS-Hand
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6.4: MNIST

Training Dataset Full Bridge Random

(Proposed)

#Training Data 60,000 5,313 5,313

Clustered-RNG(s) – 7.61× 102 –

Parameter Optimization(s) 1.20× 106 7.57× 104 2.42× 104

SVM Training(s) 4.48× 103 2.06× 102 6.71× 101

Total(s) 1.20× 106 7.67× 104 2.43× 104

#SV 3, 498 2, 712 1, 200

Error Rate(%) 0.40 0.40 0.98

6.2 MNIST 6.4

MNIST

SVM

1/10

LS-Hand MNIST

MNIST Clustered-RNG

MNIST Clustered-RNG 6.9

6.10 6.11

MNIST

LS-Hand

MNIST
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6.9: MNIST Clustered-RNG (a) . (b)

5.15 6.10

LS-Hand 50 MNIST 6

LS-Hand MNIST 5.14

6.11 MNIST LS-Hand

SVM

SVM 6.8

6

SVM LS-Hand 0.13 % MNIST

0.42 % MNIST

5 Clustered-RNG

MNIST Clustered-RNG
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6.11: MNIST

[97, 98]

6.3

6.4 SVM
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HOG [101]

[102, 103]

6.5.2 SVM

MNIST SVM

SVM

SVM

MNIST SVM 6.5

6.12

6.13

“1” 6 1,977

6.14
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6.5: MNIST

Full Bridge (Proposed) Random

Class #Training #SV Error #Training #SV Error #Training #SV Error

Data Rate(%) Data Rate(%) Data Rate(%)

0 2,341 0.20 3,681 1,575 0.20 3,681 504 0.68

1 1,422 0.25 1,977 1,023 0.27 1,977 354 0.42

2 3,737 0.33 4,930 2,844 0.34 4,930 1,072 0.89

3 4,711 0.45 7,043 3,779 0.47 7,043 1,566 1.22

4 60,000 3,733 0.38 5,768 3,371 0.37 5,768 1,074 1.15

5 4,629 0.44 6,929 3,073 0.43 6,929 1,815 0.73

6 2,225 0.25 3,247 1,632 0.27 3,247 674 0.65

7 3,081 0.43 4,822 2,287 0.44 4,822 1,073 0.97

8 4,701 0.58 6,951 3,791 0.63 6,951 1,985 1.48

9 4,401 0.70 7,778 3,745 0.61 7,778 1,881 1.56

Ave. 60,000 3,497 0.40 5,313 2,712 0.40 5,313 1,200 0.98
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6.12: MNIST
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SVM

5 Clustered-RNG
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7

7.1

MST

RNG Clustered-RNG

RNG

SVM

1

SVM
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3
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4 MST
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5 RNG
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1

Clustered-RNG RNG

RNG Clustered-RNG

50 50

5

RNG

RNG

Clustered-RNG

Clustered-RNG

6 5 Clustered-RNG

SVM
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50

MNIST
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7.2

[104]

[105]

Clustered-RNG

binary tree SVM [106, 107]

coarse-to-fine
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