creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

g7)A <94E 93 34
AEFA ARG 2d

1T - 1

Sparse Convolutional Neural Network for
Handwriting Recognition

20173 8¢

Agdsta oate
AFEH ¥ AT

5 o



714 94& A%
AEFA A7 %5—'_@_

1T

ﬂ

Sparse Convolutional Neural Network for
Handwriting Recognition

Aems 4 ¥ g

o] EE & oA =ELE AT
20174 74

Agdsta oate

B9 HARAEES AFF

2017@ 74

9 4 F 9 8 9 (D
29498 F 9 g ()

4 4.9 @8 ¥ ()




-

R

= OFell A

]

A
o

|

A
714 <

s
=

s %

ofol 4 o]

]

b e,

°

A5

[e)

3 woklAl 1 Fovt EErHeR FUtsta
=

J

A
pul

chre
7 72 CNN

T=

{
Tor

#
=

=

|

o

Recognition
=
[e)

71%&9] mdo] H &)
CNNejl A

60,0002} A+ o v A

A
2 A% Canadian Institute for Advanced Research(CIFAR)-10 d|©]

Visual

Scale

ko] A FEL GoogleNeto] 4 &

Imagenet Large
[e)

AL

&t

=
9]

=

1

0.
H

=

L=Sfe}
r2s

Bl # 98] A5 regularization 719 ¢ o
s

s} g

i
=

Ao
=g
S CNNejl

=

’

Challenge 20144 #Hi1e] ¢
L

12w
]

o
oh

2L =
=,

1 1070 =&

9]

B

Fack A

°©

3
Hole W EgolxRn

I3

S|
ZS|

sl =sd¥ 7] CNNej

1o

o
o

—

<
No

#7 dads Ae

3

vhe =g o



tol 4 ¥ CNNej

7| utE

520 & 2, 260,000 = =}9]

1T ==
L o

I Hl o] E

ks
pul

o AH&

3
=

7]1uke] CNNo| 7]#9] LeNet T-%<] CNNol| H]& 3

A

e

: 2015-22892

il

13
of



Hr

i

I A

T
Hr
K
70
o
il

O © - o0 o0 O

o
TO
<
Mo

0

e

il
~

N

o

10
192

9] Regularization

A E 2o A 2] Regularization

=

o

4.1. o

12

A 7 ko] /\1 9] Regularization « -« sseeesesescaen.

e

up
ad
3
=0

p—

)
gy
olo

N

—

el
i

p——



IV. A3 2 LI A Q24 AT BA] e 21

1. T OJE] TH A ceeereeeesmeneeeee 21
2. ERHE Y] T T BA] e e 23
3. "7)A 2] AT O EA 28
4, 7] T O] AT e 32
V. B B s 33
;Q—_ﬂ%@ .............................................................................................................. 34
OF T @ OF ettt 38
v -'J*'-E e 1_ I



[1¥

[1¥

[1¥

[1¥

[1¥

[1¥

[1¥

[1¥

[1¥

[1¥

[1¥

11 222}, bl G2 O] E] Q] G A] s 9
9] ABZH GAFG] QA cerrrerrsrnerersssis e 7
3] Residual Network®} GoogLeNet®] dF-iof tfst 7/fdx= --11

4] =Folso] ALY w] UEYZY o] e, 16
B] FHTAZE ZTE] ottt st tast s tasa sttt ssens 18
6] Stol-2 3 ST E] Q] O] s 19
71 SHAE 7 AL8E QAN FE o 20
8] CIFAR-10 W O] E] Q] G A] ereermrremeresescmnininsieeesncns 29
9] =4 e A =g FEW HAE Ao thal ofg] e 7
10] &= =14 Ao et zF mald ks A s 31
111 =227 489 ndo] Zo]l s A v 32



[& 1]

[& 2]

S A7) A HOlE Q] F S I e 29
E‘:'/]H—o]_%jl]_ E%%Hg }\é.‘g.u]ﬂ .................................................... 26

[Z 3] 449 ARFA dololo] 2zt =HRE ARG R 483y

S O] Q1A] A BFIE e %

[ 4] 5/0e] AREA dojolo] Zzt =RUHE AU 4859

S O] Q1A ABFIE et 2%
[ 5] o8] AZc] =HdZHE A4S wo] AS 7
[ 6] LeNet 7]HF CNNG| TJhIe  crereeersemserseesemsieseiseseiessesssisesse s 28
[F 7] VA HE 78k CNNO LR e 29
[ 8] 3= = 1A oo WdF 2+ mel 012l ATE 31

’ M2



L A &

A7 Wax % 24

1.

4
!

ks A 1990 tHH-E - 1ol iRk Sagk ArE Al e, B

Support Vector Machine

SO
zo

2003)
o] F2t} (Bahlmann et al., 2002).

EA124d(Cho & Kim,

o =
(SVM)=

) XN
=

Mo

I
3K

o

i
]

o

A& ol

bl

v A7 (LeCun et al, 1998), GA S5,

F=9 o €]

)

£

3T
IT

%

el

—
o

olo

el
il

Mo

&

(Sermanet et al., 2012; Liwicki et al., 2007; Yin et al., 2013).

B

A FAE AT (Kim & Xie, 2015 Kim et al,, 2016). =< 49 1d



= |5

S
Of =

(@) At HlolEfe] ofA]

=
S 5
E NE OF

I

\oVl

ESE ERN S

st

u

clolE <] ofjA]

©
ol

[29 11 54, b, a2 dolele oAl @3¢ A% 4 (107 Ze2)
obstwl (267) Zelz) wrl DA We 20007 ol de] Ze)svt =45
TzAow o Ba.



R oA Gohun 84 B 20008 ool itk webd Az oY
ofu A Q14 FopolA ol A%E Mol CNNFZ WEHAEZ A}
gotel @2 WAl A4S FASGE AL AL Wyolda 2 & gl
oS, B Q140 FE ASEE $§ BRE FE AvE E
olu} B2 PCS o] vmelel GPUS 24 Ago] A@HE 94

of YEolme BIA A471E Auitel dof ¥ ARES A

il
kol

B
HAoZ FolHAE HE JAAES 4S5 F AeAd g A& A
HA HHdoz o, olE A5ty 98] <A R E(Inception
module)S AF&3A T QdAMH RE-LS Imagenet Large Scale Visual
Recognition Challenge 2014 (ILSVRC 2014)el4 ILSVRC 2012941
19 Ae5S BEAY Alex network(Krizhevsky et al., 2012)o H]&| 124
A2 gEr B 2E oF 10%9] top-5 A= FdS D43 GoogleNet?]
Al REo|t} (Szegedy et al, 2015). ©]#3F FHE FHal AN BE
S 7|¥Fe 2 CNN networkE FAstY] st= F7]A] 14 Ao 2 &3
Abdl 9A] BaEAqrt (Kang et al, 2016). &A%k dutxg oz o 2y

2deol Ag 29 S5 @/ #ow A HelHE 3 A9 (overfitting)

A3l7] 9lel A A3 regularization 7S Abgdte] 3 A3 EAES &



L

wEES S5 MANTE PR HeHth Sgo

_ﬁ
Yo
ftlo
>
ofo
o
)

weight decay << sparsity penalty (Ng, 2011) &2 UE regularizer”}
ol g5 Al UMEYAE i (sparse) 2L 7THAES s F 9
t} (Srivastava et al, 2014). o]& S 2= 2 24 T4 =9o=
514 ¥ @(sparse representation)S RS T UM, o] ks ©

Satd mgol Atk SAT ol ONNS ARFA Fo 54 Yo 3

o= H a7 ¢9dAth (Hinton et al, 2012). waba] =gol2
Z F°] CNNeoj| A3tst Fejg& 2ol 11 a9 & Ildnes e + W

A Bz @ o% Adsr] f8 =doks Me A8

]
E=)
Jm
oX,

%, ol 44 =E 7wl CNNe| 2
gakel @2 LAl WE AYL FPsaAch
Age ¢4 =gl adel dsl s s 1071 22,

60,00042] A olmx|&Z FAFE Canadian Institute for Advanced

ne NFe s, Ade 25 =agE 7 CNNo| 2 859S o
Egole B o v kst e /E GA4Te Gt B3 =9
ZE7F CNN9J 3 fAl 29 Fo 2842 45 23y 48] ¢ ¥

ke
3
UL, 260,000 SA2 ofFo|X = AIIA dolHol thdk 14

49e FAstach

4 A 2 ‘_]l



T A

v

W

p—

—_—

ol
jle

o

8T = 9l CNNO| 72 o

71l el =gk A

o
ES

o}

#

i
e}
)

o}
iy

71 2] LeNet

(Lecun et al, 1998)7]4Fe] CNNE. T} A& 9] ubgln

=)

—

0

ol

=4, EHZE7E =tolo Hls] CNNe

7F?

=

R

A o

347} of

He ty@dEe] §

U =
-1 ©

kel
T
T A=

’

A

l

Al



ot
4
Kh
o
Na}

1o,
)
i
!
r>~
Kh
*

Na}

o
-
i
o
fr
>
i~
T
=)
i
H®
i
=

6
.-':I-J
= _'\«.I:
| ,' i | &1
-] &t
y AL



el =4 g Ve 7

=

tol CNNofl A A A

3] AmRAt | A

S

5

AL

=

=

o AFA

o]

=
I=]

o,

=

=

R

u}

Fx = A

=

(2)

2
PN
T

Al

i

d +bfj))

(1)
7h7

w

X M,

( (1)
xi+w,j+h

=0

h

=0

)

w

(1+1)

€T

i,5,d

7_11-

stH, W, H=

g <)

oA 4, jA A

=l

21 (3l i, g

b

Joll tisiA 3
J9o® JdAes

=

=

o

et

g M que
Ashw 1Y 29} Prh 1 26lA] wE ZEFH AN

7ol

s
=

o d¥A viaa

=

I AS

7_11-

o,

o

]

olm

B

-18.2
21.06

A3

I+
6.9
0.6

-86.6

3.6
-2.2
9.8

-9.4
=50

P |

—]

3.5
-0.4

x@

-l-_____-‘--
6.25 "'1'2-6—....___4__5_3'__-

2.8
3.
-40.2

0.3

ey

-1.5

-0.8
5.7

o] e Al

<!

A

3’

O

ol

n-
gl

he!

A

[Z¥ 2]



o] A)
1 1

<+ CNN7]

JJo

g AollA AR

A &t} (Kim & Xie, 2015, Kim et al, 2016).

—
file)

-
R

A7ke] ol o] A

il
zF(Mean Squared Error)

=
=

o
-

A 3

el

&

backpropagation T} oA HHAY &=

Aol Al A=

<
T

Aot

S

T o]
X 3y

—
file)

(o)
H

A~ = ) g
T= =

e &

TE3 == discriminativ

A}
=

hybrid learning &8 &

SRS

%9}

Ton

S|
ZS|

o 7]1¥9 softmax 7]WF &

ToR

(Kang et al., 2016).

Nd

;?L

To-

13 % o

A Al

W
il

& Bl et

=
[€)

3

A

okoll A ) 312]

=]
AL

o] Al
w1

o] o] A]

17

A
pue

AR A

At (Zhang et al,

i

)

o o

w2k CNNejl

ol
HT FEHAE

2016).

S 2

7HA] 22l CNN

v
Nlo

o



3.1. Residual Network %
2 U EQ A(residual network):= CNNe| 24 = Alolo] A EA4

(shortcut connection)& AF&-3to] 7]&29] CNNeoll H]s] 100 5 o]do=

N

24 A& JEYAE Fx3) st Aoz g5AlA ILSVRC201590
A Hae] AES Bl vt dtiHe et al, 2015). AT Aol =E 7=
o] CNN& 24 ZFo] yiF oA A A 23]g QA Eo] AXAY

wale) stero] Bt

|
o

olr
ol
v
rlr
M
Y
X
ftlo
=)
)
ol
K
o,
il
2
iR
ol
N
Ho
%
rlo

9 3 Aol AEHE Frhag

1T
ofNi
o,
H
v
it
)
BN
Jm
[eZa
a
X
a
=]
(@)
(@)
@
2
c
)
fr
>
>,
ofo
_0|L
2
An
Ho
ofiy
rlo
oX,

TS E g YA "o AEAHe] AZFE A UEL A dFo st
a9 3

of vt A



3.2. GoogLeNet *+&

N

GoogLeNet2 <141
ILSVRC20149]] A

==

Alex network
=4 ¢

A Ixl 2719

PN
T

network in network (Lin et al., 2013)

bl

o] o

At (Szegedy et al., 2015). ©] &

FA

°

b

[e]
B2 94

1]

-

(Krizhevsky et al.,, 2012) H]3] 124}
[e]

#&l GoogLeNetol| 4+ ¢
(reduction mask)”} <t}

]

A

—_
file)

I

™
BX

Ny

=°| Atk
=

=

v} 2~ = (convolutional mask)

R4

sk a7 2% 34 yERY AT

olel i

shele.

S

A7

PN
T

concatenation*] A4 Tt}
o
=]

o

el

W

—

—_—

0

ol
jle

ToR

10

FSA Tt

°

N TR A



| 3x3 conv, 64 |
FP(x) l relu

| 3x3 conv, 64 |

— Residual Block 1

FP(x)+x

(3] l
® .

x(1‘+1}

3x3 conv, 64 |
F™(x) l relu

| 3x3 conv, 64 |
F(f+l) (?C) + x(f+l) l
®

l relu

— Residual Block 2

(a) Residual Network

Previous
layer

Conv Conv Conv Max Pool
11, 1(s) 1x1, 1(s) 1x1, 1(s) 3x3, 1(s)
L l l = Inception Module 1
Conv Conv Conv
3x3, 1(s) 5%5, 1(s) 1x1, 1(s)

@ Concatenation

Previous
layer

Conv Conv Conv Max Pool
1x1, 1(s) x1, 1(s) 1x1, 1(s) 3x3, 1(s)
l l l — Inception Module 2
Conv Conv Conv
3x3, 1(s) 5x5, 1(s) 11, 1(s)

@ Concatenation

(b) GoogLeNet

[Z¥ 3] Residual Network®} GoogleNete] UR-Eo] that /Hd =

1 ; f«ﬂ =X



4, AF 273 %4 A2 Regularization

4.1. & H A E &) A ¢ Regularization

Q¥ AW A mdo] QoA T SEWS oA AHAFEY0R B

J

ool wel I A% FAlE &3tA7]7] 98 regularization 7]H | A

gol2 7Wol AetE ATt (Hinton et al, 2012). =Ho}% 7]
He 999 g8 pr &4 F9 Y99 ==
. ole AA FgFHAd Hos= &Y

°]
wEEe $E ZAAPOR A I 4F BAE @AY 5 dE B

il

e 0oz WA

42. AEFA AF AAFA MY Regularization

AEFA Aol M regularization 71W FA] thFetAl A-E At
stochastic pooling® 4% 7]l deterministic3 W% 22 pooling A4t
< Fdsd As FEAJ] AAS Fd pooling A7l WHS FHS

(Zeiler & Fergus, 2013). T2 7| o2+ maxout network’} =4,

0

S

7 ey 2o 54 el Mg 2 B4H 4L AAE wE e A
3]
e

o
fu
o

Hahs WHoR tyohx JWs A¥sel AgHa

O

3 y 1 |
12 M EZ21TH



regularization &35 HE<Au} At} (Goodfellow et al,. 2013). 3+ (Gal
& Ghahramani, 2015)°| 4]+ bayesian convolutional neural networkZ
Acrateirt, Sd =R E Sgolto]l A& AFNATE o)Ak

ol A A dFoz 8 w35l Monte-Carlo = 3o}

2
=2,
>,
ke
o,
o,
)
i
filo
Mg
k)
)
i
L
Ho
fr
i
ot

o
)
Yo
filo
ol
rr

spatial dropout

13 ] .-;':ﬂ -:”‘.i 1_” F'



2d

o

ES

AAH 24 Z(fully-connceted layer)oll

o)
5 AgelA ogA A8 =A

Fae Al

%

1

°
=k

IIL. Al
13BN Y =Gl

T

A
ool ofgA AEH=A dunrid M vS AAE

AgFA

(MLP)ol 4 =3tol5-0]
AA A R

£
9l

1.

R EE

ar

WA LAe &

FAc

)

il

1 MLP- 20l A

o w0

1

9
pul

A o

R

(i+1)

I/V;(Prl)ol A

(1+1))

e A (49} 2k
e

)

Eil

Ay A
it

(1+1) _

(1+1) _

(bias) MH=Z %3

3

R

15

Ry
LY

1<}

HEZ, Ve 1 e 2 MYz A9

A

=
3

o 7}
" A 9} (feed—forward) ¥4 S

=
o

l

T
i

=

1

)

o

@ell A fle)e M

Al
2

Ao A (B9 ol whHT)

¢+

Astol] o3

14



my) ~ Bernoulli(p),
O/(l) — m(1)®0(1)
ZEZH) — i, 0 4 b§l+1)’ (5)

i

oty :f(Z(»lH)),

3 3

21 5ol ®S 84 F(element-wise product)S, j+&= | &+ 24
del qlelag omarh & dele &9 F 1o fated, me{o,17e

Qole) 8 pz 19 e AAE W2ro] BE W WE ol o
&

0
otk Folsfof & Fo st Fa T A 94 FPE gz W

of =goly &F pE& wilFoloF k= Aeltk (Hinton et al., 2012).
d 4

olf I¥loR MHHW (1Y 47 2}
CNNoj A o] =ghole MLPoA 9] Eqfolxa) A4 oz n 23k 1}
de wEn AeldE MLPS 4 shuhe] g AAe] ok &4 F9

=82 ogi)lpERle =271 HME7F HAvk CNN 3%
9o oV eRh*vxd 379 tensor FEIS 7HAT) olw), hw,dE 27
=9 54 Y =ol, vH], AdE onjn. oA 54 el i

o] #AFE =goly maze Ay A ml) {0, 1} vrde

onn

rﬂ
£

15 .-';r'\-\.-I: -::li- 'I_']i



(b) E@olgo] Agd 03 HAER T2 A
FAe =golgd] o4 gho] 0o WA

[28 4] =&olxo] AE&HAS Wl HESZ Ao

3 -
16 A =



AEFA Ad8oAe =gy

2.

-
R

(Tompson et al., 2015)0l 4]

o
ToR

I

]
nmﬁ

B

o)

¢ A4 (spatial correlation)o] low, 1

o
</

X

W

o
B!

o

7}e]

sk ek 7

gol et 744

B
i

=l

L3

I

—
file)

=W

L3

I

o

St

A ]t

KeX
=

o] =gtA|7]+= spatial dropout

el

B

He vtaa AHo WS

)

2 A2 A spatial dropout¥} ZoFA Al EH A gH S

G A7) = o n
& p= CNN9 <9

Ajm
Tor

s}
ol

PENCEDR

]

A

Zhal v

]

E

B

Aol AMe =3

Al
2

del 44w Awud

6)sF 2ot

©
-
s
2o
(/l\
l_l
S ==
S ® ©°
O\l/ *
n/\
3 £ 7
Qo L
! s B
SR I
. =
s
S

= P(f("),

(1+1) _

O

7

T
P

17



m" {0, 1)1 Egfels mlaas Yehin dE | FolAe] ARea
mtag e e ARE guEt ole (+1)FAAMY 54 wel Adzt
Ty, WUERN e Ausa wpazelw, Ko de A7 vl

23 FH | gol, v, AdE gt oju] wiaa HAY A die=

I SolX 54 e Ad 9 Tdsith. =, =folb vtaa s dA4 &

il
o

Lo
)%
=2
)
2
ol
rr
)
i
!
o
=)
[
[
1o,
4z
Mo
iy
e
o
[
)
L
a
=2
lo,
:(x){:u
=2
I,

s

-1.5 | 625 | 126 | 457

0.3 2.8 35 -94 6.25 | 457

-0.8 ERN 028 || 22 3.1 |plo23

-57 | -402 | -04 =519

[29 5] HA9F =9, AHEE 9 w239 A7) 2X20]H stride® Al
2% 3}t

18 fx% _CI:I_ 1_]| .__;J]_



Output
feature map
Convolutional T

masks

Convolution

Input

(a) CNNoj| A o] =g}o}-2-

Qutput
feature map

Convolutional
masks

Convolution

Input » h

(b) CNNel|4 9] =5hdH

[Z29 6] =stobs-3 =gt E e Ao] M= 54 felx Aoz
Aozl gejo] =5t Fofolrh

S— |

19



Abg- 5 AL
2l CNNe A

A<l

2

Hsom

=1
ok, =FA

R4

o] oF

Al o]

A A azelth

24

3l
A5 A zbsl Hotof

I

3. E¥¥EHI H&d dHAA =
of o

GoogLeNet 2]

H
H

p——

o N0 x o W = = =
s =
ﬂ Mrg E#E Mrc M.f ° ...._..
[ W Opld
I o do E 555
N ﬁf R K <
— o oy m =
T 212w c
™ - o Gy 9
_foL % = o E BV m i
g 0 = F L o £ a3
o N
= P wo bl L fod
A g = g
— _ —_ o S o —
VN Pog B 2=l |8&% °
= of- o B § e —
B o § [ IS oy 9% 32 o
) IS} ‘A]# o A =M nLO
= S T 5 e
TT S 4o & = ]
Dok B o o= o M 2 /2| .2 >
W ) o = g AN EE
D g TR o s /1°4] 122N 4
fony _— S
JBE R y ® S8l
Wowmod Mo o £ 0w
- , OW ﬁL V@ V@
= ol N R I H S« (S R
ﬂ a0 Ha 0 ile) ﬂa TH Cm Cm 1
nl —
L.t mmo 3 1 ,&E ~
o B M % o+ o /
—~x = m vww
. nﬂwlo A L ey
oAl OB ook NN T O %
o W AR v ° ™
1__/.‘A ;o_u = ﬂ_OI ZT.C ®° ﬁi
% % oo M U T



V. 4% 2 "7 A4 23 B4

dlole Al

Al AREE dlolEle F 27HA7E St A ERE WA =grdE
F ol sl w=EA HFstr] 98] AF&E CIFAR-10 (Krizhevsky &
Hinton, 2009) dlelEl7} slth. CIFAR-10 HolHE & 107 2=,
60,0002 A A ol AR FAHo] vk 19 8914 CIFAR-10
diolEel that o & HeFEr)

T HARE = AVA delgolt ddE f&) tdFd dF, A4,
el

Juzye @2 2704 dolHE 4% FAsArh dolEd ug oA

oag A AW ngth a9 147 82 2UAE gw 20y

Bae PR e o Rxe bdd we viss) 41 23
7 oz

SoAME oy el £ B 5 Aok dHoly HF2 F 52071 =
ol 4 S vkt 500709 AER o] Fof A F 260,0004Fe] = A
2 A Aok olgld AL 1990d el R A (Kim &
Xie, 2015; Kim et al., 2016)°l41 AF-8% SERI9a dHlol¥ &3} A3
UL e et =" = E7A dHelH feel 2dE Ee

s E 1ol WAIEO] Atk

- ;
21 A = ‘_.i



704|760/ 17| 81| 76 81| 80| 01 | {0fr 1041|4010} o7 | i For| ol 1010|307 | oiT | 104 | {0k-| {0k o 0l0| oT | 30| Fo0

15| B0 = | 1H | Hr| 1 | Hhu| Hho| Hlo| H 7| @l 367 0T | 0| Joll | 300/ 1611|100 35| 3| 160|100/ 3&

M| | o) | U | )| | ) 367 | | | W | HO| | Wi | i iy | | | e

[}
RO T 7| K4 K| k1 ko] x| K- KH| KHul Klo| RF ||| Klo R KT & | Rl RO KO\ & | 0| | 7% |
=3

RX| RO == | KIr | 77| K| R Kl 0| 10| KK &= B = =M = = = 3K ;‘u!gnum Hm

S|
x|
Xl
—
xI
=
|
a
|
=

T RE| KA [KIT K1) Kio| Kio] ko) | K KFr| KR Khul Klo| K| | K :E ! ¥ mﬂuinza

K
RO/ K| KM =|RIL

~
£l
~
a
~
=]
S

o
o
—

ofll| oF-| OF| Ofr| Of

3 : ‘
ol ofojofn| olo| oT| S | of | o4| ol o0| 01| 0% | KT k| KMl K1| 0| =X nﬂsnm““muﬂ
offl ofo| o7 | or| 12| o10| 33| oF | O | olr| ojo| O o H.ﬂvgin’ﬂgi

8l 308380 &

o
sy
o
=
o
=
o
=)
[e]

9
2

ol 2
=

simzes WA ESEEE I

A, 52078 Z2HA7F 9t

=

[

= Z7IA dlolg o

]_

S
T

[# 1]

50/ 57| 53| 30| BH| = BT & | 8| 80| | ar | 5| 3L 3| 50 31 53| <34 = ol

<H|<H| <E <K< <1<l <J <oy <) < =<d| < <0 <D RH = = | 2| = S or| oY ook ol - rﬂﬁlﬁ ﬁnﬂiﬂ
= | = K| 2| 2 3 =7 %1 <n <0 20| = 2T 20 T =7 = 70| 0/ %0| = = <44 44| o F/Muﬂﬂﬂﬂ-ﬁ E‘
25151 3 35| %0/ = 37 F| | 0/ £0| 1= /50 B0 T | r| 1| o T+ i 1R 1| 1| Ezu&m- ¢lE 3
=0/ &7 @ & = | & B 50| BK| o | oir| o oo oK. o okl o ol | = |5 & oK U 3 3| 3 -EEEHH-EH
| 3 | | | ok o vl o o o o v | | 5 e 0 K = HHWESEEATY
G 8K R ) 0 i 00 7 a0 7T A0 MM A A O 3

L | Lo | WU LHO| Ty | | 2 | U bl | | | g il ] s ujo| o | 27| 50| =) 2| | o] m m T . 3929 m hm.m
A0 0] 40| He| ol 3| 2k 11| 21 i o | T 0 o | el g gl o = o mr | PR 8 ¢ R oR o & WS
DG IS s S o s et s o s A

M| Ho| 77| 7 70| 7= | = | | r| il i o] 7| 7| | ral 7 || m i ro) i) = =~ N

R ] e A o e o ) == | v e o x| e e | | e R o =T 7 (| P

]
P

-” '@1{ T

O

~ A -

22

[Z¥ 8] CIFAR-10 HlolE 2] oA
(1™ ZA: https//www.cs.toronto.edu/ kriz/cifar.html)



F g

k9
yul

Jok 2
of ol AHg

I

£3
7(—]%_
=)

=

3|
aS|

A, o Hom

J

A

S|
718k CNNel 2+

3}

8

171 el =sdE7F CNNell 48505 W =gobxol Hlsf

[}
CIFAR-10 d©lolH

-

2. E¥IHY

°lH

o)

ZO
(&N

ZO
T

il
~

ZO
~t

2914 No drop

Ay A
3t

oA H
2).

Ay A
it

]_
b

[}
°©

.
A3
shalct (

°

K

=

=

PN
T

=l o]

7+ 64, 128, 256, 5127101 H, w3 A
ReLU(Nair & Hinton, 2010)

J

3

KeX
o=

=

o] Batch Normalization”] ¥ (Ioffe & Szegedy,
Al &

=

A%

shele.

S

AL

[e)

=

-

R

=

o] =ol9} YH|E= 7} 4x4, 4x4, 5x5, 5x5E

51270 1070¢] &4 wHo g

2015)

PN
T

olo

N

o

B
i
en

et

%
ok

¢+

ol

0
o

|

AN

al

& mdo vl 4.36% =& HAEX

o)
23

]

I CNNejl

I

A

3

=

=
=



)

—

=
_2_0

o U
I

g

|

A

ks

o
N

ol df,

A a1 9lt} (Zeiler & Fergus, 2014).

£y

N

)

o)
Y
=)
%

Hr

T

—

NI

o

N

o

o)
M

|
—

Fol v

e

0

XK
el
i

e

i
53

7o

o

el

el

o

43t

bl ol

S

3} o},

o
=

—_
file)

el
o
{r

I
file)
olo
Gt

i
T

i
=3

p—

0
X

o whebd 3

=
QLN

o}

= 7HA]

o

B whA o}

=3
o T

tel 31 A

S

/4% CNN =24 oj

—_
o

I

—_
o

!
<
)
—_
o

p—

o)
o

~N

™

B

_2_0

a4

S

d

o

A glolojz LA gom oF

=4 Frk 128 TR 9

7

tob, 3 mpa= o) Afol

file)
0

o

24



Fo o,

°

K

PN
T

[e)

200 epoch=

3914 Convl1™49]

=

o] g Sie)
e

Normalization”]

2v) %

s}

3

B

)
=y
o
!

—

<V

o

o}

el
ojn

o

0
o

—_
N

N
0

o
el
No
&

%

om, old o

b

file)
0

o
.ir

H
R

0
_2_0
e

il
~

_2_0
Lo

ol A A}

ot

/:‘:]

ol

%

oA =gdEe] w3t b 2

=

o

Al 3HA Al

ma

_2_0

i

_2_0

ar
ol

=
%S
%

74 o

=
T

35 049 06

bl o,

°

|

[eJiKe) 3
gss g9l

23 Egolzol A ¢

b 747 o]

k]

1

)
=

R4

of i

ek (2" 9). o= 7IEa

°

K

ot

<
o

X

|
olo
&
M

—

e

i

25

shaie.

S

5l A1A]

=
=

7}

F7EA 2 049014 0.6 Alo]2
i

1

Ao} n}x
o} 19 U]



[# 2] Efotx ot = TEY Jebln

Accuracy

Model Training Validation
No drop 0.9989 0.8038
Dropout 0.9107 0.776
Dropfilter 0.9886 0.8532

[& 3] 47jo] AE=HM ojojo] 27t catuE

Q14 Yete

uju

8

Accuracy
Model Training Validation
No drop 1.0 0.8182
Convl 0.9998 0.7984
Conv2 0.9998 0.8221
Conv3 0.99987 0.8397
Conv4 0.9996 0.8273
(& 4] 57119] HE=4 2ojojo] 242t =L E 7IIE &2 o
QA e
Accuracy
Model Training Validation
No drop 0.99915 0.8108
Convl 0.9992 0.7916
Conv?2 0.9997 0.8119
Conv3 0.9998 0.8457
Conv4 0.99947 0.8171
Convb 0.9992 0.8217
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[® 6] LeNet 7]¥F CNN9 %

Size of filters /
Layers . # of parameters
stride
Conv 1 5xbx64 + 64 /1 1664
Pool 1 2x2 / 2 -
Conv 2 5x5x64x128 + 128 / 1 204,948
Pool 2 2x2 / 2 -
Conv 3 4x4x128x256 + 256 / 1 524 544
Pool 3 2x2 / 2 -
Conv 4 4x4x256x512 + 512 / 1 2,097,664
Pool 4 2x2 /1 -
FC 1 512x384 + 384 196,992
FC 2 384x520 + 520 200,200
Total - 3,226,012
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[£ 7] 9414 @5 7|9k CNN9J &

Inception layer 1

1x1 3x3 reduction 3x3
1x32 1x48 + 48 9x48x32
5x5 reduce 5x5 Pool projection
1x16 + 16 25x16x16 1x32
Output size # of parameters
30x30x112 20,416
Inception layer 2
1x1 3x3 reduction 3x3
1x112x64 1x112x64x + 64 9x64x64
5x5 reduce 5x5 Pool projection
1x112x16 + 16 25x16x48 1x112x64
Output size # of parameters
15x15x240 79,440
Inception layer 3
1x1 3x3 reduction 3x3
1x120x64 1x240x64 + 64 9x64x128
5x5 reduce 5x5 Pool projection
1x240x32 + 32 25x32x128 1x240x128
Output size # of parameters
8x8x448 245,343
Inception layer 4
1x1 3x3 reduction 3x3
1x448x128 1x448x96 + 96 9x96x128
5x5 reduce 5x5 Pool projection
1x448x48 + 48 25x48x128 1x448x128
Output size # of parameters
1x1x512 443,536
FC Layers Output size # of parameters
FC 1 512x384 + 384 196,992
FC 2 384x520 + 520 200,200
Total - 1,185,927
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o AXE AWM RE 7]wke] NNl 4835 24 4

20 |
l ! —3—- LeNet NDF Tr
18l 1{ —%—LeNet NDF Te
—&—- LeMNet DF Tr
16 \ }'l —S— LeNetDF Te
1| —#*—- Inception NDF Tr
14 I | 'l1 —%— Inception NDF Te
W \ — &~ Inception DF Tr
120 W —&— Inception DF Te

% Error

” . . ihadnbiatls. St ooty ST S
10 20 30 40 50 60 70 80 90 100

Epochs
[Z€ 10] st= Z7IA Aol tig 2z mdd g5 =4

[¥ 8] &= &7]A] Aol thet 7z =i <
2 vlal F7187))

R

4 A= (I

Accuracy %

Model Training (a) Test (b) (a) - (b)
LeNet NDF 99.99 92.581 7.409
LeNet DF 97.919 94.792 3.127

Inception NDF 99.878 94.894 4984
Inception DF
97.949 95.86 2.089
(proposed)
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ABSTRACT

Sparse Convolutional Neural Network

for Handwriting Recognition

Woo-Young Kang
School of Computer Science and Engineering
The Graduate School

Seoul National University

The demands of automatic handwriting recognizer have increased
exponentially in various industries such as automatic recognition of postal
codes and the number plate of a car. To satisfy these needs, various
techniques based on the Convolutional Neural Network(CNN), which has
shown remarkable accuracy in many image classification tasks, are applied
to handwritten recognition tasks. These studies mainly used deep CNN to
achieve high recognition accuracy. However, handwriting recognizer generally
used in applications such as smartphone or tablet PC, which is resource

constrained environments. Therefore, the memory usage and computational



cost are concurrently considered. In this paper, to reduce model parameters
effectively, we applied a CNN model based on the inception module to
Hangul Handwriting Recognition(HHR) task. Also, we made our model be
sparse using the dropfilter technique to reduce the generalization error and
so as to achieve higher recognition accuracy. The inception module is the
core component of the GoogleNet, which won the Imagenet Large Scale
Visual Recognition Challenge(ILSVRC) 2014 with 12 times fewer parameters
than the winning architecture of ILSVRC 2012. Also, the dropfilter is a
modified version of the dropout to get lower generalization error for the
CNN architecture. To verify the effect of the dropfilter, we compared the
generalization errors of the dropfilter with the dropout using the Canadian
Institute for Advanced Research(CIFAR)-10 dataset which consists of 10
classes and 60,000 natural images. Through the verification experiment, we
could see that the dropfilter shows lower generalization error than the
dropout in a CNN architecture. Also, we found that the effects of the
dropfilter in each layer are different. To analyze this, we performed
additional experiments to check the difference. After all the verification tasks
mentioned above, we conducted HHR tasks using CNN based on the
inception module with the dropfilter. The Hangul dataset which was used in
HHR tasks consists of 520 classes and 260,000 characters. At the result of
HHR tasks, proposed model showed 3.279% higher test set accuracy with
3times fewer parameters than the CNN based on LeNet architecture.

Keywords: Hangul Handwriting Recognition(HHR), Convolutional Neural

network(CNN), Dropfilter, Dropout
Student Number: 2015-22892
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