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Development of Brain—Style Intelligent Information Processing
Algorithm Through the Merge of Supervised and Unsupervised
Learning |: Generation of Exemplar Patterns for Training
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SAUE Y JLSHATIBEE Oiv. of Information Communication Eng.,
Mokwon University*
Rok Abstract

In the case that we do not have enough
number of training patterns because of
limitation such as time consuming, economic
problem, and so on, we geneterate a new
patterns using the brain-style information
processing algorithm, that is, supervised and
unsupervised learning methods.

L A&

N ARAE Bae] 34 $EE R HFE
A Al &8 % g 3 g daEe 2
TA S<5(supervised leaming)® WA} &
(unsupervised learning) 2.2 =M, 1 Z4zbo]
X9 ol3|E 7jWre 3} Ul o2, JF
g g45E wAEHy 2d9 3 4E E(Perceptron)
2 Albus$} Marr9] ©]22 3123 Masao Ito2] 4
7 a1l o3 A9 ZE7 vtk Ao] &

HATHL,2]. &g, 2o Z+gS B JE HaAt
8k 2d9  ICA(Independent  Component

Analysis)oll 2|3 Bell#} Sejnowski= A1zt 51249

D o] =Ee B&EAGe] A fatd I7PHUF
(KRF-2003-003-D00245)

V1 layerd] €34 simple celld] 54& A8
2n[3] Apo Hyvarinen< topographic ICA 98
o] 23} simple featureE<) self organizing $4%
HIH45]. ol mFEe SALSE ez
ICA 358 AAsle 28 Aol A9 Edolt
Ax FEEE 35T HFAREE 2ATH6l
AR WAVEEF H|WAL 5 FE 77t
e 4 delA] A7) A=A 28R of
o} Z-& wApErEF vl wAL o] HELS 1 7o)
el $= gId B 59E 48 5 3 Aol
[78]. 1 &7Ex <7F ICASF MLP(Multi-Layer
Perceptron) & HEAA A4 T2 AS(selective
attention) E3& @3t FIIAEA 404
A& FINZ Zolth7]. RAYHI AL S5 HE
o) g3 e SAeuEe A Nuy =

=
1 & lelT,



Session |-A : S3iZEIX AT e-LearningZHIX Fo}

(8]
~

¢ 2del REY P4, AN 488 S95%
2 %o} @avloae S 488 4 Ao
2 Qv o 3 A4, 424, dJaAd

(medical diagnosis) &l &-&o°] 7Fs& “BlwA} 8
w3 WALEEe] 5 ¥ sauE 44 darel
& W st Pk

AArAY EEL SgEius o S5

=
Saste] ARAYd) 29% Do) HYEE @

© 55 Ol AlckoR Q18] SR ol Salel
S P F P A Bk W B we
Fe) SN WS YT B o|F AR el
Fod AU AYAA A5PRA 2do] %
S FYEZ YrhE, Aok 2 AT R AAY Aok
so 2z ARez AP BASS AT &
g Zeltt. 5, oz AGRopIA oFF Be el
B oz AEARL £UY & P $4F
A% A% S5e okl AF AG A2HL
F5Y  Qoh B, $HANT ol A
Kol e A3t AAE AFol 7= A5 8
SO 9 o185 ARH/FAL A5E 2Y

gk 2 A M 849 sk9Eel random noise
SHES RPAAA, g 9

& A s it AsE T el
[9,10,11). 2=zt ol random noise
g g3t AL F 5248 AR wegsle
Nz S5aE s wEo] U Zolga 3+ qlck
Bo 23 v A9 gAY

+ missing HE ¥}
2E 847} AdZE 2430l complete SRR &
F3lod, missing HH] B4 AEsk= Wolth
[12,13]. &, HA A3 dlo|e{E MLPE &Al17
ot gl missing F-E-< HolEE9] HHoR
gA AR F, MLPAA J3gkg sl 98] 3o}

o
m ooy ©

£
to o

7he HHZ dHojelE At of e
missing A& BEFS 5ol 3 Folrk=s W4
ol ek Shgoll o g 2L HHE WAdshs

& ohr}.
opR]uk Al HA) L SFHE Y prototypes A
A% T RDT(random deformation technique)
Hgate] B4 classoll &oh= HHES 44947
urfolt{14], 284 o] #He RDTY 24 2
7 A9 deo] 54 classoll &3l A 958 A}
To] w o2 fslng A Algo] ddo] dst
= 2Holtt
oo} g, & AolMw 7|2 HEE ZAHR ¢
HE AAE 5oz ATE dugdss
A}t shs A02A, o)de] Tk A8 Aol
7F Jem, 53], T FRAL witF 2ol
HlwALEhET WAL ko] Haol g HhE S 3
2 gk &, vlWAL o) o3 HEEe
Apla, 71 S-S wkdAA 718 AHEe] W
K

oW

oo

-

—

N
o

ox
o e

Jn o2
(oMo MLk

:‘{F

2 WAkElg 2dlo] EAA £ classol] &3

A 52 BHRES s Bo

HaA S IAFSES] Rl
B4 gnelE AL 2 ;

=
g B9 Hool sidE ICA ¢agEs 7o
A

L
lo
i
o%
of
N e T
0
_O|l_l’
A

2 8} ICAT 1% 13} 2ol 45 5
E(s)o] A EA4E MEEXESR

Folghz A oleldle A5 dE e FrI}
ke 714 sl A5 9e oA B v 35
giolct &, ICAZ} S0 wofEfolA Hee A
el 28 (weo] Ad AEF Z2 dEZI7} Hoj7}
H=E Sgd s, 1 23 fofle ug
HES SP4% e ARE AUA €oi16,17].



BIZZEIX31E 2004 EAZHERUE) =27 Vol. 2 No. 1 |

i
ol
o,

Aset Fejaplazt sk N5 71 2

T o] WS A3t diofE Ul
ke 725 ot 4 o8] ICAE E &
oA projection pursuit leaming ¢ 2% 3|4
1om(19], o) dlolElzt Ad 48 2 wkaish
T projection HFE FopliE FAoR AT + gl
o} wepA, dlojele) EA4e # vkadshe o A9
projection W3S ICAZ FohlE &S A
g F, o)E VNter oY /iR ¥3E Saud
S AR g Fs a9t EE PCA
(Principle Component Analysis)& ©]&3l An
o wgd g TS ALE Jod, PCAE
Bgd AT 7ke] 2% FAA 549 correlation
o] QA EE #F= WelAw ICA= 14 57
A EAE g wololA diolerE Ad 23
548 50 g Z geddda ¥ 5 ok

rh

g

o

I VN
%0,

¢

u=W-x

AW oc[I—gp(upd TW
x=A-s

wx

HE o] digelA AA7lE WES ZA
4 ZF 7P Holuoha H7pk= MLPE 7[Rte2
kgt MLP+ 19 29 22 728 79, &
of 3] Helg ERste 7I5S Tdsh= d|, o
Sholl 23] oA MLPY) £3(y)2 ™
classol % #5323 Yepdri20]. =3

==

2 oy }-61 .
ol

oy L

o

o
i
K9

MLP9 7} A2 HHe Z7o) 228 JBE &
AN FIEA, AR BRel Yo ¢ A= AA
N7)E 7)eE St MLPY 532 od A
B2 FHo|M 2%}, Shannon’s entropy?)
AukalEl 3elQ) Renyi's entropy S MLPQ] 8ol
T4 s NAAE FE Ao21). £ g
30 ugt 5% 7B /e BEHE 24
3 T oi22]. & dFelME MLPY &5
of ¢J3t el £/71% 2 class && Bd
4314, vl S Wil 93] AAE HE
Wy Jwrt Festd 54 classol &34

"EE AATIE 73S FAES TR 4%

A

n
o [ o

,..
wa e o o

&
=T N )

oL

> 13 2. FHYER X

I 39 24

Fo1A HHELS o]43ld] ICA guelES 183}
o] Yol basis vectorsE 0]83} HHES A
A7E AR REskd o 2ok FoF s
HH x= PCA B4E 53314

z=Vx {1



[ Session I-A : gatEeix 2t e-LearningZei= 20 IR

2 oyt oJ7]4 V= eigenvectors 2 o} Fol &
ggoltl 1 kg zolA eigenvalues7t 2 AR
& AAzA Ao E4W vectrosE  ZolE AL
o] Zdl dish ICAE HEAA
u= Wz 2
g dAEk 3, aE I 84F0] SHl HE
Z ICA 850l olFojxeng 4o FEUESr
(p.df.: probability density function)&

b4 u)=I:Iz>(ui) 3

ojch. wH, Slzol s] uwE ol U+,
plu)ol W2t wss TANA F9 AHE AA

& wEo] Witk o]3le] ICAE ol &3t dadd
< ANk Aol

oldl, p(w)E ol&3le] AHE AY p ()&
s A4,

z2=W'lu=Au (4)
oz
p(®) = L2 5)

ojtt. oAl z=[%0]7Eln FH 2= x9 2
< AGE Ad Al wE e,
p(2)=p2,0=pL2)p _(0)=p(2)
(6)
Z FolAth o) Z=0Y FEo| 19]7] wo]
o 239, 448 geAd xd pdfs A 1Y
BAE ol g3t
p,(Vx)
lv—Y
oA f=dch VxolA eigenvalues’t 2 ¢4
Z PCAY whe} 2H41 £4 F dojzl Al HElE
(Vo) 2 5

p (%)= N

. (Vx) _ p,(LVxl )p_(0)

PO =T a
®)
olmz. 4 (5)% (6)_% o]t
5 (x)= p([Vxl) (W V)
¥ [V [V 1Al
©

Aaldle HEE A A SgAEd Aotk 1

L

o2 o] =R E p(u,;)7t Gaussian ¥EE A
=E gt

ARE HHE 5 e ¥y Hhe A= MLP
g of&3ith WA, MSEE o|&% MLPe| &5
incorrect saturationS F¥3Fe 4L o] &3t
Z, MLPY| 855 Al £33k o2 $3lgdq) &4
gol SixeHA He A ol o Hde 2
kol olF YUE HHojAY £L ARHE HHoR
£ F desz AANG0] 71E9 AeddE
3 AEA PAHJAT MSES 0|43 MLPY] &
FolA AARA B HUES RolA, Yust A
€ A gk &, o] @AM = nCEE o] &3
MLP {2018 AAlste Foi7l SsduEs
Aoz 3 gukst 45S AN

Iv. A&l

CEDAR dlo]e{#o|2F ARS8t o] wlo|efu]o]
o] = 18468719] oz Akeh uhyel ulel
S5uel g A% ¥, MLPY MSE(mean squared
error)oll W& &5 Al incorrect saturation©] 4
dhe HAYMES AYA g, o MLPE nCE &
AFF2015 HAad) A7) wio SpAlA Ut



s} 45e] SPdshe 2| B ol PCA 9
@ A9 F& F doiNe dee WA 279
=z

i
=
-
=
-

. ., o Bl B
“ . %,
. <R ~ o K2
i I 1 ;

%

‘$

ENNEOCEEEER
SEBHOESEES
2 - st Y ..

)
]
=

i el
.
=m

> 13 3. PCAY ¢ RuE 3%

a
lo

e AGE PCA E2de] HSS Wleke WY
3} o] =R AL A3t 2ol ICAS) FHT
Fe W PEe skl mgd 1 2%
PCA 29%l F3S #7H A% 19 304 2
= w3} 2o 448 TRl 12 shelel ZHgo] 4
9 ez weltk 27 304 R G Y, 29

G2 PCA 58 AN o8, 38R e 7HA
o o) EEAAZL 02 A4S AT A, 484
BHE AAZ 7Aool EFRF0IY F
bR e Aol

s HHENENEERN

-t
g

£
rs
£F

‘
,

\W

N

, e
. ad

3
[ L
NN NNNE

o

SECOOEREE
EEREEEEEE
EEEEEEEEY
D

P
£
pa
&x
)
£y
Gt
[

‘5“.

3B B
v R o RPN )

ol

r

)

ria

H

v
1J
i)
-
-
(2]
rs
o
1
=

2,
I
rn‘.
r

o, ICA 28l Fa< v 39e 2

% 4914w vioh 448 shelo] 71E HQe) 2o
2 go| #1051 982 ¢ & Ak ) A g
Qe 20 GREE 7ML e o) HEUA
7H 098 014 F7hk 44T shgelth

0.05 T T T

§ Averages -
0.048 /; B
0.046 | / 1

Misclass. Ratio(test pattern)

B
6.04 \/ 4
0.038 } 4
0.036 4
i 1 4
o 5 10 15 20

Timas nf oritical arandard deviarion

> 03 5 HE Y ¥ QU Ay xAER

¥ 5% I¥ 49 o] AAE S sty
MSEE o]&3% MLP9 8522 A% ¥y s
& AAF ¥, nCES o83 MLP9| ggoz Yyt
3} Aeg AR agizo|t). of Tl xFE A
B A A ERAATE TRAIRE e 3FEAt
7297 eigenvalue] 2 wiQ1AE YeRdL) o] 19
oA xZFo] 73 8% A% G438 Guts} Aol
HASE & ok

V.3 &
o] ERol M HaAlEE9l ICAS o] 43k e

o] $AA TEE F4F F o)E HEoE N2
SFARNES WAL, o] B4E HAHES MSE
2 Fi3 A7IE= MLP9 % ¥, incorrect
saturation® 927)% HHL AYA7)2 A, o
A nCEZ H23A7)= MLPY) 502 @ulkst A
Fol FIEE AU o] WHe FET Y
geiES F3] YT del H 88 Al2"
o] A%& TE F Aok




| Session I-A : SehEEZ #th e-LearningZHE Hot

132zdl

[1] M. Tatsuno, "Computational Neuroscience-Methods
in Neuronal modeling,” Educational Lecture, BSI
Retreat, QOiso, Japan, Sept. 18-20, 2000.

[2] ]J. Albus, "A theory of cerebellar function,”
Mathematical Biosciences, vol. 10, pp.25-61,
1971.

[3] A. J. Bell and T. J. Sejnowski, “The independent
components of natural scenes are edge filters,”
Vision Research, vol. 37, pp.3327-3338, 1997.

[41 A Hyvarinen, P. O. Hoyer, and M. Inki,
"Topographic independent component analysis,”
Neural Cmputation, vol. 13, no. 7, pp.1527-1558,
2001.

(5] A. Hyvarinen, P. O. Hoyer, and J. Humi,
"Extensions of ICA as models of natural images
and visual processing,” Proceedings of ICA2003,
April 1-4, 2003, Nara, Japan.

[6] J. H. Lee and S.-Y. Lee, "On the efficient speech
feature based on independent
component analysis,” Neural Processing Letters,

extraction

accepted for publication.

[7] U~M. Bae and S.-Y. Lee, "A complementary
approach to blind signal separation for real-world
speech
Information Processing Systems 13, Nov. 2000.

[8] L. V. Tetko and A. E. P. Villa, “Efficient partition
of learning data sets for neural network training,”
Neural Networks, vol. 10, pp.1361-1374, 1997.

[9] C. Wang and J. C. Principe, "Training neural
networks with additive noise in the desired
signal,” IEEE Trans. Neural Networks, vol. 10,
pp.1511-1517, 1999.

[10] L. Holmstrom and P. Koistinen, "Using additive
noise in back-propagation training,” IEEE Trans.
Neural Networks, vol. 3, 1992,

[11] K. Matsuoka, "Noise injection into inputs in

IEEE  Trans.

Systems, Man, and Cybernetics, vol. 22, no. 3,

1992.

recognition,” Advances in Neural

back-propagation learning,”

[12] S.-Y. Yoon and S.-Y. Lee, "Training algorithm
with incomplete data for feed-forward neural
networks,” Neural Processing Letters, vol. 10,
pp.171-179, 1999.

[13] Z. Ghahramani and M. Jordan, "Supervised
learning from incomplete data via an EM
approach,” Advances in Neural Information
Processing Systems 6, pp.120-127, Nov. 1994.

[14] B. Kamgar-Parsi, B. Kamgar-Parsi, J. E.
Dayhoff, and A. K. Jain, "Improving classification
boundaries by exemplar generation for visual
pattern discrimination,” Proc. IJCNN2001, vol. 4,
pp.2969-2974.

{15] B. A. Olshausen and D. J. Field, "Emergence of
simple~-cell receptive field properties by learning
a sparse code for natural images,” Nature, vol.
381, pp.607-609, 13 June, 199.

[16] T.-W. Lee, et al, "A unifying information
-theoretic framework for independent component
analysis,” Computers & Mathematics with
Applications, vol. 31, no. 11, pp.1-21, March
2000.

[17] S.-H. Oh, A. Cichocki, S. Choi, S.-I. Amari, and
S.-Y. Lee., "Comparison of ICA/BSS algorithms
in noisy environment,” Proc. ICONIP, vol. 2, pp.
1192-1197, Nov. 2000.

[18] M. Girolami, A. Cichocki, and S.-L. Amari, "A
common neural-network model for unsupervised
exploratory data analysis and independent

analysis,” IEEE Trans. Neural
Networks, vol. 9, no. 6, Nov. 1998.

[19] J. Karhunen, et al., "A class of neural networks
for independent component analysis,” IEEE
Trans. Neural Networks, vol. 8 pp.486-504, 1997.

[20] S.-H. Oh, "Improving the error back-propagation
algorithm with a modified error function,” IEEE
Trans. Neural Networks, vol. 8, pp.799-803, 1997.

component



[21] J. C. Principe, et al, “Learning from examples
with information theoretic criteria,” VLSI Signal
Proc. Systems, special issue on neural networks,
accepted for publication.

[22] R. Kamimura and S. Nakanishi, "Hidden
information maximization for feature detection
and rule discovery,” Network: Computation in
Neural Systems, vol. 6, pp.577-602, 1995.



