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102 w8 AWdE fAs ol 2 HeEd
dug]ES T 2 A 83 S THCiresan, Meier,
& Gambardella, 2010; Deng & Yu, 2014; Kim,
Nan, & Zhang, 2015). 3% 37 AFH F
gte] Rl dugEs =Y 3 A 85tk
Aol Helol &gt ALFA AEHelds
Az 2 AZF9(connectionist)y EEHH AT
A, A7 "ed daelse] A8l

FoAA Fsha gl
7

|
I

2

°]

AFE T FoplM Hed duelFol
FEUL, O doprh ASHoR EYdHT 9l
€ olfelle 3 7R7E flod, Rl 2
off= EY s AAD Al 9l
o @A AFE e Ropld = 9
T4 d4 8 AR B 2 ek o
914 A7, Weld dadles A"

o A&, olE T H% P Hustn

¥ 1x

o

(Ciresan, Meier, & Gambardella, 2010; Deng
u, 2014; Gwak, Bak, & Yi, 2015). FZ=
PRe 2ok A HoplA og 2

& 4% I Belgel F2ue Y /12

&
=<

Aol = F9¢ olfea & 4 9

Adei e FopA TR Gol 8 ¥
43} ge 4

ol 1HE A Ao FE(natural language

< A,
Manning, Potts(2015), Chen,
Socher, Huval, Manning, Ng(2011)t B9
qgsto] B4 W 72 A dolge] FAE
ERsE 94 A Ade ARain. @
of ¥4 TEE dudFdME B
Aol ATt Luong, Socher, Manning(2013) L
Huang, Socher, Manning, Ng(2012) M HE
ggate] JHE do] FAo| stee RdE

interface)?] 7} S Bowman,

Manning(2014),

TE8 A, Pennington, Socher, Manning(2014)%
AANE Biree] B EdA wold EA]
co-occur) FI=el] ol 2 ol wE] &
& FEHEANE vl SRS Akl

. £3| Socher, Chen, Manning, Ng(2013)< A

40 ox o

2 "l 217 Wrecursive neural tensor network,
olst NINE &3 Wit izt dA
55 F=5tuA A|=8+ T} Bowman, Potts,
Manning(2014) 2 Bowman(2013)< A#Z Hl
A AZBENTNGE A -8-5ke] o] 3te] =g
2 FEA A 58 FIAF S, Socher,
Huang, Pennington, Manning, Ng(2011)< 2]+
A Q EQl AT (recursive autoencoder)S Edf =

ggtel W FolAA gt FHR ehreks

aL
A MAES Bl B wslelNg
B9 BT R F U 2d

HE=E 2F3He 724 4 (sentiment analysis)
G Hede Aeapa 2 g 3l
T}, Socher, Pennington, Huang, Ng, Manning
Qo1 &7 DHelM 2z} s Fxe] HAM

BN Jbsapl e AMY eEAaUE
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T 2ol 7|giet DBN €1eEe| Hof 25 23E NE Jisy BT

7539
Manning, Ng, Potts(2013)E @ ¢ uopr}
fNTN 2o Stanford sentiment treebank 7
HE &gsto A" 24

a1, Socher, Perelygin, Wu, Chuang,

£ (sentiment
Al =39 T (Bowman,
2013; Bowman, Angeli, Potts, & Manning, 2015;

analysis) 249 F+&&

Bowman, Manning, & Potts, 2015; Bowman,
Potts, & Manning, 2014; Chen & Manning, 2014;
Huang, Socher, Manning, & Ng, 2012; Luong,
Socher, & Manning, 2013; Pennington, Socher, &
Manning, 2014; Socher,

2013; Socher,

Chen, Manning, & Ng,
Huang, Pennington, Manning, &
Ng, 2011; Socher, Huval, Manning, & Ng, 2011,
Socher, Pennington,

Huang, Ng, & Manning,

2011; Socher, Perelygin, Wu, Chuang, Manning,

Ng, & Potts, 2013).

© 24, Dahl, Yu, Deng, Acero(2011), Dahl, Yu,
Deng, Acero(2012) 2 Hinton 5(2012) deep
belief network(©]3} DBN)®} &
(hidden markov model)S Z-83 ]’O:] A1l A]
59 IS A=t} B3 Ishii, Komiyama,
Shinozaki, Horiuchi, Kuroiwa(2013)< 0|2 A
AE 55} 021 7H}qoi 0/\4 o]/ﬂ /ﬂ._,‘
BAE A=ttt 1 fd=
Richmond, Hoole, King(ZOlZ)—% A8 FEE
ol 23718 2AdS Faksle speech
inversion®] DBN ¢1g]&E & &3k g7
ol g oS Aos FEAZTGDanL, Yy,
Deng, & Acero, 2011; Dahl, Yu, Deng, & Acero,

Y Rz 24

&M=

ﬂll
J

2012; Hinton et al., 2012; Ishii,
Shinozaki,

Komiyama,

Horiuchi, Kuroiwa, 2013; Richmond,
Hoole, & King, 2012)
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rir
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SEgd
(S

re oY, H'U o
rﬁf 2 % w 3

oy &g

£ &Y =(hidden layer)«]
(Figure 1). A& 2952 J=otA 2
45, 2dol s
thEgh ko] o] FofA|A] Estar, 7
MEHRoZ gFales 34 overftting)©]
oyl drke A olTKCaruana, Lawrence, &
Giles, 2001; Harm & Seidenberg, 1999). & 271

2ol ARG AR AL oA

)
= 3 Jr
ox R O 1B N

il

;
mlﬂ o
o
P

k]

%0,

fr

=1
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=l
o

o

fr

A7 QAR oirRe] sjEldx] 7S g
23tual AlEe A% ndo] Az @ oIzt

91&%%E%ﬁhlﬂ%ﬂrﬂﬂ
A% olgke tzA, v
74 Ae fue edzg o8 wi 2

CREEERE
Al =3 chB engio,

Courville, & Vincent, 2013; LeCun, Bottou,

ineuT LA HIDDEN LA OUuTPUT

Figure 1. The usual structure of connectionist
modeling. The activation is transferred from
left to right. The unit sizes of input and
output layer are related with the purpose of
model, and the computing power of model
depend on the unit size of hidden layer.
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st=dElEElA] s X W=

o,
i

Bengio, & Haffner, 1998). olg} L *
de g daze wdYel ARYS
g W @ ohyd, W dsel T4
Azel A4 G4 HAT S fAre
&de3A A th(Tenenbaum, Kemp, Griffiths, &
Goodman, 2011).

SR agdE Brdn Agd A

j=}
wsh gol, o7k Yo ol§% AdF

o%

@

fo

f

o =dY AFE oFolAA Eaa Uk
ol W@ 7bg 2 AL, AFAXAA A}
§9E 9ed dundFel 9aFY w9y
Aol AFAA UF Aol ol FAAA
2917 el

HS AAFe ndYe AREFAA )
2 SHQlAe] IR Ee Agatel s
A, ek Papdel glold e}
Qo] Azl A@Fe] wdPe A v
Aol Qe vhe} o], AR AAA
9 BEE Hrjae] Yot uehy Aur
Aoz AAAYH B AFIAE G o]
F bsd @ we sl va e wg
S ool AL 2EE A5 APAT

=
29 g4 Aol fFARE whgo] yE
Herts #elste Al &

1A FthHarm & Seidenberg, 1999; Hutzler,
Ziegler, Perry, Wimmer, & Zorzi, 2004; Park &
Lim, 2014; Seidenberg & McClelland, 1989; You,
Nam, & Nam, 2015).

olsh Be AAFe R g 914

B
HE

£

At 2 S E e wed 23 d
aelal a g @ort AF ST A Ao
AHEAFE Bl dololl B A =EEA
AR o] AMgAlE A Tole] AHeeY
o] S7FeHAl "ot AR dof AgAl=
A w=Ed dojo Ui Asds A9
o7 PN Ho, AF AHEEHE dojE
a8A] e dojo HlejA o w2 %St
Al QA3 K Grainger, 1990). Rl
(frequency effect)= Hxo] wE A
o] Aol2 oulat, o dojest
2Rl A4 FAAE AR} AEshE A

of #Agle] 7P dwkAola, ZrsiAl &3t
vehte ddem delA Sloh ol w
U E 7ieA ¥ BA AFES HEE
ARl glolAd wt=A]l meefof sk HQle
2 T8 YThAndrews, 1992; Grainger, 1990;
Kwon & Lee, 2014; Kwon & Nam, 2011;
Monsell, Doyle, & Haggard, 1989; Nam, Seo,
Choi, Lee, Kim, & Lee, 1997; Yi, 1993; Yi, Park,
Abe, Liu, & Zhang, 2010).

ol s AdFe] mdey Aol 3f
& Q14 ke 4 Aol WEeith
Tefxl Hojge] A Sk A4

] o

oA ¥EE 3E thato

ge Ahs e 2
Wepd wel o e siele] girhd, 1
AL Fed @ A% G e Aol HHQ
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st=dElEElA] s X W=

dtkm gekgict ke "y dmelgel o Add] AlgHAY RlE g3 Hr] 9%
AFe] Rdgld H3etA] ¥ohd g5 9 B dFelxe 2 A AFE AH BN
A H=E nedtt stttz g Wz AR A5E AAsirh WA 254 WAt
#AAglol =g FEAo o) M & wdold s 1aAH ez 5007l Tl E
(ceiling effect)”} YERE Zlo|th W2 HE FA9 2 AEsdth. 2 o 500709 ol

SN A7) U2 FEd F 747 10078 e

Baiadm, F39e Hiw A9 100719

o

Al S o} AHlE W3 ko] Hlx 3ol W EE] 3
7] & APHJY AE Ay aHlz HF
oA AFet vie} o], REAES st TolEe] Hi WIEE 1786410191, ANIE
7l 4A Bz §3E At AT AlE HFE dolEo HiF NEE 2929t
golad ZAxtele] BwE ALEE HolHE 4
sk g8 5 Adns AT Xt  FHAAAEL o3 A FA|(lexical
decision task)S Edl] AdE APt z+ =
W o Fujr} Zolzof| A= 1000mse] ¥l 3ol A
AlE o] % ©o] £2 Htho] zl=o] o
AL F 168 st o] AEo  AAHUTE AAE AFo] dold AL HE
A7rstct fodxte] A WA 7, oA dhae 082FE WES H|do]d A HE
oollom, Fofzto] Hit AR 20254 wxol 9F BES FELE It AF
th 169 Foqal AE Ao AYste] I} mzawle o] AAE A/HEE FHozrt
7hetaem, zh ozt Akl FAR 4 wkgS 3 AA7A| 9] A wRSA o R
Fade AHEleo® AFskth 71E8t9 o, wg-AZko]l 2000ms7F B
739 ooz ouke 22319 thFigure 2).
= 3094371194 tolel 30917709 HlgolE A e F 126820 EASYa, v &
Fgate] & 618607l 1, 2, 3, 45A A=ol  5E AYsta ZH BEnih seehe] Aol
) B aAzdA Aled @%As doge e  TAHAT Helxbz sFAA 145l A
Korean Lexicon Project” 9A7ANAS d3tog 11 55 4z AgE AYgsiag. 7 £S5 o
eldgtaol ] FHe Agolth mistn 9 gl ¥ 7 Fo| 9F8o] 159040 B2
A, ST, CHAT o) mane, geinel Ardel 4¥e WY
A= ARE FRs9om a4 5 B 2
37] ol AAgoldvn Adsdy, e

sfa gl
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.-’B-'--'

1000ms 1000ms

Figure 2. The process of human experiment. At first, the blank screen was displayed while
1000ms. After that, a word or nonword were displayed on the monitor. Participant inserted
their response by the button box which there are two buttons. The participants clicked the
right button by the right hand when the displayed string was a word, and clicked the left
button by the left hand when the string was a nonword. After the response, the screen
returned to the blank, and process were repeated.

L2 daide e EZd] Uigk ddo] AR «15)=10468, p<0.001, F = «15)
Z89 T AEIS APs AP =15571, p<0.00).

DMDX 5.0 AR&3te] A4 2 W=k T3 A=) g Z0E 98, aEe}

ANE o] MF o] EYPRE HAHE 4

2 3 ARt B84, T 2= HF 7] Aol

|

ChIHSAI T 1198)=9.722, p<
AollA] AFg vkel 2ol s007he] ol ZF  0.001, BT (198)=8.296, p<0.001)
% 49 100719 ol & IRIER, 319 100

el HolE ARlEE Foste] WE=EIHE  MEHEM

2
=

Selstadt sk dAAe 1% oRel Fee AT 9,
g—- =]

Lo

50070 A= Al thgk Wleel wkgAIRE g
Bz g0 W= 3945 gQlspy] fleted 1 AYw 7he] FHEAMS AASGY £44
Rl dojoh AlE thof Zhe] wh3AZb} & 3} wkg A7} REE =-0.176% p<0.01 F
Steo gk dig 01

&

F
ol
K"
N
)
Lo,
e
rulo
o
OLA
—.~
%
g3
g9’
o
a3
S

Table 1. The reaction time and accuracy of high, low, and total stimuli.

High frequency Low frequency Difference
Reaction time(ms) 588.198 688.691 100.494™
Accuracy(%) 96.22 71.27 24.95"

M wRE p<0,.001
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Figure 3. The correlation between the frequency of each stimulus and the reaction time and
the accuracy. There are some significant correlation of ©0.01 level in the both of them.

Y599 2% A AFER R
MEE} Ged s 3

- 624 -



72X S / vl 2mol 7|t DBN €ne[Ee| Hof 25 27E NE Jisy T

AlEd oA 1 A& 190, 24 270, 4 )
@47 st SE S ST T 54

25 fRel dHglo] o= SHOAM BAEHHHE
Y ZAgEE el @9t FkE TEE A
S SF Figure 59 032 olo] Ulg AE HoFrh

< o3 ot A E BARGE AlEHAE 21 194 A s FA b F ol g
EEpii=2 w9iRto] ofe} 25 24 T, A

o

A=h
= j=} =
X Rdo] FZE Figure 49 2T Atk FFAFNA AFe uep o] E

g T
ol BE Tz, A AAEE e o FelxdE Wk ZIAE Q] ] e
df Jd ddFe] RdS Fustel FAHE el FAlStnA 25E dolths AR

ATkPark & Lim, 2014; You, Nam, & Nam, C°B2 67 x (2 + 1) = 201709 &= 74
2015). ©Rk, Ao Ao met dESE HAuk 49 o2& 22E S Jehie HaiHl 1

Y3 Afole] 2HTE /) @Ested, B3 & FA A dHgle]l EAstE e b &
& g3t Fx= 1A Y= 9n|3tHYou, Nam, & Nam, 2015).

dHE9] AETFEE You, Nam, Nam(2015) FYSL dolS Auiste @99} Hdo S
& Ao PSRt o] Tt ujeks ©@919] F T e 9eR FAEs
A A7Ed R E AIZEAQD olfet

Q
H=2 - 1_.
A oz AAZ WA AR, B dHow 5%94 S99 Bae A
4

S
A AEzb Fgstd deE AAEEE 8 9t pAdoRe 94 ¥

9 7ze) wa
S} ChHutzler et al., 2004; Kwon, Park, Lim, S F g A, 4 R o|% AgE
Jung, & Nam, 2006; Park & Lim, 2014; Plaut, 357 IAE gt} o5 RUSL %
1999; Plaut, McClelland, Seidenberg, & Patterson, 7] 7}FEA7F 9 HY <k FR R 8

1996; You, Nam, & Nam, 2015). Ho, sk Al A= =3 Al 2R
4959 7 gee shue] Ans B oRoPoEA AARE 74, SYE o

INPUT HIDDEN, HIDDEN, HIDDEN, HIDDEN, HIDDEN, OUTPUT

Figure 4. The structure of model. The activation was transferred from left to right. Input
layer was constituted by 201 units, and the letter information was inserted to the layer.
Each hidden layer had 100 units. The hidden layers received the activation from the
previous layer and sent their activation to next layer. There are two units in the output
layer. Output layer finally judged whether the inserted information is a word.
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st=dElEElA] s X W=

| [l xl ]=lalals] b

1 0 0 .. 0 0 O S 0
0 0 0 0 0 O im0
1 0

Bie= 00 00 6 0|8 D

el ol als]
e (LT 2 e (A (Y

il 0 0 0
B} (B (e i c 0 0 ..00
O N O 0 & 08 e o

Figure 5. The example of input activation about Korean word &', The figure of You, Nam,
Nam(2015) was modified and reused. The units of first row(label ‘0) have the value 1 when

the assigned letter was represented at any location. The units of second and third row(label
1" and 2) have the value 1 when the assigned letter was represented at assigned location.

Except the units, every unit has the value 0.

2249 HelHE o] &2 & =R It
(You, Nam, & Nam, 2015).
B oAt 2dEe Microsoft Visual Studio
2015 Community ZZ1WS o] &3te] c# A
E 5&] o]FoJH 1, Intel Xeon(R) E3-1230
v3 ZRAA9 24576MiB 3, Windows 10
64-bit FFAAR HAFHAA 2o g g

IA7E R E AT

A2 AEAe A8 AT F 208
Ab o] 12125709} 25 wlEo]
vl AMEEIT. Ed AR
LR
YA
oetel FAoz Wad 43 WEs ALsd
A CHPark & Lim, 2014; Seidenberg & McClelland,
1989; You, Nam, & Nam, 2015).

P, =0.15%log,,(F, +2)

Al gFshe Hdole &5 A7 025
2 gtk ole wol A=Fe] A g
7Fede] e wdo] A9 F TR Y
7k 02889 A gro=, Tdo] whojg H
Tols 73 WA FqFFT F URE 7] 9
8 AEUTE o9} o] nighole &
AAste olfe Tdol TE Hx AHE

otk a7 wde}st EAGolee 2

Ao o] &= Atk
o] AFE mpel Zo] A3 B Apre
DBN €iZl5S Y dauglFoz o83}

22 AP 8 H(pre-training)ZF PIAl 227 (fine-
tuning)e] F TAZ FAEY, o] F mAZ2H
9AlE oF AT 2 dassification RBMI} 2

e B M gadF A9FeR o8

714
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3|& & / Bl= Znto| 7|gket DBN €12(52| ¢0f 25 298 M3 Jisy BT

INPUT “

mweur B3 =2

weur 8

\

meut B3 m -p

o
o~

[ ¥ wiooen, 3

(DBN)

Figure 6. The pre-training method of deep belief network(DBN). In first stage, the input
patterns of fine-tuning are used as the training pattern. Curved arrows mean the training
flow. One way arrows mean the pattern making for the pre-training of the stage. The
bidirectional arrows mean the adjusting part at the stage.

QU THDahl et al., 2011; Gwak, Bak, & Yi, 2015).
o] F o 9Hu ¢ugEE dEdFTY =g
go] APAFSoA F2 AL G
o2 AT AYPATES Hydoez st
aA & W A Aol Jhsdtthe gl

o]
A

ﬁ‘(supervised learning) $A

Ahgste] 71T,
AagEee

training 2 2 He

HA At E=9F o A(restricted Boltzmann

machine, RBM) 418 && o] &3dle], FH*x9

Ach
ar
= ok

T gy 293 e 98 s 2
Atk o] W d¥Fcle 52 AHES
ARgRT agja e A A 2Hol
gaey, 2e Hor b F HeYFl
I g9Sy 9 A4 Ad=E 249 o
o, S9ZF1de gE oA guE duHES
dEd 7 29FdA =& dHES A
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Figure 7. The cross entropy and accuracy by the progress of epoch. Upper and below

graphs display about the cross entropy and accuracy, res
there is no big change in both of them after 10 epoch. Th
already finished at the 10 epoch because the error does not

pectively. The graphs show that
is result means that training was
decrease after 10 epoch.
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Figure 8. The difference between high and low frequencies. Model calculated lower cross entropy and
high accuracy at the high frequency. Lower frequency means the short reaction time, so this result
shows that model could simulate the frequency effect.

Table 2. The relations between human and model data. There was a positive relation between human
reaction time and cross entropy, but the size of correlation is very small. On the other hand, in
accuracy, there was no correlation.

Correlation p-value
Human RT to Cross Entropy 0.048 0.000™
Human ACC to Model ACC 0.000 0.970

% RT, ACC = Reaction time, Accuracy
¥ ™ p<0.01
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Figure 10. The cross entropy and accuracy by the progress of epoch. Upper and below
graphs display about the cross entropy and accuracy, respectively. HN means the amount of
hidden layer. The graphs show that there is no big change in both of them after 10 epoch
like simulation 1. However, each model's the reaching point is different, and more hidden
layer related with the lower and higher reaching point of cross entropy and accuracy,
respectively.
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Table 3. The statistical analysis of the cross entropy difference between high and low frequency

High frequency Low frequency Difference t-distribution
HN1 0.461 0.628 0.167™ 18.115
HN2 0.479 0.646 0.168™ 23.210
HN3 0.459 0.624 0.165™ 16.285
HN4 0.416 0.591 0.175™ 14.648
HNS 0.447 0.653 0.206™ 11.067
HNG 0.394 0.605 0.212" 18.831
HN7 0.400 0.636 0.236™ 22.764
HNS8 0.350 0.559 0.209" 11.990
HN9 0.316 0.570 0.254™ 7.513
HNI10 0.274 0.510 0.236"" 7.241

% HN = The amount of hidden layer
% Difference = Low frequency - High frequency
ok p<(.001, ** p<0.01

Table 4. The statistical analysis of the accuracy difference between high and low frequency

High frequency Low frequency Difference t-distribution
HN1 0.886 0.674 0.213" 8.580
HN2 0.856 0.629 0.228™ 13.831
HN3 0.871 0.658 0.214™ 13.722
HN4 0.89 0.689 0.201"" 7.358
HNS 0.865 0.643 0.223"" 7.942
HNG 0.908 0.673 0.235"" 16.767
HN7 0.865 0.638 0.228™ 18.200
HNS 0.893 0.706 0.186™ 8.747
HN9 0.898 0.709 0.189"" 5.597
HN10 0.909 0.749 0.16™ 6.867

% HN = The amount of hidden layer
% Difference = High frequency - Low frequency
ok p<(0.001, ** p<0.01
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entropy (low frequency - high frequency), and there was a significant positive corelation. Below graph
shows the relation between the amount of hidden layer and the difference of accuracy (high frequency
- low frequency), and there was a negative corelation which is marginally significant.

Table 5. The relations between human and 10 hidden layer model data. There was a positive relation
between human reaction time and cross entropy. And there was also a positive correlation between
human accuracy and model accuracy. This is perfectly different from the result of simulation 1.

Correlation p-value
Human RT to Cross Entropy 0.160 0.000”
Human ACC to Model ACC 0.113 0.000"

% RT, ACC = Reaction time, Accuracy
¥ " p<0.01
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The Frequency based Study of the Applicability
of DBN Algorithm on Language Acquisition Modeling

Heejo You” Min-Mo Koo? Kwangoh Yi® Kichun Nam”

YDepartment of Psychology, Korea University
“Biomedical Research Center, Korea University Anam Hospital

PDepartment of Psychology, Yeungnam University

Nowadays, computer science has recently been introduced and used deep learning algorithms in the field
of pattern recognition. However, those deep learning algorithm has not been utilized in the field of
connectionist modeling of language process which has used pattern recognization algorithms for
computational perspective yet. In this study, we made a modeling which use the deep belief network
which is a type of deep learning algorithm, and train the relation between words and semantic. After
training, the model conducted the lexical decision task for model, and the results were statistically verified
that it is similar with result of behavioral experiment with frequency effect as center. As the results of
this study, the model showed that model was able to conduct language process through drawing the
frequency effect. This result suggested that the model which used deep learning algorithm is able to be
used as connectionist modeling, and to simulate the language process of human. In addition, in this

study, we discussed how deep belief network can be applied to the connectionist modeling.

Key words : connectionist modeling, deep learning, frequency effect, lexical decision task
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Ao g o|Fold 4 JJ=E 3 TKHinton, Osindero, & Teh, 2006).

DBNQ| Malists ERo|x AF3 vlel Zo] DBN2 Al 3] 8F<(pre-training) @} PIA 27 (fine-tuning)
o % w2 UeA QAT o F AdE5e A4 DeNolE FE 4 Sl Fead, $Ad2
o] FoIRlE wele] 7 AFAE VHD WIS 2= 2P, A By 2R
AAE vle} o] ZF & HE restrict Boltzmann machine(©] 3t RBM)S A &3t 71532 W7
alo|t)y, RBMO| 588 U3 ZTHGwak, Bak, & Yi, 2015; Kim, McAfee, McMahon, & Olukotun,
2009).

ol

1. A S (visual layer)ol] A oA 2182 48 ddS d=r)
visual, = pattern,

2. A1 A3t 7SAE Fotal Y S(hidden layene] A& (bias)E TISF F A]1Ro|=
Zr(sigmoid function)& 2}-8-8k] L BHgkE T THhiddeno).
hidden, = sigmoid(visaul, X weight + bias,, )

3. 2959 AU 7RIS QUEeR Fota A4S HIFAE Y F AlaRel= &
T2 Aol stake T Thvisualy).
visual, = sigmoid(hidden, X weight” +bias,)

4. 25 B A1AYsto] hidden & 7L
hidden, = sigmoid(visaul, X weight + biash)

5. B0l TebN 342 BRI ASAoR §E Tt HES 192 TR

6. 7FsAE 78413t

weight += o (visual] X hidden, — visual] X hidden, )

a=%5E

7. A7t2e] BEAE A,
b, = a (visual, —visual )

8. =452l AFAE BAlPT:

b, =« (hiddenU — hiddenl)

9. A" M(epoch)7}A] 1-8& HHE-SHC}
ERoA AFg vie} o] 7} ZF 7o) 5 greedy layer-wise training®] ©]8-E Tk ol Z+ &
HellA gHdatAl Hgskd Adejol el vy So2 dojrte WAolth FAA]] WA vy
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hidden,, error = output error X weight}, , > hidden,, < (1—hidden,,)

fori = n-1 to 1) hidden;error = hidden, . ,error X wehight; ;
7HEAE 3AET
wehighz‘/ﬁ71

7}

+= a (input” X hiddenyerror)
fori=1 to n-1) wehight,, +=a (hidden] < hidden, , , error)

weight,, ,+= a(hidden], X output error)

8. 7} WA AT,

for(i=1 to n) bias, +=a(hiddenierror)

biaso +=« (output error)
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