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L ThERDIFR

S—E T OB T ILTYR L

= Bl AT gradient descent 7 LTV X LTHS
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K.Funahashi: "On the Approximate Realization of Continuous Mappings by Neural Networks", Neural Networks,2,pp.183-192(1989).
G. Cybenko. Approximation by superpositions of a sigmoidal function. Mathematics of Control Signals Systems, 2:303-314, 1989
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ZRO YT —UTIE?
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«  perceptron FEAOTILARAERNESNEH, FEODEHEERDHD
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- RHNEL. VK. HD
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lIANRE JREBEREICLDEHDEH

for(int i=0; i<N_INPUT; i++){
input[i] = (double)in[il; [/1B-> D OEHEEH

} for(int i=0; i<N_OUTPUT; i+-+){
for(int j=0; j<N_HIDDEN; j++){
[BNBORE double deita;
for(int 1=0; i<N_HIDDEN; i++){ delta = -alpha *
hidden(i] = 0.0; ( - (teach[i]-output[i]) *
for(int j=0; J<N_INPUT; j++){ output[i] * (1.0-output{i])*hidden(j] );
hiddeni] += w131l * input(j]; w2[j][i] += delta;
}
hidden(i] = sigmoid(hiddeni]); }
}
[IAD->BADOEHEEH
[/ HBOEE for(int i=0; i<N_HIDDEN; i++){
for(int 1=0; i<N_OUTPUT; i+-+){
outputfi] = 0.0; double sum = 0.0;

for(int k=0; k<N,bUTPUT; k++){
sum += w2[i][k] * (teach[K]-output[K]) *
output[k]*(1.0-output[K]);

for(int j=0; j<N_HIDDEN; j++){
output[i] += w2[j][i] * (hidden[j]);

i FEOL: HERFEFE

» EETEDRDA
« BETF—2%(x)1<i<N) ETB
» FzARYED—ODAH ABERFRE y=F(.x)
 REEMERET S, BEE.

E(F) = 2 (FO7.x) -3’

t=1

output(i] = sigmoid(output{i]); ¥ —- = o

} VMY > \
it 10 <N LINPUT, p6 s COEER/IMETDWERDNIEELL
double deita;

/12T EARES delta = alpha * hidden(i]*(1.0-hidden[i]) * input[j] * sum;
public double sigmoid(double i){ wi[j][i] += delta;

double a = 1.0/ (1.0 + Math.exp(-1)); )

return a;
) http://d.hatena.ne.jp/poor_code/20090711/1247334880 56
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Feedforward ANNs: RIEBHENAT R

=BA
= [BhE1 nfeedforward ANN
. {EE® Boolean function WEETEH(“TES” ZEIFHBA. AND-OR RykT—S%EL)
- EEO BRELBIM bounded continuous function (& ¥4 TiE L) [Funahashi, 1989;
Cybenko, 1989; Hornik et a/, 1989]
o« VUEAFEB(TECEL &) £ERH basis functions; (1F1F) BATAZFI CTRIKGE 1L
= ANNs ASE {17 5%:BI%4: Network Efficiently Representable Functions (NERFs) - 4$# 3+ T
ETLVELY [Russell and Norvig, 1995]

ANNs DR/ 31T R
= FRFTIA—HV)URZERE (AR EDZERM weight space)
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o FLERHOTLVEL
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. i, 005 - e,
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= [EREE: weight decay 0
o 3000 5000 6000
Error versus epochs ( 1) ‘Truining fterutions.
Error versus epochs (Example 2)
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0009 -, “Test setemor +
£
© % MWW\«KHW4WW»MWMWWWW
0003 g,
0 ™ 2000 4000 6000 5000 10000 12000 14000 18000 18000 20000 77

Training iterations.
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BEEDEZLNDMORE
= PORETIRNEFHROEH
o« DRTEDE, HHITFBETELL (“underfitting”)
. BETRE
- EAET AR T XINETL) OB (B BE) LY ER(HOBE) oE#s S
= BTEDLERE
- BNYEh TN
. BB 2REBBEAELYBROSERTAMT D

2
= Fhh: BHEESE SRR attribute subset selection (pre-filter 7= wrapper)
.

. cross-validation (CV)
. Weight decay: TRy LICH BE—EETHEXHEE) BAEED
= FF/E18: random restarts: MIHHEZES X LITHZ T, # EXFF D addition and deletion
BEEFFELEVCGERISNSVERTOHFET D) EVSERNHD

S. Amari, N. Murata, K.-R. Muller, M Finke and H. H. Yang, Asymptotic Statistical Theory of Overtraining and Cross-Validation, IEEE
Transactions on Neural Networks, Vol. 8, No. 5, pp. 985-996, 1997.
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JhALUR=Za2—F )L ykT—5
XiEDFEE (Elman)

) —

S = NPVP*“."
NP — PropN | N | N RC
| VP - V (NP)

RC — who NP VP | who VP (NP)
"
s
/o
/ \
/ \ W
/ \

N — boy | girl | cat | dog | boys | girls | cats | dogs
PropN — John | Mary

L — IZ

! context

V = chase | feed | see | hear | walk | live | chases |
Jfeeds | sees | hears | walks | lives
|
ol S—

Additional restrictions:
- 54 LIZ10,000 X E R LEESES

J.L.Elman [Distributed Representations, Simple Recurrent Networks, and Grammatical Structure

and (where appropriate) between head N &
subordinate V
© verb arguments:
chase, feed — tequire a direct object
see, hear — optionally allow a direct object
walk, live — preclude a direct object

* number agreement between N & V within clause,

BEEERRD
ik 4k

R (XARE) DIES

Distance.

J.L.Elman lLanguage as a dynamical system ]

ransitive (sometimes) Y ERBS

ke
tase  transitive (always)
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= KEEELOfZa—nY

Neuroids [Valiant, 1994]
TRAThOERRFIKEELD
TRAThOEHRAFERLE->THEN (F(F REICE SR TEH)
BEHLERVET—IETIL
- SVELTFIOMEE
. BEARFEIFEBBRO—EELTE®RLZND

DAV S= b 27

= R/84%-=a1—RA spiking neurons [Maass and Schmitt, 1997]
» FEBESHAORBETEIAGN
= RXOIIMOBOThABRELD
« HULVEEa—T 14 temporal coding Tl rate coding ASFBLYLH, FRILEBETE
ATk

= FHLLEFHRA

= JEMBLAOEST [Stein and Meredith, 1993; Seguin, 1998]
= R/84%-=a—0>-ETF)L spiking neuron model
98

ESN: ALZEH->7=NN

ESN: Echo State Network
Jaeger H. and Haas, H. Harnessing nonlinearity: Predicting chaotic systems and
saving energy in wireless communication. Science, 304:78-80, 2004.
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ESNOD =3 5

i The Mackey Glass system

= Chaotic attractord® 3 - - -dynamical system
DEEDF=HDTARKRE S—ZHHLLY
y() = ap(t=7) [(1+ y(t = 7)") = (1)
INTA—BFLUTDOLSIZETE
a=02,4=10,7=0.1
Mildz®= 7=17  -widzgz =30

Bl 02y(n—7/8)

y(n+l)= y(n)+5(1+y(n ~1/5) =0.1y(n))
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Mildzgix 7=17 -wildzgz 7=30

A=y rOHA: /1 XAY
x(n+1)=

(1= 8Ca)x(n)+ SC(f (W "u(n +1) + Wx(n) + W y(n) + v(n)))
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