Vislon

Imegmaim
GEBHETION

Oy ective

Sanpling nmodds, such as random wa k
andrace nodds, ae very powerfu and
p ausi H e psychd ogcd nodds. However,
thereisnolearningrdefa such nmodd s.
Thisreduces ther range o apgdicallityin
psychd ogy.

Inré. (8 and (b), we showed howto
transfor marace nodd irto arace net work
usi ng afeedfaward achitedue and a
modfied Arde

A ongthe way, we

net wor ks.
The ob ¢
descri be an
bult aound the nation d Sdf- @gan &
Map (SOMN deve oped by Kohoneni

ces
w Not ati on

Appen
A

Most neurd networks are bult usng netrix
neot i ons.

Aninner product jans pars o value us ng x
and aggregates cdums usng ~ Ths can be
made exgdidt vith I.W:I[X]

z

Arace nodd needstofindthe smallest o
addtive dd ays. This can betunedirto vecar-
and- metrix na aion wth Iﬁ

likewsefa ouer product: I, W I, W

Mer g ng race networ ks and Kohonen Sdf Organ ang Map
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Generd approach

a) Turring a supervised net work (such asthe Race Network) irto a negwork wtha
2-d mens on suface d oupu untsis na aproblem Further, bah standard and
redefi ned metrix oper aions arereadly generdized us ngtensor oper &i ons.

b) Turringthe Ardeirto an unsupervisedlearnngrue
In PRN zeroisthe wanted s gnal;
By convdving
(1 - Ha) function certered onthe wnner
wth

the observed responses,
we get

v

the expect ed responses E
Thus: (E— O) =(1 — Ha) O —0—Ha-0O:

v

carection dgnd isinsertedinthe Arde
AW =ol | (E-0)

=al |, (-HatO)

@Verviewd the They ar e supervised because ateacher prov des
. the expected response. Inthe Ard e changes are
Supervi s net vior ks propartiond tothe size o theinpu andthe

9 anplitude o the erar.
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Represert &i on Transmisson Learnng .
Per ceptrons: {1, 0} o=1_W AW =al , (E-0)
(streng h based) [ZJ
Race net works: {0, oo} o=1 W AW =al , (E-O)
(ti me- based) U

Ali mtaion o these neaworks:  they are supervised ...
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Resuts
Repres. Tranng Learn ng .
{0, 00} 0- lmW AW =a ()l |, (~Hat'*""0)
o(t) and dt) ae il ti me-dependant paranetes ...

However, assum ngtha the Hatis na perfed (he ght
fixed & o say 080), we otdntha a()=1-(1-a)
an exponertid functi on

As d dt), it seems to depend on howragd dthe response
Min( Q is(arich-getsricher efect, found enpiricdlyin
ref. d

I n cond us on

® The paranetersa and ¢ may have as np e phys cd

exd anationinthe cortext d arace modd;

» The Hatfunction suggeststha laterd adivaionis a
sgnd tha requresti metotravel, agananaual
assunptioninthe cortext d arace nodd;

» Therich-ge sricher éfed mght berdaedtoa
massi ve amount o redundancy a a mcrolevd.

erviewd the
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Kohonen net works | earntorecogn ze paterns, but
mor ei nportartly, they argan ze the know edge us ng
prox nityrd &ions. It uses the nation o na ghborhood
duringl earni ng (Ha?) whose wdh reduces wth
learnng

Repr esert i on Transmisson Learnng
none o=1,_ W AW = o (1) x Hat!™ x1, W

m (12

wherethe Hatis d ways certered onthe wnner Min( O).

Prod ens wthth s net work

i) The he ght oft) and wd h dt) of the ne ghbor hood ar eti me- dependant
paranetersredud ng wth practice. They are unprind d ed

ii) Thereis no privlegedrepresentdion Hence the Ardeisinapdicad e



