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Programming
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il EEEE

D of S S’
Uirsrrmey of S Fovscass

Delta rule - refresher

m Thiz appesd ol perreptnors s the ikl B0 aulomaticaly
haarn Wraair waights in @ supenised fashion.

m This !qu;"t ul:ld:lll'ﬂ i 5 WO s e oeds e
s Ay - ally il odlra

& Whans 17 is thi trairing Set. gy b5 expecind outmd and og
& achia ] cikpist.

Neural networks - refrezher

g & nekaork (s compasad of Byers ol nodis
a inpul, hiddan, outpl lryers in fesdonwand mets
i An input & appled o b ingak wnils

& Tha resuling oulpak is e value of B functon tha ret
campibas.

Multilayer Networks

a Whik peroeptnors haren the advanizgae ol o simpla
laming algariiem, their compdlabonal imiEbons o a

oL
a Aol i e Sdd srobhear “hidden”™ layar?
a Compulaticnal poiver increases

& 'WTIN Ol hdoha Largir, LA reEnessanl oy roenkin o
fiamaclion

a Witth Baao Ridden layers, Sam represant oy Tuncbon

a Probiemc How 6o find e comecl waighls for hiddan
rodasT

Percepirons - refresher

4. Single-ayar meteniks
i| R FCEDENONES | aie: e
simploct form of NAL

a Easy o undersiand, bl
compulaBonally limiied.

& Each inpif unk &= &-
rectly cormecied o Cime
OF more outpok uniis.

Multilayer Network Example
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Backpropagation
w Eackpropagalion is an axtension of tha percaplnon
Earning algorihm 1o deal with e layers ol nodes.

a Modes use sigmodd activalion Tunchion, rather tharm e
shai funcan

o glimple) |-

n g'fimpmaly) — gfapms)(1 — glimpuly]} (G000 NEwS hars -
lo commpuln g wa jusl naed g|

& Wi will stil “fodow the gradiant”. whare of gives us the
gradiarl.

Updating hidden-output weights

i Exch wiight 5 updaied by ow Ay
w Wy Wi bavag e iy

More on computing error

g Facal Taf our goal is o minienize b amor Turchon.

g T o this, we wanl o change e waights =0 a5 1o
a1 O

s W dofing armor a5 a nclion of the waighls [ke S0
a Hijw] — expecied — ool

& S0, o dalarming how o chargs tha saighbs, we
compibs thia derivalieae of ermr with et i e

waigris

a This lels us e shope ol tha srmor curee af hak poink.

Backpropagation
& Updativg input-hiddian swighis:

a Idaa: each Ridden nods s nespansbe o a facion of
i @i i &

i Dévide & acoording 1o the stremgth of the connectian
bastaan s Redden and cdlpul noce

a Foreach hiddan nods §

o &y~ glimath{] — glinmat]) o s Wik
a Updaln rube for inpul-hidden wakghis:

o Wi, Wy, b ovinmal, v

More on computing error

& Eiw] ~ rxpeetes — gfimpt)
a Fw] — cxpedod — giw ei)

a Gy 0 gl
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Backpropagation Algorithm

& Thia whals algorihm can b summed up as
Whilks nok done:
I d i bradning st
Annly inpuls of d, propagale oreard.
for noda € in olbpul ey
dy — oudpd w [ — outipmal] v [lapy — oufmat)
for aach hidden roda 7
dy - ondipmad v || — onigrad) o 57
Adjust aach waight
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Theory vs Practice
w In @ dafinition of backpropagation, a singks wpdaie o

all wighls is compuied for all fala poinks & onci.

o Find the oadaks thal minines dobal som of sousned
@

s Guaranad 10 convenaa in his casa

& Problam: This s often commpukaborally spaca-inbensisa.

& Requires craaling a malrbs &t ona row for aach cala
poink and irearting il

& In prackos, updabes ang don incrementally rslaad.

AMomentum

s Einoe backpropagation is a hikcimbing aigorim, il is
sisnaplinda to Qefting shick in plakesd s

a Amas whern looed waight chamges don'l produce an
imprTRaRmHEnE in 1R Smor funclion.

& A COHmimon @xiersion I backoopagation & the a0t
Ol & raimaanium Bsm.

e Caries tha slgorithm Seough minima and plaleaus.

w boear remamber the "direchon” you wene gosng in, amd
by dirleill keap gaing thal i

m Matemalicaly, this means using e seoond daivatia,

Stopping conditions
s Unforfunabely, incremmental updaling is not geersveed’ 0
COfeRm.
g A0, COMAENGENCE Can lake a ong ire.
a '"Whan to siop rainingT
a Fbied rismbar of kel ons
a Tolal airor Biabow & Sl iereshahd

o CORMErgRNDE - o changs in weighis

AMomentum

4 Implermanting momamium typicaly maans rememmbaring
whal updais was dons in the presicis Rerafon.

4 O updabe rubs beooess:

o farpin) - afyry § Adwpin - 1)

& To consider the afec, imagin thal oo nees Sedla s 2ero
e e madhe Ay [mprossaimien )

& Momaemum will kese the weights "moving” in he ssme
direeton .

& Abkogrdualy incressis SieD sk2e in aness whian
gradiant is urchanging.

a This Speds Up comaamanos, helps escams plainsies
arad loeal minina

Comments on Backpropagation
@ Als0 works o mislbpde hidden leers

o BEackpropagalion is only guaranized o comngs 1o a
local misdmum

o May nol find e absolule basl sat ol waighis

& Low inial wesghis can Fedp with this
g Makes e nabvork act mone limaay - Tesssed i n s

a Can aiso ise mndom restar - min moiipks Gmas with
difananl inilial woights.

Design issues
s One dfouty with neural mels is deberminivg hos 0
ENCGOE oL probdam

a Inpuls must b 1 and O, o5 elss realaa basd numbess.
o S for oukpils

. Symbakc variables can b given binary anoodings

a Morg oomphes conoepks My requiee cans b nepnesani
CodTRCiy.



