Neural Network /Models

Neural network moc/e/s are just complicated
nonlinear statistical models Like proj ection
pursuit models, they make use of derived
varia b/&f WIN'CA correcpond fo directions in ffve
prtd/'cfor space, and a sum (for regresnonB
or sums (for C/assificahon) of nonlinear trans-
formations of these derved vaciables js/are

CUG‘J to 0l9+aih Tl’le P(‘@O(iOLI'On;_

I Wi// fl'r.ci‘ de_(cr/'IDe Q Siﬂg/C /’H'c/a’en /ager regrcmbn
mode/ based on inpuf variables Xy, Xy, ..., Xpet, Qnd

%p. For the "hidden lage,r,” M |inear combinations



of the p predictors are obtained, and all of
thece linear combinations ace transformed using
fhe Same non/(near “activation” )Cunch'ovs, T,
to obtain M variables to uce )(ar the next step.
So +he orlgmal inputs are used +o o btain

2y = T o * Ly Xyt o2 X pnxp) (L M)
T hen the predycted va’ue: are obtained using

9 2 Bt Bt o+ L.

So jts similar +o PPR, except that a fixed £ o,
is wed fo non/inear/y fransform the |ivesr combi-
nations of the inpufs, instead of using Smocther
+o obtan the nonlinear Franstormations (as PPR doec).
Sincc n‘olge far used in PPlci@have greafer camplewfj

H)an g, many move ‘fermf qce genem”y needed w/ neural nets,
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The &y and the ABi are Fit iferm‘ivelj using
the training data. (See Sec I.4 and Sec. IL5 of
NTF for come defails.) T M is large, which
means that there are a lot of parameters,
one needs to worry about averwcifﬁnj — if
too many jterations are used in the fiH/nj
process, the §ican be very clore +o the observed
Yi, but the fitted model can pectorn poorly
with reqard to genera/feah'on errocs. One
approac,lf\ is to use a validation set, and stop
the iterations when +he validation ecror starts
to increase (even though the training error may
still be decreasing ). Note that unlke PPR,

with which terms are added t the model



‘+

one L)j one., and estimates Of the 96nemll'3af’fon
ervor are used +o control the comple xity of the
mode[ and aquoid Overfh"ﬁnj,- with neural networlks,
M s qeneraug cet to be a large/ number be‘FOr&
7‘“})@ frax'm'nﬂ precess IDEjl'm, and OVCTvﬁiHinj /s
aVOia‘Gd Lj "Caf'l(j £+0Ppifﬂ T — .Sfapp/nj ‘f'l’)e
iterations before the errors on +he trarning data

dre. co”ecﬁvely min}mf%ed.

A popwlar o"m;‘ce fbr ﬁve activation 1Cun4+/'0n 15
the sigmoid function, for which

U(V) ) T}?‘;
To better understand how +he sigmoid £i can

V)onlinear/j Franstorn, the linear Combina Fions of



the inputs, [ think that s qood fo view

O‘(ot,, o, x,t 0(.97(,,)
as

oo + ¥o7x)
v\/l’\Cr& L=>do, o is & unit vector ‘ﬂav/nj the
came direction as (e, o, ..., o(PY; and Yis +he
lehgﬂ’l Of (d.,,.,, %)7.— For‘ Some. Combinations o*f
A and X, Hﬂ&»

v, > o+ {BTX
values may all be jn the joterval (-1, 1), on which
rlv): (1+ev)”

Te approximafelj linear, For other chorces of

o and )/, the. v va/uex Can be N an /'m‘—Crva( on

W‘m‘cl’l 0‘(1/‘) 5 mono-/—om'q//] I'/)Creas}nj w/‘f/l an
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ncreasing derivative, or the v; values can belanj
fo an interval on which a(v) is monstonscally
increasing with a decreacing decivative. (Note : To
9cf decreasing behavior, the Sigmoid Can be multplied
Eg a negative coefficient ) For still other choicer of
A and ¥, olv) can produce rougb/j a b;’narﬂ reponse,
with the values of the o(v:]being either real
clae to 0 or real close to [ (To get this
dichotomous behavior, ¥ peeds to be suitably lacqe.
To get linear behavior, ¥ needs +o be suitably small
[n both of these cases, & needs fo be a suitable
value. Foe fincar behavior, o should be such that the
middle of the v: ~a valves /s close 40 0 For the

dichefomoy bekav/ar, Chanjinj & wifl c[ﬂa'ye, the "theeshold )



For K-class classification, there ace K tacget
variables — for each care, exactly one of y,,
Yoy Yus, and Yu s Coded with al, and the cest
of the target varioble values ace 0 ( For K=2,
[ think one casld just we a single binary facget.)
One forms K diffecent linear combinations from
Fhe “hidden units” (the 2m (m:l .., M)

From the

/

L2 Bow + Bzt 1B 7, (k-t..,K
the
g lt, ., te) = e /55, et
are obtamed  For eac,n obsecvation, the predicted

clau '

ar‘gkmax 9l< (t:, ...,fk )



[1; beHer+o have o wany hidden anits +han 4oo few.
Wh% foo ,CEW, 1’14% mMay not 66 &ougf\ f/ex/'fai/ffg fo

Capture 7"/7& nonlihear*i;‘j

One can we a neuca network model I’Iaw‘nj more than

one hidden ‘ayer, and the hidden units in each [ajer can

be connected jn different ways — i#f not necesrary to have
them 1Co”y connected. Sec. Il77 of HTF deccribes five different
Neural etwork models for the same sething. [heee model;
have two hidden !ayerf, with unitr connected jn different wayy,
one mode| hasr one hidden layer; and one mode| doesnt
have any hidden lay ers (and js €g(:uiva/€nf +o a multinomial
Ioﬂ;;hc_ regression model). The architectuce wsed can

mal(e an appreciab/e diﬁfemnce,





