Chapter 2

Neural networks

Oneapproachio learningis to try to simulatethehumanbrainin the computer To do this, we needto know
roughlyhow a brainworks.

A brainneuron(seeFigure2.1)is a cell with two significantpieces:somedendrites, which canreceve
impulsesandanaxon, which cansendimpulses.Whenthedendritegeceve enoughimpulsesthe neuron
becomesxcited and sendsan impulsedown the axon. In the brain, this axonis next to other neurons’
dendrites.Theseneurongeceie the impulseand may themselesbecomeexcited, propagatinghe signal
further This connectiorbetweeranaxonanda dendriteis asynapse

Over time, the connectiondbetweeraxonsanddendriteschange andso the brain “learns” asthe con-
ditions underwhich neuronsbecomeexcited change.How exactly neuronsmaponto conceptsand how
the changingof synapsesepresent&n actualchangein knowledge,remainsa very difficult questionfor
psychologistandbiologists.

2.1 Perceptron

Using whatwe know abouta neuron,though,it’s easyto build a mechanisnthat approximate®ne. The
simplestattemptat this is called the perceptron. Althoughthe perceptronisn’'t too usefulasa learning
techniqueon its own, it’s worth studyingdueto its role in artificial neuralnetworks(ANNSs), which we'll

investigatan Section2.2.

2.1.1 The perceptron algorithm

Theperceptrorhasa numberof inputscorrespondingo the axonsof otherneuronsWe'll call theseinputs
z; fori=1,...,n (wheren is thenumberof inputs).It alsohasaweightw; for eachinput (corresponding
to thesynapses)it becomesxcitedwheneer

n
Zwifﬁi >0.
1=1

Whenit is excited, it outputsl, andat othertimesit outputs—1. The perceptrorcanoutputonly thesetwo
values.

Letusreturnto classifyingirises. Aswith linear regressionwe’ll add a constant-onettributeto
give addedflexibility to the hypothesisWe'll alsomakethe label numericby labelingan examplel
if it is versicolorand —1 if it is not. Figure 2.2 containsthedatawe’ll use
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Figure2.1: A depictionof ahumanneuron.

constant sepal sepal petal petal | isspecies

one length width length width | versicolor
Iris A 1 4.7 3.2 1.3 0.2 -1
Iris B 1 6.1 2.8 4.7 1.2 1
Iris C 1 5.6 3.0 4.1 1.3 1
Iris D 1 5.8 2.7 5.1 1.9 -1
Iris E 1 6.5 3.2 5.1 2.0 -1

Figure2.2: A prediction-from-gamplegproblemof Iris classification.
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We'll chooserandomweightswith which to begin the perception. Sayour perception begins
with theweightsw; = 1, wy = 0, w3 = 0, wy = 0, ws = 1. For thefirst prediction,we needto
computevhether

5
Zwﬂi:1'1+0'4-7‘|‘0'3-2+0'1-3+1'0-2:1-2

=1
exceedd). Sinceit doesthe perception predictsthatthis examples labelwill bel.

To learn,a perceptrormustadaptover time by changingits weightsw,; over time to moreaccurately
matchwhathappensA perceptromormally startswith randomweights.But eachtime it makesa mistake
by predictingl whenthe correctanswelis —1, we changeall weightsasfollows.

W; < W; — 175

Herer representshe learning rate, which shouldbe chosento be somesmall numberlike 0.05. (If you
choose- toolarge,theperceptromayerraticallyoscillateratherthansettledown to somethingneaningful.)

In our example wejust predictedthatIris A's labelwouldbe 1 whenin factthe correctlabelis —1
(accodingto Figure 2.2). Sowe’ll updatethe weights.

wy —wy—re;=1-0.05-1 = 0.95
Wy — wyg —rxy =0—0.05-4.7=-0.24
wg ¢ w3z —rex3=0-0.05-3.2=-0.16
wy — wy —rxy =0-0.05-1.3 =-0.07
ws — ws —rexs =1—0.05-0.2=0.99

Theseare theweightswe’ll usefor the next training example
Similarly, if the perceptrorpredicts—1 whentheanswelis 1, we changeheweightsagain.

w; — w; + re;

To computehe predictionfor Iris B, wedeterminewvhether

5
> wiw; =0.95-1+ (—0.24) - 6.1+ (—0.16) - 2.8 4+ (—0.07) - 4.7+ 0.99 - 1.2 = —0.05
i=1
exceedd). Sinceit doesnot,the perception predictsthatlris B is labeled—1.
Thisis wrong: Accoding to Figure 2.2, the correctlabel for Iris B is 1. Sowe’ll updatethe
weights.
wy —wy+re;= 09540.05-1 = 1.00
wy — wy +rry=—-0.2440.05-6.1= 0.07
wsg — w3z +rrx3=—-0.1640.05-2.8=—-0.02
wy — wy +rryg=-0.074+0.05-4.7= 0.17
ws — ws +rrs= 09940.05-1.2= 1.05

Theseare theweightswe’ll usefor the next training example

Let me makean intuitive agumentfor why this training rule makessense. Say we get an example
wherethe perceptrorpredicts1 whenthe answeris —1. In this case,eachinput contributed w;z; to a
total that endedup being positive (and so the perceptrorgot improperly excited). After the training, the
new weightis w; — rz;, andsoif the perceptrorsav the sameexampleagain,this inputwould contrilbute
(w; — rz;)z; = wz; — ra?. Sincer is positive, andsincez? mustbe positive regardlessof z;’s value,



18 Neumal networks

this contribtutionis smallerthanbefore. Thusif we repeathe sameexampleimmediately the sumwill be
smallerthanbefore— andhencecloserto beinglabeled—1 correctly (The sameline of agumentapplies
whenthe perceptrorpredicts—1 whentheansweris 1.)

Theperceptroralgorithmwill iterateover andoverthroughthetrainingexamplesuntil eitherit predicts
all trainingexamplescorrectlyor until somebodydecidest’ stime to stop.

To train the perception on the irises, we'd go throughthe examplesseveral times. Thefollowing
tabledemonstateshowtheweightschangewhile goingthroughall the exampleghreetimesover
irs | >, wiz;  wy Wy w3 Wy ws

1.20 | 0.95 -0.24 —-0.16 -0.07 0.99
—0.05 | 1.00 0.07 —0.02 0.17 1.05
3.39 | 1.00 0.07 —0.02 0.17 1.05
4211095 -0.22 -0.16 —-0.08 0.96
0.50 | 0.90 —-0.55 -0.32 —-0.34 0.86
—-2.9410.90 -0.55 —-0.32 -0.34 0.86
—-3.8810.95 -0.24 -0.18 -0.10 0.92
—0.16 | 1.00 0.04 -0.03 0.10 0.98
3541095 -0.25 -0.16 —-0.15 0.89
-0.21 095 -0.25 -0.16 -0.15 0.89
—0.76 | 0.95 —-0.25 —-0.16 —-0.15 0.89
—0.69 | 1.00 0.05 —0.02 0.08 0.95
2.80 | 1.00 0.05 —0.02 0.08 0.95
3471095 -0.24 -0.16 —-0.17 0.85
-0.27 1095 -0.24 -0.16 -0.17 0.85
Atfirst glance thislooksquitenice Onthefirst passthroughtheexamplestheperceptionclassified
only 1 of the 5 flowerscorrectly Onthesecondass,t got2 correct. Andonthethird pass,t got3
correct.

If you continueto seehow it improves,though,the perception doesnt label 4 of the flowers
correctuntil 34 timesthroughthe training set. It finally getsall 5 flowersright on the 1, 358th
iteration throughthe examples. (The training rate doesnt affect this too mud: Increasingthe
trainingrateevenquitea bit doesnt speedt up mud, anddeceasingtherateonly slowsit a little.)

Incidentally after goingthroughall theseiterationsusingr = 0.05, thefinal weightswould be
wy; = —1.80, wy = —0.30, w3 = —0.19, wy = 4.65,andws = —11.56.
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2.1.2 Analysis

Althoughtheapproachearevery different,it’ sinstructive to compardinearregressiorwith theperceptron.
Theirpredictiontechniquesreidentical: They have a setof weights,andthey predictaccordingo whether
theweightedsumof the attributesexceedsa threshold.

We know thatlinearregressiorhasa strongmathematicafoundation.andwe know thatthe perceptron
hypothesisisn’t ary more powerful thanthat usedby linear regression. So why would you ever usea
perceptrorinstead?

Youwouldn't. | don’t know of ary reasoro usea single-perceptropredictor whenyou couldjustas
easilydolinearregression Perceptronareeasierto program,sure,andeasierno understandBut they take
alot morecomputatiorto getthesameansweyif you're lucky enoughto getananswer (Perceptronsrent
evenguaranteetb corvemgeto asingleanswerunlesgheresahyperplanghatseparatethedataperfectly)

Sowhat’s the point of studyingperceptrons®hey’re inspiredby humanbiology, andthe humanbrain
is the bestlearningdevice known to humankind But we needto keepin mind that,thoughthe humanbrain



2.2 Artificial neural networks 19

input hidden output
nodes nodes node

Figure2.3: An artificial neuralnetwork.

is extraordinarilypowerful, eachindividual neuronis relatively worthless.To getgoodperformancewe’re
goingto have to networkneurongogether That's whatwe're goingto look at next, andthat’'s whenwe’'ll
startto seesomedividendsfrom our studyof perceptrons.

Advantages:

e Simpleto understand.
e Generateasimple,meaningfulhypothesis.
e Inspiredby humanbiology.
e Adaptsto new datasimply.
Disadvantages:

e Thehypothesids a simplelinearcombinationof inputs,justlike linearregressionput linearregres-
sionhasmuchmoresolid mathematicagjrounds.

e Only worksfor predictingyes/novalues.

2.2 Artificial neural networks

Artificial neuralnetworks(ANNS) arerelatively comple learningdevices. We'll look first at the overall
architecturethenattheindividual neuronsandfinally at how the networkpredictsandadaptdor training
examples.

2.2.1 ANN architecture

Figure2.3 picturesthe layout of one ANN. This particularnetworkhasthreelayers. Thefirst is theinput
layer, includingfour nodedn Figure2.3. Thesenodesarent really neuronof thenetwork— they justfeed
the attributesof anexampleto the neuronsof the next layer. (We'll have four inputswhenwe look at the
irises,aseachiris hasfour attributes.)

Thenext layeris thehidden layer. Thislayerhasseveralneuronghatshouldadaptto theinput. These
neuronsaremeantto procesghe inputsinto somethingmoreuseful, like detectingparticularfeaturesof a
pictureif theinputsrepresenthe pixelsof a picture— but they’ll automaticallyadapt,sowhatthey detect
isn't necessarilyneaningful. Choosingthe right numberof neuronsfor this layeris an art. Figure2.3
includesthreehiddenneuronsin the hiddenlayer, with every input nodeconnectedo every neuron,but
reallyan ANN couldhave ary numberof hiddenneuronsn ary configuration.

Thefinal layeris theoutput layer. It hasanoutputneurorfor eachoutputthatthe ANN shouldproduce.
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Figure2.4: Thethresholdunctionandthe sigmoidfunction.

Onecouldconcevably have morehiddenlayers,or deleteor addlinks differentfrom thosediagrammed
in Figure2.3, or evenuseamorecomple unlayereddesign.But the mostcommondesignis the two-layer
network, like thatof Figure2.3. In this architecturethereis a layer of somenumberof hiddenneurons,
followedby alayerof somenumberof outputneurons.lt haseachinput connectedo eachhiddenneuron,
andit haseachhiddenneuronconnectedo eachoutputneuron. Peopleusually usetwo-layer networks
becausenorecomplex designgust haven't provenusefulin mary situations.

In our walk-thrnughexampleof howthe ANNworks,we’ll usethefollowing very simpletwo-layer
networkwith two hiddenunits« andb andoneoutputunit o.

a

Asis commonlhydonewith ANNs,ead of theneuionsin our networkhasan additionalconstant-
oneinput. We do this insteadof addinga new constanti attribute (aswedid with linear regression
andperceptions),becausahat wouldnt givea constant-onénputinto the outputunit o.

2.2.2 The sigmoid unit

Eachunit of the networkis to resemblea neuron.You mighthopeto useperceptronghut in factthatdoesnt
work very well. The problemis oneof feedback:In a neuralnetwork,we mustsometimesttribute errors
in the ANN predictionto mistakedy thehiddenneuronsijf the hiddenneuronsareto changebehaior over
timeatall. (If they don't changebehaior, thereisn’t muchpointin having them.)Researcheifsisthaven't
founda goodway of doingthis with regular perceptrons.

But researcherbhavefiguredout a practicalway to do this attribution of errorusinga slight modifica-
tion of the perceptrongalleda sigmoid unit. Sigmoidunits producean outputbetweer) and1, usinga
slightly differentprocedurdrom before.(Having thelow outputbeing0 is justa minor differencefrom the
perceptronywhoselow outputis —1. We'll justrework our trainingexamplelabelsby replacing—1 labels
with 0.)

A sigmoidunit still hasa weightw; for eachinputz;, butit processethe weightedsumslightly differ-
ently, usingthesigmoid function, definedas

_ 1
T 14 ey’

o(y)

Thisis asmoothedapproximatiorto thethresholdunctionusedby perceptronsasFigure2.4illustrates.
To makea predictiongiventheinputsz;, thesigmoidunit computesandoutputsthevalue



2.2 Artificial neural networks 21

Noticethatthis meanst will outputsomenumberbetweerd and1. It will never actuallybe 0 or 1, but it
cangetvery close.

The differencebetweena sigmoid unit and a perceptronis quite small. The only real reasonto use
the sigmoidunit is sothatthe mathematicbehindthe analysis— which we won’t examine— works out
to shav that the neuralnetworkwill approactsomesolution. The advantageof a sigmoidunit is thatits
behaior is smoothandnever flat. This makesmathematicainalysiseasiey sinceit meansve canalways
improve the situationby climbing oneway or the otheralongthe sigmoidcurve. If the outputis too high,
we’ll try to go downhill a bit. Too small?Go uphill abit. But we won't getinto the detailsof why it works.

We havethreesigmoidunitsin our architectue: a, b, ando. Thehiddenunitse andb havefiveinputs
and hencefive weightseadh — onefromead input node,plus the constant-onénput. Theoutput
unit o hasthreeinputs and hencethree weights— onefrom ead hiddenunit, plus the constant-
oneinput. To bagin the network,we initialize eat of theseweightsusingsmall randomvaluesas
follows.

wo, = 0.0  weightof constant-onénputinto hiddenunit a
wy, = 0.1  weightfor hiddenunit « fromfirstinputnode
wq, = —0.1  weightfor hiddenunit « fromsecondnputnode
ws, = —0.1  weightfor hiddenunit « fromthird inputnode
wy, = 0.0 weightfor hiddenunit « fromfourthinputnode

wey = 0.0 weightof constant-onénputinto hiddenunit b
wypy = —0.1  weightfor hiddenunit b fromfirst inputnode
wgy = 0.2 weightfor hiddenunit b fromsecondnputnode
wsy = 0.1 weightfor hiddenunit b fromthird inputnode
wygy = —0.1  weightfor hiddenunit b fromfourth inputnode

we, = 0.1  weightof constant-onénputinto outputunit o
we, = 0.2 weightfor outputunit o fromhiddenunit «
wy, = —0.1  weightfor outputunit o fromhiddenunit b

2.2.3 Prediction and training

Handlinga singletrainingexampleis a three-steprocessWe'll seehow to do eachof thesestepsn detail
soon,but heres theoverview.

1. Werunthetrainingexamplethroughthenetworkto seehow it behaes(the predictionstep.
2. We assignan“error” to eachsigmoidunit in the network(the error attributionstep.
3. We updateall theweightsof the network(the weightupdatestep.

Thewhole processs akin to the perceptrortraining processexceptherewe’ll alwaysupdatethe weights.
(Recallthatthe perceptrorweightsgot updatednly the perceptrorerred.)

Prediction step In a two-layer network like that of Figure 2.3, the predictionstepis straightforward:
We takethe exampleattributes,feedtheminto the hiddensigmoidunits to getthoseunits’ outputvalues,
andthenwe feedthesehiddenunits’ outputsto the outputunits. The outputunits’ outputsarethe ANN’s
prediction.
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Givenlris A, wefirst computehe outputof hiddennodec.

0, = 0(wWog + W1aZ1 + WaaT2 + W3,T3 + WaqTa)

= o(0.040.1-4.7+ (=0.1)-3.2+ (=0.1) - 1.3+ 0.0 0.2)

= 0(0.02) = o = 0.5050

1+ e 9

Similarly, we computehe outputof hiddennodeb.

oy = o(wep+ wipz1 + Wtz + WapTs + WapTs)
= 0(0.0+(=0.1)-4.740.2-3.240.1- 1.3+ (=0.1) - 0.2)

1

Finally, we cancomputehe outputof the outputnodeo.

0, = 0(00o+ Wap0q + who0p) = 0(0.14 0.2 -0.5050 + (—0.1) - 0.5695)

1

Thusthe computedredictionfor Iris Ais 0.5359.

Error attrib ution step The error attribution stepusesa techniquecalledbackpropagation Whatwe’ll
doisto look attheentirenetwork'soutput(madeby the outputlayer)anddetermingheerrorof eachoutput
unit. Thenwe’ll move backwardandattribute errorsto the units of the hiddenlayer.

To assigrtheerrorof anoutputunit, saythe desiredoutputfor theunitis ¢, but theactualoutputmade
by theunit waso,. We computethe errorof thatoutputunitaso,(1 — o,)(t, — 0,).

After we computethe errorsof all outputsunits, we backpropagat¢o the hiddenlayer Considera
hiddenunit #, whoseweightconnectingt to anoutputunit o is wy,. Moreover, call A’s outputoy,. (Thisis
theoutputthatwassentforwardto the outputnodewhenmakinga prediction.)Theerrorthatwe’ll attribute
to thehiddennodeh from o is 05 (1 — o) w9, (If therearemultiple outputunits,we’ll sumtheseerrors
over all outputsto getthetotal errorattributedto 5.)

In our example the correctanswert, was0 (Iris A is not versicolo), while the networkoutputo,
was0.5359. Thustheerror of unit o (which we’ll representy é,) is

8, = 0o(1 = 0,) (Lo — 0,) = 0.5359(1 — 0.5359) (0 — .5359) = —0.1333 .

Nowthat we haveerrors attributedto the outputlayer, we can computethe error of the hidden
units. We compute),, the error attributedto hiddenunit .

8q = 04(1 — 04)we,6, = 0.5050(1 — 0.5050)0.2 - (—0.1333) = —0.0067
Andwe computeheerror &, of thehiddenunit b.

8 = op(1 — 0p)wpod, = 0.5359(1 — 0.5359)(—0.1) - (—0.1333) = 0.0033
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Weight update step The last stepof handlingthe training exampleis updatingthe weights. We update
all weightsasfollows (boththosegoingfrom inputsto hiddennodes andthosegoingfrom hiddennodeso
outputnodes).

Consideroneinput to asigmoidunit in the ANN. Sayz is thevaluebeingfed into theinput duringthe
predictionstep,ands is theerrorattributedduringtheerrorattribution stepto the sigmoidunit receving the
input. We'll addréz to theweightassociatedvith thisinput.

We'll usea learningrater of 0.1 here. Here’'showtheweightsare changedor thistrainingexample

Wog ¢ Woq + 70,1 = 0.0+ 0.1-(—-0.0067) -1 = —0.0007
Wig ¢ Wi + 70,21 = 0.140.1-(—=0.0067) -4.7 = 0.0969
Woq & Waq + 18,29 = —0.1+0.1- (—0.0067) -3.2 = —0.1021
W3q ¢ Waq + 10,23 = —0.1+ 0.1-(—0.0067) - 1.2 = —0.1009
Waq ¢ Waq + 10,24 = 0.0+ 0.1-(-0.0067) - 0.2 = —0.0001
wop — wop+1rdl = 0.04+0.1-0.0032-1 = 0.0003
wyp — wip+ rdpz; = —0.14+0.1-0.0032-4.7 = —0.0985
Wop — wap + répze = 0.240.1-0.0032-3.2 = 0.2010
wsap — w3y +rdpzrs = 0.14+0.1-0.0032-1.2 = 0.1004
Wyp — wap +rdpzy = —0.14+0.1-0.0032-0.2 = —0.0999
Wo, — Woo + 10,1 = 0.1+0.1-(-0.1333) -1 = 0.0867

Wao ¢ Wao + 70,0, = 0.2+ 0.1-(—=0.1333) - 0.5050 = 0.1933
Who — Who + 10,05 = —0.1+ 0.1-(—0.1333) - 0.5695 = —0.1076

Theseare theweightswe’ll usefor our next training example

Conclusion Thisisall justfor asingletrainingexample.Like in traininga perceptronye’d doall of this
for eachof the examplesin thetrainingset. And we'd repeatit severaltimesover. It s notthe sortof thing
you cando by hand thougha computercando it prettyeasilyfor smallnetworks.

Justto demonstatethat we’'vemadeprogress Jet's seewhatthe networkwould predictif wetried
Iris A again.\We propagatsits attributesthroughthe network.

0a = o(—=0.0007+ 0.0969 - 4.7 + (—0.1021) - 3.2 4 (—0.1009) - 1.3 + (—0.0001) - 0.2)
= ¢(—0.0032) = 0.4992
o, = 0(0.0003+ (—0.0985)-4.7 4 0.2010 - 3.2 4+ 0.1004 - 1.3+ (—0.0999) - 0.2)
= 0(0.2911) = 0.5724
0, = 0(0.0867+ 0.1933-0.4992 4 (—0.1076) - 0.5724)
(

= 0(0.1440) = 0.5304

Thusthe computedredictionfor Iris A is 0.5304, closerto the correctanswerof 0 thanthe previ-
ouslypredicted0.5359. This providessomeevidencethat the ANN haslearnedsomethinghrough
thistraining process.

2.2.4 Example

ComputationallybackpropagateANNs aresocomplex thatit’ sdifficult to geta stronghandleon how they
work. It'sinstructive to look at a moreindustrial-strengttexampleto seehow they might actuallybe used.
Let’'sconsiderthefull iris classificatiorexampleof Fisher[Fis36.
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Figure2.5: ANN erroragainstterationsthroughtrainingset. Thethick line is the averageerror perevalua-
tion example,andthethin line is the averageerrorpertrainingexample.

Recallthat this setof examplesincludes150 irises, with eachiris having four numericattributesand
a label classifyingit amongone of threespecies.Of the 150irises,we choosea randomsubseif 100 as
trainingexamplesandtheremaining50 for evaluationpurposes.

We'll modelthis asa two-layer ANN. For eachof the four numericattributes,we’ll include an input
nodein theinputlayer. In the hiddenlayer, we’ll chooseao usetwo sigmoidunits. And the outputlayerwill
have a unit for eachof the threepossiblelabels. Whenwe interpretthe outputs,we’ll find the outputunit
emittingthegreatesbutputandinterpretthe ANN to be predictingthe correspondindabel.

We usea learningrateof 0.1. For training purposesa labelis encodedas (0.9, 0.1, 0.1) for setosa
(0.1,0.9,0.1) for versicolor, or (0.1, 0.1, 0.9) for virginica. We use0.1 and0.9 insteadof 0 and1 because
a sigmoidunit never actuallyreachesan outputof 0 or 1; if we encoddabelsusing0s and1s, the weights
will graduallybecomemoreandmoreextreme.

Whenwe train, we go throughthe 100 training examplesseveral times. It's interestingto seehow
the ANN improvesasthis continues.We’ll look at the averagesum-of-squarestrror: If the ANN outputs
(01, 02, 03) andthedesiredoutpultis (t1, 2, t3), the sum-of-squaresrroris

3

Z(ti — 02')2 .

=1

Thisis anoddquantityto investigate We chooset becaus¢he mathematicbehindtheerrorattributionand
weightupdateis motivatedby trying to decreas¢he sum-of-squaresrrorfor ary giventraining example.
(Andtheresearcherehodid thederivationchoset basicallybecaus¢hey foundatechniqudor decreasing
it. Thatcircularity— they discoveredthatthe mathematicsvorkedif they justchoseto try to minimizethis
peculiarerrorfunction— is the sparkof geniusthatmakeshackpropagatiomwork.)

Figure2.5 graphsthe sum-of-squaresrroron the y-axis andthe numberof iterationsthroughthe data
seton the z-axis. Thethick line is theimportantnumber— it' s the averagesum-of-squaresrror over the
50 evaluationexamples.Thethin line is the averagesum-of-squaresrrorover the 100trainingexamples.

Sincethe mathematicdbehindthe backpropagatiompdaterule works with a goal of minimizing the
sum-of-squaresrror, we expectthatthethin line in this graphis constantlydecreasingBut, then,thatim-
provementis on thetrainingexamples:It’s notindicative of generaperformanceThethick line represents
performanceon the evaluationexamplesthe ANN never trains on, which is indicative of generalperfor
mance.You canseethatit flattensout after1,000iterationsthroughthe examplesandthentakesa upward
turn afteranotherl,000iterations despitecontinuedmprovementon thetrainingexamples.

What's happeningbeyond the 2,000thiterationis overfitting The neuralnetis adaptingto specific
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anomaliesn the training data, not the generalpicture. If we were running the data,we’'d wantto stop
aroundthis pointratherthancontinueonward.

Of coursepnecouldamguethatwhatwereally careaboutis the numberof evaluationexamplesclassified
correctly notthe averagesum-of-squaresrror. But this supportgshe sameconclusionwve reachedisingthe
sum-of-squaresrror.

e By the 100thiterationthroughthe examplesthe ANN got47 of the 50 correct.
e By the1,000th,t wasgetting49 of 50.
o Aroundthe2,000thiteration,the ANN wasbackto 48 of 50 andremainghere.

Soit wasprobablybestto stopafterthefirst 1,000iterations.(This is just for a singlerun-throughover the
data.Differentrunsgive slightly differentnumbersdueto the smallrandomnumberschoserfor theinitial
weightsin the network.)

It salsoworthwhilelookingathow thebehaior changesvith differenthnumbersf hiddenunits. Adding
additionalhiddenunitsin this casekeepsthe picturemoreor lessthe same— maybeeven slightly worse
than2 units. Only onehiddenunitisn’t powerful enough— the networknever getsabove 40 correct.

Typically, peoplefind thattheres somecritical numberof hiddenunits. Below this, the ANN performs
poorly. At the critical numbery it doeswell. And additionalhiddenunits provide only mawginal helpif it
helpsatall, attheaddedexpenseof muchmorecomputation.

2.2.5 Analysis

ANNSs have provento beauseful,if complicatedway of learning.They adaptto strangeconceptselatively
well in mary situations.They areoneof the moreimportantresultscomingout of machindearning.
Oneof the compleities with usingANNSs is the numberof parametergou cantweakto work with the
databetter You choosethe representationf attribute vectorsandlabels,the architectureof the network,
thetrainingrate,andhow mary iterationsthroughthe examplesyouwantto do. Theprocesss muchmore
complicatedhansimply feedingthe datainto alinearregressiomprogram.The extendedexamplepresented
in this chapteiis intendedo illustratea realisticexample,wherewe hadto makea variety of decisionsn
orderto getagoodneuralnetworkfor predictingiris classification.
Advantages:

e Veryflexible in thetypesof hypothese#t canrepresent.
e Bearssomeresemblanceo avery smallhumanbrain.
e Canadaptto new datawith labels.
Disadvantages:
e Verydifficult to interpretthe hypothesisasa simplerule.

e Difficult to compute.



