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Ar chitecture selection

e Theorysays:onehiddenlayerwith | P| hiddenneuronds enoughfor points
PinR" x [0, 1], morehiddenlayermay save neurons.

¢ In practice:try severalarchitecturesndchoosehebestone. Thereby:

— Thebestonehasa smalltrainingerrorand generalize$o unseerdata.
Thelatteris testedcomputingthe erroron a setnot usedfor training.

— Algorithm:
divide P into trainingset P, andtestset P,
train thearchitecturavith P, — trainingerror,
testthearchitectureon P, — testerror,
architectureappropriateff thetesterroris small.

This algorithmhasa high variancedependingon the separation.

e Forscientificpublications/alidationof anew algorithmor architecture, ..
k-fold-cross-\alidation
divide Pinto P, ..., P,
trainthearchitectureon P\ P, — f;,
testf,on P, — FE;,
estimationfor thequality: > E; /k
Training
Backpropis facedto severeproblems:
e |ocalinstablemaxima
e smalldervativesin plateaus

e oOscillation

e severalof theabove effectstogetheinn differentdimensions



e sharpturns

e optimaattheborders

e sgd-factor
Variousheuristicsexist:

e Online backpropagation
so-calledstochastigradientdescentnethod
repeat:
computea permutatiorof the patterns
for eachpattern:
computethe derivative andchangeheweightsaftereachpattern
ProsandCons:alittle lessstable but avoidslocal instableoptima,crosses
smallhills, thereexist mathematicajuaranteefor the behavior
e Backprop with momentum: (only offline)
addin eachstepa smallpartof thedirectionof the previouschangej.e.
dij := —nO0E/0w;; + ad;;
Prosand Cons: larger stepsin plateausf the searchgoesinto the same
direction for several steps,dampingof the stepsizeif oscillationcanbe

obsened,possibilityto crosssmallhills with themomentumput the effect
of reinforcing/supressing limited



