
 



we canonlylookatthe test set nee wecan'tretrainthemodel
after looking atthe test set

actual average avg current
model modelT model

to
model risk observation 1 model variance

varianee modelbias
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Takeaway Everymodelhas a biasand a variance whichwe'lluse toevaluatethemodel



lowvariance modelgeneralizes
well outside of
trainingdata

redmodel highvariance lowbias

bluemodel lowvariance high ish
bias

we wantmodels like the red

varianeemodel that generalizes
well



abbreviated CV

4foldc.vn 3modelsM1M2
1 TrainM1onTI computeerror F1 onVa
2 TrainM1onT2 computeerrorEaonv2

If f it
S ValidationerrorforM1 ktV 4
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6 Repeat 1 5 for M2andM3
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Takingpracticetestslets ourmodelknowhowits doingwithoutusingthe
test set

computationally expensive haveto traineachmodel oneachfold



Redmodelequation y potB x Basinx

µ fi are the weights

be largevalues Thismeans we are discouraging
the modelfromputtingweighton the sin x
term Nosin x gives us alowervariancemodel
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we use regularizationto influencethetrainingprocess
to choose the bluemodel

1
Thisis theultimateeffectofregularization




