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Timeseries we sample SHI at times t tu which gives us SHiff
Then let us consider the logreturns ri s t SH Sf title

ri Lu
S Iti l
It hi Si tuSi

for GBM this is ri beSoda
E ti 16dmtil goelm Eiti it

6dmti

In E ti ti It 6 dwltil dwfti.it

n E Sti t 6Dwi
ri's are normallyandindependentlydistributed

letuschooseAti At Then the theoreticalprediction is
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Forlarge u we expect Evil et andVarlri la si

Therefore we approximate our parameters
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accordingto our model theri's are normallyand independently distributed

need tocheck if thisholds for ourdata
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test assumptionofindependence
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for stocks there canbe inertiaeffects ie autocorrelationbetween nearbyrib
if It was chosen too small increase At togetmorereliableestimate8
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Homework

a one realizationof GBM size2k
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b ensemble of GBMsaith some parameters
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given a single time seriesfromparta computer I
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test howreliable estimate was
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