
 

Discrete event simulation

Main program
Invokes initialization time clockO initialize systemstate and

counter initializeevent list
Invokes timingroutine determines nuteventtype advances simulation dock

Invokes eventroutine updates system stateupdates statisticalcounters

generates future events and adds them to theevent list
calls libraryroutines for generating random variables

Modeling can be
activity based
event based

process based

Random number generators
Desired properties

Generated numbers n V om
Numbers should exhibitno correlation

fast
low memory
portable

separate streams

reproducible streams



Linear Conquentid Generators Llb
Recursive formula

2 i CdZi te mod m
r r a

multiplier increment modulus
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can

obtain Random numbers as vi In
looping occurs and apole length is periodand depends on seed

Objections

1 Not random 2 i f dizot'lI
Imad n

2 Vi only cantake rational values

However with right parameters It can look HD V OM

THM for Lct to have fullperiod
1 n and c are relatively prime

2 If g is a prime numberthatdivides u then g divides
a 1

3 If 4 divides m then 4 divides a 1

n large full period helps withuniformity



generic case mixedgenerators 020

full period possible
like to have n 2b

common case multiplicative generators

2 i aZi n mod m

full period not possible period n 1 is Often n is largest
primenumber smaller than 2b
Extensions
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feedback shiftregister generators
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Generalized feedback shift register bfSR

fitting distribution functions
Very important to use the right distribution



Options

1 Use data directly
21Define empirical distribution

3 fit theoretical distribution

11 limited to obs tails
2 Empirical distribution functions

continuous case
Piecewise constant

Given xn y Nn
we construct empirical distr function fix i

iE

constant

affine

Constant
s

1Let 4kg4 besorted sequenceofobs
2 then FCXii in

Affine
1Let 4kg4 besorted sequenceofobs
2 then fally f at K

HitIj mikva min

xoxo



discrete case
assume grouped data in K adjacent intervals

jth interval contains n observations n in total

Empirical piecewise constant distr

gcxtE.fi gin Eros
3 fit theoretical distribution toobserved data
Data analysis process
Stars
1 Hypothesize familyof distribution by looking at data through

summary statistics mean median variance cuff var skewness
Urcreating histograms quantile summaries
2 Estimate parameters using an estimator like Maximum likelihood

Estimator Miri
3 Determining how representative fitteddistr are
Heuristic

Density histogramplots frequencies X'test
aDistribution functiondifferencesplotsKolmogorov Smirnov test
Fcx Fia

hypothesis Inpiricaldata



Goodnessof fit tats
find teststatistics whichisfunctionof xn you sit distrS

known

Choose intervalsb such that Pack b lHoistrue un x
Actual test take sample and calculate teststatistic ifsetlaid then

reject Ho

X test
a Make n observations and take Ni as number of times

xi is found for continuous numberoftimesmeasuredvalue fallsin bin i

b Expected numberofobservations is npi
for disrete Pi is givenby prob massfunction
for continuous pi f find di

c test statistic

x Ein tail In
d with x and defyoucan findcritical value

k s test
Dr sup tf Ix Fcx So
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Poisson processes continuous time counting process

Required properties

Independent increments numberofarrival indisjointintervals an
independent

stationarity for every s20 thenumberofarrivals in the interval
Cs Stt is equal to NCH itonlydepends on interval length t butnoton s

Nosimultaneous events

the arrival rate lor intensity X of the Poisson process denotes the
average

number of arrivals per timeunit

THM for a Poissonprocess thevariable Nlt has a discrete Poisson
distribution with parameter ht its probabilitymassfunction isgivenby

Pr NateK HY e tt k on 2

For constant rate 1 and intend length t and at times the
number of arrivals in Cs Stt is increment process

N stet Nfs for which
NGTH NG ok p tt CHIK

FINCH At
Interarrivaltiny an event takes place if firstarrival takes place at
time T happens tobe greaterthan t Most haveno arrival in Cat

Prf t er Nat o e it

ProneE It e it exponential distr
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Properties of poisson process
superposition property two poison processes with intensities Inand

12 can be combined intoonewithrotehath
conditioning on number ofarrivals if in interval Coitt the

number of arrivals Nct is equal to r then theseareeachuniformlydistr

on o t
random selection if random selection is made with probability

of accepting p from process at rate 1 then this constitutes new kisson
process at rote Xp er HI

htt
random split Pethick k 12
PASTA oilson Arrival see time Averages consider system that

spends time in state Ej Arrivals at rote t induce state charges In
equilibrium with state Ej we have two prob

Mj system is in Ej at random instant
Mj it just before arrival
in general Mj Mjf

Hitchhiker paradox you arrive in the
middle of intrarrival butyour

repeated waiting time is 1 72 Btf 721stBEA
Variance of exponential distribution is CET thus HilevittVstxt
247 hence I 1a CEI 12212 I



Generating random variates

we want to generate randomvariates from a selected distribution
considerations

Exactness

Efficiency
Complexity
Robustness

Inverse transformation method HTM
CDF dice

1 Generate V uco.gg
FatHee x Ekx

2 determine smallestpossible integer I sit UEFCte and returnlike

1 Generate V oil
2 return to FYU o xc0

sang I real'tc iii It
1 x c

Y
p744inverses

Bootstrapping

Make simulations get outcomes and consider them RV



Considermean of observations I lmkIn xi

If normally distributed and known variance oh
then a confidence interval

A en t Zr Eff
QiruiIf variance unknown retract fromdata 52cm n n

thisadds to uncertainty so student t distribution for c with a 1 def

If x correlated then bind variance observations should be independent

and normally distributed

Central Unit Theorem urn xn HD RV with µ finite
and 0220then

2 i EHo then just
Non normal dats bootstrapping

t test
Ho µ O

e iii T.in
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Comparing alternative system configurations

Paired approach

f observations ofeachsystem areindependent and normally distributed

2 i Kai Xi
Ho hypothesis Einho
Option 1 construct c i

EH tnq.msM
if 0 in c i no reason to reject Hq else reject

option 2 t test
EG test statistic that follows

ti T a nun dot t distr

Unpaired approach Welch's approachfunpooled variance

can have different sample sizes
mean of system 1 man of system2

that n w I t
s ECxi Inuit

Vatting sif



Variance of that Find
Iselincut Find VI cxicnnbtvirh.ua Harkin hi

assume independence

c i
xicml xihit.tn up 2

r

f Lagos formula or formula shot

for f test Ci to 0

testnormality with Lillifor test
Wilcoxon test if notnormal

Ranking and selection Hudewicz Idol
assumptions

independence across Obslens
independence across systems

normally distributed ohs

Procedure

for each of k systems obtain noO or 40 obs

yielding F hot Ei 1i
Iii hoststenol E no 1

total numberof reptneeded Nia may noth f
d



d minimum important difference checktable in formula

probabilityof selecting actual best system is pH sheet

make for each system i Ni noadditional replications and compute
mean from them

ante iiiit µr uti iTl
Wiz I wi

create gran total sampling means

civil_win hottwin Nino

and select best one

Variance reduction

Common Randomnumbers CRN

Taking into account
Covariance to narrow c i

Pair system's observations f Cut folkdrifts
Antithetic Variables AV
offset small obs by large ones
average Xj normal run using random numbers v

xj il n v


