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u(w; 0) = wp(w)

ud, ... udliid. samples of ug.

At,T . :
Let up. ™" (w) = FAET(uf), where F is some numerical scheme
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Triangle inequality
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Equilibrating the error
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Equilibrating the error
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Multilevel telescoping sum
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Multilevel telescoping sum

Numerical approximation u®

to t1 to t3 ty t5g tg t7 ftg

= (s — )+
Similarly,
UA; _ (UA? o )
t ; ; ; ; + ( = ) +
to 51 tr t3 ty
In general,
L
uBAL = Z(UAI_UAI—1)+UAD
=1

to t t> 2



Multilevel Monte Carlo [Giles, 2008; Heinrich 2001]

to t1 th t3 ty t5 tg t7 tg

Random variable v (w)

to t1 553 9



Multilevel Monte Carlo [Giles, 2008; Heinrich 2001]

to t1 th t3 ty t5 tg t7 tg

Random variable v (w)

to t1 553 9



to t1 to t3 ty t5 tg t7 ftg
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Multilevel Monte Carlo [Giles, 2008; Heinrich 2001]

Random variable u”(w)
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Variance reduction
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Error analysis continued
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Error analysis continued
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Choosing the number of samples

Assume:
e Convergence
U8 (@) — u(w)] < CA?
e Mesh refinement
Ay = 20N
e Computational work per sample:
Work(A) = O(A™Y).
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Choosing the number of samples: Part Il
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Work estimate for the new samples
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Work estimate for the new samples

WOI’k(/\/IO7 Ml) = MOWork(AO) + I\/I1Work(A1)
= MOAgl + M AT

AZSA +4n7"

:4A01 2S+8Aal

Meanwhile, with Monte Carlo:
=M

~ =
Work(M) = A7 A]t = 22Hia %!

for small Ag:
Work(Mo, My) < Work(M).
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Multilevel Monte Carlo [Giles, 2008; Heinrich 2001]
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