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Introduction Multilevel Acceleration of the Latter Financial Case Study: Swap
Consider the financial loss Let hg = % e H and M > 1. Using telescopic summation, Model Setting. Consider a swap on a Black-Scholes rate:
X=EuY,Z2))Y|=VY), Y 1 Z. _ _
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For a confidence level a € (0, 1), we want to estimate the VaR &, and the ES y,: = Z — & =+ ZX X2 he = IV c H. Zz_; !
PX <&)=a, x.=EX|X > Asin [4] and [3] e consider i, = oo = NL > 1 and define Set o = 85%. Define the loss (for a short position issued at par)
— X=e""P,.
Stochastic Approximation Approach when ¥ Is Analytical b = &0 + ZS ENL XE =N D — Approximation. The loss can be directly simulated:
. — 2 - d
According to (3], Each level 0 < ¢ < L is simulated independently. X = A(exp (—%—FU\/F Y) ), Y ~N(0,1), A=NSy) e TATe .
1 ithi <fp < | ; —
min{ (&) =€+ —IE[(X 3 }}, £, €argminV, y, =minV. Within each level 1 < ¢ < L, X}, and X, , are perfectly correlated |
EER 1 — = Py The loss can also be written
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We take the step size v, = 7—;, v >0, 8 € (0,1]. Xhyy = N1 Z V(Y A ))7 Xp, = MXh“ + iZaVe Z (Y, Z! )>- X=EuY,2)|Y], YU Z=(Z,...,Z41),
: : L k=1 k=K M 1+1 2 2(Ty — 7)
As in [1], we consider the algorithm V — <_ or U) g (_ o (Th — J U)
{ Assumption 1. We consider 3 different frameworks: = 2 i U\QF 0 L 2 TOVELTTULL
_ - (n+1) _ s n—l—l) AT .
£n+1 fn 7n+1H1(€na X >7 X0 07 Xn+1 = Xn T 1H2(Xn7 €n7 )7 1 Elp* > 1 EHw(Y’ Z) _ E[w(y’ Z)|Y”p*] < 00. Z@' = exp ( —+ 0\/ AT UZ), UO; . . Ud—l ~ N(O, 1),
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where & 1L (X™), 51 ~ X s.t. E[|&]?] < oo, and ! [P AV, 2) w2 D)] < exp{CAY) _ NS T AT Tt
Lo | 3. Gy =hy*(Xp, — Xp,,) and Ky = || Fx, |a,lu, satisfy sups; E[K|G]] < oo. (Y, oze € yHZj — 1
H ) =1- - ) H ) — — { - +}- . .. . J=1
1, ) l -« 20:6,8) = X S 1 — a(:z: ) Theorem 2. The global error is majorized by Comparative Complexity Study. We work under Asp 1.1 with p, = 8.
Computationally, for a prescribed accuracy €2 > 0, . , , L hy Value-at-risk . Expected shortfall
COStSA _ 05—2. E [(gML f* ( + Z YN,P hf ) [(XML R X*) ] < C (hL + EZ; E) ) ~ 107 . 1022 : Zisted SA
- O L ] —— Multilevel SAZL
However VU is not always analytical to be able to simulate directly X = U (Y"). where o(h) = Bt (Asp 1.1). B |1nh|§ (Asp 1.2) B (Asp 1.3). % ) %
To achieve a prescribed accuracy e > 0, one must choose g i 2
Nested Stochastic Approximation Approach Otherwise o . Pn (fm)w
L = =~ — E <~ = 2 8110— %
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According to [2], we can approximate X = E[¢(Y, Z)|Y] b o o ! g SA 1S
- VaR Focused Parametrization. We optimize —+— Nested SA _
1 1 1 ) sl T Multilevel SA "
=) YV, ZW) h=—€eH= { K> 1} (Z"N1cpere ~ Z 1L Y. miny,,... v, >0 Costmisa = C Y/, o 9 o 1 o 95 9%
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subject to Y7o ne(he) = €.
We approximate the original optimization problem by We infer the opﬁmal iterations )
1 : Conclusion
min {Vh(f) =&+ —E[( X} — f)ﬂ}, " e argminVy, " = minVj. Ny = -7 47 ) = VaR v —2-1
EeR 1 — « ’ Z ho " ip(h )77 hﬂ “ph) T | = Costyiisy = Ce 7 p(e), For a prescribed accuracy €2 > 0,
We devise the algorithm
z which is mlnlmal when B=1: B Cost\(ffSA —Ce™?9, 5 <1 B
Costep = Ce 2 < < Cost = (e
gho=¢h — H (fh X(?’Hrl)) h g h _ LH ( gh X ”H)) Uan 5pett 5 1 5 o Costiy cp = Ce™2 In 5\2 Nested oA
w1 = &0 — Tt (60 X5), X0 =00 X = X nt 1 Xins &n Costy2kp = Ce 2 (Asp 1.1), Ce 2 |lnel? (Asp 1.2), Ce 2 (Asp 1.3). MLSA
where € 1l (X,S”))nzl 2 X, st E[|€h)?] < oo ES Focused Parametrization. VWe optimize
Theorem 1. The global error is majorized by miny, . n, 0 COSWLSA _ (jzg o, References
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The implied nested Monte Carlo computational cost should be countered.
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