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_ (s > <—function(S0,Dt,M,a,b,
ES(1) =Sy + A [ e ds = (2) mrp <~function 2,b,0) |
0 +## give SO,Dt,M,a,b,c,for dS(t)=a(b-S) di+cSdB
See M4 1—e™ ] =u+(S,—u)e™. (3)  (1),0st<Dt*M
XERE +t <-1:M
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e ™m(0) +u(l-e™),
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Ao A A
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ds
X Asa® WIHEIE o R (4) A B

)= ¢ (m(0) + 20 [ S (s)is ). (5)
MAHAEK(3) A
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1 (5(1)) -0 T oa-o?

T A<co’WTEIE B G TEH A5 R
ASCBEHEAT R AR Y (€ SN pRE) B 40

+S <—numeric( )

+S[1] =50

+or (iin2:M) |

+S[i]=8[i-1]+a* (b=S[i-1]) * Di+c * S[i-1] * sqrt
(Dt) *rnorm(1) |

+plot(t,S,pch=""" ,type="1", col =" black" ,xlab="1" ,
ylab="8(1)" ) |
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T ELIAR AN, X 5 i R I A o AR
dS(t)=3(1-S8(t))dt +2S(¢t)dB(t), 0<:<20,
WRWIEARE S, =4, W LIEFELK D = 0. 001, 7ER
o PR P T AT S

> mrp(4,0.001,20000,3,1,2)
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Fig. 1 Two sample paths of the mean reverting process
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MP_, = E(max(S(T) - E,0)).

FUETTLISR I S(T) i i X ik 2, (A5 AR 5
SR AR A AU A 2 X S AESCER [ 1] TR TSRy
Black-Schole #%# 58 @ A [a]. A5, Monte Carlo %42
P F AR ] 5L it R RIS E BRI
Py ST DALY PR K

> MPcall <—function(S0,Dt,M,a,b,c,N,E) {

+## give S0,Dt,M,a,b,c,N,E for dS=a(b-S)di+cSdB,

+## T=M * Dt,N=sample size ,E =exercise price

+x <—numeric( )

+XT <—numeric( )

+x[1]=S0

+or (jin 1:N) |

+for (iin2:M)x[i]=x[i-1]+a* (b—x[i-1]) * Dt+c *
x[i=1] # sqrt(Dt) * morm( 1) |

+XT[j] =x[M]}

+payoff <~XT-E

+payoff[ payoff<0] <-0

+mean ( payoff)
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MP,, = E(max(E - S(T),0)).

Bt R SR AT R A AF- 20 45 B R Y
PRI

> MPput <—function(S0,Dt,M,a,b,c,N,E) {

+## give SO,Dt,M,a,b,c,N,E for dS=a(b-S)dt+cSdB,

+## T=M * Dt,N=sample size,E=exercise price

+x <—numeric( )

+XT <—numeric( )

+x[1]=S0

+for (j in 1:N) |

+for (iin2:M)x[i]=x[i-1]+a* (b-x[i—-1]) * Dt+c *
x[i=1] # sqrt(Dt) * rnorm( 1) |

AXT[j] =x[M] |

+payoff <~E-XT

+payoff[ payoff<0] <-0

+mean ( payoff)

E61 1 FHEE RS

dS(t) =0.05(10 — S(t))ds + 0.03S(¢)dB(t),
S(0) = 10.
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> MPeall(10,0. 001,1000,0. 05,10,0. 03,1000,9. 9)

> MPput(10,0. 001,1000,0. 05,10,0. 03,1000,9.9)
ST LABRAT P E AR

MP ., =0.167 959 6 ,MP ,, = 0.070 380 66.
ANHEUER

ES(T) + MP,, - MP_,, =E. (7)
MH(3) A

m o+ (S _M>e_)”‘+MPpul - MP,, =E. (8)
XM 1A

p+ (S —p)e™ + MP,, - MP,, =

10 +0.070 380 66 — 0. 167 959 6 = 9.902 421,
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dS(t) =A(w = S(t))dt + odB(1).
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0
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1.50° /A, H Sy = p, UXHMERER ¢,S(1) SR
JEAH /N

B R PR P AL RO RE A B A

> mroup <—function(S0,Dt,M,a,b,c) |

+## give SO,Dt,M,a,b,for dS(t)=a(b-S)dt+cdB(t),0
stsDt*M

+t <-1:M

+t <=Dt * t

+S <—numeric( )

+S[1]=S0

+for (iin 2;M) |

+S[i]=S[i-1]+a* (b=S[i-1]) * Dt+c * sqrt(Dt) *
rnorm( 1) }

+plot(t,S,pch="." ;type="1",col =" black" ,xlab=""1" ,
ylab="S(1)") |
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dS(t) =3(1 -S(¢))dt +2dB(t), 0<:<?20
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Fig. 2 Two sample paths of the mean reverting OU process
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dS(t) =AS(t)dt + o/S(1) dB(1). (9)
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d(S*(¢))=[2AS%(¢)+0?S(¢) Jde+20(S(2) )’ /2dB(¢).
P s ) B UM 2R
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> sqrtp <—function(S0,Dt,M,a,b) |

+## give SO,Dt,M,a,b,for dS(t)= aSdt+boqrt( 1SI|)dB
(1),0<t<sDt*M

+t <-1:M

+t <=Dt * t

+S <—numeric( )

+S[1]=S0

+for (iin 2;M) |

+S[i]=S[i-1]+a*S[i-1] * Dt+b * sqrt(abs(S[i-1])
# Dt) * rnorm( 1) }

+plot(t,S,pch=""." ;type="1",col =" black" ,xlab=""1" ,
ylab="5(1)") |

Bt % 26 78 B 7 AR
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Fig. 3 Two sample paths of the square root process
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dS(t) =A(u — S(¢))det + o/S(t)dB(t). (12)
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i —2 AR5 A5
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22 A
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je—zm , (14)
K, 75 22

t

(So -p)o’ Y
—e

V<S<t>>=%+ |

2

%(o. Su = S,) e ™. (15)
gaiipiiik
2
EmES(1)=p, limvar(S(t))='L;0-)\.
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2
%ﬁ,mmﬁﬁﬁ S(1) A~ OU 32, i
d/S(1) = —%«/S(t) dt+%dB(t) ,
it BA W Tk
/S(t — ﬁe*Al/Z +%Itef)‘lﬂ)/2dB<s).
0

5 O0FE

A A MR 0 W R

J& SDE
dS(1)=AS(t)di+aS’(¢)dB (1), (16)
HpH 8B 0=0.5. =54 =1 I},0 FHE%

(G

B JLAT A W2 205 24 0= 0.5 BF, © 3 & & AR

Hoe (0.5,1) 0, 5 I i B Uk W o7 %26
oL, 491MH S, >0 B, %F ¢ =0, 5 (16) HAME—AYE
T2 0> 1 B, 77 82 (16 ) B fif 76 A PR B[] 7T fE 1
YESRT, #5 6>1, AT IIERXHME 22 45 € I PI1E S, >0,
=0 B, FRE(16) fAEME— 2R f# S(r) , Hixf#
DIMER 1 MIEM. F50 L TR (16) 1 RETE
(0,0) R Lipschitz :@ﬁﬂ’%%”m*ﬁ@i&zﬁm
AILIERHZ FREAE t e [0, 7) D AFTEME—JRIHBIF S
() MR KIIEEL k, (845 S, € [ 1/ky ko ). 7€ X

ro=inflre[0,7):S(0) ¢ (L/k,k) |, k=k,,
EX 7, =lim,_ 7. BARATEUH 7, =0 ,a.s. 1
FARGERA ST, WAFHE—XTHEL T>0 Fl e € (0,
1) iR P(1, <T)>e. AR TE— B0 KA H 4L
k, =k, f#15

P(1,<T)=z=e Wi k=k,.
FENX CPRREL V(0,0 )—>R,,

V(S)=./S-1-0.5log(S), S>0.
#r S(t) € (0,00 ), FIH Ito A, AT %0
dV(S(2))=0.5(5"(¢)=S"(t))[AS(¢t)dt+oS"(1)dB(z) ]+

0.25(=0.55"(¢)+S72(¢) ) o*S*(t) dt=

F(S(t))di+0.50(S™*°(¢)=S7"(¢))S"(¢t)dB(¢),
Hrp
F(S)=0.5A(S" =1)+0. 250287 -0. 1250>8"*

Se(0,o).
WARF(S)TESe (0,») @A AR, ich K, 2
HS(1)e(0,0),H
dV(S(1)) <Kdt+0.50 (S *°(t)-S7"(¢))S’(¢)dB(t).
PG 0 B 7, AT B BUNEE 15
EV(S(m, NT)) <V(S,)+KE(r, NT) <V(S,)+KT. (18)
Shk=k,EX 0 ={r,<T}{, X (17) 0%,
P ze FBINEN 0e,,S(r,,0)ET k3 1/
kAR V(S(1,,0)) AN/NF

Jk=1-0. 51log (k)

(17)

i

V1/k=1-0. 5log(1/k)=+~/1/k=1+0. Slog(k).
Hp
V(S(7, w)) =[Vk=1-0.5log(k) ] N[ /1/k~1+0.Slog (k) .
1 (18) AT A
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V(S))+KTZE[ 1, (@) V(S(7,,0))]=

e([Vk-1-0.5log(k) ] A[0.5log(k)-1]).
2 koo AT E
0 >V(S,)+KT=0o0 ,
I 7, = o0 JLF- SR BT

2 6>1 BF,0 T FE(16) WEUE T 52 445
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X Khasminskii 92514 SDE FIEUEf# , SCRik [ 19 ] F
AL oy ko 7 BE RUH 1) O BEHLYE S
T BB A 3 v s SR ) Y 45 96 mT A 1 E B
O EFRA EM BUE i LU S0 S8 B S LAk, SC
Wk 20 ] WF5Y T BA R AE 2P A9 Ait-Sahalia 71 F1] 5%
Y

de(r)= (a_w(t) " —ay +ax(t) —a,n(t))de +

ox(t)’dB(t), r,p > 1 (19)
AN EM J7 v A B (R A i s IO SseE.

BT, R RO AR HR R B AR, SR
[22] & J& T W BUE D7 ¥, Bk 20 18] Hif 17] EM £ {6
T 5% 075 AT LA T 4 sy b o IR e R R
LR G BY Monte Carlo #4140

de(t)=(u —ax'(¢))dt +B+(t)dB(t). rp > 1, (20)
SR R GE
dx () = diag(x,(t) ,x,(t) -+ ,x,(1)).
[(b+Ax*(t))dt +x(t)dB(t)],  (21)

H b = (by,---,0,)", FIF A = (A),,, WL
A (A+A") <0, XH A (A) TR A WBRKEEME

max

*E’E"xj = (xlzi.“rxnz T‘
6 it

ARRYNCE RS TR 2 A m U A T B
BURL T LA K AR L B8 A B A [R) 8, 3 2% 1 ANl 72 R
HFIFH Monte Carlo J7 B BEULHE 78 55 7 I 4% 1 R A
AR LA AR ART AR Ao S AN (L 198 2 AL {0 P U 4
SEE PR TIRZ R PR T, A R T AR
XEERLR , Zod A B A B IE T 5T HAB Y SDE #5554,
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Stochastic modelling in finance and Monte Carlo simulations with R
Part 6.other SDEs models
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Abstract The key aim of this serial is to study various stochastic models in finance with emphasis on the Monte
Carlo simulations with R for these models.In this paper,we will discussmore SDE models, including the mean rever-
ting process , the mean reverting Ornstein-Uhlenbeck process, the square root prosess,the CIR model and @ process.
Moreover ,we will make some further comments on the current study of the numerical solutionsof SDEs.

Key words mean reverting process ; Ornstein-Uhlenbeck process ;square root process; CIR model ; @ process



