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Abstract

This paper mainly introduces the Markov Chain Monte Carlo Method (MCMC), which is mainly the
Metropolis method, Hasting method and Gibbs method. The basic steps of these algorithms are in-
troduced. At the same time, the convergence of Markov chain is used, the error of the algorithm is
discussed, and the algorithm is improved. Finally, some simple applications of the limit properties
are given. This paper is divided into six parts: The first part introduces the nature of the Markov
chain. The second part introduces the Metropolis-Hasting (M-H) algorithm and promotion, and in-
troduces two special MCMC algorithms, namely Metropolis algorithm and Hasting algorithm and
algorithm implementation process. The third part introduces the improvement of the proposed
probability distribution, which reduces the error and improves the convergence. The fourth part
introduces the Gibbs algorithm and the Bayesian model. The fifth part gives examples and appli-
cations, and finds a suitable implementation method among many methods. The last part, the sixth
part, is summarized.
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=min{/(x)q(y|x), ( ) (yIX)}
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Figure 1. Acceptance probability varies with sample size
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Figure 2. Acceptance probability varies with x
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Figure 3. Acceptance probability varies with sample size
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Figure 4. Acceptance probability varies with x
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A, BUMLEE N, FTLSRR AR 2%, BRSO I R T RAE 525 2 07 1R
T BEHLITR X = (X, Xy, X, ) HER S BN
f(x)e H(x)exp{—xT" x/2} ,
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B R

A Fx1
function [x,m] = rw(x0,a,iter)
x=x0;
for t=0:(iter+1)
y=rand () *2*a-a+x;
m=min(1, exp((x"2-y"2)/2));
u=rand ();
if u<=m
X=Y;
end
end
x0=-4;
>>a=().5;
>>n=500;
>> x=zeros(1, nt+1);
>> jter=[0:1: n];
>> for t=0: n
[x(t+1), m(t+1)] =rw(x0,a,iter(t+1));
plot(iter,x)
plot(x,m)

B f3%2

function [x,m] = rws(x0,a,iter)

x=x0;

for t=0:(iter+1)
ul=rand ();
u2=rand ();
u=rand ();
x=(-2*log(ul))"(1/2)*cos(2*pi*u2);
y=x+a*(2*u-1);
m=min(1, exp((-x"2+y"2)/2));

if u<=m
X=Y;
end
end
x0=-4;
>>a=(0.5;
>>n=500;

>> x=zeros(1, nt+1);

>> jter=[0:1: n];

>> for t=0: n

[x(t+1), m(t+1)] =rw(x0, a,iter(t+1));
plot(iter,x)

plot(x,m)

C MI=x3

function [pricel, price2, x]=MCMC(r,x,sigma,T,n,npath,K)

h=T/n;

xc=0;
al=exp((r-0.5*sigma”2) *h);
a2=sigma*sqrt(h);

s1=0;
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s2=0;
for i=1: npath
z=normrnd (0,1);
x=x*al *exp(a2*z);
XC=XCt+X;
i=i+1;
end
if x>K
R=x-K;
else
R=0;
end
sl=s1+R;
§2=s2+R"2;
theta=s1/npath;
stderr=sqrt((s2-s1"2/npath)/npath/(npath-1));

if x-K>0
pricel=exp(-r*T) *theta;
price2=0;

else
price2=exp(-r*T) *stderr;
price1=0;

end

[pricel, price2, x]=-MCMC(0.05,50,0.3,1,16,25000,55)

pricel = 25.2245

price2 = 0

X= 6.6300e+05
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