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Abstract

In this paper, based on the asymmetric exponential power distribution (AEPD), the M-H algorithm
in MCMC is used to estimate the Bayesian parameters. For the complexity of the posterior density,
the recommended distribution of the random walk chain is the center symmetric distribution.
Through numerical simulation, N iterations are performed under M large samples. The simulation
results show that the algorithm is practical for Bayesian parameter estimation with asymmetric
exponential power distribution.
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B A2 IR R, BRI AR R . fEATHUR, AR BN ES M EdEE, &
T IEAS 43 A BT 5L () — Se AR R T R AN PRI TR SR R B K 2 4. 2009 4F Y Zhu Dongming [ 115542 H
[ AE Xk F8 57 79 A (Asymmetric Exponential Power Distribution, AEPD)X 4 1438 W 4 5 58, %745 A& —
ANFHI AT, AR B85 #sE AEPD (Rl

BT Uk, £ AEPD B9 U 2504511 RH MCMC i) M-H SR — 1Rt . B2, 1995 4
Chib [2]7£41/1M 48 T Metropolis-Hastings BVEERW, HXTZFIEEN A _FA T 50w, RIMEERHRIG T,
ZAD AL e L R FLYR, 2002 4E Aans Altaleb [3]f# ] MCMC ) M-H 53%:7E Logit [0] )4
B AT Z 446571, BAK 2003 4F John Geweke [4]5% F ST AE | Fifi B I AL B FH 2 0 of DL P IR 248 2 ) 6
RUBHAT Al Ths #J5, 2015 4F David D.L. Minh [S]4F M-H 80323547 99 Fh ERNRD B A 5 SR HEAT HE SR 2
fRZEE, I EE R BRI .

AL CAAERI R AR B A A A, FIH MCMC i M-H B0E AR, 6 kT DU 230 -

2. Metropolis-Hastings & ;%

FEGEHIUE T EEA PR ETE, —FRRAUR T TH5, 53 —Fhg Bayes 115, 7E Bayes it
B, B EEREIENE Markov chain Monte Carlo (MCMOC)H [f] Metropolis-Hastings Al Gibbs 515, 7
A A ST Metropolis-Hastings 78 DU 5065 v (1 8 H

G, WESAESREAWE, AT

E(X)zjixp(x)dx (1
Horb, XRELEFENA R, p(x) ABEHLA S X K% B R 2L
RBEIRA T B AT B F (x) KT B R B 7 () BB IS, AR A 5 () W 45
E(F)=[ F(x)x(x)dx )

Forbt P (x) B (x) R, TTBh e Eatskih . (R, FESIBRR, 0 BRI B R
o 30 T 2 B A e i ELARRR AR NR, S B AT MCMC 5
FESBRA, B (o) R, BATT AT U {3 MO LA O RER B e 7 (x) . ARRATR s
7(x)=Cg(x)

C=l/ng(x)dx @
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b, g(x) RAERAHROMLURER, C R LHH.
TE DU 817, Metropolis-Hastings A& ¢ F FIH % B0 X 0 A R A 1A B TF I S80S

M F(x)20, ZAMMLSRRECH L(x]9), WA Q@FTE, WEAHEN.
E(F(X))=]L(x|9)F(X)dx @)

FE DU SHE W b, Gt R L E A S BB = #E BEALIT . 258 FEAEE X = (X, x,,-.x, )« 4t
THER S H 9 TS0 AT p(9), AREE DU HrE B, BRI SH0R G 550 %
L(x]9)p(9)
p(9)x)=— ) —C L(x]|9) p(9 )

Horr, L(x| ) RGIHER AR, C, KT X IH— L8 78 M-H S0E S, WLARESE C,
W% 2 B0 15 Jie 96 P TR N«

p(91x)=L(x[9)p(9) (6)
16 M-H SR, 3P AN UM R H (O AT SR 3, @A T -
q(9,x)=7(x) ()
q(9,y) 5 EREAM p(9| x) BRI DR, SRS RN L E, kAL
Ja(8x)dx=1 ®)

FERERF M = HOEVERT, BRI o (9, 9) MEHIBIN ¢(9,y) L p(9]x) AETEN 6, Bt
IR R

" = min p(.9’|x)q(3',x)
(&)= {P(Slx)q(&x) ’1} v

3. EXFRIERT DB NHErSHE T
TEL G, IRAMER B IEZS A s, AAEER 2 R E a5 . R U IE
B ERATHF, A ot S fE 22— 2, R ME e i w s A TAE B . 2009 4
Zhu Dongming [ 1132 H T AEXT FRFEHUR 43 7 (Asymmetric Exponential Power Distribution, AEPD), 1% 47 4fi X
THAERE R AR 5, LA B R AN -
lexp _—y_’u ! y<y
o aO'/F(l + pl) T

fAEP(y|/u’O-9a’p]’p2): (10)

1 _ |P2
—exp| - S s y>u

o (1—a)o-/F(1+p2)|

Hrt, T(x)} gamma B8, 0<a <l AMESH, o>0NWRESH, p >0H p, >0 53517 R
E%?ﬁ,Amqmwwﬁﬁﬁﬁﬁo%a=%ﬁg=mwyAHD%%%H%%%%%%%;%a=%

M p, = p, =2, AEPD ZpAi FRAERIIES s 24 py = p, = L RS ALD 34iis p, (p,) N, A
R R)IE, o {HBOK, W34 297w o
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Figure 1. AEPD probability density function graph as a function of «
B 1. B o T4 AEPD BERZE HHE
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Figure 2. AEPD probability density function as a function of p,
2. [ p, ZALHY AEPD R 2 E R HE

34 TARRIEECR A A ESH u=0, o=1, a=0.5, p =2 FHi*# p, BHIER. WTUE
B2 p, AN, ZAERAREENR. 2 p, =21, &G ERESD ML

TRBAAR I BERECA [ (0,9), B 3=(u,0,a,p, p,) WRFSHAE, y, (i=12,,n)2KH
PRI, H(10)A AT, % R R R HON -
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Figure 3. AEPD probability density function as a function of p,
3. B p, TILEY AEPD R E iR &

lnL(y|3):—nlna—Z ;O_ I(y, < p)
) (12)
ﬂ r[uplj(y,_y)
FE U HEWT b, R TEAE BT p(9) 1o HRAE(6) FIRBES S5 507041 A :
p(81y) =< L(y19)p(9)
(13)

(XZ—” eXp

ac (I-a)o

_[27<y,-—u>r<1+1/p2>]”

[zrwy,>r<1+1/p.)J”‘}+exp

Hrb, y=y,eey, AWIME. B TECE G300 A0 A0, SRS S 40 AT It Al ih, SKkH MCMC
THE#ATEA . MCMC 75 BB AR S A3 — AP Aa 70 Aof B AR 7 A kAT e B ke . AREE(7). (8). (9)
BEAT M-H B0E, WS 80T DU Al it

4. BUERHL

FEXIFRAGECR AT AR, BEE SR, RIMARR A, IIES A 55
IATHRREAZ AT R b, M BENUBED AR 1000 MR IEZS A s, B y, ~ N(0,10)
AR I L AR B A AT A PR AR BRI A () DU T 2 i o R AT DU S il it pad fE b, )
MCMC H) M-H 5%, BARDERAT:

X M-H SHE AW A, BRI ECR A, SR RS AN, 16 RS HH
MBI A b = A 3 — ME VO VIR L EE 2 10 9,

a) RN q(9,,) NIESDAIVEE, Bi=2, HEHb. cv d s
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0 4 & HIHERHANARO), Joh, 5 (%) =q(9.y) NHLIEER M 5k

d) PRI G U (0,1) IBENLE s 2 9,

e) Xi=i+l, iRlElab.

145 TR MCMC HHIBEHLIFE M-H 83%, $4 1000 MR FEAZEAT 10,000 SKIEA, HIBRHT
1000 MFEA S G B35 J 95% MBS X (8], XK M-H BEAE DUl b vh i) REFR I, gk 17 L
I T3t v A R Ak 3 PR 1) ) o MR HR AT DU BITE AN [R] R 207 s AR5 2 BOAS [ IR B A
W& 2 s R K, BLADLIR Al T A& T SUAE, BIANTE LA o = 0.95 B, FEGS BN ELE N: u=0,
o=1, p =05, p, =2, FHX R VI S HA THEAME N : 1 =0.002295, 0 =1.002321, o =0.948325,
p, =0.502165, p, =2.001092 . {EXH W] LU B3 AE SEE S A 7000 5K 95% ) EAE X 1A

4. El5. Eoy 47 AE 8 thep i T RS BB PULE . SHEERMEE T AR
PO A G Bln, B 4 T p AR AR IR S, WA IR BIBRET 1000
MR THERPULE], BT RS, 9ME p S REEREENSG 3B AN B S EER BT B, 1T
PLE B B A THE AR EAE A 55 =N BINAE 0.025. 0.5 A1 0.975 3 Ar 8 T LR, MEIHA]
PAE BIFEREAS 1500 DUE AR & TSk, Hrp BB R4 HI1RER 0.025 F1 0.975 /i8R qr, sigeft
0.5 A B VU BUOABER SO ARG R SR, MBI aT DUE B, 54 B EE R Tk

Su<a(9,9)
Su>a(9,9)

Table 1. Simulated estimates of Bayesian parameters of AEP distributed at different quantiles

= 1. AEP S ENE LR IS uRild HE

G A SR HiH fliiHE 95% B 15 [X ]

u 0 0.004406 [-0.004110, 0.035680]

o 1 1.004956 [0.997341, 1.036673]

025 a 0.25 0.252058 [0.243971, 0.270394]
2 0.5 0.503658 [0.495862, 0.528231]

P, 2 1.998420 [1.988583, 2.002509]

0 0.003578 [-0.00395, 0.028775]

1 1.004006 [0.997315, 1.030708]

05 a 0.5 0.501049 [0.493321, 0.514576]
2 0.5 0.502986 [0.495943, 0.523567]

P, 2 1.998543 [1.988976, 2.002540]

u 0 0.002511 [-0.003582, 0.021775]

o 1 1.002804 [0.997192, 1.022655]

0.75 a 0.75 0.749676 [0.741728, 0.756592]
2 0.5 0.502118 [0.496191, 0.518529]

2 1.999064 [1.990346, 2.004054]

0 0.002295 [-0.003853, 0.019605]

o 1 1.002321 [0.996092, 1.021065]

0.95 a 0.95 0.948325 [0.939183, 0.950101]
12 0.5 0.502165 [0.496074, 0.518774]

P, 2 2.001092 [1.993687,2.013658]
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Figure 4. u -parameter Bayesian estimate MCMC related image
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