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Abstract

In this paper, the Baum-Welch algorithm used for parameter learning in the traditional Hidden
Markov Model is improved to the variational Bayes algorithm, and the variational Bayes Hidden
Markov model is applied to the stock price index prediction. The S&P500 index of the United States
stock in foreign markets and the HuShen300 index of the domestic market are selected for predic-
tion. Compared with the traditional Hidden Markov Model, BP neural network and ARIMA model,
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it is concluded that the variational Bayes Hidden Markov Model has more advantages for large-
scale data processing, and the operation speed is more faster and the prediction accuracy is high-
er.
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1. 51§

JBE SN M i B IE 27 22 5 BT B ML AL il HE 1), T DA A I ST 3 b 25 S S A 1 A
AV KA LR bR, ERERBUR N — AN E RS IXEGG . SRR RS Rk, RS ks 45
B AT IR B, P SR AP A B B

Xof B2 (AR FE R TR T LR FH 2 R, 640 ARIMA. BP #HZ /2%, SVM J7ik, HILLZ T, [
R FLR A (Hidden Markov Models, HMM) I AU 88 22 (A 7E T L IR SE B S, BEAE 1) iR it i
HRBHRIEAY B By RFF AR DL R ol B (A Re B R B AR AL AE S R A 2, 5l Hassan A1 Nath
£ 2005, 2007 [P SC & R R H HMM SRTIGI I SEANAR [1] [2]: RS, FHEdE. mEdE N THam
IR S PSO Hik, 155 APHMM 414 #A[3]; 4 457th Fl Gibbs fHFE ) MCMC J774£3545 Bayes Fa /K
B FRAT Y (1) J oAy v 1 22 i B i I BN A A B (4] 426 i 7. HMM-ARMA-GARCH 58! i
EEMTSREE]. TLEH, HADEECLIEH HMM DL G R HMM B8 SR 4T 15 22 500,
AR SCAB AR N CSOEE A B, B R R AR AL AR

ARSI BT 2 AL AE T MBE Ty JRBE F AR B SRR AR By AT 50k, K S A T SRR AR B 2 40 2 1] R )
Baum-Welch 594628 sl A8 43 UL H7 505 (Variational Bayesian, VB), PUERIIR Z 05 © 4% ] VB M EL H:
fh 75 PR AR TR, & A KR, TP 5. RIbA SO VB 5 HMM 456 @85y
DU R SRR AR (DL R BIFK VBHMM), R0 2 A BT AT I ZEAM A% e B Tl i T A7 1

2. RO/RBXREEIE LR
2.1. ORI K

Ko Sy /R B R AR R AE S /R B R B LA Lok, e PN 2R Sy 7R R R B S — B AL I
£[6].
. ]iﬁ{xt,t eT} N—BEHLERE, WHERE) t LECIRES X0, X0, %, » A AT AL

P{ X1 =X | Xo =%, Xy =X, X = X b = P{X 0 = X0t | X, =%, }

RIRE—ANEE 21 ¢ (PPIRAS FARH T T — N %0t -1 PR, A8 SR BHERBERI TEIC 12 7].
2.2. FRGRMREBEREN

B S R BERBAYIA BB SC, ERPRES AR B R], R85 /KRR R o A 2 P AR S 2R 2 mT R
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Figure 1. Diagram of Hidden Markov Models
1. RERBRERER

WRREEEG N Q={a,0, 0} » THIREEEG NV ={v,v,, v} » BIREF A
Z={z,2,,2;}» MIMEFIIA X ={x, %, % }» TEERRZZXENKEM A —EH%.

HMM BRI A = (A B,IT) , VEMEATTR:

1) A=[a; | v 2 =P(z.=0;12=0), AFAIREHHIE;

2) Bz[bi(mﬂw’ bj(m):P(xt:vm|zt:qj), B R AR 25 A B A B 5

3) H:[;r(z)l(, 7(z2)=P(z,=q;), TTNEIREYILEHHR 1.
Wi 1 Fis A HMM BRS80S

Table 1. Meaning of model parameters
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2.3. XFRORBKRERD 3 NEH 0z

1) BRI, SRIFH X ={x, %y, -, % | FERSEA = (A B,IT) , THEIF 51 H BRI R
P(X|A), MW RIS R SR A i) AL

2) BRSHE TR g @R X = {X, Xy, % }» KRB EANSEHA=(ABIT), &
2 BRI R H 2T EM (Expectation Maximization) 5572 1) Baum-Welch 525K il ;

3) MEAG . CRIIMFE I X = {X, Xy, o+, X | AR SHLA = (A B, IT) , ZRAEFF P(Z | X) A K
MRS Z ={z,,2,,--, 2, } » WHEH] Viterbi 5Kk .
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3. o IIME5 % RE

ARGy DU BN AR 3 HEWT, SRR T DU ALHE T vk, 8 AR AR e S B A T ) U A g AT A )
BEM SRR, AHECT DR 2238 2 S /R BERBE 54 2 U7 (Markov Chain Monte Carlo, MCMC), VB &
T R 10T ABhHE T 1) R SR A (8] [9] -

BEX =%, %0 % | RO R, 0={0,0,,0,} RESEL, M e

p(x0) _ p(x16)p(0)
p(O1x)=
=000 w0
;iEP p(01x) BEAFTRIER AT, p(0) 2 HNERER, p(x|0) REMARE, p(x)w LS AU
oA R 2

X)=,p(x0)do=] p(x6)p(6)de
VB KK f# p(0]x) B @A IE Q R BIFEE p(0|x) i g, XEKBEEM KL g
(Kullback-Libler Divergence)skiE X, Al

q(0)= q;agr)go minKL(q(6) [l p(61x))

= arg min{ q(0 Iogl: 4() }d@

9(0)<Q p(e1x)
NN p(x)%REE%%E‘J%?WJE%%ﬁ?% FrLAETHE R AT LA E N, A
log p(x)=E,[log p(x)]

—f q(6)log p(x)dé

~[,a(6)log ;’((;‘li))de
fnomzn,

~ [ a(6)log pq(é(g")))de [ a(o) Iog%de

=ELBO+KL(q(6)ll p(€]x))
iX HLf¥) ELBO (Evidence Lower Bound) f LLH1 Jensen A4 43, 20T

log p(x IogJ' p(x,0)do

p(x,6)

:Iog_[gq(e) a(o) do

S P(%.9) 4y _
> [ a(6)log ) do=ELBO

MNP KL=0, et st — D o
q ()= ?r)ngin KL(a(0)ll p(@]x))
q(0)e

= arg maxELBO(q)
q(0)<Q
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FHHR4E Mean Field #i8

¥ 0 7> PRIy 0, 5Bk 0, LIAMEE Y 6. XﬂL ELBO #EAT# 7>, ATLAS 2]

ELBO[ (o )] [ a(e Iog )dH

)
=E, [ log p(x,0) ]—Eq [logq(6)]
:Ioj q; (aj)Eq,j [Iog p(X,H)}de -E, [Iog q; (9)]+const

X HEff ELBO ok, U
logq;(6,)=E, [log p(x,6)]+const
( ) o ex {ErLj [log p( x,H)]}
2 FREAL SR Y const MR, A& EIFRIAR
) exp{E(Lj [log p(x,@)]}
a;(6;)=
J'ZJ_ exp{Eqﬂ_ [log p(x, 9)]}d¢9j
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1 HEERRSHHIRE

RSO S 43 UM SRR AR RA T /R R 920, 36T 1 SCHY VB BB ZE 4 HMM S 1 F -

BB S RN R A, S EKRI SO A AR A R AR A (RS0 S A, PRE,

R FARRE—ARORAS 0 AR (o | ] =1,---, K| #54E — ML HOHORI 585 S50 5041
p(A)=HDir(ai |{ai(j°)}),

ﬁﬁﬁﬁﬂﬁmm%w EH T AIT 1 41— AL T AR b R T4 AT, 3 LA P 2 e TR
03 AT, B MU A A TT R AT TSR L U LA R T 03, 4 (g} %
K AL 0 W30 3 R O SR, A
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_[f_kj”zex (23w}
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k=1

K
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WA Sy DU ik, 2 AR S 50 JR 58 23 A -
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Hoit e Ja S0 Fn T,
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m, {ﬂé‘”mﬁ") 20 (7 =k)><t}ﬂkl,
t=
T
A :/1150)+Z;QZ(Zt = k)’
t=
1a
uk = UIEO) +Ezqz (Zt = k)a
=)
17
=2 0, (2 =) A e |
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5. SEIEff3R
5.1. BIEN SR

N T AL VBHMM B TN ERE, AT T ide i B A7 52 I S&PS00 45 % L K [ A 17 3779
TR 300 FEECHAT FU AT, JERCH PRI et SR b W W TR . AR AT
VBHMM R ZH0fli i, 25 B B 7 B 2 T vh SE O L, 3% BT RO iy R B W A 2 AT

.
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4T VBHMM X T K FUBEICHE A 33k Sk BT B L B 7 50, A (R U e AR 5 B 5 DAAE AR S0 AH LS g K.
%FF S&P500 5 AL 2009 4= 3 H 2 HE 2022 4£ 6 H 7 HH A2 5 H %, Hrp M 2009 43 A 2 HEI
2021 4F 1 H 22 H3t 3000 MR NIZEE, M 202144 H 1 HE 2022 4 6 H 7 F 300 MEE4E il
AR W1l 2 Fras sl S&P500 fi5 4% 2009 4F 3 H 2 HF 2022 4F 6 H 7 HAL 4k . IR ALFRARER A4
PAFFE I EEN TR

XFFIPR 300 FR AL 2008 429 H 1 HE 2022 45 A 25 H9 a2 5 H it %ds, M 2008 4 9 A
1 H#] 2020 4 12 A 31 H 3% 3000 MM IR, M 2021 43 H 1 HEF| 2022 45 H 25 H 300 4%
PEAE IR AE . a0 3 Fros ik 300 $64 2008 49 A 1 H#| 2022 45 H 25 HAR Lzt . KIrpEALbR
REEM, PR EM T4
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Figure 2. Change curve of S&P500 index from March 2, 2009 to June 7,

2022
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Figure 3. Change curve of HuShen300 Index from September 1, 2008
to May 25, 2022
[ 3. PR 300 $5% 2008 £ 9 A 1 HEI 2022 £ 5 A 25 A {kahsk

A SCHEBCF ) 45560 1 43 EE 1% 22 (Mean Absolute Percentage Error, MAPE)SKY I VBHMM R TS

n ORMAREEFEARSL, x AESE, X NTE, AFR0h:
n oy _
MAPE = 1 3°[% "%/, 1009 .
nega| X
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X S&P500 #8 % LA iR 300 Fe AT d H AT &5 5 an ~[10]:

Table 2. MAPE value of d-day weighted forecast (%)
Fz 2. d BMAFUNAY MAPE 18 (%)

HH 5H 10 H 15 H 20 H 30H
S&P500 1.46 1.22 1.04 0.82 0.82 0.81
YA 300 157 1.31 1.18 1.04 1.03 1.01

%2 8 d HAIBLE MAPE {8, oK 5 H BN R shBOR, B IBORBOE I MAPE {Hjik
Kb, 20 HY5 30 HEERMZERVD, ZraBBRRE T, 18 20 HANBCEE SR T . kA
VBHMM HRIS 52 5 S&PS00 5 Hf Filil 45 R AL T-I % 300 454k, 25 R 2 H W i 37 2 BRI BOR,
SR B —EMILEE L.

4 4 20 HANELH) S&P500 FaHTRIN I, 141 5 2 20 H AL AR 300 FeHimm &, 1 b 6y s
i, ZLEONTRINE, MEARPRRRREL PR ARRIEE N FE 8. M P thn] DAt 7 2% il 26 v P2 )
o, TINEE R
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Figure 4. 20-day weighted forecast chart for the S&P500 index
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Figure 5. 20-day weighted forecast chart of HuShen300 index
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5.3. FRIER TS RELR

MERS FoRE, VBHMM BHS HMM #ERRE bb A 7E SR AR S 450n) s B VRN R, ARG
HMM #E8R F Baum-Welch Hi%, EARFERRAUIRG T RR AR, 11 VBHMM T2 R AR 74 iy J5 21 4%
A RA A R SR o 78 534 T ) A 34l 7 T OGP A B A K I Il R A P TR, TR 4 Skl ) vz B
R T UM TAE DA R R4 11], Ao 2% VBHMM A8 R B B ZEA A& T i — k221

R R HE— R 5T VBHMM R TMPERE, L VBHMM #AY 5 HMM B LU AE A3 RIS
Bm ERRS R, RATSCH S&P500 FEELLA A I 300 FEECFI ] HMM f57 . BP #£4 /Z5 R . ARIMA
BT 3 AT T, %5 S&P500 F8 % 1) Tl 45 15| 6~8 Az, XFiPR 300 F8H 1w &5 Fun &l 9~11 B
N, BRI ESSERME, A ENTINME, #AAARRER RS, AR SN TR
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Figure 6. 20-day weighted prediction plot of the HMM for the
S&P500 index
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Figure 7. Prediction plot of BP neural network for S&P500 in-
dex

& 7. BP 1M %t S&P500 53¢ 7 &
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Figure 8. Prediction plot of ARIMA model for S&P500 index
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Figure 9. 20-day weighted prediction plot of the HMM for the

HuShen

300 index
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Figure 10. Prediction chart of the HuShen300 index by BP neural
network
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Figure 11. Prediction chart of the HuShen300 index by ARIMA
model

11. ARIMA &85 AR 300 353 Fm &

M EEFE PLEH, 5T S&P500 $8 EUA17 1R 300 Fa 50 FHL, HMM A7\ BP #2225 157 . ARIMA
PR SN &5 SR B AR BARE A — B SR R BN 5 S P — ERE RN E R, BRI AT
VBHMM #8477 0 B b be A% 5 AR R 18] TR B R 2 5%, tH5E% B 1Y MAPE {BLUNEE 3 Fik:

Table 3. Comparison of MAPE prediction accuracy of different models (%)
3. TRIERA MAPE FUMI#E BE Xt EE (%)

VBHMM HMM BP 142 Y 4% ARIMA
S&P500 0.82 1.24 1.92 2.25
IR 300 1.03 1.36 1.73 2.23

MR T LLE H, 7EPYSRAE AL, VBHMM A58 00 B 5 e, LR 20 BB 5 4L 41 HMM
PR, BP MM 4R RIAR LL 2 R iR ZER K, ARIMA BRI R B % . [ REJRIAET, ARIMA HERLE Ay
AN B SR L B TR A TR, DR A SRR A Hh oA S AN SR TS AT, A Bl A =M
A DY AR RTINS, 35 Rk TR 22K o (H T ARIMA A5 = 28 L f BRF 8] 2 471 Tl A5 2,
DRI AR SCAE R R o) B AS  3 [R] LUt e s 45 10 BE I A AR . RSP SR tnT LA H, [FIFERE 20
HAAUESL T, VBHMM 5 HMM A EERET- R AR & 1 Ti0IRS B2 A O Se far,  Toi 45 SR 58 s

6. FRSRE

A HMM BB A SR 34T T 8 g5 50, ARG 5IANE S ik, Bt
Baum-Welch 5322k 3E47 HMM B8 (1 40l vt o A4 8ol B2 T IS A ds FR 25 00, 43 i) a2k B 5 e
S&P500 FEHEUFIIF IR 300 FaE P A B ARHEAT T, fJ5 K VBHMM AL T 45 5 5 HMM #5244, BP #if
LM LEEY . ARIMA AU MAPE TUAS BEAHELER, 15 H 4518 VBHMM BRI AL T 42 HMM 544
AR AR R TOMRS P B v ACEEE SRR R, AREL T VBHMM BT A A5 S A T A I e o

XTI T, BT RES RS ARSI, EN RS EEFEBR A, ENMET
WEE RGN R [12], A TR FBIE T REEME, WA LGEHEHMATFAA LR R, X
IR AE 2 5 HIRIE 5 s 45 A e ) R
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