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Abstract In finance, the stock index simulation is an important topic, used for a long-term analysis
of the stock market. However, most of this work has been done by professional analysts and it is
difficult for non-professional investors to be involved in. On the other hand, existing simulation
methods, either based on mathematical formulas or based on machine learning technologies, have
some common shortcomings, such as too many parameters or continuous manual interventions,
and poor interpretability. To solve the above problems, this paper proposed a planning domain
model of stock index simulation and solved problem instances automatically with the built model,
based on the PPP (Parallel Probabilistic Planning). Since the stock market has a plenty of the

concurrency and the uncertainty, it is suitable to model it with some concurrent and probabilistic
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model. The core idea of our method was to transform a stock index simulation problem into an artificial
planning problem. First, we built a planning domain model for the stock index simulation problem.
It was necessary to express various influential factors, constraints, events and their correlations as
many as possible due to the complexity of the stock market. The built model was described by the
formal PPP language called the RDDL (Relational Dynamic Influence Diagram Language).
Second, we used the PPP simulation tool - rddlsim to solve problem instances of the built model
based on state sampling. The rddlsim is officially provided by the IPPC (International Probabilistic
Planning Competition) and is able to analyze the RDDL description integrally. Our experiments
used the stock data of the SSE 50 Index and the SSE 100 Index. Specially, since some time point,
we simulated the movement of stock indices in the next year, by solving the corresponding planning
problems. The solutions, on one hand, were compared with the real index movement; on the
other hand, were compared with other three simulation methods, including the linear regression,
the SVM (Support Vector Machine) and the LSTM (Long Short-Term Memory). We used the
cross-entropy function, the least square function and the Pearson correlation coefficient as loss
functions, respectively. The experimental results showed our simulation results were close to the
real stock index movement. Furthermore, in most cases, our simulation results were better than
those of the regression or SVM method, and almost equivalent to that of the LSTM method.
However, compared to the other simulation methods mentioned above, our mothed provided a
clearer interpretability and did not need any manual intervention or parameter adjustment. This is
because, the formal planning domain definition indicates how all kinds of variables effect each
other in this simulation problem, and the plan solution presents a state trajectory of the simulation
result.
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S R AR R, [ i e R — R X R A,
JBE S T B Y RS2 A B L5 e IR S B R ) IR
S BT IRE RN IE AT 38 17 1) e 2 B0 # [R]85
il 25 i .

4.3 BREBHMEEIRE

BT S 2, AR SCBSR T BB AU Y RDDL 5 35
BERY 7S AR A3 4 B, 33X 2 FR A3 2 O AT R
5 AN ] A B B R B BB FER A B A i
FEUNT (P s A 25 B RY 1Y S A0 BB 43

(1) Requirements #343. A~ 3CAH T 6 gk, H
F1, reward-deterministic 5 BH 403 2 AN 5 I B B 1Y
WM AE ; constrained-state 1 W 45038 (i IR 25 20 o
intermediate-nodes Vit W 4% 35 (B A (8] 5 5 s mulei-
valued 3 W] 0B A28 2 0I5 K5 partially
observed Vi W 40 38 {# FH 358 43 W48 A% &5 concurrent
B3 40 35 ] I $hUAT 2 AR AE.

(2) Types &B43. & A ST 04 X5 G2 R0 $ i
JBCSE A B Mo S AL MO Y R BT stock _Lewvel
hostile-takeover_level Fll game-theoretic_level.

(3) Pvariables &8 43, & S5 i i 52 45 802 1 28
R, %00 B A 8 9 22 A0 9 BELFE AT H €. RDDL ALY o
A 143847 : Non-fluent layer, State and Action layer,
Intermediate layer,Next-State layer fl Observation
layer. H 4% 451 55§, Non-fluent layer 5 ANNUAL-
REPORT (4£4)) .GDP-GROWTH-RATE (GDP #4
K%) . SHARES (& 4 $0) 4. State and Action layer
43R State layer 1 Action layer P HE 4, State layer
H analysisreport-change (G §T 45 W 25 4k) | gd p-
growth (GDP {728 46) . month-value ( 1 & 1) 25 46)
&%, Action layer f§ stock-change (HZ ZZ ) 75 1k ) |
market-reaction (T FHR ML 52 W) L analysisreport
M 445 ) %, Intermediate layer 7 game-theoretic
(FZEBIE) Jhostiletakeover (GEZE W) | weekday-
value (JE %) Z5. Next-State layer #8430 #1E cpfs #F

ITEYH A 4. Observation layer 5 game-theoretic-

obs (THZE S VE I F [B] 25 &) | hostile-takeover-obs GG
B ) o TR AR ) | weekday-value-obs CJE 4% ) H
[ 4% 5. X #F 4 #9 Non-fluent layer, State and
Action layer fll Observation layer F 3¢ X T 52
Jie S s B A R A CHD AR S R ) £
F) A X A R A8 A A AR AL I S A O AR Ak
15 L.

(4) cpfs #4y. cpfs &2 RDDL @i & X & &
MRS, B RE 8 S WOIR 25742 5 (10 T AL AL ] AR SO0
SRR BB AR 18 A epfs. B epf SR &AM
) ST ) 45 R R B S AR O TR epf L 2
RIS G AE TT. [ 8], Ry 1 5T A0 A S
WA, A iz A2 KA Bernoulli 534 Dis-
crete PRBUFNIE 25 43 A S8 H iR RS W 22 4k, o5 4h 3K
I s A" K43 [l — AR A 28 1 ) M B IR S AR
—ANMRTS (. gd p-groweh F gd p-groweh). | F
T A B A5 SC A AN opf A A EE R L a0
annual-report-abnormal’ (7s) {9 cpl FEH], F A 7
RAE 2 H—4 Ay B AT A v AEHR &5 B IBEE AN % b
Fh o DN 51 S i 52 4 B0 iy 1 4. 0 i B2 2 AR 4
Normal PR QESRBO ML =AW, B 7EH e H
0y KA B SR AR O AN 22 Z BN, hostile-takeover-
obs 7B i RN M EWOW FAF L T3 A A SIE ] hostile
takeover YERyhlalis&. ARF 42 A Discrete(hostile
take-over_level , @poor ; 0. 999, @good ; 0. 001) PR %X
PEFE MR, BRE 28 — N S EER R B 2R A, 1
AR S HOR X I ) E 2R 3 BE . AR =4 3 B R O, —
AN good (B & D) MR 0. 001, 5B — A~ & poor
RIS K HEDESER 0. 999. B 38 F switch 15 )ik
BT Pt s E. &0 opfs & S LI SR A.

(5) Reward #43. /8 BAn R, 2 & H rdn
CRISF-29) 1 22 Uk S 36 T 00 A R %) 74k H b ok %k
LS 45 i, RDDL B4 5 25 3% 18] V, (o) fH. M
IR IRAS so R B 23 3R [ 55 10 () ) 0R 285 3l /R
Wb, [6) ) S — 0 SR e S AL RN E AR
AseSHual A ENEMEaEeA:

V. (s) = Z:‘:Oy’ ¢ R(s,»m(s))
Horpyy BT T h RIS T A

X F AR (1) Reward pREL, RN e 28 5L 50 r

T B 0 B S 4 BRI AR

limit

reward = Z {[ price (stock; ) XSHARES (stock;) ]} X

t=0

(8)

9
Hodr, i BoREELISSAL; price (stock,) R m IR EE
¥ s SHARES (stock;) Fm A%, % F discount (FE

discount’
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I RBO E LA 0, FR7m B— 0 A R B 8 B
S H AW B O B S 4 B A 5 2 HT T
JBCE R EOTC G i AR RS e M R A %
BRI A oA WA 2 B AP R R BT

(6) Constraints #f 7). FLVFHE E RS LA, W] H
true/false WIAEAT 3235 . 12 17 5L il /i » 75 22 56 X B
LI ] A RS AT 2 o S5 R AR 3. AR ST L )
267 FA B BY AR S A O ) AN s annual-report-abnor-
mal BEE S A B AN BE M Y A B 2596 smar-
ket-reaction-change WEUE S AL Y5 B A B8 HE 13 24 A
{ELI 10 055 29 3.

WA AR SO A I SR 4R B ST AT T SRR 2y
BRI L.

(1) X F A BE ¢ 4F F000 88 % A 4 A SCis
AN 58 42 BE R SR WS 2R A 3k g 4 D A BE AL 7 A= A L 1) £
R A T RE A R A R A IEM SR R A
BE &4 (context sensitive) g 5. W AT G &
A AT 1 Bl R R AT kR AR B SR AR Ea b
FAIXT state- fluent action fluent |interm- fluent F
observe- fluent “5 SR AH N A9 25 7.

(2) AR AT A BT B2, FA S 1R AT 0 A Bt
B fluent 7B HARLFAT.

(a) iz 11 12 B 338 3K (i f-else 55) X Sl AF 29 3.
BN : month-value (3 ] i5 A i f~else FIWiiEA]. K
At H AR A5y %o 1B 5% 1 K 1 52 W e A — FE Y.L IX 02
— IR [] 2 Y R A

(b) 18 A interm-fluent F observe-fluent X} 5}
VEI JE. AS SCXF hostile-takeover G B W) i Y AH
WL 38 T switch T /) e FEAT AR I 19 3 4.

(o) X AR A AR 1 R VR A8 5 AT 42 Ry M 2 . 451
N : ANNUAL-REPORT (-4 B 3& H RE#E £F & 55
PR B0 H 4 A RESRAT ShAE 1Y T — D484

5 KM@k

S A4 TN QU AR o8 S T DA R AT
TR Ty XoF 450 35, o] A0 A7 SR AL H T AR SO I R A
RV A 3 CRZB001 47 R & g8 H3E 1T 5K file B
] ), & iz ;i NICTA #1 Australian National
University#2 1 i) rddlsim® #4004 3517 3 TR0
T R SRR A2 S MR A ASE 0L 25 90 0 24w 5 450 3R 114 3 1 R
A A SO PE AT A BT RIS, 453 1) ) A ) 4
REG— ZHN A, 2k 8 HARRE. A& XX
rddlsim $& 4L (9 BE LA /R SR AT 18 00 BAR B Mol
DA LA = (1) 34 2l VR 8 22 1k 5 A B 2 1k 1330 5
(2) FRIF B SE I 5 (3) C/S M2 AR Sy B PR X 45 2

RE. 1 5 . BT X S S VR AT 20 A o0 A T S 4l
SRR F A I JE A E . FE AT RIS R R
Fr RS B 3 /XS sV BEAT e #E. T A AR Y B e 5
P RE % K P £ e N AR e i M Re. B S . C/S B
5 Ay ALK L R A5 S I AE TC M 45 i 00 R L BRI
RE A AR G 110 5 BUABEHEL. 00 SRS b G B ML i 468 i o A
SRR 5 BUBTHL AR {H AN B 5 0 0 5 b A5 0 M 5
T B 22 A

ASSOR 7 752 M A 58 A REALE 7 (IRBP o,
S I rddlsim FEDLAS A 45 5 10 75 2L R T B A
BRI R AR SL R D SR E N @R BE D
IRBPypn 575 (B 2).

Bk 1 RERHRIR R

W ST SO instance file TT= {3, 1.G) 453k 3C {4
domain file S=(RE,T,P,CPF,R,SAC);

0t B A < cp f_sol AR BHE : revoard , B 4E I 91 ac-
tions;

L WR e B =1 REW IR s < Toepfosol =
& yreward=0;

2. REWFEHEREW L H:

2.1 24 h<<H K};

2.2 4l 2P 2. 1 HURSCRAS T I, AT A 58 2 B ALK
% (IRBPgppr. ) s 73

2.3 PATHENLAE UG RREHER S = [N —&KE
I B — A action-fluent {4 cpf 3]s 772H s}

2.4 RAEFE Y 20 IRBPron 82 3 HR G F AOIR &
s € ST IFAE T HX R ep f s

2.5 WA rddlsim iy Evolve(s,cp )73t s BEATIH AL,
BT B BEVUIR S snexe » 77 A AR RO BIAE T 51 action;

2.6 cpf_sol<{cpf};

2.7 reward= 21—y *R(s, y7(s,));

2.8 h it ;

3. Wi H cpfosol .reward F actions

1 R0 AR rddlsim B0l A A —
A GBS A S5 ST T B 5 2 R S AR dn
R cpf rmdE — A TR IR ZS. rddlsim B AE & X
TR TG E 1 cpf o A — A5 AR IRZS 1 %
B R A B B M A R/ AR BE BIL 7 AR — A ) 4k
ARZS N TTARZE T — AR 1 38 Ak U S RE A% 2
Ak — 45 38k 0] 181 5 L domain file S =(RE,T,P,
CPF.R,SAC). S 3C1F 2 {3t — A~ 45 35k 1A 5 552 451
instance file I=<(3,1,G). Hovp ,CPF &M Tk £
1) F 2R YE. R T ECRESHOE i . B Tk
A8 E B AR RES s H 458 RS A Y de KB 5

B 2. IRBPy B

@ http://code. google. com/p/rddlsim/
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i 2019 4F

WA BEVLANF :rand Seed s [ 7€ 58 50 - h e » FEAG (E SIAE
JPFIRAS S, s

i BELEIAE PSR A 2 D, s

L. Wik %% .h=1,D, = randSeed=0;

2. RS AL E) [ R D

2.1 24 h<<hg, i};

2.2 QAR S, MR KB EA AR D, AT E R 1
W2 2.4 RZ G058

2.3 QAR S, JEFEHL R 4 R BEHLRD T : rand Seed
FEHL= A0 D, , AT 8 1 R 2.4 2GS

2.4 h it

3. BEFENLEIE)FF &S D,

B2, b TSR TR [ E
HARR A PR IR 285 18 Ak 0 200 38 B — A [ 5 8 4
B B 45 5E 00 B A B S AR PP 21K 25 BE P L
S A FRE A S BRI R X & A A S A
J7 5 BE B A X6 0L ) 3 VR e 51

6 ZWESW
6.1 LWHE|MEER
H T 48 BB A0 0] g — o 10 38 B A 3R
MTEEHN 2014 4E 12 H 11 HF] 2017 48 11 H 11 H
WIR] A FAIE 50 48 B0F FAIE 100 8 501E b 52 56 B0 i
X EF Bk 50 5 BRI R A A& 0 A I
SRR B N TR AR AR TR S TR SOy v
430 P L FRATT S BB IE 100 48 5. X FE, SEER HK
T BB A R IF L 55 BT AR ST T A i S A s 2
if TUSHARE® kBt ). TUSHARE J& — 4> %% |
R python W2 8 4fs 42 11 4. & 3 BESL BN ISR
A 4 ESCHIE 4R 1R DA BB SR 4 LV R I L B s A A
)BT A i

ARSLELIS - 6 S iz I R 2 80 4] K3 (TPPC)
PRAL Y rddlsim B4 &, E RE B8 XT RDDL 4 iR [ 45
BGHEAT 56 4 i B N C AV (L oK BRO T 52 3K A R s 11
JFE R 5 TR i PPP [R]85y B8R g8 40 F L
PROST™ Al Glutton™". §if & & AL 0L #E 7 ¥, J5
FoEEARACTT 5. EATTRR & T 3k 3 b 38 1) 2R
T BEE R &8 BAREANTE TARK A 2 moK
fiff 3 o {HL X P o 7 3 AN SR v ) AR e LY BCA
FH rddlsim B 8% . 5 BOR AEXF RDDL 34 (1% 95 5
SEARRAT. AL R ABREA T LTS5
PARE L SRR T L B REE AR R TP B I R KR TR
B A S ] java i 5 S8 BRI S A Hl 4k 1 B
i

S NS ST PR A) c — J7 T AS SE B A
56 42 BE DL SR W 12 A7 QPUIBR 2 . 9 1 X IR S i K 4 I
S 2 R L AT IB AT 3 K WO AT I
(i) 02 Dl AL 3X — P20 R S B 25 2R L R T RE VL fre
718 B S48 BB R AEL AN I S e Ah L R R LG T SR
SRS BB SR AR By 25 5 T R E B ) R s
BEAUAE HE Y E 1. 53— 7 T A S e ) g b = Rl
B S BSOS 1005 Iy v o Bk [l e AR R S
) f AL SV VD R 0T e 42 79 2% (LS TMD -
IBATA S LI B - 5 AR SCT7 8 L LA IE AR ST
T3 2 BB 3 T e LA ik B A AT AR 2 4 i
TR F R T B R o ALk
libsvm® B, 0 v [/ & 1 R 24 R BT
RV B —> 5 T AP s A &0 SVM A R
S5 BH T H. SVM B s 27 2] 76 4 il v ] o fe i
UL 70 K E A2 M 4% (Long Short Term
Memory Network, LSTM), J&—Fb s ¥k Z J5 W) 1§
i £ M 4% (Recurrent Neural Networks, RNN),
AT DL e RNIN TG 74 Ab 33 A 4 B 1 A4 0[] A, 35
T4k T TSI B 1) 800 v ] B D AE S A X R
G H B TR A BRI 5 e bR AT
— BB 2 ) J7 k. =R T 1 LA SE XM (Cross En-
tropy) M i /N T3 1k (Least Squares)™ Fl iz /R £f
FH % & %L (Pearson Correlation Coefficient)™* {E &
SIS LR AE B . 3 U RE % BT S PSS 0 A Y
S S SURAR B/ 22 S vl B/ e v g —
FBCF AR AT A 2 1l R UL I 5 B R 4R i U G
B Z 1) Y 22 57t die/Iy R TE B 80N L 22 S VBN
IR AR H O Z B0 2 ] T B A B 2 T A AH G
TR BE . HH oG R BOHOR L 22 v BU).
S P P S A R R AL A 16 A4S S 4] ) R
Bl 22 > (R RA B AD B J7 2% L ia ] libsvm B
AL BT J5 2 A LSTM Jy 16 02 38 47 A< i B 1) 4%
i, A SCSL B #3817 B8 58 Windows 7 + CPU
3. 30 GHz(i5-4590) + N fF 8 GB.
6.2 LWHERSH
A3 FAE 50 8 B L AIE 100 5 5085 il 8
AN S A (] LR AT 2 56 B A SE ) [ s AT R ok — 4R
JBE S48 B A A ke Fe. HG rp A 2 B R B9 T LA
F A AR g 5256 B BEAUAEL & o J5 = A H 4 S T
N LA A 2R R 2 U B L T LA BE B8 DR IE B4 AR

@ http://tushare. org/
@ https://www. csie. ntu. edu. tw/~cjlin/libsvm/
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SRR B0 FEAT RN T I 4 A S il ik T Ak
50 F 521 B 52 48 BOE $ 5 B I SE 45 BOE B
XFECIEL P 6 FIE 7 A T EAIE 100 H 82 B AR 45 5L
A B RRAUL B S 4 BOE S R HE .

[l FATAE B UE 50 48 BUBRZE e 10 Hk
SR O7IEUESF B A gk o A A S5 i B AU A
AR, Qe 8 HE iR T 10 FUBE S AN K 1Y A8 A 4
R 2 7n KRB YUV s A /00D . R 1 4 i 11
JBZE A A 45 R U R 16 Fof S 36 A AR 119 3 47 I ] X
PO B0 3 4 4> AR 2 98 @ A 1% D0 » AR SOX 2
B0 0 Hh MR 36 I 18] — 45 N A T 9 A A D S 0 o L
W JE 3 A AAE SR i B o B gk T
SUIRA5 2R BRI L Fi /> — 3 3 1 B R 7R AH 56 2 RO
VO i 7 T £ 4005 A7 0. Ry e SR 2R L X
PO LS 14 BB i OR300 15 52 i R0 P A5 Y
LA TE O AR SO 5 2 Bl AR A0 05 3k R T libsvm
B BN B S A R T 1 A LSTM J5 ik A7 X L.

Xt S PN AR 5 — B g3 75 A TR A ] B T

3500

4 FIE S BUE T AR RGN FAIE 50 5 80k #k
A S5 EIM AR 50 18 EOE B AW A R A HE
B FRIAR R B0 A P 5 v R — B [ A P A R
B ETF2015 48 11 A 11 H R A8 B8l 28 80 T
R (2016 4F 11 F 11 H & B8 BBt 40 iy i % B
R () i Ty s SRR BUCA W BB TE B — KRR A%
2| game-theoreric [ Z 152 M0, 3 BUK 48 £ 30
FRAFME DL, [ 1 6 FNE 7 J& XL UE 100 i)
BHEROCE RS E I FAF 100 BEELHE BUE BT G
O 1 rh B A T 5 11 i 2 3R W AU 1Y i BOR LG 4R
B A [ 33T 43 92 50 56 UE TR A A R ) A5 Y )
TR I3 11T 4 1 25 P I S 6 500 A LA 3

8 B UE T A< 5256 BT 2% 18R 5 i B 5 AR AR TR
Z LR RENS A AIE 50 8000 3t b 5 2 A7 45 2
AR AL Y . ik 2 W AR S50 R AT 0 B AU SR AN A
(AR Ak BEAR AR SCRERLAY 1 HIE 100 45 5000 I 224 s
f A8 fl R BRI EAIE 50 i 5000 BB SR AN A 1 28 Ak
FL. B TR R A R AR SO R T A A 2

2500

1500

——— 20144E12 A 11 H R B S ZE H e Hosin
——— 2015403 A 11 He B S 2245 Bkl
——— 20154£06 H 11 H e B S % 225 $sin

2014412 H 11 H A0l S fa S s
20154E03 A 11 H A5 S 3080
20154206 H 11 H A5 ol 1 S fa e
——20154E09 A 11 HAR B S B2 FR 58— 20154209 A 11 H e Ui S Fa 30

B4 BE 50 8 HiE S0 B SR BORUR S5 RS AR BOBE X U I (2014 48 12 3 11 H—2015 48 09 A 11 HD

4000

3500

3000

2500 |

2000

——20154F11 A 11 HE R IR EEdE  —— 20154F11 A 11 H R I8 S

20164E01 H 11 H A2 B i 245 S8t 20164F01 3 11 H AR SR SR
———20164F03 711 HAZ B S EZ48 500E ——— 20164£03 /711 H A BB S Ha St
——20164F11 H 11 Hig B4R S — 20164E11 A 11 H R =48 2l

Bl 5 L 50 5 BE S B AR KO 5 0 SRR KR X L 1R (2015 48 11 A 11 H

2016 4 11 A 11 HD



it " L % Eil 2019 4
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8000
6000
4000
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10 000
8000

6000

Ry S st N e
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———20164F01 H 11 H AR B S ik S48 408 20164201 H 11 H AT ZE 48 B0

20164E03 A 11 HR H AR EEHE  —— 20164£03 A 11 B B 225 $esn
——2016%F11 A 11 HiR S S8R ——— 2016411 A 11 F R RDUR S48 Bt

B 7 UE 100 48 %50ECSE B 5L 48 BB 548 10 2 48 BCROHE X L 81 (2015 4F 11 A 11 H—2016 4F 11 A 11 H)

U WWW\/ Vw V\NJ\A /\/ VW MM% M\@N’

1

QO

erwN

—— FIEiER —dEA ——

i h ek hEBkE R
— R —— TRHRAT FRIGESR [ ZH %
&l 8 B S AN A% AR L E 18

1 gy BAE 50 45 R B E 100 158 B A U
SEH Y AE AT I (E]. 5256 R A 5E 42 BE AL 5K s (IRBP)
XHEEAS I 1] BE Y I SR RO i BR s 4T 3 Rt i sy
o IFE]. PR IRBP J2& BEA A AU 1L T LS 56 A
T BEARXSBCPR. 26 1 B0k 1 78 307 35 RE % A1 4 R
PR AU S 18 R AR AL O

XFFARSCELI N AR 2 5o Mt BAH T
iz 125 R RAU 5 v DA B 4% Rl Ak 4 A 10 SRS AU Y
XF EGAR L. 6 F 28 SO 2% L BiE 26 1 Figk 2 R AR SC
Ji A SVM 5 ik AL & 8 2 1) S /I L 38 33X 5 Fh
J5 % o5 . 25 BILALL 7 Tk 0 400 2% (AR X RS L 7 A
& LB _ESIES04 B A FIE 10048 By A5 40 45 S AH 3T
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F1 BREBBERETHE

¥ L I [ BT ¥ R [ BT

2 (LIE 50 #8380 IE /ms |5 CE3iFE 100 $8%0 B 1A /ms
1 2014412 4 11 H 2745.35(|9 2014 412 A 11 H 4605. 67
2 20154203 H 11 H 2864.67 (|10 20154F 03 H 11 H 4788. 64
3 2015406 H 11 H 2472.83 (|11 20154F 06 H 11 H 4647. 41
4 20154209 H 11 H 2310.30 |12 20154 09 H 11 H 4755. 65
5 2015411 H 11 H 2810.03 |13 20154F 11 H 11 H 4596. 88
6 20164201 H 11 H 2588.67 |14 2016 4£ 01 H 11 H 4632.96
7 20164203 H 11 H 2871.33 |15 2016 4£ 03 H 11 H 4729. 33
8 20164 11 H 11 H 2698.33 (16 2016 4£ 11 A 11 H 4205.15

X EC. 2 3 ANTEL O Fi BRI [a] R 0Py 265 H 3 2 775 3% (£
FEATCT5 1) 7% V& 10 o A 0 A0 L ACRRAIE P 7 X
] e Bk o AR SCHH X T H B SO BESE 45 K AT 5
HA— € A3 7 3C T AT e ik i BE H e SOk

Z . RENE 75 18 20 i 28 L 4 52 i) BE SR 46 RO A i I R
AR EATTZ 180 1 A2 2% S 6 o DR T LA A 114 A B 1

R 2 MEXXBMS AT ERIFEX

SCHR WEoE i ik

T X ke

Xt /N Z ek B3R 3 FIB R 4 R & ROy ik
F 45 e (25 5 B A (R 100 5 550f 4 481 45 52 1 -
UE 50 FEEUM T A FRE ) » e /MEAR 23 1. X WL A
XI5« Fhe/N 30 R B SE A 1 A 8 A5 400 1] R 11 4t
KPR X T IR ARAHOC R BB B 3% 5 Rk 6
BRA ST LA LSTM Jrii il & 8 2 1 e R AE . %
B 53k 9 5 12 o5 00 L EAIE 50 $8 R0 1 IE 100 $8 %k
BRI A4 2 TRHR ol R . R R U R R 2 s
T AR TR T BIH K SVM #8172, B
53EF LSTM (477 3 L RE AR Y.
6.3 MAFHE
AR5 4y AR SCRARE R 1 — A 17 i 3 5. ol
— A EEHE R A B R K1 | T IR 50 48 %1
e B9 L. B A FRATTAR B8 & 7 1) SR AR I B0 AR
WS PPA 1S B ek R A ARURR A B SR s, O FL7E PR
S T3 L H 2 ) SR s R AR R 1) 24 R AR SCRR LR
FIR AR A B, REAS 1L 7 U A Hb3E B o
R % S 28 A B0 . MR 4 A5 200 ) B L 25 1 L %
FURT A% H br 6 B2 0 67 T 43 B 7 TG RN i 4
BEL A R R R S HE Y L) Hb B R DAAR
IR M 2 . Lk A SCBEAL ] LR 4 % P Y B3R
HEAT 5 ) A5 5 1 3 0 R R R AT — e R
Vol » 3G R R B LA A B DA B0 A R R R O
YT B ) Bt R A5 w8 T JEME A 3. BN . B HIE 50
FEBOP Y B EE LI 4L 8 5 TR 8). AS ST L iy —
K€ S LA i A R 0 el A5 TR R B R g 1) T X
PR A R T LALE FH P 375 06 4 T g 45 ol R i (R 22 AR 3028
Wi 25 P YA .

7 MHXIE

FEANT AT A SO E S5 2.1 5
TR T T HE B 2 BT i 0 R LR BOR
AR SO AR T e O

2 25 AR SCT5 15 5 R 5 SRR A4 T 6 P ) e

)

1 28 IR 25 Ay 42kl B 3t

PRI S8 B0 15 B e R IR T
R SE B B A R S R

St I 4 A0

# & EGARCH Fl 7

T AR X AR E B9 T 3 G 1 A 4
B0 Sl 195 0 AR IR 55 R 1Y
B

k5 X 2 RBURIAE I ]

S5 91 AR R

e AR LB T s B S LU B
SR BE O A SR 1 v T R

SCHK 6 PURRR & W 2 T A Y

it BRI B4 o B BB A RE L
P HL S A T 1 B3 3 T Y
M

SCHR IS (] ST f e

[EAENNSE G R A

WEILA M fE S E N A A RE
T3 X 3¢ By BRI 3 A0 45 AR K e 5
B8

Sk 19 N L 28 P 2% TR 5 T

ANy o e AP S R A A 52 5

i BB AT R SRR 22 ik

s e o v g BRI R LT B X

S 2o G EL SIS ST e i s ko B
TR F1iE

" e X T B T B O e R B 7

o 22 JEARE RTINSy et - 900

g

AT AT MR R R S A

Jr#% % RDDL #5i1

BREMRIBOAR EIEZAHE G
FHF R AR PR A iR 22/

R 3 MRS ATTIERTE BRI AR5 B AR

HEFMANRE

EO LEWES

S0 7% T Y R AE

(1) B E IR 500 fi 5 (2) 49 ik 7
ks (3D BB A (O 1 H B S

yos AT RIS 35 (5) 3 A 6 B H G0 6 %5
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analysisreport-change’ (75) =if(analysisreport (75))
then Normal (0. 1,0. 0001)
else ANALYSIS-REPORT-BASE (%) ;
annual-re port-abnormal’ (7s) = if(stock-change (7))
then(if ([ (ANNUAL-REPORT’ (7)) ==2]
[[CANNUAL-REPORT' (95))==13]|
[(ANNUAL-REPORT’ (95))==47)
then Normal(0. 15,0. 005)
else 0)
else 0;
banker-sale-change’ (7s) =if (banker-sale (7))
then Normal(0. 1,0. 0001)
else BANKER-SALE-BASE (%) ;
durative-actions-obs (7s) =if (true)
then Bernoulli(0. 001)
else Bernoulli(0. 999) ;
game-theoretic = Discrete( game-theoretic _Llevel ,
@normal ; 0.9,
@unnormal ; 0.1
)
game-theoretic-obs =switch( game-theoretic) {
case @normal: 0.0,
case @unnormal ; Normal(0. 005,0. 0001)
b
gdp-growth’ (%) =if(stock-change (7))
then (if (GDP-GROWTH-RATE (7)>>0.006
then
(0. 065 + (Normal(0. 005,0. 0001)))
else[ (0. 065+ (—1) * Normal(0. 005,0. 0001)) ])
else 0
hostile-takeover = Discrete(hostile-takeover_level ,
@poor: 0.999,
@good ; 0.001
)
hostile-takeover-obs = switch(hostile-takeover) {
case @poor: 0.0,
case (@good : Normal(0,1)

analysis using a regional CNN-LSTM model//Proceeding of
the

Annual meeting of Association for Computational

Linguistics. Berlin, Germany,2016. 225-230

b3
hot-sale-change’ (75) =if (hot-sale (75))
then Normal(0. 1,0. 0001)
else HOT-SALE-BASE (%) ;
marke#reaction*z‘hange/ (?%) =ifCGmarket-reaction (7))
then Normal(0.005,0.0001)
else MARKET-REACTION-BASE (7) ;

month-value’ (%) =if(stock-change (75))

then (if (((MONTH’ (75))] = =1|[(MONTH' (75))
==2]|[(MONTH’ (95)) = =37 | [(MONTH’ (25))
==12D

then [ (—1) * Normal(0,0. 001) ]
else if(((MONTH' (7)) ==4]|[(MONTH’ (%)) ==5]
|[(MONTH'(25)) ==6]|[((MONTH' (%)) ==17])
then Normal(0,0. 001)
else 0)
else 0;
stock-change (7s) =if (true)
then Bernoulli(0. 1)
else Bernoulli(0. 9) ;
stock-interm-real = DiracDelta([ sum_{ % stock}
stock-change () |/ sum_{?s: stock}1]);
usd-to-rmb-exchange’ (7s) =if(stock-change (7))
then (if (USD-TO-RMB-EXCHANGE-RATE’ (95)
>0) then Normal(0,0. 001)
else[ (—1) * Normal(0,0. 001) )
else 0;
weekday-value = Discrete(stock_Llevel ,
@ow: 0.6,
@medium ; (1. 0-stock-interm-real)-0. 3,
@high : stock-interm-real-0. 3
)
weekday-value-obs = switch(weekday-value) {
case @ow: Normal(0. 03,0.001),
case @medium . Normal(0. 05, 0.001),
case (@high : Normal(0. 07, 0.001)
b
price’ (2) =if([(PRICE-INIT ()
% (Canalysisreport-change’ (7s)

+annual-report-abnormal’ ()
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+banker-sale-change’ (%) +banker-sale-change’ (%)
+ game-theoretic-obs + game-theoretic-obs
~+gd p-growth’ (%) +gd p-growth’ (%)
+hostile-takeover-obs + hostile-takeover-obs
+ hot-sale-change’ () +hot-sale-change’ (75)
+ma rkeﬁreaCtion%'hange/ (7%) +market-reaction-change "(7%)
+ month-value’ (7s) + month-value’ (7s)
+usd-to-rmb-exchange "(7) “+usd-to-rmb-exchange ")
+weekday-value-obs +weekday-value-obs
) I=>0 )))
then (PRICE-INIT () else 0;
x (Canalysisreport-change’ (7s) }s
+annual-report-abnormal’ (7s)
Bf 5% B.
Pifg 1 LiE 50 EXHESEMEBELN S BRI F Bifzk 4 LiE 100 EXHFESEDHFEBINESERITIL R
(ZEXREHF (RINZFRE)
EE 50 . AE 100 .
B N N »; IEF; Libs b; STM { 5 N % SRS Libs W LSTM i
A2 Prpre ACTrEE B ibsvm % LSTM Fe 0 1 ] AL WIES% ibsvm iR
1 2014.12.11 0.0000774 0.0002754 0.0000844 0.0000823 1 2014.12.11 298.89765 7955.4147 99.518499 28. 426711
2 2015.03.11 0.0000747 0.0000969 0.0000770 0.0000779 2 2015.03.11 2.4460169 15588.929 259.64033 17.831148
3 2015.06.11 0.0000815 0.0000823 0.0000809 0.0000858 3 2015.06.11 1675.9780 0.5615636 752.07186 161.47649
4 2015.09.11 0.0000881 0.0000883 0.0000897 0.0000915 4 2015.09.11 447.08715 8204.4167 559.29607 0.0747849
5 2015.11.11 0.0000925 0.0000928 0.0000902 0.0000939 5 2015.11.11 3.4454049 255.61422 1.6122178 3. 3200830
6 2016.01.11 0.0000938 0.0001175 0.0000916 0.0000949 6 2016.01.11 45.660335 2179.3637 862.17025 1.4268367
7 2016.03.11 0.0001020 0.0001159 0.0000943 0.0000946 7 2016.03.11 3.5006688 101.36950 969.04947 17.834771
8 2016.11.11 0.0000992 0.0001014 0.0001177 0.0001040 8 2016.11.11 407.80663 44.997300 250.70676 19.730851

Mizk 2 _EIE 100 ERHESEMEEL S BRI LR

Mizk 5 LiE 50 EXBIESEMBENS BRI LR

(% XA FHE) (BRBEBERHF )

i iigaﬁ;} AU BHYE Libsvmik  LSTM i R B éﬁfiﬂ AHrd EHE Libsvmik  LSTM 3%
1 2014.12.11 0.0000870 0.0006551 0.0000889 0.0000908 1 2014.12.11 1.89E-10 1.86E-11 1. 27E-10 1. 41E-10
2 2015.03.11 0.0000934 0.0000717 0.0000886 0.0000948 2 2015.03.11 1.04E-10 8.03E-11 9. 24E-11 1. 06E-10
3 2015.06.11 0.0000786 0.0000791 0.0000684 0.0000815 3 2015.06.11 2.49E-10 2.09E-10 2. 05E-10 2.33E-10
4 2015.09.11 0.0000917 0.0000903 0.0000816 0.0000917 4 2015.09.11 2.27E-09 1.02E-09 7.66E-10 9. 37E-10
5 2015.11.11 0.0000933 0.0000922 0.0000912 0.0000933 5 2015.11.11 4.25E-10 1.16E-09 9. 74E-10 1. 13E-09
6 2016.01.11 0.0000896 0.0000909 0.0000955 0.0000945 6 2016.01.11 1.45E-09 2.14E-09 1. 25E-09 1. 72E-06
7 2016.03.11 0.0000929 0.0001355 0.0000980 0.0000948 7 2016.03.11 1.45E-09 1.77E-09 1. 33E-09 1. 82E-09
8 2016.11.11 0.0000951 0.0000908 0.0000905 0.0000945 8 2016.11.11 3.73E-10 5.77E-10 5. 20E-10 6. 83E-10

Wik 3 _biF 50 B S SN A SR XL E Wi 6 _EiF 50 B AR S IR M A 15 R X L%
(BINZFH) (RRHFHXBREH )

o ﬁr ;ﬁﬁﬁ ﬂ(:ﬂ Ak EH%  Libsvmi  LSTM 3% B g;g;f; KXk EH%  Libsvm ik LSTM 3%
1 2014.12.11 0.1753457 2.2276802 5.0325265 5.3472854 1 2014.12.11 1.23E-11 3.19E-14 7.59E-12 9. 25E-12
2 2015.03.11 0.9117454 42.361478 0.0145855 0.4071686 2 2015.03.11 9.22E-11 5.27E-12 6. 14E-12 2. 68E-10
3 2015.06.11 14.303908 0.0183812 7.0968472 4.8415960 3 2015.06.11 1.38E-11 1.24E-11 9. 92E-12 1. 37E-11
4 2015.09.11 0.8332451 1.4838370 4.4031134 0.4860300 4 2015.09.11 4.68E-11 2.78E-11 3. 71E-11 4. 32E-11
5 2015.11.11 4.9248588 32.686990 25.304456 0.1566644 5 2015.11.11 4.66E-11 4.85E-11 3. 01E-11 5. 08E-11
6 2016.01.11 0.3258665 5.9149316 6.8827465 35.144061 6 2016.01.11 1.07E-10 4.15E-10 8.61E-11 1. 76 E-10
7 2016.03.11 117.30841 0.1316461 11.135972 2.0085604 7 2016.03.11 3.16E-10 3.31E-10 1. 56E-10 2. 68E-10
8 2016.11.11 20.193874 0.0011876 1.5694417 0.1456915 8 2016.11.11 2.75E-10 4.28E-10 1. 42E-10 5. 18E-10
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Background

Artificial intelligence technologies have been used widely
in financial problems. Among them, stock index simulation
is an important application. A stock (price) index is a
comprehensive measure of the total price level of the stock
market at a certain period. It is dynamic based on some base
value. An accurate and effective simulation of stock index
may provide a reliable reference of expected benefit in the
stock market for investors. However, it is difficult for doing
this since the simulation process is very sensitive to the
influence of various factors.

There have been a lot of intelligent simulation methods
proposed for solving this problem, including agents, artificial
neural network, pattern recognition and regression analysis.
But there is some common drawback in most existing methods.
They have a great number of parameters, the poor interpre-
tability and often require manual interventions. To overcome
these shortcomings in some degree, this paper presents a new
stock index simulation method, based on the PPP (Parallel
Probabilistic Planning). Since the stock operations have the
concurrency and the uncertainty, it is suitable to adopt this
specific planning method in the simulation. The main idea is

to construct a planning domain model for the stock index

GUO Hai-Feng, M. S. candidate. His main research
interest is automated planning.
JIANG Zhi-Hua, Ph. D. , associate professor. Her main

research interest is automated planning.

simulation. This is the first time to solve this problem with
an intelligent planning method. Compared with most existing
methods. our method is more straightforward to illustrate
the simulation effect and has a better interpretability. On one
hand, all results are showed in graphs and it is easy for
investors to understand how the stock prices move. On the
other hand, the constructed planning domain model provides
a clear explanation which factors, constraints or events will
affect the simulation process. In our method., the best
simulation is achieved by sampling states and applying actions
iteratively. There is totally no manual intervention in the
process. It is a new application of automated planning
technologies in the financial intelligence.
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