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Abstract

The task of portfolio management has been a hot issue in the financial field. With the development
of artificial intelligence technology, more and more work has been applied artificial intelligence
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technology to the field of portfolio management. The most important of these is reinforcement
learning, which is a branch of machine learning that continuously adjusts its strategy based on en-
vironmental feedback without pre-specifying labels. At the same time, deep learning has high-order
feature extraction capabilities, so this article will use deep reinforcement learning to solve the
problem of portfolio management. Aiming at the problem of a large amount of noise in the finan-
cial data, the EWT is used to denoise the stock price sequence, and the denoised sequence is used
to construct technical indicators and input into the model. And then the TCN is used to extract the
time series features of stocks, multi-head attention is used to extract the spatial relationship be-
tween stocks, and finally input it into the fully connected layer and get the portfolio through the
sigmoid function and softmax function. Using the basic strategy gradient method and using the
Sharpe ratio as the objective function, the model constructed in this paper was tested on three da-
ta sets of DJIA, HSI and DAX respectively, and six indicators were used to evaluate different strate-
gies, and the experiments confirmed that the model proposed in this paper has advantages and
can achieve lower risk and higher return.
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SR RIEREEEIGE T — MR R REKT, HhEoyEE N T2 — R E T, K
SRR AN R 3B DL R A S B EARHEAT B I EL iR . BRI AR 1 BT A =) kAT
AR A SR BRI AR 7, ISR UE 1 AR B RTEBCEE T e T A rE i e, 3
HEARE AR AT REGEE . MEBEETSNEN AR, A RIEE BRI XSS 2 N IR = 52 5
B4 S22 oA T B AT BT 72 (0 3 m 1) Z —, DAAE (9 el A2 25 AR AR ORI S AR R B i
(IHER T O FLIEH B L — B0 . (BRI TR I A A AR AT Aa BL R e e SR AL IR A
I X LA O HLAE B T — B P A B B AN I, 3 T DR B BT AN R R B 7 Lok
BEARRIX b RS, X B R B S . BTS2 A2 ARY], IEMRREAS E RS E—
SERE R B Mg, AR ORAIE SE AR AR RS D[R] P SR IDCE 22 BRMAC R o 5T AR B 2 45 B i AR A 90 45 AL
FOIRORMEE B, SR SR AL S I — AN 3, TR AT LR RE AN IR R AT R AL RE A 3] F
LTSNS, FEVF 2 OURAAA E AR LA R, BT 7 AKL S, #ilin AlphaGo Zero [1]. Jf H.o
W2 2T H AR BOE RIE BB, J 580G BRSNS A, AT DL I 25 18 3 58 2 A Az e s
LA — ol 213 PO 7 SR ZR A BEAR . TR FE 2 2] A s B R AR I RE 0, G T IR BE 2 ST 5k 27 2]
BORF] U G AT e R A & B 55

£ 1952 4, 45t Markowitz {52 1A ZHR[2], HUCKEA S S ARG AR A& E
B, BT TR R FIR R R B AL A B . 25 Sharpe $RHY T BEA B E A A[3],
O T RS A RIS R, R T T A B . ARG R, IR A& 2 i, R4
HCREAE T 30 X T A A5 2 A AR O U, (R AR SEBR A I RE v AR 2 1 DULIF AN /2 A R I (R -
fegim L b, R GRITR BaE, 752 S0 AR T 7 50 L AR R T, SRR AR TN ) 4 SRk
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ITB R ECE, XTI, 255 [41EH LSTM P25t AAPL Iz 523t 47 1 1, 3¢ Hoxh i 524
PEHEAT T /N 0 R BRI 7, A T R LSTM 230, IEWT T LSTM AR RULE B FIIAE 55 R %4
BAO 55 [S]A FH /N A2 #0457 1) dEAT 220, AR5 A AR 3K B SR 28 2% 21 4 Rl e 91 19 =i B AR A1 56
LSTM 128 3 AN [i]) 4 il 17 37 P G S $08b 4 77 000, B S 1 2 b PO B 2 ST TRUMME 2R (28R . 7k 26 (6] 51
A EMD #iI CEEMDAN SHEX GG 7 54T 150k, FFH TN TIEEIPLHIZ S GRU #HE4  45 Xt
ANFI I SR EAT 7 T, SERSTESE TR H R S HA B A m LA R . B B TIISUIR

DX J31) ) FH AS [ 1 B0 0 G S A AT T 2 I P AR AR T F) &5 SR AT AE 5, sk S0 T LUK TR
MG BA LR S, Dh—PFhum B 0077 ORI ZR B e fds,  ANTITEE G 1 7E A5 H Tl 2 J5 FAR 4 il
MG REATAE oy LN R 22 . AR EoRUG, RRHAGEEESE T SR, RS A N AL
T IAE BR SR TR, R T DL @ D /R ] R S #2, RO B R A] R g sl # 2 T Uk
J7 B SRAT S5 1 —FPREZE, TSN 2 ST R AR R T /R ) R I R S A R A — R, Bt AT A
FH A2 ST R SR R A5 8 40 6 BRAT 55« 9 Ak 2% 2138 5 1T LAY 9 Model-Based 11 Model-Free 777 # 25,
B A AT 558 7 N Model-Free X — 854k 2% 2] J7 1%, 1 Model-Free J7 3185 X AT Aoy 3k TE
BRI T 0% BT SR Aof FEE 1) 7 2 CA R P AR 485 6 (R 7 = 38 AR R T R B 7 v, YRZE[71RF CNIN
BRI SR T, ST IRHE, FIH LSTM B S [a] P 41, #4877 CLDQON ik, JF5IA
BEATL Mg 75 R T U A R B AR B e, SRR St S 2R LA B G ) R I o E L T SRS B FE R 7 vk o,
B R R IE I N SRS AT S AR TG AT SRR AT R g, W WL SEEA REINFORCE Hi%. DPG
k. PPO BiE%E . Jiang %E[8]M# ] T DPG Hikx s 6% MispdhsT THEFL, W3 H &4 HAT 45 F H
Bep A T T iAW 2RI, ARG T A4S ENE. PVM PL K OSBL 7E N AL, EIE 35 CNN. RNN
DA LSTM =Fh 48 4540, fi i S 4 R B, AT Hh S AU 7E I B M i A A 75 3R 9. Liang 45[9]
L% 7 DDPG. PPO #ll REINFORCE HAMIRUR, FHoI N TxHi%: 2], Hrf REINFOECE 5% )R Il iy
If . Huang S5[101RF X405 ) MR SRS AR S &, W T 608 DIIA B I R s =2l &, AT xH
SRR R e M, SCIOUE SR T AR S, B LU S T 6%~T%, FLEHEK T i 45%. Wang
ZE[11]42 1 T AlphaStock AL, M T RRFHAGIME, BERME=MMEZNRE M2, FHT
LSTM-HA P2 RAERIS P o5 5, CAAN LA [F I I B R AE AT LU S, 724k ik oy 8, ARG
i 126 HE A 22 AR R RS S FRAE FH softmax Bk 280 AE A EL 7 IE , S8 )5 13 FH 805 L SR 0 AR 1) 2 B AT 58T
SEIGAIE SEAZAE T (LR . Wang 25 [12]#2 1 T DeepTrader B, %5 G145 %5 7247 4> 850 ASU AT
W1 73 B0 MSU, 74T 43 B s TCN 25 M9 SE I PR AE, AR5 (6 GCN BRI 4% SA =
RV R PRI 2 2 [ ) 25 (R DG &R, 3447 73 B oo/ 1 AlphaStock H1i) LSTM-HA 4884, 4R 5%
H— N2 AR T A, WA 45 G R IL RN 2R B HO3E AT W8 SR, 72 ASU 7 R
BEEIE A ], A A RS kR AR N R, £E MSU SR B ASUAE S s VE A% 1A, il i Bk Bl R
YEREIN AL, SREGTE DIA. HSIRI CSIBR4E BidbAT, UEBT T4 H B A k)R, 4%, W
A ek 2 B BE RS AL 2 > S R TR A A BRAT 45 10 TAE[13], HETRAE R KA mll & A AR 1)
Pt 2 RN S BUAS .

gr b, ATRURILH RN TGS E TS IR, ZHUEH 73T R R 1 v, TR AR
RS AR EE, S TR ST R I SRR B R . FER TR S, AR TR TES
I3 R — RS XS B  F7 H AT 43 il AT SRS AP IR I . [RIL, AR ST AR5 A 17 510 v H 30
(R0 75 o Y, A EWT G50/ AR et B AN e AT A, S8 5 4% B8 — 5 1 R B 1 25 134T 40 5
X T 0 S BB R BRI R FE AR, R TCN B )5 AR X 28 S EUN P 4REAiE, Multi-Head Attention %3k
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a,i’ ! a,m

—h

ft—l+1,l ft—l+1,2 o t-l+1k

—h

f f ..
t-1+21 t-1+2,2 t-1+2,k
X

ai = : : .. : ' (15)
ft,l ft,Z ft,k
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N HEIEA A, BRI R G AN B S AT 55, A a, =1, B8 0. A4 R BEfox 158 Rk
BEAT BB (LR AT LA N :

P(at,i :1|St’0) :%Wt,i (16)

R HERER ST L2 )5, SR E AR TR BRI SER R e R, X
LR R AR SRS B 5 R S HOAT R, 0AE n MR R AR BEAR PITIRAS B2 A M,

SRR SR SR L 505 ] AR BB ARy, SRS L e A B b e B AL
AR MBS, 5t PR A S ERIREER, I HLSRNS Bh S SRE AN 7 EEME R B AT
itk ICSRMEIIZECN O, SN 7, , BFRRECN I (7,), AR RERN B AR 2 A W7 1 5 24
SR HE SR T LE H Fr R BOA B oK H AR R BT LLR TR O

I(7y)=E._ [R(7)] (17)
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Vi(m,) =B, [V,log(z|0)R(z)] (19)
-E,_,[ X0V, Iogzrg(atlst)%)} (20)
=—Z7;Zt " V,logz,(as)R(r 1)
:_Z( ( )ZLZLVO log P(al,i :1|St'9)) (22)

reD

B2t T A BB FE VI (7, ) R
vi(z,)= NZ(H”Z LYV, logP(a, =1s.9)) (23)

7eD

2.3. HERIGEH

1) TCN (Temporal Convolutional Network)Bs [BIZERMILE . 155 i (8] /7 51 @A T 45, &40 b R A6
HAZ 2% RNNL LSTM BAK GRU —R /4%, (HRIZKM L — R ARSI — AR, 5 — M
B0 DA 20 S T — AN (R D A B SE A BRI AT IZ 5, IX TR 12T 5 . T R 5 A M 48 T CNIN
2Ky, RGNS, BT AT, JHER TRRESRE, FRESHEWERSEASIERE
MER RS 2. FN, WRG AL EE TCN R4, GIanaiiE LL AR ZE . X BAEH TCN /4%
KA TEIIR F KR TCN IR RG2S DL i 2 E g E 1 fos:

..............%HiddenLayer 0000000 OOO®O®O®O®O® O 9Hidden Layer
d=1 d=8

Hidden Layer Hidden Layer
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Figure 1. The structure of temporal convolution network
1. TCN MLk 454

dilationrate 45 (17 & P NG AUZ Z B I IRIBE R/, 43510 dilationrate #6204 1 Fl4% 240 DL 2 16 4k
DK E, aTUURIL GRS A2 B KM R ER, WMATERZY, £8 THIERE. A
s, e R™ £ TCN 25, BN H eR™, ZJEHARIZ LERIM% T,

2) Multi-Head Attention £3kiER M4 . 7= HLHIE T A EB S0 pLE], N BIE S 4
s, BT ERAER, AN GEFE DT, MR EEATBAEZ MR, MAEE
(7 BN DR T, X RES A A RTE R EME B2 ik i EEME R, TEm 8RR
JE o URBE A )R B R AR SR AL, NG R 2 S — NER IR, M
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(@)
d RERGTEHSE, BESIPE EEEY I 2R, i softmax b& Bk THSARLUERS 7).
N TR R B RIARE ), R T 2 IGER NS, HAIE Q KV M S HUEREAEA head
17AR e, ARG PO B IR PHER R 5 A 2 AR W AT BB e Es . i T AR BE 1) 25 1) 5%
REXREE, KEMHZRER PRI M A FBEE 2 B SRR R 2B IR 2 s
JR
MultiHead (Q, K,V ) = Concat ( head,, head,, -+, head, )W ° (25)
head, = Attention (QW,%, KW, vw," ) (26)
PRI H e R™, ZJEHMNEIRERREZ TIFEI sigmoid BECRAS R0 T8 R SRSk B 7111
.
s = sigmoid(HW " +b) 27)
KEWT, b REE R ENRE .
3) |MEHAAT=AR. A5 78 HRERTING) 5, FRSFHZ G347 B, e BGEERT
1 G RBCEHHT I %, X WA XM < Lk, BB R G RIREEHATHT, REWE
XEEBCEM RO & T Al G R M MR RIS N ST A S, B4 w Atw AT LAy

e
Si
€ —, €S’
W;r jes+e ' (28)
0 igS”
1-s;
e—l—s-’ i S 87
W=y, e (29)
0, ¢S

Fors, fLRAE— PURS ORIUIKE, FEARRE L R, SR BRI, BRI
ERER . 7O AN R w, RS FORRUE, W SRR T ST RS, A w, k0, Bl
S WS w1

3. KB RERDH
3.1 REBEHHITRIEMLE

AR SCAE I RERS AT 2 (I SR A 4 DIIA o B HSI B % BA K DAX 4 B FT AAS s F [ Y
M SE A I o IX = RN R B2 B 23 Sl i & 1 =M R SRR BEAR T, /iR iidg . i
PAA BRI TIT . A FHAEPE 4 Yahoo Finance SRIKEU 5SS, JE[EIy 2010.1.4~2022.12.30, HH 3R HU et
MR AR S A, TESRE T SR e 2 Ja, B SR AT AL R, G SR O BRI SR A R K
FRABAREK LD, WIHBRIZIEEE, SRJE 5 R 1 % 22 B AT & A PR AR A 3 RS — A B R A
AR TIERAT AR . RUG3R1F 29 H DIIA Il 5E, 48 O HSI SR LUK 28 L DAX 5= . SR E R4 2R4
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FIREE, ST DIA R, 28R 2010.1.4~2019.1.14, R4 N 2019.1.15~2022.12.30, *}F HSI
WA, AN 2010.1.4~2019.3.26, ik4E Ny 2019.3.27~2022.12.30, *fT DAX M, IR
2010.1.4~2018.12.16, M4 AN 2018.12.17~2022.12.30, Ui% 1 Fis:

Table 1. Training set and test set

= 1 IsREMNRE

AR S UER S IRz S
DJIA J7y i 2010.1.4~2019.1.14 2019.1.15~2022.12.30
HSI B3 i 2010.1.4~2019.3.26 2019.3.27~2022.12.30
DAX 7y Ji 2010.1.4~2018.12.16 2018.12.17~2022.12.30

TEAS 3 T B H G 2 J5 75 B Ak T 250, N TR R BA BB LM, N3 T ADF K5,
M DIIA BHEE LS AAPL. GS ZE, M HSI HdE4E % 0006.HK, 0016.HK % 5%, M DAX %
£ R 1% £ MRK.DE 1 BMW.DE B ZAE Jyonfil. 3 2 Ffix:

Table 2. ADF test
5% 2. ADF &%

JB 551 K giit & p1E 1% 5% 10%
AAPL 0.96 0.91 -2.57 -1.94 -1.62
GS 0.74 0.87 -2.57 -1.94 -1.62
0006.HK 0.51 0.83 -2.57 -1.94 -1.62
0016.HK 0.25 0.74 —2.57 -1.94 -1.62
MRK.DE 1.38 0.96 —2.57 -1.94 -1.62
BMW.DE 0.51 0.82 -2.57 -1.94 ~1.62

MATT LA Y, ATk BRI R ST R AR T 10%8 2 4K-F, JFH p E#KT 0.05, FrbAK
e s BA AR PERT, Bl & A KRS, DL 20 iy S BEAT 250 X A EWT 2250/
PARHARR N P A BEAT 208, T RS Z A By, BRI R A it AT £ . N HBL AAPL i
S, Rzl EWT JEANER IMF IRERTEGE T R . FLA oG R0 1% IMF AR A6 5 51 A AH 5% &
e, 0k 3 PR

Table 3. Descriptive statistical analysis of EWT decomposition of AAPL
3 3. AAPL 751 EWT SRR MG 4

BT 2 VRS VEA=] LIES 314
IMF1 49.50 2099.7 0.9180 0.9750
IMF2 8.39x 107" 172.42 0.0754 0.3327
IMF3 -3.79x10° 12.391 0.0054 0.0737
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Continued
IMF4 -3.84x 10710 1.2522 0.0005 0.0237
IMF5 -1.73x 107% 0.6259 0.0003 0.0171
IMF6 -1.28x 1072 0.2054 <0.0001 0.0102
IMF7 -7.98 x 1074 0.0970 <0.0001 0.0076
IMF8 -8.03x 107 0.1045 <0.0001 0.0075
IMF9 152 x 107 0.1838 <0.0001 0.0094
IMF10 ~1.04 x 10710 0.1754 <0.0001 0.0090

AAPL I EEURELAN e ZIFIAS [ A AEAR 25 4 2 B an 1 2 Ffro

AAPL Price

200
(i T T T T I’V/J\NW\,NMM _I
0 ] | -] ]
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Figure 2. AAPL closing price series and its IMFs
2. AAPL WEMN FHIFAERTS S EE

TEXS M PP SNEAT St Ja s JERRAR DG R AL BRI 0.05, 4 AHKE R E/NT 0.05 11 IMF #LM, t
Pl T EATEAL, 1931285155 . WL AAPL RS2 050 2 1%+ IMFL. IMF2 BLA IMF3 2E47 544,
BN XSS S . SNERIH 285 BN 771k 1E MACD 1865, SMA fibr. RSI fihs LR
WRIEIR, MR BRI —ELE Max-Min H— b2 Ja i N BB
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3.2. ERSH
W R FESH 7 4 PR

Table 4. The parameters of the model

T4 RETESY

ZH SHa
Bl = 2 128
1B B K 13
YN EAN 40
TCN 2% 4
BRI EE 2
Dropout 0.5
At &s Adam
ZER IR 8
&l EF e =Rl 1/6
Sk le—4
TC 0.1%
Epochs 200

3.3. XfEiEA

Market: %% Fil UBAH (Uniform Buy And Hold)Sig ki &7 R M, UBAH SIS 2 FEEAL 5 TG
B B AG  SENE= FR AT R G HER L 5 4R

EG: Exponentiated Gradient &£k 5 5ng, T AR R b — AN BAR IS f 4 1 e 22 5 B4R UE
B T AR E AR AR W .

PAMR: Passive Aggressive Mean Reversion 5%, JEAs AR SE F— AN 25 B 80K [ WL SE S s 5k
WS HT— B AK B T A K T B, AR R, HH KN 0.

EIIE: EIIE (Ensemble of Identical Independent Evaluators) /& —Famik 2% ST B fedA, i BT A5 28k
X B PR T IR, S IC B softmax e 15 B BT S ALE, {EH T DPG BE R NS, X
LA LSTM X258 K SE 3 o

AlphaStock: —FfR LIRS ST, (EH] 1A P SEVE R INLEIR) LSTM %%, Bl LSTM-HA [
LR YRADI FFRHE, 8 CAAN WIZSRIEHUR S 2 MMAE GG R, I B b R R ATuAL .

Hrh AlphaStock FIASSCH EWT-PG B AT DLHEAT 25 S .

3.4. HEEIF

B AL B RHOR T LA AR (9 A BER AT &, X T AR OB R AR Il 3R B, T A
R ZRA R SEARRIBEAT PO, 88— Fidabr R U ad R AR, PTG i M B R ) SR IR AT
i, BInEL IR . 58 ZRIEAR R SR bR, ST & RS A A RO R X R L AT i, 9l
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HEE

AR BN HE RN R IR . 25 = 2RHBhR RIS - TR AR,  IF BT 2H A 1) SRR FHUSC 2 A 45 6 11 £ Rt
B (R INAAT M &, IR, R R MR R LA, X = 2RIRER 7 70 AN [F] (1 77 T % A
RIRIATH & . A R R bR R Joh B A R Bras[11] [12]:
FALEHRZE ARR (Annualized Return of Rate): BIfFFERFIFHE A AR, AR
ARR = yx A (30)

Arfy REEPFREA AN, HTACEREAERG, X Ey 12, A BARWR ()R,
FEAPENZ AVOL (Annualized Volatility): &RAERIIRBTAL& HIBENE O, FHRHERR TS Rk 1)
PRt ZE R &, AWK
AVOL = [y xV, (31)

Hrpv, AR (12) s
B K JEH#Z MDD (Maximum Draw Down): & FT47 B i R e R A8, i T 0t 44 SRS 16 7 5
R B NGB, AR F
S-S,
MDD = max , (—Js ] (32)
Horp S ARKAE ML t M2 B 4E, AT AR:
S =S [[.(1+R) (33)

Horp S AREVIIE R &, X B 1, BT A RIIR 40N 1.
SEALE L ASR (Annualized Sharpe Ratio): 40 & 7 LR 2 4 & L 4RI 81 AVOL 1#E47 KUK 1
B2 R MEERE, AU FTR:

_ ARR
AVOL

ASR (34)

RIS CR (Calmar Ratio): ¥ bR & 828 il s KRR BT iR 8 5 B L iR, SRR K
EHCE R, AR
CR = ARR
MDD
RILFELLZE SOR (Sortino Ratio): IR LLF & 3T N7 ZE XS TR EALER R, & X oNEHR
AT ZE BRI R, AR

(35)

SOR = ARR (36)

1 n .
ﬁZm(mm(O:Rr))z
R AR WMAO) . EXESabred, RAXESTEARN /N EE, RN 28R KR T o
35 ERoH

N IECRE A SO IR (1) EWT-PG AR =R AR (8 dk b, FENFIASFEBIPP RIS T, SHAR TR
BRI TEAT IS ELp T, B = ol S A () SREME T PR ol i £ 2 >0 8 e A o Y BB oxe 2 P el B2 A I R ) Vi
H AP FEA VAN FEAR T B SR LA R AR SR AR R

DOI: 10.12677/0rf.2023.133144 1437 1B 512


https://doi.org/10.12677/orf.2023.133144

35.1. DJIA $uiE&E
1E DIIA a4 ESE a2 5 R

Table 5. Results of different models on the DJIA dataset
52 5. DJIA HiEE L REHERILER

AR ARR (%) AVOL (%) MDD (%) ASR CR SOR
Market 13.23 18.38 23.07 0.7196 0.5733 1.7519
EG 14.45 21.13 23.40 0.6837 0.6172 1.9095
PAMR 16.51 21.67 25.43 0.7619 0.6490 2.9354
ENE 14.57 18.64 22.00 0.7814 0.6621 2.0092
AlphaStock 17.91 15.19 19.81 1.1795 0.9040 4.7446
EWT-PG 22.00 18.10 14.30 1.2157 1.5384 6.3700

FREAFE A DIA HHEE L EIEE S, nTURIIA SRR ARR. MDD, ASR. CR
PLR SOR L#IEE] T EAFHIRDL, HAFELIaiZ ARR A 22%, B KEHHEE MDD A 14.30%, FiLE
WELZ ASR A 1.2157, KIGLLE CR A 1.5384, RIRiFLLLER SOR K 6.37, B THAMFTA KR, iE
Bl T 7E DIIA B0dl e b, XN P ST 200, RIS LRI AR, R, 75 AVOL iX—Tife#s
., ANt AlphaStock 5 7, AVOL fEFrf & 7 S 414 1 EAT B A N AT 9ksh, il ki, B E st
T FATHEBSITE 0. [FR, REGEE il 5 SRR Bk A T G i g, UERH 1 oAb 2 S A Y
o1, BRI ANF M T S H e SR, ARG RIS R E 1 ISR, TSR PR IK T 3 T e
FEANG JE AL GE RS B %

3.5.2. HSI #iiEsE
1E HSI #4545 B an=k 6 Fio:

Table 6. Results of different models on the HSI dataset
52 6. HS| HIEE L AEHERIZER

1Y ARR (%) AVOL (%) MDD (%) ASR CR SOR
Market -1.77 17.58 29.14 —0.1004 —0.0606 —0.3466
EG -10.60 21.66 44.28 —0.4891 -0.2393 -1.6803
PAMR 5.21 47.16 63.39 0.1104 0.0821 0.4691
EIE 20.74 23.08 16.15 0.8988 1.2841 3.8417
AlphaStock 19.87 15.02 16.77 1.3229 1.1851 4.8720
EWT-PG 18.83 19.54 15.08 0.9635 1.2488 5.5737

L RRAFIBAIAE HSI Kl FRIRIISE R, AT LUR LA SCHR: ) EWT-PG R RLZE £ K [RI%
MDD FIZE 215t SOR X AN e br B T H AR, 4524 15.08%F1 5.5737, UERH T ik AI242]

DOI: 10.12677/0rf.2023.133144 1438 1B 512


https://doi.org/10.12677/orf.2023.133144

HEE

FM 5 U BE A ROt S R R A DU E 77, 1R B T IR, 78 HSI Zdf 4k BRI I DIIA
Hade, VI TTIA BRI .

3.5.3. DAX gk
£ DAX H¥fatk LIS RUE 7 Bion:

Table 7. Results of different models on the DAX dataset
2 7. DAX BB L FEHERIZER

B ARR (%) AVOL (%) MDD (%) ASR CR SOR
Market 9.92 25.06 34.97 0.3958 0.2836 1.0772
EG 7.22 25.26 36.54 0.2859 0.1976 0.7610
PAMR 3.45 31.18 40.98 0.1106 0.0842 0.3087
EIE 11.27 25.11 34.03 0.4490 0.3313 1.2096
AlphaStock 20.32 16.64 15.96 1.2212 1.2734 4.4770
EWT-PG 26.31 17.43 16.42 1.5096 1.6017 5.9568

EREAF AL DAX HR4E FMRI, v LURIE ARR. ASR. CR BLK SOR I4AM4E#s |,
EWT-PG AU & B U IR I, 708 26.31%MAEA i ai %, 1.5096 AL E %L, 1.6017 B RIGLL
UL 5.9568 HIRIEELLE, W LUE A SCHTE H R RS (R d e . [A)BF, 37T UK I AlphaStock #5573
A AR B ZE B R i . R AR, 8RR L b SR ) R A R AR L T 1%
GUIRMSHIERIN, UEBH T AR BE AR AN [R] 1 T 4 AR 5 L I SR A

3.5.4. X IBRE XM SLIR AN

N T RIS MR A ORI, R TR LR R AT 22 e S Bt AR S BE AT 2R S . X R
EHRE ED A R 40T e U I M IR R fe b, RHEFR AR R LTI —2. alinge 8. % 9 PLRE
10 FiR:

Table 8. The influence of original data and denoised data on DJIA dataset to the model

7% 8. DIIA B & L RIGHUIR S X BIE R BRI

ARR (%) AVOL (%) MDD (%) ASR CR SOR
Raw 16.72 15.45 18.41 1.0820 0.9080 4.2324
Denoise 22.00 18.10 14.30 1.2157 15384 6.3700

Table 9. The influence of original data and denoised data on HSI dataset to the model

= 9. HSI iR L RIGHIR S AR BUIR R B R0

ARR (%) AVOL (%) MDD (%) ASR CR SOR
Raw 20.72 21.14 17.56 0.9797 1.1797 3.9084
Denoise 18.83 19.54 15.08 0.9635 1.2488 5.5737
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Table 10. The influence of original data and denoised data on DAX dataset to the model
2 10. DAX #iiREE LRGSR S £ BE R B A R a2

ARR (%) AVOL (%) MDD (%) ASR CR SOR
Raw 18.40 16.91 13.26 1.0877 1.3871 5.1119
Denoise 26.31 17.43 16.42 1.5096 1.6017 5.9568

=2 R TAEAR R BBEESE b, R (AR 2R N J5 2 B AR 2 e S e TR A R R R
PLgE Rrggem, W FTLAE H, 75 DIIA BE4E b, BN Z30 5 180 R I S 2 S RUTE R T AVOL
fabs LT A bR A B AR I, 7E HSI B¥E4E b, MECT IR EE, N s R s L A
B 4f AVOL. MDD, CR Fl SOR, 7t DAX ##li4E I, Hi N\ M J5 I 50HE R LE AR AU 3R 43 50 47 1) ARR ASR.
CR ALK SOR. -THI IS5 78 73 15 BH 1A B 25 1 5 OBt SR I 28 e Ak, RS LE R e A4S FE AP ISR I,
Wi B T A EWT SRt B k47 25 e 1) A 2801k

4, 4Eig

K ER R H G BB A, Bz, A TR IR, BARMEH TSRS A R T,
I T AlphaStock [RAESEAN AR T 20 S0 AT 7 F A7 AR KB e A (el /L, S TR THE S AL
PRRE— 2RI EWT Z58/N AR RN AN Fp 0T 20, e FEAH OC 224K 0.05 VRN IRIME, 45 fif ok
IMFs 1 5 746 7 51 AH ¢ R0/ T 0.05 (L9 A, SRS 158 FH AR AAERLZS 7 S 34T A o AR5 A
HE SR WA P FIR BRI AR, VE AR RFAE . 7EMZ8 4589 b, (R TCN B[R] 25 ) 2%
SRFLH ZE I P RRAE, (FH Multi-Attention 22 Sk id 78 F7 48 KSR IR 22 (1) 28 [RRAE, AR5 4ot 44
JZA sigmoid BRI BUR T RE R I SRR ER AR . 2 JEHN softmax BRES BIRCE, SR Lk Be AR AR A AL ik
1728 5o SLETE DIAL HSI DLK DAX Hiase Lidbtr, S bpiAdig £ 7 2 i) 5g 2 s DL K i fb
SR REMR, [ TS ARR. AVOL 78N 7S FhFabasdd S8 45 AT 7Pl . FIR, HERF0 TR LG
B AN 250 F5 50 RN 5 R Mo T RE AR IR Ja R4 RS2 . SEIGIESE T ASSCHE HE (1) EWT-PG 557
MR, RefEAE RSN R, ISR 2 A

R, 0TI A AT A HA 145 5 Ab 3R, 5l EMD. CEEMDAN B2k T M. th
A DAEEE 45 8 $ B A A R ) B X, R E R 2 N, Hlnss S i psm, soRd
HAE 2 J5 AT RE VAL RIPAT Z B E (1 1)t mT LB G REAR BTl (1 B VB BEAT AR RS, AT e LABA B
B REMANAT A RS . BCE R R F LA SR A 2 S B, BT A AR, RIRE IR R A R
IR
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