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Abstract

This paper models the portfolio rebalancing process as a Markov Decision Process (MDP) and opti-
mizes the strategy based on the Actor-Critic algorithm framework. To enhance state representation,
the study integrates three types of multi-source heterogeneous data—historical stock trading data,
technical indicators, and candlestick charts with financial news headlines—to enrich the model’s
state space. Finally, the features extracted from these three data sources are concatenated and fused
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to form the environmental state required by the deep reinforcement learning algorithm. Based on
this state, the algorithm can learn and optimize the trading strategy of the portfolio to achieve the
dual objectives of maximizing returns and minimizing risks. Empirical research in China’s A-share
market demonstrates that the proposed portfolio optimization strategy yields significantly higher
returns compared to custom price-weighted indices and other traditional static trading strategies.
Long-short trading tests further verify its robustness during market downturns.
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PRGNSR, BRI AW T B E,  FoR PR m TS & e e M 3L E
A« Markowitz 2t 1 IRARH 55 20 & Bk 25 44 3 - J7 2R RU[1], JE 2Rk SR 1) 22 IR TR (T Fama-
French = [Al-F 5 A0) I 3= B I ZOWZUE . TiE S Al 55 XU R -1 feole 08 7 U o 22 e [2] . SR, T2 2%
MK . B EZ N R MM, CEAFAEERIERERR, R (WHME - 7 2R 52
PEDRF ) R R SR 5 A T SEBIE SR E W 22, SEbR S BAG JRBR . otun, & Guma iy i s sk Hois
RS AT R B (WNIERS 73 A7), R RIGHAF (Nt « St 5B, T b2 I H 35 1) e J 5 R A
BIEERTE[3], 2020 MFEEME 2 IRIEWT, BiE 1A% G0 AR T S B A% Gt XU - 0 SRS 1Y) e 350 DX AL A% R o
S, T2 R WA 5% BOREZ RERLLm, BRAFAEERIELH LR, oL
DAFHHE DR 7 (7] ) Bh A A AR [4] . WeAh, ARSI iEIRIR S Mtk Bt 28 17 % [ A, RS IRE5 1
A E R T B2 A ) G BRE B 5]

VAR, N TR0 48 0 VR B2 2% = (Deep Learning, DL)FRIPRIE & &, Adi 45 FH SR 43 )3 18
THBEH G . Heaton S5EAH FERFE 2 S B AL SR ATUGEATIR R, M 7 — /N oA R 58 40 & SRS HE
B0, S HUIRE A 9 ) 1BB i B a2 28, A IR HH VR 8 2 S0 it 5 00 2 R 2 M8 A8 S IR IR J1[6]
Troiano 24 H AT bR A K 5 #1012 M 2% (Long Short-Term Memory, LSTM) BATFIN % 224715 7] - Karaoglu
S FAIG P40 22 WX 4% (Recurrent Neural Network, RNN)FT LSTM X A% ZZ40 #3047 T, 7E#Ef v 7 AL T
FAME LSTM BI757%[8]. 3 T35 R PR B 2% IR R T 45 3 0 =i 2 3, i 4 e #5841 & 5[ 9]
A AR LightGBM R0y A i kYA i OIS ARY , 36 gk ST iF 25 SR a3t B FE i s 26 DA A 5 L
AR B [10].

JUAE A SR K T 9 30 I AL 27 ) U AR VR B 2 o) Rl Ak 2 ST e 3t 4 B A REAT I 9, (HR IR
FOIEG LSTM A RNN B RESRTHBM TS B2, (HAL Refa #8155, BIEAEESS e . 5
—J5 T, KR 1k 2% > (Deep Reinforcement Learning, DRL)HEAT # %t 4 & L ALAT 72 1 Deng 25 1)
FRDNN AR [11] A3 e 55 1) 1ISTG RBEAY [12] 5 e — BB BV, RRER D2 S 4 TTInE R . A
I, ASTMELI AN 7 TR A LR AT IR & 25— BE XA [F) 2R B R B4 st 4 ) S B S
R EHE T2 25 (I AR AR, B TR FE R AL 22 1R — M 2R R M BE 2 S B . BioRTabn. K 2B
1 SCAAE B IRl A g, DAMEE RS HE A Tt 22 T A s SR, $RHH T — kT DRL AEZLIHR

][l
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DY G B, SR O I SRS 2 STHL BEA T R T A s A TR, 8 v R S AL Ak (PPO) SV A
L RBHR PR FE(MDP), %8 fe i@t S B2 BRI A AU E, M2 ) BRI sh& L
Sy SKmg, M i A
2. BT DRL Wy RS MU ER
21 EXBE

RS 2E ST IE A B - A2 3] - SRR PRI, RERE I BT A28 O s A&
FASIENRE ST, SE AR YE T 37 R R BB AL, o R AT sE S5 . 7 DRL H, ] [ 352 il H AR s AL,
e anks H br sR 0 BN B AR e KRS S 2R da b A, BRI ia bR, S8 21w 1) KU i
AR, WA B AR EE AR EIA B H . DRL HI7r 35 SRS RE I HR R - FIF P47, 780G S ar &t
HEWS 5 S E0RT M (A ShAS AU, e R L, R FH B SR WA B V2 T A B e s s sh AR A a], S
AT P A E R HE . PRI, ASCHEET DRL HEZR$R M Bl S R4 ALY

7E DRL ', MEEEFEE N DA EESIRTE Agent X THI7FIBAIRUR . ASCiE I B4 =R B M
P, A6 F B A T R T 3 A AR R o I SRS B B A U R R SR AR B Re H B e B I EE B RS S,
A FH e B PR HCEUE I B PR AR s K B R R R I S E A S MG S, AR SO o s 58 5 i A
B K2R BB B 22 A 25 [RIRRAE VB N BUE B 10 5 M5 S AN TS TR0 ) b i 2 A % 4 ik S 1R 0K
s T, WIEEEEW TGS, A SO I S A O B 2858 [ bR i S OCARRHIE . B, ¥ =R
PERHE TR S, E9 DRL BRI IRERIRES, fit Agent 22 3] FUR#E <L 5 3w o

22. HEERSTFERE

N Y G 2 B SR T A, RO R R IR NS AR R T Pk, AR SO S IR IBU Rl & =R 2 R
SR B PR, 285 ARy RL BB IR BRIRAS Bt Agent 2 1 RN BB SRAC 5 Sk . BLAA
o, Horh 2P BE SRR EEE . BRSO, RIS LA B BRI B TR R K 2
AN 2258 bl o X LB AR, i KEAHES, AT Agent 7 > S Hm IR 10 L1k 5 2 VS
ik X 2 R A B A & PR, TS AR IR G Z R, SR 2 R IR BEA 22 1 2% 73 Tl 0 25 A
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Figure 1. Framework of the proposed model
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BRI, o et S T S A8 Gy S e AT TiAb B, ki o S A S B R SR bR . BEJG, BB VRS R
P3R5 BE S E AR R T & 9F, JREAT AR EE, DLEAESN LSTM SIS, RIS #A 1k 15X
B RRAE o X T EURRAE, A P A 2 8 B 2 A K R DUR L E M BRI E aE R, Rk K &K
JefaiEid CNN A BILSTM SKIRHUN P EIRFAE . T I SR 50 B0 288 IR b RS A it o S B AT T
AEFE, A HLAE I R A R RS AU B AT A AL RSN R . SR 5 8 Transformer HEZ2 (19 5 BERT
RERVHAT SCAR M, S SCRRHIE M & . e Jm, A8 3 553 70t (Principal Component Analysis, PCA) J5 i
Xof L AT RPAE e 4 o

W FIADER, KA SR HRIERR UL K BB RRAE AT A B, TR TTIRAS 1)
SHRFER IR . 7E3T RL A 5 R SAESE X — Rl S RF R FAE R BOIRES 4t Agent AN AZ 5
FERERE, ZIEFEFIR /& Actor-Critic HEZEH JET Actor 4 % . 534k, Agent (L $E—A™ Critic
W2, IPIRAS - BIPEXT AT ME VRN, S RS E SRS EE, ke 58 ik B2 7 VA T8 Actor 12
%, Agent fR4 Actor Al Critic 1k [FI/E HIAS Wt 28 5y 21, DU S I B e (AL & [ 41

23 BEAESHDRBRRKLE

RIH B G A IS B — AN TR B R PSR R . BRI E T

R (A (State): WA URTIERE. SHIFOEFE. DLARS 51 2 U5 H R ) & (R T 3R
55).

ENYEZS E] (Action): 5& SR A BRI SESLHRAEHR & GRS IR, sE(E AR S 5 % (100 i
RS TEXAZE 5 SEI R RV S (R ) s EPUT 2SI FF 205,

[l a8 B (Reward): 52 SCA t I ZIATEIME Action J5, B t+ 1 I 2R L& M EA LR (B E A I
AE G AR ERAERE 0.1% s, i 2% 0.002%, 114> 0.03%).

HHE AL SRR L 9L % 2] (DRL)HESE, = f{f £ T Actor-Critic [¥) PPO (Proximal Policy Optimi-
zation) 512 . Actor I 45§ ST AR HE R i HH 52 B S A (B P~ AL I #2), Critic 2 PFADIRES - ShAEXT M & -
PPO &I # 8T B bx of SR s SR IR L, IR RRa e i, 06 A A B S 1 4 1) (% P AU 43 1) A
R A 73 A (Rl 4 ALE) o

2.4. BT PPO-Clip i FEARIRE %

PPO-Clip Sid4h & =AM K BBCRFRIE Ak, H 38 — AR Bk a3 3y B AR H Ar e 8, & (0)
FToH IH S b (R 53 A0

”a(at|st)
WO)=—wa Ty 1
(9) = (a]s) 1)
HEI BB bR B R, Hri A ZIRB R, « RESH
L ()= E[ min(r.A,clip(r,1-£,1+) A )] @)

clip BRHUE EL B 2V 1— o AL 2 Y, min BT AR AR R0 AR FIRAO B ME RS
HEH A B EIR@FR, Fo 6 =64V (5,,) -V (s), THRZFFA - (KR

A =9 +(71)5t+1+‘”+(7ﬂv)p”1 Ory (3)
5 AR R HCRIR S R B L2 Y54
L (9) _ E[(V (St)_vtarget )2:| (4)
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5 =AU BR B HWE A AR %ﬁﬂ: Bt
L™ (9) = E[ —log 7, (s,) ] (5)
HAE=ARURREL, B L AL, ML o 8 SUE ) PPO BLEIR R RIS, Hope M
c, M T4 #, fstiFel, M c, =05, ¢,=0.01:
LPPO — Lclip —ClLV +C Lentropy (6)
A A — A2 N2 S H0E SORME A E N E%, AT CASBLER 2% B 4 LPPC MR ez, 45 3R

S M 45 R AL A2 2% 258, R 2058 % B IBUR R, BB R, o L iy
j('ﬂfn Lvalue /J\f’t

R o (7
L =LY 8)
PPO-Clip 11y H ¥ R B HUE 5 B bR 1 MBSk BRI SR S0 5 8% L BRI E ], M4 51
W o0 285 1 R 0 R
$:F PPO-Clip 5 Bt 445 Sy ARAS an 2 1.

Table 1. Portfolio strategy algorithm based on PPO-Clip
= 1. EF PPO-Clip HIiZ BB S RIEE X

BN RSN s, =68V, Ving Vi ]

fh BEAE R ERE
1 Wtk actor u:S —R™ 0:S —>diag(o,,0,,+,0,.,), KIESH 9, , HEHSH g,
2 &E%FW%%%&,%%WEWF{%mﬁJ,Dﬁi?ﬁ%
Repeat for k=0,1,2,---,M do
BENLEIAA IR N BEAT SRR, WIREESRISHIAIR A
Agent MUELIRA s, IS ERSE AUE (T 5 7, = 7(6, ) BUE (s.a.T)
i — MR AAREN R w,, TR, [(EREZ fI <1
VIR S A I 1) i RN 2E A 7 A R TR 2w
VLA M P, = P x(L+w]T,)
R 4RI R H, ARSI A =Y 7 -V (s)
il e KA PPO-Clip HAREHT5K-IE 7, < 7,

Repeat for j=1,2,---,N do
10 i SRR B BE SR actor IMZSHENE D" VL (6)

11 TR critic F%% VL(p) ==Y VA?
end for

© o0 N o o b~ W

end for

3. SCUERAR
3.1 HiEkBESTLE
AT IR SRR RS OB, A B SO0 . BRSO A SO AR . T A S e vk
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Table 2. Data sources

= 2. BHEKRIE
e 55 3 5 A8 5 K CSMAR ¥#z /%
HAR a5 T3 5028 Gyt
K £ & 173 5252 5 e A= B
B LB CSMAR BRI B + TEHUZR 77 0 & P B 1R

ASCHFFERT GO 300 FeEh B AT AR B R R EUB R S R 16 S I (7 2
SRl Tolk. W, BB BRI ML) RIS RS . BUE B CSMAR $dE A 3K E H AT
Bt WA SR, 454 Ta-lib tH5 6 TE AR IEAR(BOLL i#ii. MACD. RSI_30 Z)Mik. %t T4
il e B2 O e i A 2B 28 B I B8 R R (R A 000, AR SCK SR SR TR A 1 52 5 s PR A R B Js — 28 5 E 8
AN . Ho T ORIE SR S 1A R0, TEE R 7 THTRE T 1 5 3 e S Ok R A R TS 278 1k 20 H 1 i
B K R ) B E 9 2018 AE 2 H 12 HE 2023 4E 12 H 29 H, IRIEINT: 55—, A CSZIRAH
] SCAR S H S S e B . 2018 4R AT, ANV 200 i 7 o 2 B B BT S I, TR AR A SO
FHEES M BARER(H I =1 4%). 5=, 2017 )5, A RTTIAHHEAT IPO il el i 5 41 B e N TRUTE
W E N R 5 s QR A G5 MR (b, 35 2018 4 K LU s Bt — 52 F2 B b J0BE 5 S 58008 R Lok
ER S At . 55—, 2018 4 F| 2023 £F Tl o SE A IS 1 M2k ih S T e W o T 37 M1 5%
RS A 20k 06 SR W 7E 52 A3 3 I 1038 R A

P A 1 S 2 A mplfinance FEAE G S 30 HIMAS IR S AC =1 K 261, KA G — Ny
224 x 224 B F N o SUARBHRE ORI %A CSMAR 37 8 122 5 7R 757 W & I AS I T b i, 2238k
J&i, TERFAESREUMY BOG B 2 H A R R B N BCT- B 4h 57

3.2. FHERBSRE

A BB R R B P2 LSTM W 4%(64—32 #i5T), i BN S5 ARTEAR I RO R
X EIRFIE 2 HCBE T CNN-BILSTM VR & 2% . 2ffi ] CNN JZ(3 x 3 BRUZ) IR IR H LA RHME, X518
i BILSTM JZ A5 AT AR I P JUARE o SCARRFAESEEL: SR S Pl 2R 8 BERT-wwm-ext [13] 42 % 768
YEiE A, 2 PCA [&4E% 64 4EIRIR UG R Ba, BRI A . 2RSS E =FhsRng i
CREMR, IAESCURZE R RSLIR S5 1) PHERLE, WEE s A 4P 2 ARE, AR
YEERIBCARRIE; 2) AHDNRARG, K 2 AR EI T R BRI, BERANFE SRR 3) XLk ikitifh
I AN SRR N A A L, PR AR A

33. MELEESSHRE

ARABATLAR 25 0] /N IS B 10 i AR 3 7 5K, IR 5 AR A 1 5 2 Ll vy 7:3, ARk LG 431
MY 2018 4F 2 A 12 H#| 2022 4F 3 A 29 H(IX [A4E 1000 M52 5 H) R AE Il ZR5E, 2022 45 3 A
30 H#I 2023 4 12 H 29 H(X MK 428 22 5 H) MR E IS . Hrb, JIgERE 5w BT )E
1, 05 2018 fE5H 5 R T k. 2019~2020 45 AT . 2021 SFEAREC R « 2022 FHIMR L i ok
i, WAORBAY S ) B Z LRSI . T X L &%y A2C, DDPG, SAC #1 TD3. Bk Hk e W
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Table 3. Parameters setting of different algorithms
=3 TRIEESHERE

Parameter P A2C PPO DDPG SAC TD3
M> E <’ v iy é
Learning rate R {JC‘%EE AR 0.0001 0.0001 0.001 0.0003 0.001
B K
. Yt FEH Agent SIREEAL
total_timesteps S 10,000 50,000 50,000 50,000 30,000
—Hmesien R
BRRRISTEHET, Agent 5
n_steps . o 5 2048 - - -
Step B H I
BFIR M ¢ 206 [ il 2
batch_size  POCMUSSEHTMER L R - 128 128 128 100

T DCRAFE ) 0t B

QX’“ > éﬂ‘\ p »3
buffer_size ,;Eé%@g%%ﬁg;ﬁ;ﬁkg - - 50,000 100,000 1,000,000

SIS DAL 5N A IE D Ak
IR R 5L

ent_coef 0.005 0.005 - 0.1 -

3.4. REREE(FETN

AT BRAE 2 S22 5 S RO 0 M, T80 R RE 22 (92 5 IR, 5 FR DRL AR ] T80
AEMt, JFHBRAE T 16 SUBEERR AU fa S, H RTHIaE A4 2k 28 (index16), 753
MAAEE B Bt aa i ol an i 2 s, I ZE Rk 4 fow.

—A2C
—PPO A
0.5 —pppre )
~SAC

D3 ! \
~—index16 A ~A N}

0.4 — \ f M AV UAd "
ﬂ,’ :';‘N W\ A ﬂ\ v N
’ Z v x N A
o ‘//\A_, AN NN \\ /\’\4 W T
0.3 Y J \ A\ N\ )

= p { =
=] 4
- ‘/
g W
) W%
g /e ~‘
g A
) \
3 { M M
R VAN
N < o~
N N WA AN AN N Mo
| \/ A AN
/ « P

\ 2 |f - 1.1

\ N ' "

\ W W

L
-0.1 tf
J
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Figure 2. Cumulative return performance of five DRL algorithms on testing set (long trading)
E 2. AMRERUFE JEEEMNLE LN RREER(ZXR2H)
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Table 4. Cumulative return performance of five DRL algorithms on training set (long trading)
F 4 AMREBRAZEIEEENSE LNRRER(ZLZS)

A AR A2C PPO DDPG SAC TD3 index16
GRiAIETES 15.44% 15.78% 12.09% 12.85% 12.26% -0.19%
Fitlai 27.55% 28.18% 21.33% 22.73% 21.65% -0.32%

g 0.95 0.97 0.78 0.80 0.94 0.10
RIRH L 1.45 1.52 1.20 1.24 1.45 0.16
G IR 16.64% 16.46% 16.33% 17.01% 13.22% 22.58%

R 0.84 0.86 0.72 0.69 0.82 -0.01

=P NEIE -18.28% —18.35% -16.71% —18.56% -15.02% -32.41%
RRAK AN B % 1.18 1.18 1.14 1.15 1.18 1.02

5 H RGN B -2.03% —2.01% —2.01% —2.09% -1.62% —2.84%

M 2 058 4 WLLE W, RT3 N7)A, T DRL SRBG Y B35 16 IR E &
XA INBFE B (AL R 2 . —0.19%, Zitiiat: —0.32%). Hrh PPO SEBS R I A (FEAL IS : 15.78%,
Fitkzs: 28.18%, HIFLLE: 0.97), HIKZE A2C. FTH DRL 5 HIGEAL e sh R A K BRI T 15
B, R TS FEA IS A A HUE AT R KRR

N T R AR S KR, BT SR IF IR s AL GG SO SR AE By R [l R R S AR T R
A3 Rl as Bl an il 3 iR, RIS Rk 4 fios.

0.3

0.2

Cumulative Return

N
AN\

01|
ol

-0.1/
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Figure 3. Cumulative return performance of five DRL algorithms on testing set

E 3. AMRERLF IEEAEMNAE LN RRREER

mE 3 f15E 5 aran, MU IREE, FTA DRL Sl i B & 27t PPO SRIE R UK R Bt (FE1L
ke 22.18%, RitWiai: 76.39%, H L3R 1.1). Hih DRL 5ES (W A2C: 4L 22.07%, TD3: 20.61%)
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BRI WA DRL HEMSRERPE 1137 N kP I BRI 50z Fx sk, £EBsh M Hin3h 5 R sesl 1
B e ) DX 1 8 s Wi (R B R v T 15 80 0.10),  HLsesh S M K Iz i 508 T 16 4.

Table 5. Cumulative return performance of five DRL algorithms on training set

5 RMRERMAFEIFEEAANEE ERRAmER

AN FEAR A2C PPO DDPG SAC TD3 index16
GRIAIEIES 22.07% 22.18% 18.24% 14.04% 20.61% -0.19%
Rt 75.94% 76.39% 60.75% 45.10% 70.05% -0.32%

Bz 1.09 1.1 0.93 0.79 1.04 0.10
R 1.58 1.59 1.35 1.13 15 0.16
AL BEBIR 20.26% 20.10% 20.13% 18.93% 19.87% 22.58%

RIE R 1.27 1.3 1.08 0.77 1.2 -0.01

= FNIEIE -17.35% -17.21% -16.81% —18.29% -17.25% -32.41%
WOKA EL 2 1.21 1.21 1.18 1.15 1.2 1.02

5 H RS —-2.47% —2.44% —2.46% —2.33% —2.42% -2.84%

FEXAZE BT, KR IR PPO M 5 PR Sl &SGR b, 14 4 J@oR 73T PPO 5%
FE S P4 T A SHEM A1 22 A G (EW) 5 BN BRI (MVal) i) R i H et il 2k, [R10 45 REHE Ik 6

IV

0.7|—pPo
—EW
—Mval

0.6
0.5
0.4/
0.3

0.2

Cumulative Return

0.1

~u.‘a”‘\\fﬁuw

\ N\
-0.1| |.
v
Mar 30 Jun 18 Sep 6 Nov 25 Feb 13 May 4 Jul 23 Oct 11
2022 2023

Figure 4. Accumulated returns of PPO, EW, and MVal strategies
4.PPO. EW #1 MVal 5H& 2tz

B 4 FIZE 6 BI%1, PPO FENS ai A RS 1 5 f5 Wi 2 (B2 L 26) By f IR 38 . AR AR bk
3/1%.(20.10%) % 1= T EW (17.27%)F1 MVal (17.00%), {H 2 KR (—17.21%) T EW (-21.36%), 5 MVal
(—17.94%) 402, RIGLLA(L.3) WA T, U0 AL [ SRR i PR & TE ARG
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Table 6. Comparison of PPO, EW, and MVal strategy results
%2 6. PPO. EW F1 MVal SRBLERxIEE

AN FEAR PPO EW MVal
GRAIETES 22.18% 0.80% 0.49%
Fitlai 76.39% 1.37% 0.84%

R 1.1 0.13 0.11
R LR 1.59 0.20 0.17
GRS 20.10% 17.27% 17.00%

IR 13 0.04 0.03

= NETE -17.21% -21.36% -17.94%
RRAK AN B 3 1.21 1.02 1.02

& H KB E —2.44% -2.17% -2.13%

3.5. ZREHIBE RS B (HRLSELE)
RIGAE =S A BRI TRk, AHEFCHEAT TV SIS (G PPO, XURIAS B), Y RS I6 Y E i 4 SR
£ 7 R,

Table 7. Results of ablation experiment
7. HRALIGER

2153 CR AT ES Fitla® L FALBENH - ONIEIE

BE + A& + BE(Our) 22.18% 76.39% 1.1 20.10% -17.21%
Bl + SURFERE) 15.88% 54.63% 0.91 21.03% -18.01%

Bl + B(RRIOK) 13.23% 44.06% 0.88 19.60% -17.85%

1 HE 10.71% 36.84% 0.71 21.39% -19.47%

13 ] 8.24% 27.15% 0.52 21.73% ~19.65%

SN 6.89% 22.04% 0.48 20.81% —20.12%

B+ SCARRREE) 10.75% 32.87% 0.59 20.90% -18.34%

BT HISEIRAIRRY: 1) Ba Bl A, AU B Ees ORI DU T B B, 2 s Tt
itz Lk, 2) BSCARMIEEMEE, ARESR R 2NN BRSO, 2 ReiR T SR L
(AT 73 SR TH~2.5%1~5%), H A SCARER M Tk E K. 3) ZURR & RORFctE, = FH & ISRk
REZW AT R B0, UEY] T 780 AR S A Sl TLAME (U - s, B - RRES. X
A - FHAFG )RR TSRS VEBE R OB R o BB BRAT AT — S Km0 S di i 3 TR 8 T

3.6. $H{ERMA TREEXTEL

XL =M IERE & 7 N(EE T PPO, MAAS S, Al =RHdhE), & 8 Bon ARl &7 WA .

IR LI 45 R LLBORTE ,  RAAEHHE A Or B a5 4 £ R S BV E AT SRR T T R B e, LR
P demi(11), ARl T U RS R 2l - 47 o XUk M AL AR 2 0 Wi i b g T2, L FL XU i 2 s i
ai (R LE ) AN HU R K B RE A7 i T-9F 8%, B 552 2% P B vy o R A N 3 88015 B A5 ™ L, ORI %2
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Table 8. Results of three fusion strategies
=8 =MEBERBER

A& E FEAR A A 26 Rtz B R B NI

FREPHEE 22.18% 76.39% 1.1 20.10% -17.21%

REIEAR N 6.83% 22.50% 0.69 18.87% ~16.98%

KL AL 23.72% 79.16% 0.94 21.03% —18.44%
4, 858

ASCHPEIFIAE 1 3 T IR A 2] 5 2 U B R & IS A A AR . a5 R: 58
B G R BA A E A RBOR R I R, ASHE TR R R A 9 MDP, IR DRL ($5 517 PPO
BRI TR A HIER S . B REAREW IRIERL & BT IRSHRHIE, Rk SRR B 5 3R
W, AN T R A BN A . 55— ASCRS T RUESE . BB SO R = 2K R E B,
IR PHE R G R T R E NI SOIRSRAE . SHESRRY], X =M AT SN
GAME, JLEITTRT SRS A S . S5 = ASSCHTFUARM], VR R il 22 YR S A T S s O N R
FERRAL A ST 5%, BRE W DM e, ERIEHBR R KRG, NSRRI A5 b 5 4 s
PR 7 B st S T H bR, P Al SRR B RCR

HEEmE

ERTHAEE RS AN CH SR 055 B (23SKGH204) , o e & & 3k A B 0F b 4% 28 55 H
(2024CDJSKPT14).
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