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Abstract: Focusing on the issues of low efficiency and effectiveness in decision-making as well as the instability of tradi-
tional reinforcement learning model-based multi-function radar (MFR) jamming decision algorithms, a prior knowledge
embedded long short-term memory (LSTM) network-proximal policy optimization (PPO) model based intelligent interfer-
ence decision algorithm was developed. Firstly, the MFR interference decision problem was regarded as a Markov deci-
sion process (MDP). Furthermore, by incorporating prior knowledge associated with the interference domain into the re-
ward function of the PPO model using revenue shaping theory, a reshaped reward function was obtained to guide agent
converge quickly so as to improve decision-making efficiency. Besides, leveraging LSTM s excellent temporal feature ex-
traction ability enables capturing dynamic characteristics of echo data effectively to describe radar working states. Finally,
these extracted dynamic features were inputted into the PPO model. With guidance from embedded prior knowledge, an
effective interference decision can be achieved rapidly. Simulation results demonstrate that compared to traditional rein-
forcement learning model based interference decision algorithms, higher efficiency and effectiveness in decision-making
can be attained via the proposed algorithms and the MFR interference decision can be efficiently and robustly achieved.

Keywords: interference decision, MFR, PPO, LSTM network, network prior knowledge

WiEHHEA: 2024-07-19; fEEHER: 2024-12-02

BIEEE: THUE, gelongs@163.com

EHEWHE: BEERGE A RPN [ 53 5 S0 A e B I H (No.CEMEE2023K0301)

Foundation Item: The Laboratory Research Foundation of State Key Laboratory of Complex Electromagnetic Environment Effects
on Electronics and Information System (No.CEMEE2023K0301)



©228 -

5

hallis

{18 %45 %

B

0 5l

Z Ikt s 1A (MFR, multifunctional radar) % T
HRTE BT AT B B R4 DB )
R PUREVE AT R IR R 3 B R AT 2 A T el
FEQTSE . HETOMGT A S5 % S 55 h R 459G B R 2
IVERT, DRI A0 F A 25 5 4 22 (A% 0 DS
Pereo HET UG, X MFRZETA TP LA 55 HAE 6L
Rhe— B e 95 FERHRER M A . Tt
P L AFE R A TSR ) E LSRR
VAL S . THUREE e Az AR O EA Y, HH
FRE T v R S P S AT AR #E T B POAE =X A
R TR, B IAT TR . B R
WATED, TSRS AR TR R T
PHIRBCE WL 7r, AL EEEE TR AR

48 T 4 v 3R 55 2 BARKG T ¢ AR T
il B ARk BIDLR “HERE gk SRk,
HFmM T EF A w70 TR LRE
So SRT MFR BA SR 1) H & B gE 1 B Y
RiE£4, ik, MFRIZ &= F ik Bk mf
Je A5 EE LRI ] B, 3 3 B0k S S
BANERERFC. Bk, FFR—FA 5008 T4
50 s 1) T SR R AR AR U N L

BN R, — e 2 T AR IR B RG Se 50 i
ZHAE AT e 7 oIS A SRR R
2 >JB1 (RL, reinforcement learning) % A& N ] +
MFR T HL ik SR 4048 . SCHR[6]4 Q-Learning H.1% 5]
AN MFR Tk %, SR H T Q-Learning 574 7 2
e QME R LU A SRS BNE O, PRI Bk 8t
BONZRNE, R IR . R EI RE,  SCHR[T]
P TIRE QA ML (DQN, deep Q network)
TR L. KR, MR T Q-Learning &
%, BT DQN -t 3 B0 e Sk Sy M S HE
BABKIET . S/, BT DQN A 24 5 ik
1o R BRZE RN FBHBN R iL. T
I, SCHR[8]46 H K 2 T SREm o B2 (1) S D AR 3 AT B
# —-1F i K (A3C, asynchronous advantage actor-
critic) FEGIATIMRFEIIR . FHLEERY, 5
DONBEARUFH LY, A3C BE ] i 2 FE FH sk Rtk .
Rt — SR PR MR, SCHER[9TH K AT e
(LSTM, long short-term memory) M %k N\ A3C &
5 LA 7 51 504 R B TR AR o i T IR B A B 1Y)
i REK M, LSTM Al W& se A7 fifi o T sk

TRZ MK (1102 M S g 205 S o 3 A ok 5 1)
. IR, LSTM R A SRk 2 S i) 3115 7
FEHE SEOYA T R, AT SR TR SR
Rtk

FH T oAk 5 SRR TR o ST N 4%
T A 8 A0 A 75 SRR DA S 4 A 28 A5 s X 3
R iy i R N T BOH 2 ST R B |,
N THARTEIRAG 2 SRR, s & Ja e FniR LA
SRR AR, AT (A5 PR T A S5 A A S
N T RACHEA TR SR B RN R TSR A, SCHR[10]
BT AIE SN ZR R AR gL as N SR BESE 50 1R M
MR THESIREE . B0 m YR SR A B A 7 18] R 2%
PRI R, SCRR[TT R A o ST A IS Bl S B AE
B E, DHRTHINEEA A T sl o7 ST WS S0
PR AR RN R o 0] 22 8 e A 2 A BA T DR 2
0 [E)EERE 0] R, SCER[ 12192 Hh 20 5 J iR & IR 3
HIIZRBE Y, DA T/ B I R A 42 T Ji il L B
HC AT, R ST AH 5 Ja g AR RN sk o7 I AR
A BERTH R

FT UL BRI, ASCR T S5 AR
LSTM-it s s g Ak, (PPO) A58 [ 5 g -4t U 5
Hk . PR BIEE Yo MFR T3 U 56 1) e XN
L )R A] K sk sk ik 2 (MDP, Markov decision pro-
cess) 3l JLUK, L T 94 B ok AR g o 0 2
WU, KT PRI A5 BN 225l R 2 DL RS 2
BRAR RIS 2o MJE, HET LSTMAR R 1 7

REALE S HAE U, 4 B R A s B A R AE LA K
Z0H TARRE . e, R il U Eh 25 R Ak s A\

PPOUCIEIAY, 28 TR AN JC IR SR 51 S, TR
BORTSA TR R 5. (i EER, k]
B BRI ROR A

AL EBEG T TAEW R,

1) 5T LSTM A B 197 51 B4 B 3 45 A Fe B
RE 7, g AR N PPO S A DA o 38 v 5% 925 (1) 1R 5
A R .

2) FIF BT Hae AU as BE e, KTk
JeIe A5 B\ LSTM-PPO #2822 il o7 25 LA %451 5
B REAR 2 2] TP SRS T BT R SR R R TR SR

1 SELE SRR EAR
1.1 SECFES)EAM
AL RS, B RRRIE N WS EDIR G . AT



12

i 58 25 TSR E0 AR RN LSTM-PPO KLY ) %8 R T4t v SR 0% -229-

BIE AL DL 2] 45 B KA A SRR 2Ll i) e £
FemgU7 . BRAk S ) A% O FE T R RE AR T R 2%
AFEFE IR R I, I T RBiE 5 8K
mesUI8Y, b Ty A 15 280 e A AT v A O AR

AL 2% ) i AR08 K I MDP #5R,  H Y e
{SAPRYEX. H, SHIREGse SHES, 4
eifFae AES, PHHYUEPIRE s, RINE q,
EF*’W?SSHIE/‘J%@@E%P(S,H‘st,a,), R IR
s MEa, N —RE s, ARSI
R(s[’at,sH | );%é\

SR o) T BER A 2 KRR R A .
TE R BT DA K SR W o B I A R T R A
() SFAEARACIRAS - B VR AR 2R 25 DLk 35 B R K
IR IR N B o H LR T R R ) R AL
Q-Learning 1 DQN 4§ . J& T SR W& 6 57 1) S0 AR
Ao SR R 5T A 45 R B AR 12 458 ] B KA K S 22 il
BNNE . & WLEE T S0 B 1) S0 CL 4 A5 s S g
4k, (TRPO, trust region policy optimization) [!F1
PPO4%,

1.2 ETERBEELES]

w ERTIA,  HETE R U ks A SRS
B BB BR H e 158 i R A A T 22 il S0 0T 1 1) )
fEo HRERE TR T IURE (Bellman) 752 &
LA B AR BR BSUG T LAE A8 T e R R 22
1.2.1 Q-Learning fi%

Q-Learning & 7% B & i K ALAH R 2L V7™ (s,),
Bl ’Hi?é?steST%‘@EW%?%%E(@‘SJ@%@J
1 a, J5 Fifs Bt 22 AEE (A, AT i 1 K Bellman
JFEFRoREY,

Vi(s,) =

m(als) > P(s.|sea) [R+7V (5,0 )11y

S+ €8

Kb, PRNERREIRS s, Bls,, | HERR, R,
KRR 2 JE AR,y AT T
Ve (s, ) IRAS s, | A R

1 B8 80 ™ (s, ) B0 SR FT 0L 9 3 7 003k 4 i
. RIS T R A BRSIIE, AT B ROk
S-IEERE O (s,a,) RIE
QO(spa,)=R(s,a,)+
y > P(s|spa) Y w(a, )]s, )00, a0 )

;41 €8 a1 €4
)

HF, R(spa) NIRE s, F a, BT 15 %W,
O(s,. pa, . VIRE s, Fa,,  ITfRE-NEMH
PRI

HH_ER T, O(s,a) T AV (s,) 5.
Ik, A R B AT B A TR B K AR O (s pa,)
Ma, Bl

T'(s) = argmax, s, .40 (s.4,) 3)
Horr, 7" (s) o s LN .
122 DQN

DOQN /& Q-Learning 537 5 IR FE 57 > fil & 1 7=
W), 5 Q-Learning HILIE 2 IR 58532 B LAGR
B O(spa,) A IF, DQN it 2 (4) 3k 15 H b5
Off.

y=rtymax, OC(s, . .a,.,;0) “)
Horb, p REE, y AT, 0N BRI ZZ
B O(s,aa,.,5 0) NHSMSE, max, O(s,.
a,.; O)NHERKOME.

HF ¥R Z (MSE, mean squared error) 14
AR KT O (s,a,) My KRR EEHELL (0)2%1, I
SRR TERA AR P il it O EIE I Kk O, &
ZIRAFERAN TN

L(0)=B[(y-0(s.a))] (5)
Hrh, BEFRRIAE.
1.3 ETREEEERRILES

BT SRS B 1) SRR 0 B T SR A R O
W& S H LB SR T SRS VERE .

131 fZ B

TRPO 5 7E fifi ¥ FERE AL AL T S AN £ A
FEA LR ) & . TRPO 38 i IR 1] 55 B 5 35 )R
JEE AR DR g 0B 3 B PR T RT3 X3, AT T 3

T 1 S SRR FE

TRPO [ 4% 0 JE AR 2 1 SRS 25 1F T Il K AL 3R
W BRI £, B

max E %(45) g logz (als)|  (6)

s'~p, a~m '
% O Ooa ﬂHOId(a|S)

Hrh, 0RRBSH, n)(als) ZREs Fik#Fal
MR, m, (als") 2 IHARZS " T 2 1F i 5 W=,

7T9(CI|S)' ?ﬂﬁﬁ%@ﬁ(’ Vﬁlogﬂ[}(g‘s) j’y%ﬁ%l%lﬁ

7y, (als")




.230. jﬁ ,f

45 %

¥k

PR

eI N “EEE” ZIH %A LR 61 SR8 58T
REE. BARth, BT PE/R N w-3Am#) (KL, Kull-
back-Leibler) % & &35 [H S g 2 7] 2 727, Jf
g FLRR T A4S XN

Es'~pgmd[DKL(nﬁold Cls"my(als)lmy(-1s)) 1< o (7)

Horpb, SONTIRBME, DABE, HTERE2ME
RO A A ZE 5
1.3.2  {L3% R AR
FHEET TRPO, PPO &4k 1 LAk H br Al S ns 5
BTk, HATRR R
my(als)
neold(a|5')
Hrr, A(s,a) SRS .
I “clipping” 45 AE K ok s B B )RR FR
SE T RS2V

max By, o A(s.a) v, logm,(als)] (8)

CLIP _ | me(als) -
L (6 ) Es'Npoum’aNH(’ﬂ“’{mln ( 7[00](1 (a|S ,) 4 (s’a ) ’

J—-¢el1+e¢

Cllp( ﬂg(d|S)

75, (als")

A(s,a))] ©)

Horh, e NIRBYREL, T BRI SREE B R .

B J5 AT 2L T BEALAES B2 R BF (SGD, stochastic
gradient descent) FLVEMLAL_Fid o 328,

zi ERrk, AX}F Q-learning. DQN #1TRPO,
PPO [ 3 AE T B30 e S5 KA SR Aof P52 R 5
HWE, JOTR A SIE AR R B A 2 AR AL IR 7

Rl 2 BR A SCEURIVRE . tAh, PPO @ ik PR il
TR B ET R K5l N “clipping” B 1E DA A HIE
FoEt, PR B K IAT Y R, &
T RS FAR I . ST DL B Pk, A
F PPO #% MFR # fig T ik 3K
2 MFRE8REFHIRRER

PP S IE FE 3R 9 MDP 72 SE 3 MFR -4
R E ZEA AT . MDP ¥ MFRARZS . & 2% Ll 3F
B UL R TR R a8 R oo R B A
MFR G R LAEREES(s e S), TIMHLEIELES
A(ae ), KT IREHLBILESR, WK
B R(s|a,s,, ) HIREHEBMEP(s,, |sma,)Z]
NTOEZ: 7y R O w7101 W25 v/ 2 WO R R EA7
KA TR AR R T4 s, HliE A LU
e KA BT U EE 2 il AT A 55 0 TP S A 44 S
AP H PR . TR 30 MFR & G0 36 )
TP KPR SR . IIMESR . RSB DL
21 WEE

L 7T 22 AH DS HIT 75 4% MFR {5 5 84 82 8 B A
TIEEMMERER: DRt (FiEa). f£5%
B (EEEIE. WEE ik Pl HETH
), AT R ENEEEERGBRNEENES
s, MBRTHEES, H5MFR TIET M KK
el S8 A A B e /B, Afkih, MFR{S
SIEYAERIE 1 BRIl e HES B A
ﬁIKEEI/']Eﬂ(‘{tljpw:(p17172""al7Dp)TERDP?E‘EEBI]’ H

A

Y

B.B,,--.B C,CpeC, D,,D,,:+

m

Histy s
wkH P
P’ P:Al P’

-

L
[ |

BikC

D CF. PW. BW. PRF

14

1 MFRA55 B



12

i 58 25 TSR E0 AR RN LSTM-PPO KLY ) %8 R T4t v SR 0% -231-

H D, FIR TR IE TN S BT . Kb S 5T 3
BAFE (CP). Bk 9e/% (PW). S 565 (BW)
K ob EOE R (PRE) 254 & K AE, A
{fupfpw,bw b ¥ 1A 3k 7 HE 54 ik 18
PpERDle’ /E\:E'jpi,l:(piﬂzji+l""’pi+l—l)T; ¥ FA
MBI R E R p, e R, HEELIREZEY]
FHK

gk bRTR, HIARAE AT DL E R M A TAE
WA, HITT ST g 80 B 8 e ¢
R, R EBEIEMNEL TIERES, A3
Jir ¥4 3 1) MDP A5 84 (1) IR 25 £ B Jy MFR (1) 75 18 5
B,

BT MFREE RiE 248, LI TREE IR
WorE B IR SR G . BE X I, 3T SCER[ 7B
BHE, AXKEELEITERSIENs, i=
0,1,2,---,N, LM O BN AKX FF%, NN
TEREHE, ALEEN, o NFEEHELRIT,
o = ARTE MY, o= A,BRRFFAE2 P
T, DL
22 e

BNAE 7 [A) & H58 R B AR AE 2 I [R] 20 T I £ (1 ) 1
G AREUNAT B4 52 ma 30 58 9 72 A 15 5 .
MFR AT HAEOL R, THosE % e nT
MR BESNE, WS EET RS Na =
{jamgjam,,-jam,}, TABIMERH, jam, #5802
T4
23 KESEBEE

REHEBMRFIR 7 MFR TARIRZ 2 18 (31T
B, HET MFR{E 52N . MFRES
AR R, TR IAAT S5 TR FE AR BT IE R AL 2 DA
%, AR T MFROIRSIEB M D /R AT R . X
it By JRA] FAE T AT AR R A P (s,
2.4 RRER#

SEAL S ST, Al ok R B S T R R A4 R BR
B rp 2 ST RAT R IO 9 B A ] B T 22 i)
BR N R A T RS N BT AT BRI U 2, AN TTTIE
B EETF ISR A, DR A 11 2 b kR 4
SR e AR T R o) 19 i R IR O . BT
I, 2 I ek N D A i DL OR IR 22 il A 5 2k 4y
A IR 25 Bl A 23 18] M T Aff O 2 30 3ok B2 op 8 e Ak ]
AT RN 5, T PR i S S AR SR . H U,

S,d,)o

A SR A il R B O IRAS TR 22 R A SOIRZS
SRR AL R, W H8 3 AT A 45 7T A 3 3
AL .

A(SHI - S,),S[ S8

R = +100,s, = 5.4 (10)
. —1,LSH]>LS[,L | an
ST (M1

Hof, A(s,,, - s,) AEIERZ BT IRNIERE 2550
8 IR 5 B AR AR B, +100 Ron B AR
SOERERMAIRIRE, 500 B AR
HEr & IRE, R, ARBI T APRES IS
THATSE B L AR, SRR 3 K
ANIENT 1 RZ K1, L FomRESHIH—
RATIESRIER

3 FRERETIRRERRGE

BT LA BT, ARSCHRE W LT PR A0 S 56
Pk AN LSTM-PPO 5 84 (1) % G T L v s 53, DA
AW =R ER R N R 7 RPN Y YR S Y O 1 hO
ELRE IR R SRR eR B30T T S L R 1) SRS B
JRPE K “clipping” #:4F, PPO H A H i) SR mS I
Sk B HRa M. T LSTM sk (1 I R $2 B
AE71, PRSI LSTM ik A\ PPO B2 DA 253 Y
(5] 3% 7 B 500 B P A JURFAE s AT 38 i e ke S A
R BRI &se, 1S TP o SRR Y B s
HER I L TR ELL, REART TR
LM RA M. A, BT U SIE R, B
PEEVIR T P A0S 56 i 5\ LSTM-PPO 4% Y
(ARl eR 4, I B 1S B S 2 el R AR | S R A TR
SRS B e A RS AR, AT 08 T SR B 1
WERE . T SO VER LSTM iR A\ PPO A DL 7
AT S 6 H1TH #: N LSTM-PPO #5874 1) ELAA B 1%
3.1 LSTM#APPOEE!

Fr#9i& LSTM & A\ PPO B R 48] 2 Firos . RN
PR TR 28 R T 4 R 28 o 0T 5% T 43 90 B30 T Ak
HE, WA EZ R (12) IEAZWIER L LR T 25 3]
SrkaaE AT I SRt FEE V0 2R BOBR M 1) o)

7,= W,s,+ b, (12)
Hrph, wy ARERERE, K IEZYIEN A w, =
Q,D,; Q, NIESHFE, DX FARERE, by N E



©232 -

B

45 %

Softmax

S/:Oz—z’ar—a’ol—l ’at—z’ol’az—

1

(a) LSTMARH 4 55 1 X 4%

S/ZOr—Z’ar—S’O/—] ’az—z’O/’az—

1

(b) LSTMARHE {8 1o 4%

E2 LSTM ik PPO 7

M, s R,
ME TR LR o gz, T3
h,=0(z,)=0cW,s,+b,) (13)
WSS h, TN LSTM ¥, 4l LSTM 4b
FEATIRAG U T BREIRAS o
h'=LSTM(h!_.h,) (14)
Hef, h e ZILSTM (B BOIR S, A NET—
I (] 25 BRGBUIR A o LSTM BRGECIR A 7o VF 44 i PPO HE
R 2 %0 Mg, BIANME (Critic) 45 Fl 5K %
(Actor) WMIBIEARFENZ|Z [MFLZEE, MmERE
FIT R A A5 70 B A% o G MR N3R5 5h 5 28 1k
b5, LSTM %t RFIE ) S Pk N5 82 B 4
R Z MR Actor LK Critic 2%,  MITN =34 9
P AL S I B 10 RS B DA SRS KA E AN
RS o B P R CR S S N FaR 45 T 43
V(s)=W'n'+b, (15)
7 (a,s,) = Softmax (W, h,+ b,) (16)
Hr, V(s,) N Critic W 2% fT 3R 4 s, KA 1H
Wl A b, 5y 5 A Critic X 4% (¥ B 5 ) & A1 W &
T (at‘ s,) WA Actor 25 FIT 73 56 0, W TRl b, 5393 2
Actor X 25 Fr A E 1] 5 A v B o
Fr a3 LSTM R A PPO #E24 rf1, - Actor J% Critic
W 2 e 5L T LSTM BT (L) P AR AiE . KT, 74
F A A E P ZE AR R, 2R Actor R 4%
ERANERIMER 7 A, DLk SR LB E, T
Critic (2 (1) B 1 2 TR A (o (B s 2. fit,

Actor P 25451 2K R £ 1 20(9)FRAE,  Critic 2545 2% bR
GIE V|

L (0,) = DGAE, (24) = 4, (5.0,)F (17
Hrb, 0,08 Critic M2 251, A, (s,a,) N Critic ¥
i AR BE, N RAFEARECE A AT
B

JIT# LSTM-PPO £ 84 1) 2 e+ P th S ALIE
RHEZR N 3 B, HEEF ATk (a5 ) S5 5E
LHUSRBEMEa. Khr FITT— MRS s, HERIE
REELK ATBOHIE R LA B . Ll BRI W 2%
WESHIRFFALUR RINGEE. W5, hifss
56 [ 0 A 0 4 FH T Actor I 26 S B8 8 . iR
1 JeiE i LSTM DA P27 2 Bl I FP s it . 2Ttk
B RFIE,  Actor X 28 % HHOBT SR8 7, (@l s ). @I LG
BOBIASENE, A EMORFE L] (ratio) A&
A 8T 10 SRS AR AR 4K, T J5 5 T ratio 3@ 1 “clip”
AR ) AR R B L (0) LA DR SR M 580 32 PR T
RISV T CREF SR AR AR e M. IS, FE T
o0 2 TS o G025 B T T SR [0 4% 2 5 L 22 SR M
Zfffl. FeAlih, Critic W25 R H GAE 254 Fr 15 i
FP 5 AR B A AR AT I 18] 25 AR R Kl THEL Y, (als )
BT MSE Mgk s E . BT 06 N R EIER A
Critic /4 2% 2 £ LASRAFRE 1 B R B it -

ZE EFTIR,  Actor J Critic 2% 35 ZRFESE HUZ
B ST B A K R . SR PRI P A



12

i 58 25 TSR E0 AR RN LSTM-PPO KLY ) %8 R T4t v SR 0% -233-

| |
| (g gz [aeeE] (s (s

0/’“:1/01!>2’a13 O/’atl/ot%z’ati
| | | | | |

v [tz | | suterf—

| | arez| ||

|LSTM |‘—| LSTM H LSTM | | LSTM H LSTMH LSTM |

L1 L1
|LSTM|'—-|LSTM|<-—|LSTM| |LSTMHLSTMHLSTM|

[ 7@y |

-

\I/

| GABfimEs |

il LGAE(HV)

Vy(als) |

7z (als) 7 (als)

[ [

ratio

| Lein(0)

|§

3 LSTM-PPO 2 (¥ 55 TPk 5 S0 e AR HE 2

RUHE T B A0 PRI 1 3 S M AR A RE T, PAKB)
VEVRFEIRE, T 38 iR AR 2R S0k B 15578 A P 3 B 12k
RSB THRE TR, BT R A
RhE
3.2 ETHERHEMNEMEIEELR

BT AR R B 2L il MBI SR B AR T — o A
e 56 A5 B iR N B e M p O O R 1 T B,
2P0 W] E I R REAA T A 2 Al [ A SRR B L0
WG . FREREUE S TN FH RS, iR
THERRSTEYEE L W “Haer” 515%
RefRalfE. BAAM S, SR RAEMNEHERE OF
FFEEATR IR TR EMARRE (&M
BAREPRA) I, BRI IRIGHIN L), &R
D)2 2580 3 22 il

KT HA 838 Ty RE IR ek 500 RN AS 25O P 1S
B LS SR PTIER A0 R o [H MDP i) #e 4 M,
B MDP [A @ AE M. T 504k 2 2] SRS 2 RS
LIRS, TARS-IME R £ RS 1 2
A, DRl At S e A g R AS A R BSORT B AL 5
& AR — i e R, BI SRS - E s 80 H
HE—A, SRR A 2 FRIER. 1
% Bellman 77 & 7] &0, 5 0K A8 -4 {8 oR £ mT 3£
A

QL=Eﬁ%@UM&mM)+Ug§QLGMU](B)

Hep, P () IRES s FIENTE a B0 .
ST 9 B M AT
Oy (5,a) = $(5) = By[ R(s,a,8") + pp(s') = ¢ (s) +
ymax (Q),(s"a") = ¢(s")] (19)
Hrp, g hFaems, HTHEERSIIFERLE .
T B EDTAF(sas)=yp(s") -
¢ (s) A5
0,(5:0) & 0}, (s,a) = §(s) =
B[ R(s.as") +ymax (O, (s'a)]  (20)
LA 43, 2 M'BE s RIS, M'H3)
e~ E R E O, (s,a) i B4R 41k
Ty(s) € arg max Q)(s.a) =
MgggﬁQL(&a)—¢(S)=zﬂggg§QL(&a)(ZD
UL AT A3, M ERACRMS S MAHE, K%
PR SRS HE IS, X R—IRES N AR A
Wi, [RUASCAR AR . SZULE R, BRSO
JeIfE BIPIRES I T AR B B =, s ES
WINAA AT S G Aot Se e A5 S BUskE, T HL
TR 1 SR mE 2% ) IR, AR 15 3 B A mT LRI S
RS, BT THPRER RECE
3.3 ZIEEMIR#R N LSTM-PPO #£E!
5T PPO Y MFR THL & e ik s s, &g
PR P AR TP 5 R B, T A A R B T



234 - W fE

#

{18 %45 %

VRO E B . TR B AR AR R R,
e DURS 17 52 T ISR R e B, A ERR
i 7 SEBRN I PR S s B R e . 2Tk, TR
Sk S 6 kR 3 T B AR 2836 BEAR RN 22 il R 2
51 3B R I HARIRES T R, Wi sk
BRER SRR I R . BT OO A, T
PSS 1) H AR I8 T POH LI 5 iR IR s
50 ¥t B LR AR HAR TR IS IRE 500 ST
R PR IA 22 P PR S B 5 M T R IR S B A
Seo HIBLEFTIRTTAL, BT 5 B8 R B0 22 i 2 385 R
RGBT R .

1) BeitJ T ISR () 35 e o KL

B PR A5 TR 1) 95 e o AT O SR AR 3 )
Bellman /5 #2385 . FAAML, IR s, (8 ok B AT 3%
™A

Ve(s,)=
Saals) D P(s,.|spa) [RA+ V(5. 1)]
aecd S, 1 €S

(22)
ERE s, #HX T BbRES s 00 “HBREE”,
W RBCRES R fe m B A RE R 0 (5,)0
p(s)= > u(als,)
Staat)[ - Rt + yU(Ser 1 )]

ESP(St+1
Forpr, WOHAL I pR LR, AR R B BIE PR U (s,)
BE & R BRI H RS IRAS 0 8 R B, sl 1y
3 51 NS5 35 FE o K ] HHE 2 38 7 S ik o

2) Pl 58 i R K i

S BT, BRERIERIL HASIGSI, $EE
PR BEIZET AR D, HTHIE S RE s B o (s,) BA IR
fidtk. Bk, 28BS & UK AE B,
AR Y bR HCRE B BEVR AL H IR I Bl 45 2 5 e
PRI, B2 AR i 3l ATt DR 5 g A
REMBINE IR (5 B T 22 2 Sk . (It T i 2((24)
Ji 2 i 2 bR K

_(o(sz)sst €S, N S * S,

(23)

U(sps,.)=10(s,)8,, €5, MNs,. #5, (24)
0, HoAt

3) 2 Jih o B R it

g LR PTG 2 BB R« R, VLI i 2

R U (5,5, ) LAIRTG 20(Q25) Bl BT 1) 2 il b 2
AT S R 2 S HERE

Rl’,2(stﬂst+ )= Rl,Z(StDSt+ 1) alAU (s,s,.0) (25)
H, Rl,Z(S[’St-#l)y\jJ?\ﬁﬁ%gm@ﬁ’ AU (58,4 1)
NHBBEA, o AbREAE, TR T
VB AR S . Rk, BT A 2 R AN
ARG T RPN, O T IR E R “ F Rt
287, WA 73 4 B IR ON BRAAIR 245 2 TRD 4 A Xof
“IME”, Frgid Db E B R gk .

BT ULEFTA, FrigSikiE T LSTM AR 5 (1
FEHFEHERE 77, #4 LSTM A\ PPO R 7Y DR 4 B
S5 B A A T $& T+ TP e SREAR Y (1) o S A Rk
BT IR EEIEY 1) 34 R R B R AE AT S0 50 R I DAt
IR R T K R TS 2 i N LSTM-
PPO B2 DL 5 B REAR IR IR B BN BE 7, ik LR
RIPRZPA, AT A i iddz 50 T 3 sk
(PSR AN ) 2R . k] 78, R T4
HIIR R N LSTM-PPO 5 A [ 4 5 40 ok 58 B0 2
PSR IE 1R

A1 HETRRIIR A LSTM-PPO HL AL )
HEe TR E L

BMIN HIAREES, THHLSMEE4, 0
KlFy, %Ky WEKe WRERKH,,
JRINGIKE T, PR o, KRR, R)

Wl SERES r(als ) ASAE RV, (als)

MBI Aits,, FIRREs, FEM L%
Z80,, MEM%ESE0, S5 D;

DwhileT< T, ,do

2) EEE NG L% R0 AN E N 4R S B R
do, < 0,d0, < 0, IEHIAHHIHLALE ;
FT A I 28 IR A5 T HORE MR 0 A o DL
WA HFERa, P —NEERES, , s

3)

4) t—t+1,T—T+1;

5) if =, BUs, = S

6)  HHURLAMA s, — 5.0 ML R,
7) else

8)  RELBIE3);

9) forie{0,1,2,---t—1}:

10) WHRR 7, + yR 5 (5,8,4 1)
11) SR o 2 156 52 B 3

dg, <~ do_ + V(,”lnn(a|s)(R -
Vis;0,))+V, H(z(s.0,));

12) A 19 28 5 5 B



Fi12 Tl S F TSR AR I N LSTM-PPO BB )& RE TSt e 51k - 235 -
(R -V (s]0,))> *=1 MFRIRSEH
do, < de, + S e
v v a0, TAEIRZE  CF/GHz PW/us BW/MHz PRF/kHz
13) end for % [1,4] [0.5,20] [1,10] [0.5,5]
14) E %ﬁ i‘fﬁ H% ]X_XJ é% *D /gl\ 'TE IX_Xj é% E‘J ﬁl‘—} g 72% ﬁ PR [1,4] [10,30] [1,50] [20,50]
é" = 0.~ d40,.0,=0, - 140, B4 [2.8] [30,50] [50,100] [0.5,100]
15) REEEIE )
. il 5 [2.8] [10,30] [1,50] [50,100]
16) end if
17) end while

4 SKRHEMERSH

A #i# it 5 DQN. Q-Learning. TRPO. PPO
S I e X R N AP LT o R RO S e
TR T T AN [ o 22 ) 4% ) 1) PPO RS 2R 2 Sl 56 A5 I8
IRNZERR, NSRRI R . SRR AN
PR AR TG T M REEA T IR 5 /0 b, DAASTH B8R
TSR B 2% PR3 R 1038 FH PR SRR

Pt s iz s i — S sE T A LT
Hbr, BIHEEHLE MFR, o THHLE & E,
HLE MFR T FRAUEHEE N30, BT d
W, AT PHLAT SER SREUMEFR B AL TAER
B HEHHF R, NI AT SRR AR v 1) 50 S
o Bk, BEETIMH TR EZ M T, B
MRS B TR A TR . e,
Ae TR ML AT AR 4 3 5 MR 0758 B4R A R BT
PFE, T SE AT AR . X s,
MFR H & 4 fh TR R WEE. G
S BT R PR MFRIRS S BN BT 5% 5
R, ARSOE BB 4R TARRZAY /A 11 R Ak TAE
B, B, AFEEESE AT N MFR AR T b 55
R RIEVIH TR

4.1 SIHINER N LSTM-PPO &R EIFEH)E

P E LI R E W CPU Jy AMD Ryzen
7 5800H with Radeon Graphics 3.20 GHz; GPU A
NVIDIA GeForce RTX 3050Ti, 3 7% 3 F PyTorch
R PE 22 SIHEZE R F Python 9 5 « T IR VA S Bk
BN % Eyp=001. ZErinE 7
y=0.99. FEJRALE L =09. GAE L % e H b 1
H2=095. WIHHERFe =01, ZILFERKe =
0.9. PPO #: 87 & %16 = 0.2. PPO S IENILINH =
0.01. L5 BV R a =32, &% D
SN 1000, KBS D EGEE TN 4 E A 4
W H %S, b 2] Bk S 508 8 W
N: TRPO FLHERAE H LA LA K ECH 15,
JETA 0.1, 2] S0 BT IR 2 9 0.01, HARZ
¥k B 5 PPO MR . DQN 2] % 5 = 0.01, %l
P+ 9 =0.99, &5 HE0 D S E N 1000,
FEBR 15 DB N4 S 4. Q-Learning 5 2] % =
0.01, REhFrHH Ty =099, L¥rh, HFHIEAL
SR KM NEIRREIANL RS, 808 WK
k300 k. T EIA MFR 55 ik 3 55 15 B v 13
K2R EIBES R KR, HPIMERTHR

%@O

<2 BIXESEBRAR
M
RIBEFRE
1 2 3 4 5 6 7 8 9 10 11 12
s 53 5 s si
5 st 5 53 53
55 57 55 5§ 54
s ~ S9C : : :
5/1‘0 Sfl Sg 5/110
Sllgo S9 Sllgo Sg 5?1




£ 236+

5

hallis

¥k

¥ 45 %

42 TFIMBERMIRIUE
4.2.1 FRRACE 3] Bk P AT St ik

AH A G 5 R, JE T Q-Learning. DQN.,
TRPO 1 PPO ] i h 5 5L 1% Fr 431 23 22 il (i b
Bl &5t B 4 froc . B4R A, Bk 4 Fh
SVE A5~ 38 22 il AE Y B [B] 5 B0 g 5 m 3%
WY BE & R O ECE I, P49 S g A7 RO Bl 2 1
e Hk, Q-Learning 1 DQN B £ 2 F F I
F S EUE N 2L W] BB . BB Al A WK
Bk R AT BRI R . HA, BERE
HIGhn, DONAIRERE N B, AL B
13 iR B2 s, T BRI 1R BE AR SR A Ak
feTt. HE, BEECEELL A B, BT
FOR AR 22 I AFAE, TRPO FEAS e Uh 2 AR AIE 37 5K
W& RS 2 T IH SRS . ik, BEE B A B0
B, TRPO V¥ X JihfE T G N FE, X2 T %
B EAE FE R R ET S 8. dhAh, MR TN
FL AR, PPO AN AT PR Ue 5 22 B 2 i A, T
HL B 5 [R5 HOG 0 P 15 35 22 J5h 5k 20 12 8 A2 )N
B DR RS R SR SR SV G AN Y D
S A e .

120

—= PPO

—o— DQN

—— TRPO

—o— Q-Learning
1

—40 L 1 1 1
0 100 200 300 400

iy VN
4 TR SR T SR
P12 A2 AR ] 5 $ A

422 T REIREALE M 69 PPO T L4 R A2
AT A% 2 At bk

B KAM T, ETLM)Z. CNNLL
J¢ LSTM #4J £ 1] PPO - HL 1 SR AR Y i 45 - 350 22 il B
WU S Fis. BB S AR, CNNAE RN IEAL 4L
JIT A4 35 1) PPO P o SR AR Y i 45~ 35 22 Jil (i W

KT LSTM. BEmfHH T F s KR CNNIE
2 (A RFAE SR O TR A SRR S, SR TP o At
RAFEANUS T H s 23 (R, R LA SRS AR A A2
HRRAE LB ERAAR. HRZT,
LSTM A\ PPO B RS ELAT 85 i1 R R S 8056 LA SR 28
PEo XEHTTFMRFASZSEATHFEE, M
LSTM [ H [ A KB AZ AL, 7F b B 7 AR A
Kinl iy BA RERY, KRR B0 ER
W26 T A R HE IR 70 70 R o sk s A5 2, AT 2
FEF- P 85023 DL KA 1

——PPO
20} —o— CNN-PPO
—— LSTM-PPO
_40 1 1 1 1 1
0 100 200 300 400
|50/ K

5 HET AR IR R 25 A ) PPO P R SRR TR P 45T 4 2L il EL X B

4.2.3 SN AR BT AT R BT

BT 2 B 1 B R TR U Se I A R RN
I B T AN [R] U AR A A R (1) PPO P DL SRR,
Frg-F 2 a6 froas. dE e vl s, AHET
el fE BRI TR AL, A GRE ST
PR SR BAT B 1) TR SR RO SO 2, WISk
B A5 B AT 5] 3t AR AR PR S Sl LA SRS IR 3R 1S
B geng e, M7, BT LSTMAL RIS FrRs
TEHHBLUAE 17, FHECT CNN K A% G 1 2k v p 7Y,
LSTM-PPO 7 5B AL AT S B AT FE 30 H B4 1 o
FA M. HA, S8 5 R ik A ) LSTM-PPO
(PK-LSTM-PPO, prior knowledge-LSTM-PPO) {E
FEMEACA R 5 B TS 2 22 AR 4B 240 T SR 56 iR
# A\ ] CNN-PPO (PK-CNN-PPO, prior knowledge-
CNN-PPO) LA % % 56 &l 4k A\ ) PPO  (PK-PPO,
prior knowledge-PPO) . i %1, AHER T X HL &
%, PR EE RS S 2 A H AR E TR X
VS



12 I T A TSR0 AN IR BN LSTM-PPO R4 () ) B T- P vk S 502 - 237 -
120 eI AR R ISR 5] S RE S, MET T LR,
100 P vk B AR st ge, AT a8 A ROt
80 XU E A GRS .
@
S 60f s X
2 =3 TREIBRMS S H AR B A KSR R
g aor TR B 45745 ] 24 PR 1)/
jm
= 201 Q-Learning 129.712
or DQN 142.435
—o— PK-LSTM-PPO
_a0lu . . | |=—PR-PPO PPO 141.208
0 100 200 300 400
I 25Tk CNN-PPO 156.365
6 Seiemibim N BT T 1 2w E %) Lt LSTM-PPO 116.423
PK-PPO 23.345
4.3 USMEREXTEE
N o ” o PK-CNN-PPO 28.742
N T IRAGIE T AN [F)R BT s AL B AR () T e SR B
PK-LSTM-PPO 15.247

ST RE A RO B, R ALK I 5 8] A B 500
YOI ZE 1 000 VK VAR R A TH VFAG K B 85 5 B AN [
BEWSRERE, HAMEER, R E . A
k%S EIRSCIG R — 8.tk AFEERT
SE A R B USRS S8 BT FH I R a0 3R 3 o, R B
TRy RSB RV N BT JE PR 4o FHER 3 T A,
IR HIHR N T, LSTM-PPO EL A B bR
SRE P, L SR 1] AR X 12 1) TRPO 2 T
38.1%. 53, METREATRRIRABL, %5
IR N EE T SR B 3 . ok, AE
T HAhxF bt 3%, PK-LSTM-PPO . B Wi 8¢
PERE, e SR TR A X T S 58 U R RN 1)
LSTM-PPO #2 Ft 2] 7.64 fi5, #H% T PK-PPO DL ¢
PK-CNN-PPO 435Il $& 7+ £ 34.6% #147.0%. HH 4L 7]

4.4 RREREXTEL
F TR [T AR eI 5 2, AT RASRAS AR 24
AT
2 7 8 8 4 8 8

A B C B D B B
8178, TSy TS, TS, T ST S

3 2o
ST S

7,2 (26)

= sj— s
Hr, s¥i=1,2,--11; X = 4,B,C,D NEFHIERE
BT FHEE LT RABRARSH RN, & X
45 TRV BU S GO TT 7 TR PR 2
JBM B ARR S B TR A TR TR s . K 4
Bt 500 [8] 5 J5 &S50 P A5 5 L PO RS A2 0 IR+
PRI ARSI RAR (TP STk S 2k

%, HETLSTM AL R A FPRr b SR BUae /AL I tel. dik 4 ml g, HECT PPO HY &M 1A
=<4 R HEZXTEE
sk 2] i AT IR FefbFHER 12 TR
Q-Learing 45.5% 37.7% 16.8%
DQN 46.4% 44.6% 9%
TRPO 39.4% 40.2% 20.4%
PPO 51.8% 34.1% 14.1%
CNN-PPO 65.8% 33.0% 1.2%
LSTM-PPO 71.1% 25.4% 3.6%
PK-PPO 89.2% 9.1% 1.7%
PK-CNN-PPO 90.8% 9.2% 0
PK-LSTM-PPO 93.4% 6.6% 0




- 238 - W fE

¥k

¥ 45 %

#:, Q-Learning. DQN. TRPO Il PPO 25:4% 45 54,
FOJENET R TR IR S, RS R
BBk FETrImBen e, H&%, T
LSTM #1 CNN #4 & [¥] PPO Bt 43 T It 2% WU 2 41K
2 AR ) 2 A 1Y ek B [ 30 B4 A 8RR i A T ]
PR SRR A . Ak, Jals AR R R
ANA[ 45 T PPO M AR R ik e b 12 51 5, R
i T i BA R4, W48 T2
PSRRI =R

g FRTR, PR EEAERSIGER B . AR DL L
TR IRARIE BT, BRI A T G
2B SRR BB . LR, ARG
SR L R LSTM A A e F+ 52 2% MU A 55 T 2k T
125 ST TP R SR S I T R S 803 B A Akt

5 4EERiE

AL — i B T R 56 KR ik N LSTM-PPO
PR B e T S B, FTiR A B R
AR AE A7) LSTM %\ 3& ‘B T KA S -
121 PPO A5 78 DL 1 MIFR CHR 25 2 25 28 4k A 17 42 7
FHREAE BN Heah, BTt T AR m R
IR P04 510 56 S R - JFG DA o 98 22 g o B0 2k
A LSTM-PPO 15 8 D) 18 i B GE 4 0 A 53 11 8 kG
HERE, MR AR RS 5 R TR BIE 1 ik
FRE K. LR EY, M T Q-Learning.
DQN. TRPO Fl PPO %5 1% ¢ 1114 5 5 fb 2 ST 1
LSTM-PPO -/t ¥ SRR A 0] {2 25 H@ -0t SR AR 7Y
RS R . AT Y36 RN B [ T v SR 5
% FTREE AR TR U SR Ak 5] S 2 A
A B R T RO R A, R A R
WRRCR LB M. FEERNLZ, THRESS
FHRE LR FIRIRACE, A BT
AR R, Qi BTk e TR U e AL B T
P IR LASR T+ TP 01 2 Jo 2 AR E A

EEPEE

[1] FENG L W, LIU S T, XU H Z. Multifunctional radar cognitive jamming
decision based on dueling double deep Q-network[J]. IEEE Access,
2022, 10: 112150-112157.

[2] ZHANG C D, WANG L, JIANG R D, et al. Radar jamming decision-
making in cognitive electronic warfare: a review[J]. IEEE Sensors Jour-
nal, 2023, 23(11): 11383-11403.

[3] GENG J, JIU B, LI K, et al. Radar and jammer intelligent game under

jamming power dynamic allocation[J]. Remote Sensing, 2023, 15
(3): 581.

[4] SUN H, TONG N, SUN F. Electronic jamming mode selection based on
D-S evidence theory[J]. Journal of Projectiles, Arrows and Guidance,
2003, 23(2): 218-220.

[5] LADOSZ P, WENG L L, KIM M, et al. Exploration in deep reinforce-
ment learning: a survey[J]. Information Fusion, 2022, 85: 1-22.

[6] ZHENG S J, ZHANG C D, HU ], et al. Radar-jamming decision-
making based on improved Q-learning and FPGA hardware implementa-
tion[J]. Remote Sensing, 2024, 16(7): 1190.

[7] XIA L Q, WANG L L, XIE Z D, et al. GA-dueling DQN jamming

decision-making method for intra-pulse frequency agile radar[J]. Sen-

sors, 2024, 24(4): 1325.

AR E, AR, X, % T ASC I Z ThRE T L A

] R TS HETHIR, 2023, 45(1): 86-92.

ZOU W Q, NIU C/Z)Y, LIU W, et al. Cognitive jamming decision-

making method against multifunctional radar based on A3C[J]. Systems

Engineering and Electronics, 2023, 45(1): 86-92.

[9]1 RAO N, XU H, WANG D, et al. Efficient jamming resource allocation

against frequency-hopping spread spectrum in WSNs with asynchro-

(8

=

nous deep reinforcement learning[J]. IEEE Sensors Journal, 2024, 24
(8): 13560-13577.

[10] SHI Q, YING W D, LYU L, et al. Deep reinforcement learning-based
attitude motion control for humanoid robots with stability constraints
[J]. Industrial Robot: the International Journal of Robotics Research
and Application, 2020, 47(3): 335-347.

[11] ZHONG J, WANG T, CHENG L L. Collision-free path planning for
welding manipulator via hybrid algorithm of deep reinforcement learn-
ing and inverse kinematics[J]. Complex & Intelligent Systems, 2022, 8
(3): 1899-1912.

[12] SUIZ Z,PU Z Q, YIJ Q, et al. Formation control with collision avoid-
ance through deep reinforcement learning using model-guided demon-
stration[J]. IEEE Transactions on Neural Networks and Learning Sys-
tems, 2021, 32(6): 2358-2372.

[13] LAURI M, HSU D, PAJARINEN 1J. Partially observable Markov deci-
sion processes in robotics: a survey[J]. IEEE Transactions on Robotics,
2023, 39(1): 21-40.

[14] LU R Z, JIANG Z Y, WU H M, et al. Reward shaping-based actor —
critic deep reinforcement learning for residential energy management[J].
IEEE Transactions on Industrial Informatics, 2023, 19(3): 2662-2673.

[15] VAN HOUDT G, MOSQUERA C, NAPOLES G. A review on the long
short-term memory model[J]. Artificial Intelligence Review, 2020, 53
(8): 5929-5955.

[16] GUY, CHENG Y H, CHEN C L P, et al. Proximal policy optimization
with policy feedback[J]. IEEE Transactions on Systems, Man, and Cy-
bernetics: Systems, 2022, 52(7): 4600-4610.

[17] CANESE L, CARDARILLI G C, NUNZIO L D, et al. Multi-agent re-
inforcement learning: a review of challenges and applications[J]. Ap-
plied Sciences, 2021, 11(11): 4948.

[18] HICKLING T, ZENATI A, AOUF N, et al. Explainability in deep rein-
forcement learning: a review into current methods and applications[J].
ACM Computing Surveys, 2024, 56(5): 1-35.

[19] RASHID T, SAMVELYAN M, WITT C S D, et al. QMIX: monotonic
value function factorisation for deep multi-agent reinforcement learn-

ing[J]. Advances in Neural Information Processing Systems, 2020, 33:



12

i 58 25 TSR E0 AR RN LSTM-PPO KLY ) %8 R T4t v SR 0% -239-

10199-10210.

[20] ZHANG J Y, KOPPEL A, BEDI A S, et al. Variational policy gradient
method for reinforcement learning with general utilities[J]. Advances
in Neural Information Processing Systems, 2020, 33: 4572-4583.

[21] LI H P, HE H B. Multiagent trust region policy optimization[J]. IEEE
Transactions on Neural Networks and Learning Systems, 2024, 35(9):
12873-12887.

[22] ZHANG J W, ZHANG Z H, HAN 8, et al. Proximal policy optimiza-
tion via enhanced exploration efficiency[J]. Information Sciences,
2022, 609: 750-765.

[23] MOON 1J. Generalized risk-sensitive optimal control and Hamilton -
jacobi - bellman equation[J]. IEEE Transactions on Automatic Con-
trol, 2021, 66(5): 2319-2325.

[24] MEYN S. The projected Bellman equation in reinforcement learning
[J]. IEEE Transactions on Automatic Control, 2024, 69(12): 8323-8337.

[25] CLIFTON J, LABER E. Q-learning: theory and applications[J]. An-
nual Review of Statistics and Its Application, 2020, 7: 279-301.

[26] WENG W, GUPTA H, HE N, et al. The mean-squared error of double
g-learning[J]. Advances in Neural Information Processing Systems,
2020, 33: 6815-6826.

[27] CAMAGLIA F, NEMENMAN I, MORA T, et al. Bayesian estimation
of the Kullback-Leibler divergence for categorical systems using mix-
tures of dirichlet priors[J]. Physical Review E, 2024, 109(2): 024305.

[28] TIAN Y J, ZHANG Y Q, ZHANG H B. Recent advances in stochastic
gradient descent in deep learning[J]. Mathematics, 2023, 11(3): 682.

[29] ZHAO Y R, WANG X, HUANG Z T. Multi-function radar modeling: a
review[J]. IEEE Sensors Journal, 2024, 24(20): 31658-31680.

[30] FENG H C, JIANG K L, ZHOU Z X, et al. Syntactic modeling and
neural-based parsing for multifunction radar signal interpretation[J].
IEEE Transactions on Aerospace and Electronic Systems, 2024, 60(4):
5060-5072.

[31] ZHUMT, LI'Y J, WANG S F. Model-based time series clustering and
interpulse modulation parameter estimation of multifunction radar
pulse sequences[J]. IEEE Transactions on Aerospace and Electronic
Systems, 2021, 57(6): 3673-3690.

[32] MITCHELL E, RAFAILOV R, PENG X B, et al. Offline meta-

reinforcement learning with advantage weighting[J]. arXiv Preprint,
arXiv: 2008.06043, 2020.

[fE&E RN

W5 (1988-), B, WA A, (0
+ BT (SRR G RSO E R
AR EBI R, LTI
THASL

Bl (1999-), 5, Wil A, #iLe
LRZmLA, ETRFITT T3

Z=HB (1986 ), F, MEKEHEA, #t,
L5 B R G0 2% FEL R P 58 55007 [ 5 4
SCUG S B AT R, E IO RN R I
POETI

FEHFE (1979-), B, WEREHEAN, 1#
+, WiV ER ORI AR, E BT
N RN MIMO HiA(E S48, Hl

B




