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Abstract

Reinforcement learning is applied as a model free control method to solve the problem of co
channel interference in cellular networks. However, in value based reinforcement learning algo-
rithms, error in function approximation leads to overestimation of the Q value, which leads to the
algorithm converging to a suboptimal strategy and poor performance in suppressing channel in-
terference, and the convergence speed is slow in high-frequency scenarios. This paper proposes a
control method suitable for distributed deployment, which uses DDQN to learn discrete strategies,
and adds a delay-depth deterministic strategy gradient algorithm with a triplet criticism mechan-
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ism to learn continuous strategies; Make the algorithm’s estimation of action value more accurate
to improve the algorithm’s interference suppression performance under different frequency band
number scenarios. Quantitative scalability experiments have shown that the proposed algorithm
guarantees faster convergence speed and better suppression of channel interference in different
frequency band scenarios, demonstrating the effectiveness and scalability of the algorithm.
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Figure 1. Dual Q network parameter learning mechanism
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Figure 2. Learning mechanism of dual delay depth deterministic
strategy gradient algorithm
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Figure 3. Triple critic weighted action value update strategy

3. ZHEITE AN E(E B SR

ST, TD3 BILIEI BT 2 A Critic W% ARG MSIAG T, FFEUR/IME 5 Q MBI 7 VALE I BRiE 4%
i) o L e v A R R T TR AT ), ABAE RSB AR, % 05 1 bR O A A3 VR 5 RS 1Y)
TP ASKEAE, (8 SR I 17 22 73 HEAT 1K) 27 217 A8 TARMS I 2211 ] S I i 22 A 2 76 SE B At o 1
WL sk[16], (EAHER RN USSR 0 PR aE A U B2 o SCBR[1 138 T —Ffi ok 7 2 FH T-BR I TD3
TR R . AL, ASCR A Z e i A R I iR AT SE 3T

W 3 prs, ASCH Critic 2% 6, + 0, deFEm/ METHERAR P DDPG 1 # il 1)@, s im s>
Critic %% 6, Kf# e TD3 S ARAG R, DUBLE 25 G IX WAl AR B w22, DASEIL S HERf (1Al it

3.4. SEALEF SR
AT SVFAT AT, B RE AL A (5 R85 T AR BE R I 5 B, I e e B R 5 B

DOI: 10.12677/s€a.2023.123052 535 B TR R


https://doi.org/10.12677/sea.2023.123052

AHVERIEI 305, AF RS I BEORTER RT3 25 3 % 300 1 41 F
1) EEER
FIF A 4341 SARAT (080 R A AR R 03I 2 10, Ho b J2 8 o i A0 4 7 2 5
ERIL, B 0 Ay = (Lo ymy MY ARSCE SUBBRARTEI R ¢ F I TAAEIRENE N o) o b2
—AEGAEEN, E X 4, €[0,1], LFH%EETFZFLﬁm,l%&i?%ﬁﬂ%ﬁﬁ%o
TR T B, ELINE A AR -

pfz) :Pmax *a(’)(’) 15)

2) ARt

RASE T AT E T IO RE R A TE PR B SR . X FRERE n, o Mo AN X o L
" (omeN ny # my YRARTERTBR 1 T m 100 AT BEB A R0 25 30 R 81 AT ke U0
BUY R AR PR T . R (o TH m b, TR IEE TSR 1,
%ﬂﬁ%ﬁﬁ%gmw@@% RITTE I o) pl) | FATREBR 28 g L X R A BRRG
TR CU) . R BB AT Y, ol s pl ) L g T R R R A T T
A AT R RN, B R A TR AR B R, IR A
SV = {8080 | -

3) IE M

PSSR ) BHEROLR ) b K RS AK . MIEDES AR RS, 3
RN B T 4 Ak 1B B AR ST T AN S AR P STk, BERT R FERT IR o, TS
m _EXE AR A TARAE TI5UA 2)

n—n °

OB (v

*
I
Slnk - IOg 1+ k’(,”) k(,) = k( /) (16)
z”/ FN,0y anv,al * gn =Ty, a * pnk + G
T2 il 5 ) B UM
i =ct) - ZWU(H(I)) 7. (17)

35. BFEERAFR

ST 9 SR AR R I 4 .

RN IGIIR ¢ TFIEN, BN RIE FIOB I 0, KAHTRIFEILE ") N FRR%
(B ) W THAESEAIE o, FINK BRE o 17 NEREHOBA . L LI BT T
R QIR BN ¢, 1 ERR %, SRS R4, g, IR0 g 1, FRECEMENE D g e
ST B

¢|B|Z( P ) = e (507,00 1)) (18)

um¢wmﬂ;ﬁ§mﬁmWE*mﬁ,A¢Awﬂwmy<w+wmnwwgﬂﬁwo

R B TR A o) ST RBAT FIOERERE n ) RIS BORS s A2
O+ P 0, WHITIA IS IEANE 0 FEA BN AR 2K o) 17 N L2560 30 P A7 R LA T Ol
GRS, PRI RPN L EE LI QIR B0 £, (1=1,2,3) 1 Critic FA% ] 5 (5 F 2L
S, LML ALA A g, 0, DUBBEE:

DOI: 10.12677/s€a.2023.123052 536 B TR R


https://doi.org/10.12677/sea.2023.123052

A, 2R

B SIRE 2502 )
R S T2 SR «
P AT 155 4% LTS
L ¥ ~—
L
i o (7]
ﬁlkli Vo (5130 12) Pt
23'5: % Deep Q-network ¢2 Deep Q-network
ﬁ%f 1 (1+1) (7"17 () 0 2
b @, ngz,(y(r,.' B Rl AP CHCH 4%:))“
é’l §2 §3
P Gogen = ¢ Critic-Networkl Critic-Network2 Critic-Networks
TR g =0 W
PR 2 8 e it
5 S — S — 1
ﬁ [ 1 Experience
B | (0 0 nD 05D
= 3 1 i £+
E fass NEAAE
# s = (s 50 Y - (9,a® 1O s0*D
15: n (n,1) (n,m) PREL RO D)
@) A6 @) fE=H)
S a r S
Multi-Deep Qunetwork Multi-Actor Network "4y (8,75, 751,758, )
T 0 <O
P a” (n.al*y

Figure 4. Algorithm structure diagram
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Figure 5. Mobile network deployment example
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Figure 6. The control effect of the proposed algorithm in different frequency band scenarios. (a) Comparison of average
spectral efficiency of various algorithms with M = 6, (K, N) = (5, 20); (b) Comparison of changes in average training rewards
for M = 6, (K, N) = (5, 20); (c) Comparison of average spectral efficiency of various algorithms with M = 8, (K, N) = (5, 20);
(d) Comparison of changes in average training rewards for M = 8, (K, N) = (5, 20); (e) Comparison of average spectral
efficiency of various algorithms with M = 10, (K, N) = (5, 20); (f) Comparison of changes in average training rewards for M
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Table 2. Comparison of algorithm training performance

= 2. BRIZERexTEE

B T B AR (bps/Ha) BLES T
&N M L2 3] 77 v Fot 2177 % CEEER N S
Proposed ER Joint Ideal FP Delayed FP Random Proposed Joint FP
1 1.73 1.72 1.85 1.85 1.85 0.43 1+1 10 57.67
2 2.85 2.75 2.74 2.67 2.59 0.89 2+1 20 97.46
4 4.69 4.53 4.50 3.77 3.65 1.87 4+1 40 114.52
.20 6 5.81 5.59 5.44 4.92 4.72 2.88 6+1 60 126.79
8 6.67 6.49 5.15 5.59 5.34 3.46 8+1 80 134.29
10 7.31 7.04 5.08 5.62 5.41 4.18 10+1 100 141.81
Table 3. Comparison of algorithm test performance
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1 1.59 1.58 1.60 1.56 1.46 0.41 1+1 10 70.30
(5,20) 2 2.80 2.79 2.79 2.68 2.53 0.99 2+1 20 105.73
4 4.59 4.56 4.49 3.71 3.54 2.11 4+1 40 121.56
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Continued
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