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Dynamic routing algorithm for multi campus network
based on improved Dueling DQN

Li Guoyan  Shi Dongyu Zhang Zonghui

(School of Computer and Information Engineering, Tianjin Chengjian University, Tianjin 300392, China)

Abstract: Aiming at the problems of transmission time delay and network congestion caused by load imbalance in highly “central”
connected multi-campus networks, a dynamic routing optimization algorithm based on adaptive multi-sampling Dueling deep Q-Network
(AMD-DQN) is proposed. Firstly, the idea of Dueling DQN is introduced into the network model, and the structure of the multilayer
perceptron is improved by centralized processing to prevent high estimation of value function. Then, the experience playback mechanism
adopts an adaptive multisampling mechanism, which combines random, nearest and priority sampling methods, adjusts adaptively
according to the load situation, and randomly selects the sampling mode according to the weighted probability. Finally, the AMD-DQN
network structure is combined with reinforcement learning signal and random gradient descent to train the neural network, and the
maximum value action of each step is selected till the transmission is successful. The experimental results show that compared with the
traditional DQN and Dueling DQN algorithms, the average delay of the AMD-DQN algorithm is 128. 046 ms, and the throughput reaches
5.726/s, which effectively reduces the transmission delay of packets and improves the throughput. At the same time, the congestion
degree is evaluated from five directions, and good experimental results are obtained, which further alleviates the congestion of the
network.
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Fig. 1 Reinforcement learning process
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Fig. 2 Neural network layer structure

(B PR BORE G HE P AN AR T EL AT DA/ Q BYBREIE T, B 1k
AT Q (H S B B RS E R, R Q ML K Y
ARASE R FIORT 0 Ak AL 3 114 3 15 A (8 bR 250 L A
33,

FLrb Bl 4 A A RS RN AR S 0 R B 5y %
Dueling DQN HOAE 35 pRBURN (B R B 35 4, BT LA e &4
ERRE AT

Q(S,A,w,a,B) =

V(S,w,a) + (A(S,A,w,B) —%;A(S,a’,w,ﬂ)) (4)

2.2 BIEMN % XL E R

DQN B35 7 28 56 b Hp R FH Bt B 28 56 [0 e Sfe 5 3
SR, DVILATREREA 2 Rl B SR R, (H R A MEALZ
B Wl A 7 2, ANLRCRAIG, 1 HL R ZBRE A K il AR /)N,
ZFHAKR, BT 25 BAOR R UG I — e L 5 E R
FEAS , DLW i R S 2R i A Lo Tl e 467 el
UTREH, AN REREA Y B D S 250 1T st A
AR REARET AR S B [ f5e i 1 —HEREAS , BRAR N T
By 1= st S A LEAR B A AR AR B A I A% AT B M il
B HRRREAE | W FCR L SC 250 1 15 R AR 3] 2
FEHEK,

B 6T TR 45 B vht PP A7 A B B FE R R (), AR SORE
BEHLZ S0 256 A B O 2230 LU, 78 4R T 2856 ]
T AU AR 30 X 2% 67 2 AR 4k, 3 B RAE T 3R BUAUE B 18 N
KA Ik B 2R g B I ZE R B RS, E S Y
Z ALY R A 3 R,

TEA SR EIRGE 2 BB To Al Y AR E R 5 B 5t
AT SRR R BEHLRAE ™, Y AT 187 SR B AL A A
N U 2 ) < R A R T R AT, <Y U BhAT S
MERAFE N U5 S 0 W B =R B S SRR 2
AL A2 50 B,

AT 38 N 22 SRAN 2 56 (R AR L o 3 1o T St 8 56 i
R T5 AR, XCTT D i B ATL A5 3T SR R 2k 2% i e



-214 - LSRR R e o

36 45

BEALR A=,
BT RFEBUE=,
S RAEAUE 2,

BEALRAE U=,
BT R Py,
S RAEALE 2,

BEALR A=,
BRI R BBy,
S RAEAL B =z,

R BUE R BE L

BURFAAE R

PAT R RBEHLIRE

PATBI KA

PATRELRER

K3 AN ZREER S

Fig.3 Adaptive multi-sample experience playback structure
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Table 4 Transmission time comparison of sixalgorithms
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Table 5 Five direction mean table
i ik
DON M-DQN MD-DQN Dueling DQN-PR SMD-DQN AMD-DQN
TAEYY s E 4 U IME % 53.918 48.765 49.561 51. 166 51.919 49.230
2 E T HIE % 13. 191 16. 244 18. 175 15. 048 19. 143 17.183
BdE 25 R (R 3/ ms 692. 474 616. 643 650. 833 675. 244 738.521 623. 365
BASTT SO B SR A 34.798 32.551 32. 470 34.327 37.979 33.09
BT S KRB B /A 124. 1 123.9 111.6 129. 4 126. 1 117.7
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Table 6 Throughput comparison of six algorithms

B PR (4s)
DON 3.908
M-DQN 4.425
MD-DQN 4.468
Dueling DQN-PR 4.43
SMD-DON 4.811
AMD-DQN 5.726
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