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Abstract: Tandem queueing system is the basic structure of queueing network, and it is important to study
the tandem queueing system to analyze the queueing network. There are correlations between stations in a
tandem queueing system, and the output process of the upstream station is the input process of the down-
stream station. For queueing systems that do not satisfy Markovianity, the arrival process of the down-
stream station is difficult to analyze by the analytical method. For the general tandem queueing system,
this paper proposes to predict the mean waiting time of the system based on machine learning, and com-
pare the prediction effect of linear regression model and nonlinear regression model in machine learning
through numerical experiments. The experimental results show that the nonlinear regression model outper-
forms the linear regression model, and the XGBoost algorithm has a higher accuracy in predicting the mean
waiting time of the tandem queueing system. In addition, this paper compares the XGBoost algorithm with

the traditional approximate analysis method and finds that the prediction effect of the XGBoost algorithm
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is better than that of the traditional approximate analysis method.
Key words: tandem queueing system; machine learning; simulation; mean waiting time; XGBoost algo-

rithm
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(% 1ij, 551 AR 2 IR S B 2 B0 S, ~Gamma [g, zooj, Sy ~Gamma (2. 15). & p=
fO
{0.1, 0.2, *=+, 0.9}.

R 20 A6 M/G/1-G/1 HCHEBA R G b o (B0 i B T Aok T AR S0 80 4 T i M 25 5
Ii i X~exp%), 51U 2 AR S LA BN S, ~Gamma (2, 10). S, ~Gamma [%0 z7j,

A 0=10.1, 0.2, =+, 0.9},
XPF R ERHEA R S8, 73 3SR Kingman J7 355 DL A SCHE 1) XGBoost i X455 1 A4~ 1913 %5
RO A #EAT S0 5 {6 QNA,QNET PA KA SCHE M 9 XGBoost Ji ¥k X5 2 sl 1Y 7 1 85 15 i [6] 6 47 F0 000
A TR T T AR AT R 22 AR 4,5 R,
F4 RG AN ENTHSEREGANIZE LS

W, W,
? Kingman XGBoost QNA QNET XGBoost
0.1 63.08% 0.39% 67.70% 57.10% 3.03%
0.2 47.83% 0.79% 53.38% 38.91% 0.90%
0.3 37.47% 0.80% 43.25% 27.21% 0.13%
0.4 29.67% 0.09% 35.16% 19.23% 0.19%
0.5 23.58% 0.24% 27. 84 % 13.35% 0.04%
0.6 18.56% 0.52% 21.01% 9.27% 0.50%
0.7 14.41% 0.81% 13.97% 6.27% 0.25%
0.8 10.36% 0.05% 5.14% 3.05% 0.00%
0.9 7.27% 0.17% 6.92% 0.42% 0.00%
T4 28.02% 0.43% 30.49% 19.42% 0.56%
RS FE2HFE2NHENEHESFHENHETRELR
0 QNA ik QNET F#: XGBoost 7
0.1 7.01% 4.42% 1.28%
0.2 6.78% 4.00% 3.01%
0.3 5.96% 3.83% 1.07%
0.4 4.80% 3.71% 0.43%
0.5 3.51% 3.41% 0.18%
0.6 1.79% 3.20% 0.41%
0.7 0.59% 3.25% 0.65%
0.8 3.61% 3.33% 0.36%
0.9 7.20% 2.75% 0.11%
TR 4.58% 3.55% 0.83%

HIZ 4 AT, TR A SRR o X T4 1 Aol iP5 i ] . XGBoost 75 i, Kingman J5 i )
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P HRE X 5 22 430 R 0. 43%6,28. 02 %, Kingman J5 ¥ 4 X - 44 45 R if 18] BR300 B . HE B0 A8 T
XGBoost FF k2.

XF AR 2 A ul 1 S HEBR ] . XGBoost Ji k. QNA J5 ik L& QNET Jr 2 19 F B A X 1% 22 43 51 h
0.56%,30.49% L& 19. 42%. #HH T HABIT . XGBoost 75 ¥ By A A 1% 22 e/ HE iR Z BN T 1%, 18
BATARIE p BNIE L B T 2 SR A ), AR 22 8K, AT, AR SCHE 9 XGBoost 5 15 B
T HAL T, I BAEBANRRE o BKH, TR e fE.

EM/G/1-G/1 HEBA R Ge . 55 1 A3l i 135 %5 5 i 1) 77 70 R aff e i 22k 5 IR L, ACRE58 2 A3 9
PSP st ) A AR X R 22 00 4T LU . QNA J7ik . QNET J7 ik 34 3 i % e s 2 o 8 0 — [ 20 I — I 4 ok %) i
RICHEBA RGP A 1 Al 058 2 AU I RE M. B AR IX S8y IR AR 25 B 11 O 1 A5 A B ) 0 3 AL (E . R R T
RO A . B3R5 WA, Y p=1{0.1,0.2,0.3,0.5,0.6,0.8,0. 9} I}, A XGBoost J7 A %t
w2/, XGBoost J7# . QNA DL K QNET J5 2k By F- 58 X 15 22 437y 0. 83 %6 ,4. 58 %6 LA K 3. 55 %. XG-
Boost J7 &K F AR IR 22 /]y, QNET J7iEET QNA 5k, X2 i T QNA Ik 5 728 5 R BRI
UL . SEM T 2 PERE T M BN ACR AT, 48 E AR . XGBoost 74 T HAl 5 i, i UCR
BT RS Lb 5 v | R B AR G2 1) T 38 A5 R (D

5 #ig

AR SCR T A 2 2 Hh 8 4 [ 0 3k Al P [ 50 58k 00 R T 1R BA 2R 8 190~ 49 26 5 I 1R 47 EC 1Y
i S PR S ) BT RRCR A S s 4R P R S5 A ) B A v . R I BUE SR R I . XGBoost
715 X S 249 A5 AR I ] 4 900 A0CR B

ARSCEZWGE T DI B ERICHEBA R BT AR AT LU % 07 36 %) AU HE BN R GEEAT IR A5 (0
A ZA M55 w9 B IR HEBA R 48 . HAT A BRZE b IXAY A IR HEBA AR 48 . BAT L3 IR 55 00 sp R HE BN R 52 LA B &%
F4 1 BA P 4 25
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