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Adaptive most valuable player algorithm considering multiple training methods

WANG Ning , LIU Yong
(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: The Most Valuable Player Algorithm (MVPA) is a new intelligent optimization algorithm that simulates sports
competitions. It has the problems of low precision and slow convergence. An adaptive most valuable player algorithm
considering multiple training methods (ACMTM-MVPA) was proposed to solve these problems. MVPA has a single
initialization method, which is random and blind, reducing the convergence speed and accuracy of the algorithm. In order to
enhance the level of the initial player and improve the overall strength of the initial team, the training phase was added before
the competition phase of MVPA, and the neighborhood search algorithm and chaotic sequence and reverse learning
algorithms were used to train and screen players; in order to enhance the player’s ability to self-explore and learn from the
best player to make the player have the qualification to compete for the most valuable player trophy, an adaptive player
evolution factor was added during the team competition phase. Experimental results on 15 benchmark functions show that the
proposed algorithm outperforms MVPA, Particle Swarm Optimization (PSO) algorithm and Genetic Algorithm (GA) in
optimization accuracy and convergence speed. Finally, an application example of ACMTM-MVPA in parameter optimization
of storm intensity formula was given. The results show that this proposed algorithm is superior to accelerated genetic
algorithm, traditional regression method and preferred regression method.
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Tab. 2 Comparison of experimental results(500 dimensions )

HIEARUECT , BIE A RE IS 25 72 M OL ARG B2 5 IR 5 158
B, 6T BT 20 W Sras A7 , 7R R ARUCECT |, S e
KB E RIS E o 3 3 45 R R W], A ST AR T HoAb
A BAT T A W S B IR A

PRIAL ZhER ACMTM-MVPA MVPA PSO GA
Best 8. 901E-244 80.2783 277. 156 4.93117
Mean 5.457E-241 137. 658 372.977 5.77239
Si(x) Worst 2. 678E-240 228. 047 447. 668 6.61339
Sd 0 43.0294 47.5948 0. 467 652
Meantime/s 5.24473 5.45109 5.31556 1.17899
Best 0 4.74126 2.0736 55.9722
Mean 0 6.11019 6.15804 57.7128
S (x) Worst 0 8.57757 9 59.3932
Sd 0 0.900431 2.86531 1.03326
Meantime/s 5.49455 5.21352 3.40382 1. 466
Best 0 2299. 84 7128.59 499.513
Mean 0 3036. 67 9331.11 524. 605
S3(x) Worst 0 4485. 56 12028. 1 559. 478
Sd 0 635.32 1428. 89 16. 6352
Meantime/s 6.27235 7.756 62 30.3017 2. 05406
Best 0 305. 954 952.997 17.0539
Mean 0 481.93 1271.98 20.3809
Salx) Worst 0 691. 174 1593. 56 23.4523
Sd 0 107. 21 178. 573 1.48969
Meantime/s 6. 98138 6. 64625 4.21673 1.82736
Best 0 0. 03246 0.56457 1. 075E-06
Mean 0 0.091 69 1.31508 1. 833E-06
Ss (=) Worst 0 0. 165 10 4.27691 2. 883E-06
Sd 0 0.03458 0.95016 4. 611E-07
Meantime/s 12.2808 6.55482 3.67709 2.2033
Best 8. 881E-16 14.686 1 14.5749 4.30542
Mean 8. 881E-16 15.6126 15.9678 4.42512
So(x) Worst 8. 881E-16 16.5746 17.7829 4.57275
Sd 0 0.496718 0.774051 0.07280
Meantime/s 5.96036 6.29857 6.66157 1.26389
Best 0 0. 093 60 0.07231 0. 004777
Mean 0 1.05931 0.11809 0. 006923
S (=) Worst 0 1.36902 0.22142 0. 008 805
Sd 0 0.41318 0. 04287 0.001 120
Meantime/s 5.16855 4.709 84 4. 869 66 0.758329
Best 0 0 1. 054E-135 0
Mean 0 0 1. 203E-76 0
S () Worst 0 0 2. 406E-75 0
Sd 0 0 5. 380E-76 0
Meantime/s 5.13934 4.8315 7. 876 86 0.715078
Best 3.133E-244 34309. 3 290540 4526.23
Mean 8. 677E-239 64552.5 379469 5313.81
So(x) Worst 3. 358E-238 106521 565145 5849.19
Sd 0 17755. 6 66506. 4 355. 865
Meantime/s 4.89038 4.49999 3.70225 0. 653673
Best 0 5.208E-18 5. 054E-10 6. 093E-09
Mean 0 1.515E-11 4. 884E-08 1. 314E-07
Sio(x) Worst 0 1. 962E-10 2.265E-07 4. 5425-07
Sd 0 4.543E-11 6. 804E-08 1. 052E-07
Meantime/s 11. 037 7.16095 3.0924 3.15588
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B g ACMTM-MVPA MVPA PSO GA
Best 0 5. 462E-136 2. 923E-62 1. 523E-103
Mean 4. 464E-216 1. 718E-136 7. 430E-46 9. 567E-97
S (%) Worst 4.465E-215 5. 462E-136 7. 187E-45 9. 055E-96
Sd 0 1. 718E-136 2.265E-45 2. 849E-96
Meantime/s 6.48426 6.22983 3.54206 0.965432
Best 0 3657.76 44866 9. 638E+19
Mean 1. 849E-175 4420.91 109 198 1. 221E+20
Sia (%) Worst 1. 849E-174 4889. 16 301547 1. 499E+20
Sd 0 340. 303 75754.5 1. 548E+19
Meantime/s 4.96958 4.60198 3.58518 0. 629629
Best 0 1 1 1
Mean 0 1 1 1
Si3(x) Worst 0 1 1 1
Sd 0 0 0 0
Meantime/s 5.71041 4.73424 5.34137 0. 617086
Best 0 5. 476E+07 1.43017E+11 862200
Mean 7. 7104E-229 9. 107E+07 1.49035E+11 1. 146E+06
fia(x) Worst 4. 033E-228 1. 432E+08 1.59055E+11 1. 454E+06
Sd 0 2. 785E+07 5. 823 92E+09 222340
Meantime/s 9.81748 7.16818 8.33096 1.95029
Best 0 3.393E+08 5. 257E+09 1. 076E+08
Mean 1. 373E-228 5. 152E+08 7. 099E+09 1. 614E+08
fis(x) Worst 9. 827E-228 6. 766E+08 9. 286E+09 1. 985E+08
Sd 0 1. 132E+08 1. 096E+09 2. 588E+07
Meantime/s 14. 0602 7.194877 3. 19886 3.246 96
R®3 EREMREIEER
Tab. 3 Comparison of algorithmic evaluation times
ik Ak
PRI ZL il i8hr ACMTM- WVPA PSO oA PREC M i&FF ACMTM- WVPA PSO .
MVPA MVPA
Mini_FEs 2100 30000 30000 30000 Mini_FEs 2500 30000 30000 30000
Si(®)  1.00E-15 Mean_FEs 2215 30000 30000 30000 | fo(¥) 1.00E-15 Mean_FEs 2595 30000 30000 30000
SR/% 100 0 0 0 SR/% 100 0 0 0
Mini_FEs 500 30000 30000 30000 Mini_FEs 700 24300 30000 30000
f2(x)  1.00E-15 Mean_FEs 500 30000 30000 30000 || fio(x) 1.00E-15 Mean_FEs 830 28860 30000 30000
SR/% 100 0 0 0 SR/% 100 20 0 0
Mini_FEs 2300 30000 30000 30000 Mini_FEs 100 100 100 100
f5(x)  1.00E-15 Mean_FEs 2475 30000 30000 30000 | fi(x) 1.00E-15 Mean_FEs 100 100 100 100
SR/% 100 0 0 0 SR/% 100 100 100 100
Mini_FEs 2300 30000 30000 30000 Mini_FEs 3400 30000 30000 30000
Si(x)  1.00E-15 Mean_FEs 2425 30000 30000 30000 | fi,(x) 1.00E-15 Mean_FEs 3755 30000 30000 30000
SR/% 100 0 0 0 SR/% 100 0 0 0
Mini_FEs 500 30000 30000 30000 Mini_FEs 800 30000 30000 30000
Js(®)  1.00E-15 Mean_FEs 670 30000 30000 30000 | fi5(x) 1.00E-15 Mean_FEs 1085 30000 30000 30000
SR/% 100 0 0 0 SR/% 100 0 0 0
Mini_FEs 3900 30000 30000 30000 Mini_FEs 2600 30000 30000 30000
Jo(x)  1.00E-15 Mean_FEs 4100 30000 30000 30000 | fi4(x) 1.00E-15 Mean_FEs 2715 30000 30000 30000
SR/% 100 0 0 0 SR/% 100 0 0 0
Mini_FEs 200 30000 30000 30000 Mini_FEs 3000 30000 30000 30000
f7(x)  1.00E-15 Mean_FEs 210 30000 30000 30000 | fis(x) 1.00E-15 Mean_FEs 3175 30000 30000 30000
SR/% 100 0 0 0 SR/% 100 0 0 0
Mini_FEs 100 1700 25100 30000
Js(x¥)  1.00E-15 Mean_FEs 100 2220 28090 30000
SR/% 100 100 70 0
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4  ACMTM-MVPA 7& 5 7 58 J& /> 3\ 8 Jr A

Wl DAL S R R D AR P & R B L
WAL R E 1978 4F 11 17. 9% H4NF] 2018 4E 11 59. 58%. T
AR G PO AT T BT R E H %R
PR . b O BN R 2 2 A S U R R ZE H )
RO R A R 0 T U R s K TR
THHRAE Y AR, L B 1 G 3EM: EL B i TR 1 RS A
s, W AR R TR T i R

R4 B 1 B A T 9 HE K B, — A 5 BI04 5 TR
KIER N

h=Al(t + B)" (17)
o B R EE (mm/s) ;¢ R BRI A (min) 5 A B
o IR E B — Rt K I F FE R TR, B &)
FTF K HEK BT S Bok RE SR, AT, %= i
FEARZME AR A U SRR IR L PR R — AR
PEOLAL T, SR, A% S8 9 DL Ak T v A A 38 8 K 3 Pk
%, HRREE R A AN AR AR, AR SCHRE B ACMTM-MVPA
N TR R A XS EAL T, AR RAFRER .

MR SOk [ 13 T H A [) 300 40 % R 0 B 5 5 R D e £
Ao HACMTM-MVPA R4 (18) RIS A Bon T
AT BRSO /B

A

minQ = ZZI((zZ + By LZ)
Horp B 8A B AR RS B 430 )2 [0, 300, [0, 100], [0,
2], Bk BRI B T=1 000, 2 T 5 ELLER, R4 i 1 3¢
k[ 14 ] BRI A P A 4 Il A ik (TR RR AR 4808 ) ik ml )3 ik
(FATAROERE TR ) LA R SR 1S e 1 38 R A4 DA 3 A ity 4
AR, R AT ORIy B0 4% H B0 2 o A A
BRI . th 2R 4 T A1 78 R P B0 A A 0 L A5 58
AR IETE M DL AL 45 S B f2 55 T ACMTM-MVPA Fil F 3 5t
ARARSEVE , AR A A OGRS T4 I ACMTM-MVPA [y
A SAHGE , (F H SCk[ 15 TRT A, (58 RO A e vk i i
RIREH 5000, 4 3CH ACMTM-MVPA B354 k& A 1000
W, L AT L, ACMTM-MVPA ELA 4 b it {1 18 28 R0 45 v 1Y
PIAKEE . FH, ACMTM-MVPA B 2805 8 /00 3920k
J& 15 LA RS 5y B AN SR i fee D e i e i, Tl 22302 B PR
119 52 2 AR

(18)

x4 FEAFEMEERAHRMEEANMUABRMLLR

Tab. 5 Fitting effect comparison of storm intensity formula for each reproducing period by different methods

= =
. SRR ziiﬁ o . SRR Ziﬁ; Ee
W/a /a
A B n F1Q A B n HQ
ACMTM-MVPA 12.721  6.399 0.528 0.03980 100 || ACMTM-MVPA 10.467 7.580 0.599 0.00740 5
FOER AL B YL 12.893  6.548  0.527 0.03980 100 || FIERDOEAIEILBEE 10.269  7.422  0.594 0.00740 5
{5 17.700 10.000 0.601 0.04624 100 | f&45u: 13.400 10.000 0.653 0.00896 5
ik ik 14.690 7.630 0.560 0.04561 100 | fftiki: 11.870 8.600 0.630 0.00844 5
ACMTM-MVPA 12.332  6.724 0.543 0.02530 50 | ACMTM-MVPA 10.198  8.356 0.643 0.00300 2
AR CA LB E 12.573 0 6.910  0.547 0.02530 50 || HIiGROEHEILED: 10.042  8.217 0.639 0.00300 2
(EEIRES 16.800 10.000 0.611 0.02980 50 | f&4u: 13.400 10.000 0.684 0.11318 2
Pk ik 14.230  7.940 0.580 0.02996 50 || ks 11.470  9.290 0.670 0.00340 2
ACMTM-MVPA 11.452  6.924 0.559 0.01770 20 | ACMTM-MVPA 10.318  9.162 0.693 0.00110 1
HiEREEAEST . 11,533 6.969  0.560 0.01770 20 || H@RDEAILLSE  10.211 9.075 0.690 0.00110 1
1Bk 15.300 10.000 0.623 0.02083 20 | f&&u: 11.700 10.000 0.724 0.00152 1
(UBERES 13.140 8.090 0.590 0.01955 20 | flpkyks 11.390  9.900 0.720 0.00152 1
ACMTM-MVPA 11.382  7.724 0.584 0.01280 10
FaE RO LY 11217 7.527  0.581 0.01280 10
14k 14.400 10.000 0.636 0.03166 10
ik ik 12.890 8.680 0.610 0.03260 10
5 4%iE A I RGP AR T A, 45 R R ], ACMTM-

AR X MVPA 783K fift 52 2= 00 Ak ] SR SO 4 AIG 1
SIGH AR B RE , BR H — R R 2RI 2Oy Uy A IS R R A
PrEER BT, AESE BT BEZ B T IR B B, ok d ek
GLBYBE )RR B R RS Ty, DA T i v e A A 14 0 o 5 A2 BAEL
SE BB, I AR BR R HER R T 3894 T A e R IT R
JRIE S FRE T, T AT RO R B30 9 ARG R S
FEHLT 15403 bR B AT B S50, S5 R R W], 5 MVPA |
PSO B3 F GA A Eb , A SCHE H 9 ACMTM-MVPA 783K i 52 2%
PRI RS AS SO SIGH e, i EL A ARG B v o RIS o 53
N TR R R B A XS EL A A I S G I AR R

MVPA X % F 35 B2 A S B h IR 1 e B 45 2508

Ul TZ8A0 1% (4 7 2 U 8, T DA A T 2 oA 5 A= e Ak

(B R 8
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