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Reinforcement Learning—Based Improved Differential Evolutionary
Algorithm for Solving Thomson Problems
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(1. School of Computer Science, China University of Geosciences( Wuhan) ;
2. Hubei Key Laboratory of Intelligent Geo-Information Processing , Wuhan 430074, China)

Abstract: Aiming at the optimal arrangement problem of point charges with the lowest energy on a sphere proposed by physicist Thomson, an
improved differential evolution algorithm based on reinforcement learning, RLHDE_ILS, is proposed. To improve the search capability of the
algorithm, a strategy based on reinforcement learning adaptive control differential evolution algorithm scaling factor is designed, using rein-
forcement learning agents to select the most suitable parameter values for each generation; At the same time, in order to enhance the local
search capability of the algorithm, a two—stage hybrid local search operator combining stochastic gradient descent and sequential quadratic pro-
gramming is proposed for fine search in the later stages of iteration. Simulation experiments were conducted on 8 different scales of Thomson
problems, and the results showed that compared with 15 other representative related algorithms, the RLHDE_ILS algorithm has faster conver-
gence speed and higher solution accuracy in dealing with Thomson problems.
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Table 3 Experimental results of QDE_HLS algorithm and other algorithms for solving Thomson problems under different scales of Thomson

problems

%3 QDE_HLS &£ 5K ## Thomson [0 8 ) E i B A FE R R #14% Thomson |8 @ FHYLIE L R

FAE fEhR EA_SG2 CLPSO_SG S0S PSO ga_fminunc RLHDE_ILS
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=5 Std 0.02 0.01 0.04 0.00 0.00 0.00
Time/s 0.17 0.25 0.53 0.02 0.07 0.2
Best 81.36 81.62 84.30 81.03 80.67 80.67
Ne1 Mean 82.00 81.87 85.68 81.41 80.67 80.67
Std 0.59 0.17 0.69 0.22 0.00 0.00
Time/s 0.73 1.04 2.74 0.08 0.36 0.22
Best 360.83 361.28 387.31 360.78 359.60 359.60
_ Mean 363.00 362.45 394.77 361.48 359.66 359.62
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Time/s 3.87 5.45 10.84 0.84 1.10 3.07
~ Best 1057.13 1057.41 1131.57 1057.84 1055.55 1055.18
N=30 Mean 1058.52 1059.19 1170.88 1059.29 1056.13 1055.27
Sid 0.79 1.04 13.50 1.22 0.43 0.07
Time/s 14.27 19.48 47.63 5.54 5.17 20.11
Best 1 826.20 1826.57 1936.99 1830.16 1 824.62 1823.68
~ Mean 1827.59 1827.35 1 966.80 1 835.44 1 825.36 1823.75
=65 Std 0.98 0.55 11.40 2.68 0.83 0.06
Time/s 26.29 35.07 76.59 10.31 8.53 42.65
Best 4452.83 4453.44 4916.60 4 475.47 4453.63 4448.53
~ Mean 4456.45 4456.45 5032.22 4489.99 4462.58 4448.88
N=100 Std 2.16 1.97 39.30 9.25 13.40 0.20
Time/s 71.23 158.70 196.08 37.93 21.82 115.57
Best 10 246.64 10 247.08 11 260.59 10 327.10 10 254.36 10 236.89
~ Mean 10 250.69 10 250.93 11 406.54 10 353.23 10 309.25 10237.73
N=130 Std 2.39 1.76 62.22 17.83 67.50 0.86
Time/s 480.49 365.47 658.87 140.88 75.68 421.06
Best 18 456.55 18 456.68 20233.22 18 576.59 18 465.26 18 439.72
- Mean 18 461.29 18 461.77 20510.51 18 645.31 18 555.70 18 441.03
=200 Std 3.82 3.08 130.00 41.40 132.08 1.28
Time/s 2129.49 2370.14 2009.26 443.82 226.15 1014.75
RLHDE_TLSvs. +/-/= 8/0/0 8/0/0 8/0/0 7/0/1 6/0/2 /

7% 4 RLHDE_ILS 5.3 5 HoAth DE 2 51 53 oK A A [)
FIAE Thomson [M] R ) SEEGE5 5 . W LA Y, RLHDE_ILS 7¢
BN 0] 1 A 2 BE A T Bk RUDE 22 40 A Ho At 5 3%, i
RLHDE_ILS i, H £ Zb FRAR 4 ] 8 (LA A 5) B 5 RLDE 4H
24 FE H AR ) B (4 R B AT RLDE

Wi 7 ] A0 KA ) 3, 80 28 23 (] AR A5 5 Ry 52 4%, (] it
DAl HE BE ik, {H 2 RLHDE_ILS 8 8475 4R fE AR I Ml i ok
AR FA ) Thomson [A] 81, Y SIS FE -2 R BLLL K a2
PES I B AR T X B . TR R AR AR W BLR T
+, 347 I [H] b Al DE A8 R 04 {H [ EA_SG2 I
CLPSO_SG B35 K, PR Ry 3 PG A58 N B L AA A Ry BB F
A, RLHDE_ILS 53 1 78 3R f# Thomson [A] 7% |- i) ZE B
el 7 () U R A O D3 i B &, k& RL-
DE 559 fll ga_fminunc 559 . [RIRE (50 £k 24 2 150 280
) RLDE I qIDE %5 3 09 W SOKS B AT E fig 33 K W1 RL-
HDE_ILS, 33X ™ & T A I 15 T 0 4 i 5ok A 2% > 458 1l R s
RSB0 AE SR f# Thomson [0 #)A %5t: .

W% 5.% 6 7 , RLHDE_ILS 78 W 25 & 5 th Y Fried-
man £ 55 HE 44 Y5 o0 i B 1.06 F11.19 95348, X 5
Wilcoxon ¥ 5643 #r 15 H AU 2518 — 2.

4.4 ERKHEIGIE

Ay 45 S SR A% Thomson [0 235 (1 WS S5GH & |, 78 784k
R E 14405 8, B SIS I SRAE 14 SR By
BEF M fe A H AR sR AU, B 30 58 14 SISt i 1
{ELAE ]y W Sl 2 1) 7% 42 45 . 181 2 24 3R f# Thomson [1] 81 5.
Bt 2, Horh y Bl 3R H bR R A , ¢ R OR BRSO
A UEL, 2R 2R B bR ok 55 Rl 2 oR BOTAh OB AR f
M. WLUE M, RLHDE_ILS 857 5 ga_fminunc 35 7 76 R FIL
185 N=100,200 Z & ) 45 7] 811 (1) e 2 e 85 4 S — 30, (0.
RLHDE_ILS 1% Yt 8438 F£ A8 T ga_fminunc, RLHDE_ILS %
PEAE ) B HRASE N=30.65.100 ., 150,200 I 1) f 24 i 045
5 EA_SG2 — &, (H i S & f T EA_SG2. EA_SG2 5
ga_fminunc 7F iz J5 — A WS, Ak H PR 0 S50 1
JE A U AL Bk R TS S B AT R P4 & I RL-
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Table 4 Experimental results of QDE_HLS algorithm and other DE series algorithms for solving Thomson problems of different scales

#*4 RLHDE_ILS #i%x 5H{tt DE &5 & % K27 E #M4% Thomson [a] B 19 5036 45 R

LSHADE_c LSHADE_P

FAR fibr  LSHADE IMODE PaDE ALSHADE IDE-EDA DISH RLDE qIDE RLHDE_ILS
nEpSin WI
Best 6.48 6.50 6.48 6.48 6.48 6.48 6.48 6.48 6.47 6.49 6.47
-~ Mean 6.49 6.52 6.48 6.48 6.48 6.50 6.51 6.54 6.47 6.53 6.47
=5 Std 0.01 0.02 0.00 0.00 0.00 0.01 0.01 0.02 0.00 0.02 0.00
Time/s  0.102 8 0.148 4 0.097 2 0.1180 0.1202 0.087 4 0.1810 0.048 0 0.136 6 0.192 4 0.204 8
Best 82.53 82.53 82.06 81.61 82.06 82.08 82.88 82.99 80.67 82.99 80.67
N=15 Mean 83.75 84.20 82.79 81.86 82.72 83.10 84.00 83.89 81.29 84.03 80.67
Std 0.58 0.67 0.43 0.17 0.48 0.61 0.43 0.50 0.92 0.46 0.00
Time/s  0.184 4 0.2102 0.161 4 0.200 6 02210 0.184 0 0.205 8 0.163 4 0.3352 0.868 0 0.2172
Best 375.78 379.68 366.41 364.19 367.67 367.65 372.75 371.76 359.83 381.26 359.60
N=30 Mean 380.77 384.44 370.24 365.47 372.37 376.21 380.56 379.60 361.16 386.46 359.62
Std 1.89 2.47 2.54 0.57 3.87 2.85 3.72 3.44 1.35 2.63 0.02
Time/s  1.137 6 1.2598 1.154 4 1.2260 1.143 4 1.094 6 1.1720 1.060 8 2.3296 1.9386 3.0670
Best 1103.72 112443 107246 1067.02 1073.75 1083.46 1099.49 110541 1055.61 1128.40 1055.18
_ Mean 111569 1138.10 1079.63 1069.84 1078.17 1096.27 1116.63 111503 1058.77 1142.27 1055.27
=50 Std 5.52 7.44 6.83 1.19 2.83 10.80 7.55 5.11 2.44 6.20 0.07
Time/s  6.161 4 6.097 0 53196 5.6712 5.3660 5.1416 52318 5.0512 10.384 4 7.8528 20.114 8
Best 189420 1908.14 185147 1851.69 1853.85 1859.37 189530 1897.43 1824.82 1921.32 1823.68
. Mean 190558 1933.75 1856.19 185494 1859.18 1 876.06 1914.03 191054 1830.19 1939.29 1823.75
N=65 Std 6.27 8.96 3.89 1.78 2.25 13.90 9.02 6.64 5.31 8.33 0.06
Time/s 10.4636  10.5052 8.218 8 9.7412 8.0404 7.990 0 8.253 4 8.0850 18.1406  12.107 6 42.6490
Best  4729.06 4748.11 457327 451829 4564.04 4595.15 473022 473485 4480.83 4780.53 4448.53
-~ Mean  4776.47 4845.17 4583.78 453257 4591.57 4677.69 4769.53 477221 451955 4881.56 4448.88
=100 Std 23.80 31.50 7.70 5.49 9.22 58.70 23.00 21.60 30.00 32.18 0.20
Time/s 29.2762  29.4824 213938 284760 21.5424 21.1658 21.706 6 21.3804  54.3534  29.1242 115.569 2
Best 10912.22 11091.68 10557.63 10419.16 10570.08 1064858 10906.78 10911.22 10320.44 11169.07 10236.89
5 Mean 1102036 11199.63 10591.40 1044849 10612.79 10769.28 11003.21 11013.36 10440.15 11276.69 10 237.73
V=150 Std 50.44 47.32 21.22 11.97 23.98 99.39 42.84 43.41 50.33 45.68 0.86
Time/s 97.1622 979834  69.7536  93.7992 71.0440  69.624 2 734556  72.1716 201.3706 91.6940  421.0622
Best  19675.15 2009831 18943.04 18747.82 18954.49 19100.48 19671.06 19626.53 18538.09 20205.03 18439.96
. Mean 19769.71 20192.80 1899593 18776.54 19043.86 19301.92 19847.83 19861.33 18875.17 20385.76  18441.77
=200 Std 58.80 58.53 28.88 17.25 30.63 188.98 75.52 75.38 144.41 81.52 2.25
Time/s 270.5348 271.1756 204.6766 2657110 208.9676 202.8632 213.2504 207.5458 543.1310 263.1072 1014.7508
RLHDE_ILSvs.  +/-/= 8/0/0 8/0/0 8/0/0 8/0/0 8/0/0 8/0/0 8/0/0 8/0/0 7/0/1 8/0/0

Table 5 Friedman results of DE variant algorithm
%5 DEZEHHEEN Friedman 1545 R

Bk Ranking
LSHADE 7.75
LSHADE_cnEpSin 10.12
LSHADE-PWI 4.25
IMODE 3.00
PaDE 4.62
ALSHADE 6.12
IDE-EDA 8.00
DISH 7.12
RLDE 2.06
qlDE 10.88
RLHDE-ILS 1.06

HDE_ILS Bk RB#E Dh il & Jm i R 5 R R Z LR,
FEA A A YRR IO R4 F B . BT 2, RL-
HDE_ILS 535 i U R A R 48 R R e e 5 42 48 R Al
AR A, 7E MR KA Thomson [A] 5K iR HLAT 1R 463501
It H WSt

Table 6 Friedman results of the algorithm for solving Thomson

problem
%6 kf# Thomson [BFAE &K Friedman #3645 R

Hk Ranking
EA_SG2 3.50
CLPSO_SG 3.50
SOS 6.00
PSO 4.12
ga—fminunc 2.69
RLHDE-ILS 1.19

&3 4 DE RPN E L st £ . vl LB 1 64501
fEUCECT , RLHDE_ILS 832 (1 Wi S ¥4 81 848 H Al 5
e, HAN SR I AN RR IR S4Bt RLHDE_ILS AR 25 4 .

4.5 HEAELS

Shy 565 UE B 4 B SR M () A R, AR TR] e SR s 4
A JE HEATIE R SE R, 45 2 1Y S E f H Friedman £ 5 95174
Bro &Rz 7 i, HA,RLDE £/~ Q-learning 75 L
# DE 9535 , RLDE-L J& 7£ RLDE ) £ Atk in A LPSR )
75 RLDE-L-LS1 275 RLDE-L il A SGD 8.3 3£ 17 Ja) 35
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Fig.2 Convergence curve of algorithm for solving Thomson problem
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Fig. 3 Convergence curves of DE series algorithm
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Table 7 Results of ablation experiment

R7 HEEZWHER

Bk Ranking

RLDE 3.500 0

RLDE-L 33333

RLDE-L-LS1 2.8333
RLDE-L-LS2 4.000 0
RLHDE-ILS 13333
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Fig.4 Spherical point simulation experiment result
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