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Evolutionary Multi-task Optimization Algorithm Based on Transfer Knowledge Selection and
Population Reduction

LI Erchao and HUANG Pengfei

College of Electrical Engineering and Information Engineering,Lanzhou University of Technology,Lanzhou 730050, China

Abstract Evolutionary multi-task optimization has emerged as one of the research hotspots in the field of computational intelli-
gence in recent years, with its principle being to enhance the efficiency of algorithms in simultaneously solving multiple tasks
through knowledge transfer between tasks. Since improper selection of transfer knowledge can reduce positive knowledge transfer
between tasks,how to appropriately select transfer knowledge has become a key research direction. Additionally,during the algo-
rithm’s evolutionary process,single-layer population reduction is insufficient to sustain the algorithm’s efficient optimization per-
formance over the long term. Based on this, this paper proposes an evolutionary multi-task optimization algorithm(MTDE-MCT)
based on transfer knowledge selection and population reduction. Firstly,the task population is initialized,and fitness evaluation is
conducted, utilizing a combined index based on Manhattan distance and fitness values for the selection of transfer knowledge.
Next,a subpopulation alignment strategy is applied to eliminate feature differences in transfer individuals between tasks. Finally,
a multi-layer population reduction strategy is proposed,which linearly reduces the task population size based on the algorithm’s
evolutionary stage. To validate the performance of the proposed algorithm.comparisons are made with classic algorithms from re-
cent years using the CEC2017 and WCCI2020 problem test sets. The experimental results demonstrate that the proposed algo-
rithm exhibits strong competitiveness in solving multi-task optimization problems.

Keywords Evolutionary algorithm, Multi-task optimization, Transfer knowledge selection, Subpopulation alignment, Multi-layer

population reduction
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Fig. 1 Multi-task differential evolution method with self-adaptive

dual knowledge transfer
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(High Similarity, HS) . " & #f {2l 4 (Medium Similarity, MS)
FE AR L (Low Similarity, LS)?13 41,
# 1 CEC2017 My 9 A~ 3 fa] i) 4 1k
Table 1 Characteristics of the nine test problems in the CEC2017

benchmark set

S £ 4% & % ZXE AL E
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Ackley(TD)
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Ackley(T1)
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Schwefel(T2)
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Ackley(TD) N
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Table 2 Experimental results of MTDE-MCT and six comparative algorithms on CEC2017
%5 % MFEA EMEA MFEA-II MFEA-AKT MTEA-SaO MTDE-ADKT MTDE-MCT
ClLTS Tl  3.2150X10 2—  3.6724X10 2—  5.8135X10 2—  2.5457X10 2—  3,0277X10 %2— 0.0000= 0.0000
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' T2 1.3357X 102 — 4.3746X102— 3.1550— 1.1894 X102 — 8.8692X10— 0.0000+ 6.5016>x10 *
CLLS Tl 2.0288X10— 2.1084X10— 2.1188X10— 2.0312X10— 2.1205X10— 1.0327X10— 2.3401X1071
T2 2.3620%10° 1.1733x10* 1.1764 X103 2.1377x10% 2.2175%10% 7.6517X102 4.2765
PLEHS T1 2.7218X102 — 2.1687X10%— 3.8101X102 — 2.8063X102 — 2.1686x10%— 7.0295X10= 8.3320X10
T2  1.6286X10 2—  4,2981X10"'—  3.3224X10 3 — 1.1202X1072—  6.7424X10 22—  1.4081X10720 4 5.6195x10 11
PLEMS Tl  6.8264x10 ! 4.0717x10"1 1.7480X 1071 2.7794— 4.0087x10"1 4.4043X 1011 — 3.6066X 1012
ot 1.2642X10%— 1.2457X10% — 1.2087X10%— 1.8857x10%— 1.4704X10% — 4.3894X10+ 6.9423>10
PIeLsS Tl 1.3524X10— 3.4276X107 ' —  4.3258X10° ' — 1.7035— 5.2787X10 71— 1.3366X10 10— 4,7539X 10712
T2 1.1954X10— 3.6461x107! 1.1642— 2.2216— 8.9943X1071 1.5063X1075+ 2.5410x10*
NI HS T1 2.2728X102 — 9.2666x10%— 2.1523X102 — 2.3360X102 — 2.3369X102— 3.8562X10— 3.6632X10
: T oT2 1.7555X10% — 4.4368X10% — 2.6389X102 — 1.7556X10% — 2.3420X102 — 1.4980— 2.0858
NI MS T1 3.7892x10 2 3.2071X1072 1.4323X1072 3.2548X1072 3.6058X1072 2.4653Xx10"1 1.9437X10~13
T oT2 1.8994X 10— 3.1701X10— 4.7611— 1.2381X10— 1.5719X10— 1.4110— 1.1673
NI+-LS T1 2.9774X10% — 2.1603X10% — 3.8111X10% — 2.8646X10%— 2.1637X10% — 1.4539X10% — 8.7224X10
T2 2.2125X10°% — 1.1545x10* — 1.0338X10% — 2.1925X10°% — 2.0939X10°% — 8.4312X10% — 1. 0874X 102
+/—/= 0/18/0 0/18/0 0/18/0 0/18/0 0/18/0 5/11/2

DAL 3 ey e S5t 2 mT LA W 22 2], MTDE-MCT #9 i 853
FEAEXT LU 19 24 55 A0 AL 5 0 vh B iR 1R R i B iR R B
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2) PI+MS Fl PI+ LS Sy &8 434 38 B AR AR AL BE 0] &, DA I
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Fig.3 Convergence curves of MTDE-MCT and six competing algorithms on selected benchmark problems

4.3.2 WCCI2020 X & ko4 25 R & 45 & 57

# 3 J2 MTDE-MCT 5 HiAth 6 #5325 7 WCCI12020 317
B ASTIEAT 30 YT ARAS 1Y B AR MR ESGE I T3 (8 09 X L 2
B R 3 BYSLERSS R A M, MTDE-MCT & &3t 20 ME 4

BT ANME S BRI B TS SR — 2k, xR
MTDE-MCT [ 1E 5 IR £ 5 W 72 52 2% (1 2 4E 55 M 46 1k
BRG] T T RS SR T I 45 SR W A B0 A X 5 SR f) A A
& i1 MTDE-MCT 7 4b 52 2% (i) S B AT B0 19 52 4+ 1

# 3 MTDE-MCT 5 H 4 6 Fxf LIk #E WCCI2020 |- 1 SE 50 45

Table 3 Experimental results of MTDE-MCT and six competing algorithms at WCCI2020
(5 £4% MFEA EMEA MFEA-TI MFEA-AKT MTEA-SaO MTDE-ADKT MTDE-MCT
MTSOL T1 6.4624%10% — 6.1509%10% — 6.0423%10% — 6.1675%10% — 6.2384%10%— 6.0085X10%+ 6.0223X10%
T2 6.4583X10% — 6.0353X10%= 6.0375X10%= 6.1698X10% — 6.2341X10% — 6.0085 X102+ 6.0363 %107
MTSO? T1 7.0001X10% — 7.0000X10% — 7.0000X10% — 7.0001X10% — 7.0000X10% — 7.0000X10% — 7.0000 X 102
T2 7.0001X102 — 7.0001X102 — 7.0000X 102+ 7.0001X102 — 7.0001X102 — 7.0000X 102+ 7.0000 X102
MTSO3 T1 2.0507 X105 — 1.8919x 106 — 2.2583X105 — 3.6552X10° — 7.4529X10° — 8. 1831 10% — 6.7590X 103
T2 2.4898X106 — 5.3039X107 — 1.5344 X105 — 4.2243X10°— 5.8807X10° — 7.7106X10° = 1.1516x10*
MTSOL T1 1.3005%10% — 1.3004 %10 — 1.3005%10% — 1.3005X10% — 1.3005%10% — 1.3003X10% = 1.3003X 103
T2 1.3005X10% — 1.3006>%10% — 1.3004>%10% — 1.3004 % 10% — 1.3005%10% — 1.3003X10% = 1.3003X 103
MTSOS T1 1.5362X10% — 1.5124X10% — 1.5268X10% — 1.5282X10% — 1.5121X10% — 1.5100X10% — 1.5087X 103
T2 1.5330X10% — 1.5347X10% — 1.5296X10% — 1.5275X10% — 1.5118X10% = 1.5113X10% = 1.5108X 103
MTSOS T1 1.5506>% 106 — 1.1024 %106 — 1.2793X% 106 — 1.2536>x106— 4.4588X10° — 1.0443X 10" = 9.9640X 103
T2 9.2307X10° — 2.0156X107 — 7.4272X10° — 7.9839X10° — 2.9706X10° — 8.5350X 103 = 1.2119x10*
MTSO? Tl 3.2976X10% — 3.0204X10% — 2.8644X10%— 3.0652X10% — 3.0160X10% — 2.3577X103+ 2.4414 X103
T2 3.2905X10°% — 4.4283X10% — 3.0850X10°% — 3.0572X10°% — 3.1984X10°% — 2.4314X10°% = 2.4280X10°
MTSOS T1 5.2030X10% 4 5.2104X10% — 5.2118X10% — 5.2027X10%+ 5.2118X10% — 5.2078X10% — 5.2066X10%
T2 5.2027X10%+ 5.2118X102 — 5.2118X102 — 5.2029X102+ 5.2117X10% — 5.2078X102 — 5.2047 X102
MTSO9 8.1691x10%— 7.7682X10% — 1.4240X 10— 7.9946X10% — 7.8251X10% — 7.0405X10% — 6.5320X103
1.6215X10% — 1.6225X10° — 1.6222X10% — 1.6213X10° — 1.6218X10° — 1.6197X10° = 1.6194X 103
T1 3.5774X10% — 2.4360X10* — 2.9856X10% — 3.0606X10* — 1.4191x10* — 2.6008X10° — 2.3187X103
MTSO10 12 1 §760x 105 — 2.2154 %107 — 1.7552X 105 — 1.9508X 105 — 1.7103 X105 — 1.0384X10% 4 1.4222% 10"

+/—=/= 2/18/0 0/19/1 1/18/1 2/18/0 0/19/1 5/7/8
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BAT 30 K. SHEERINE 4 TF]. K 4 LGSR TTH,
MTDE-MCT 5 A 3 /> 458 {4 #H Ho 4R 28 3R 30 5 1 A e
T e 8 BUAE B T AT B8 0 T S8 JROSRE e R 22 2 A R D UL 5 s A
R 2 45 0 Ak T 1 B O T 1 A R

# 4 MTDE-MCT 5 3 M8 {7 CEC2017 (55 5 45 5%

Table 4 Experimental results of MTDE-MCT and its three variants on CEC2017
%5 * % MTDE-XZ MTDE-DQ MTDE-X] MTDE-MCT
CI-HS T1 2.8866x10 16= 4.8110x10 7= 0.0000= 0.0000
T2 2.4237X10 2= 1.3901X10 °= 3.6711e-15= 3.0731x10 1
Ol MS T1 2.5648X10 18 — 2.7756X10 13 — 1.6099>X 1011 — 1.7240X 10713
T2 1.3534X10 5= 7.1622X10 1= 0.0000= 5.3197x10 6
CI4LS T1 1.5269x10 1 — 1.1747= 1.6339X10— 7.6758X 1072
’ T2 1.0245— 2.0302X10= 9.2245X10% — 4.0117X107!
. Tl 8.7909X10= 7.6900X 10+ 1.4201X10% — 8.3001X10
PI+HS - _ o - _
T2 1.5897x10 1= 1.8738X10 2= 9.7992x10" 11— 1.2141X107 11
PLt MS T1 2.0235X10712= 4.5572X10 12 = 5.3583x10" 1 3.2138x10 12
T2 7.2735X10= 6.6585X10= 5.6681X10= 6.9972X10
PILLS T1 5.9216X10712= 1.1983x10 1= 1.5489X10 10— 8.8324 10 12
T2 2.3207X10 %= 1.3738X10 %= 3.5450X 10710+ 2.0433X10°3
NI+ HS Tl 3.3260X10= 3.5776X10= 3.7713X10— 3.3255><12
T2 2.0151= 3.3827= 4.0189— 6.6331X10"2
NI MS T1 8.1224x10 M= 7.2398X 10" 4= 4.0258X 1018 — 1.9473x10° 18
T2 1.4797= 3.6142— 1.2872= 1.0978
NILLS T1 7.3278X10+ 8.8569X10= 1.4974X10%— 8.9503X10
T2 7.7431X10= 7.5145X10= 9.6363X102 — 8.9037X10
+/—/= 1/3/14 1/2/15 1/12/5

& 4 T 4L T MTDE-MCT #l 3 478 {75 CEC2017 il
RAEP S, WA 4T LLE L FEL T CT+HS T1
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Convergence curves of MTDE-MCT and its three variants on CEC2017
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Table 5 Experimental results of MTDE-MCT and its four variants on CEC2017
EX * 4% a=0.1 a=0.2 a=0.3 a=0.4 a=0.5
. T1 1.4904X 108 — 7.1942X107 15 — 5.6899X10 15— 0.0000 0.0000=
CI+HS - ., B - . a B
T2 3.4471X10 2 2.5685x10 ¢ 3.6175x103 0.0000 4.4555x 1011
CILMS T1 7.8562X10 7 — 3.5365X10 2= 4.6638X 10713+ 2.5971Xx10 12 5.6692x10 13+
E . T2 4.7907X10 1 — 2.1685X10 3 — 1.0454 4.2789X 1077 8.9378X10 *—
ClELS Tl 1.6124X10— 8.5560= 5.2242X1073+ 6.0324 1.0407+
o T2 6.9556X10%— 1.9548X10% = 1.0094X1072 4 2.5023%102 3.0328X10+
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(2
% 5 =% a=0.1 «=0.2 «=0.3 a=0.4 a=0.5
PLEHS T1 8.9309X10= 8.0882X10= 8.2064X10= 8. 4607 X 10 8.4407X10=
T2 2.6028X10 2= 2.6937X10 7= 5.7365x10 1= 1.0169X10~ 11 3.3359x10 1=
PI4MS T1 1.0348X10 6 — 8.4085X10 1= 5.7638X10 124 2.0880x10" 1 5.1538X 10712 =
T2 8.4740X10= 7.7052X10— 6.8322X10= 6.8554 %10 7.3858X10=
PI4LS T1 4.6185X10 06— 1.3106X 107 10— 6.0238x10 1= 2.2480x10~ 1 8.1907X 10712 =
T2 3.7236X10 2 — 1.9860X10 2 — 2.0231X10 % — 1.8403X10713 2.5112x10 6 —
NLEHS T1 4.1851X10— 3.5695X10= 3.4665X10= 3.4611X10 3.6106X10=
T2 1.1714X 10— 6.9503X 1071 = 4.3287= 6.7315 5.1285—
NI MS T1 7.1044X10 7 — 6.1605x10 *— 3.6630X10 1= 1.1066X10713 3.5444X10 3=
T2 4.3056= 2.1653= 1.6741= 1.3455 9.3806X 1071+
NILLS Tl 6.3480X10+ 6.2241X10— 6.6870X10+ 1.2714X 102 9.7500X 10+
T2 8.8683X10%— 3.0794 X102 — 1.1844X10%+ 2.4117X10% 8.4861X10+
+/=/= 1/13/4 0/9/9 6/4/8 Base 6/14/8
4.5.2  FPEE R B AR 4 AR AT R S5

1E MTDE-MCT 553k . 75 2215 22 J2 B W 08036 s o
5 R R 0 00 I B AR B, DL A R R ORE s 0 ot R E —
A 2 M AR vh R RE AL B BT T 5 b rE] B ARROR TR R

R 6 ISR A IR B L R U6 1D e AR B R
M Bk Y P RE L SE IR AE SRR W], g =150 BT 55 BOR J U L REWS
05805 AL I T v A 25 AR AT 55 R B A 5
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Table 6 Experimental results of MTDE-MCT and its four variants on CEC2017

% 5 * % g=150 g=100 g=150 2=200 2=250
CLEHS T1 1.2315X10 3= 3.3307X107 17 = 3.6980x10 1 5.906410X 154 4.363210X 1=
T2 6.3240= 1.9578X107 5= 2.7400 2.1611+ 4.2584 X103+
CLEMS T1 8.2376X10 1 — 3.2232X10 B = 2.9035X 10713 1.1290x10 ' — 5.5896X10 12—
T2 6.2971— 6.8175X10" 5= 4.9192X1073 1.0549— 1.6450X 10 1=

. . T1 1.8182— 1.6894= 5.0495X1072 3.4887— 1.4250—
s T2 3.9348X 10— 1.8878X10= 3.3518X10! 4.3916X10— 2.2118X10—
, . T1 1.0960X10% — 9.1514X10= 8.8702X10 8.6167X10= 8.2809X10=
prens T2 3.5112X107 124 6.5435— 2.0280x10" 11 7.1872X107 1 — 9.1252x10 10—
P MS T1 6.1778X10 ' — 4.3953X10" 2= 2.8488X 10712 2.0912x10 1 — 1.0804X10 10—
T2 7.7696X10= 7.8309X10— 6.5214X10 9.8342X10— 6.6438X10=
. T1 1.5257— 4.3310X10 1= 6.1273X10~12 2.2133X10 1 — 3.1384x10 10—
PreLs T2 2.5848X10 1 — 1.5313x10 1 — 9.6277X 10714 2.0910X10 1 — 6.3391X10 % —
NLLHS T1 4.3310X10= 3.3366X10= 3.4035X10 3.5607X10— 3.5917X10—
T2 1.9331X10= 2.7859= 6.4672X10 ! 2.3596X10— 9.9514X107 2+
N MS T1 2.3415X10 3 — 1.1896X 10714+ 6.1617x10 1 7.3856X10 13— 4.6663Xx10 12—

T2 1.2358= 1.1627= 1.4539 2.0916= 1.9050=
§ T1 1.2188X10% — 9.3343X10= 8.5739X10 7.9817X10= 8.7595X10=
NEELS T2 8.7061X10= 1.0304X10% = 1.2243X 102 4.2790X 10+ 7.4242X10=

+/—/= 1/10/7 1/3/14 Base 3/12/3 2/9/7
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