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Abstract  Evolutionary multitasking optimization is one of the research hotspots in the field of
computational intelligence in recent years. Its principle is to enhance the efficiency of evolutionary
algorithms to solve multiple tasks simultaneously through knowledge transfer between tasks.
Since inter-task similarity plays an important role in promoting the positive knowledge transfer
between tasks, how to measure the similarity between tasks has become one of the key research
directions. At present, the existing evolutionary multitasking algorithms can be divided into
evolutionary multi-task algorithms and evolutionary many-task algorithms according to the
number of tasks processed. However, these algorithms are not efficient enough in handling both
multi task and multi task problems simultaneously. For example, when evolutionary multitasking
optimization tackles two tasks, the selection of auxiliary task is limited to one of them, and can
lead to the lack of flexibility of knowledge transfer between tasks in the aspect of dealing with

many-task. In addition, the dynamic nature of task knowledge transfer should occur across tasks,
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rather than limited to a certain task or several tasks, which requires the algorithm to have the
ability to adaptively find other individuals similar to the target task individuals in iteration. Based
on machine learning, this paper proposes a framework for solving evolutionary multitasking
optimization, named as MaTML, which combines all task-associated subpopulations to form a
unified initial populations. MaTML employs the skill factors of the target task and its corresponding
population individuals to construct labels and training sets respectively, utilizes the 10-fold cross-
validation to fit the model, and then applies the model to predict that population individuals
similar to the target task compose auxiliary populations, so as to achieve more positive knowledge
transfer in evolutionary optimization. Specifically, in each iteration, the skill factor of the target
task is taken as the training label, and all the individuals corresponding to the label, that is, the
target task individuals, are combined to form the training sample. Then the model is trained
based on the machine learning algorithm, and the model is applied to predict the individuals in the
population except the target task individuals. Since the characteristics of the individuals correctly
predicted by the algorithm are essentially similar to those of the target task individuals, these
individuals can be labeled as auxiliary individuals of the target task. The proposed algorithm can
find the auxiliary populations of the target task in the dynamic population individuals, so it can
not only flexibly select similar auxiliary tasks for three or more tasks, but also solve the problem
of effectively selecting auxiliary tasks at that time the number of tasks is two. What’s more, the
selection of population individuals for auxiliary tasks of the target task is variable and dynamically
adaptive in MaTML, and there is no need to associate a subpopulation with the target task.
Compared with state-of-the-art multi-task algorithms and many-task algorithms in CEC2017 test
suite and WCCI2020S0 test suite respectively, the experimental results show that MaTML has
superior or competitive performance in optimizing multi-task or many-task problems. We also
conducted a detailed study on MaTMIL.’s computing resources, model performance, model stability,
and related components. Finally, an optimization problem of real-world was served as test to further
verify the effectiveness of MaTML.

Keywords evolutionary multitasking optimization; machine learning; inter-task similarity; knowledge

transfer; auxiliary task
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3.1 MaTML %4

TEHLEE % > (Machine Learning, ML) frt*2, &
1155 2% 21 B AR AT 55 CBEARY) 22 [ 14 A fBL 1 [) B i
RZARFAE 55 W AH SCAT: 55 19 F1H AT L A B
A LA A ML ) i B ) T AR & A % ML iy
AT 555 2 R A A SCH R T LA A A e 2
155 DAL HESE.

LR T MaTML [ BEASHESE , i AT 55 =5[]
ST FEE S A TR DT 55 S A Ak AR DU 4y
A AEREAS AR FR LA AT 55 1 Sk e 7 K
PAEAFAEAE S5 25 0] b5 SR 5 i AR S5 i BE I 7 5

KAMES20

O a1 [BeeRT] . [REEETK]
: A5 | train_y train_y train_y ;
> WIZEREA (Bhs TRTEI)
: T y Y TN y
IE:S P, P, Py
Bl train_x train_x train_x
,,,,,,,,,, PAPA AP N\ L
N 173
T T
O RN HAMESS AR
- TIRFAL SRS A,
P
BRI

‘ (BARAES T R
AR

(RiavrE

1

MaTML HE 4
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Xif BB A ATE BT 55 B sh 25 F FRE s 435 I AL
A f 2 B TR H BRAT S5 A LB A 1A AL B A B A
# s ) . iz DE Xt H AT 55 47 00 Ak 42 2 H b5
1155 5 i B R R I 1) 60 TR A8 3. HE 4R 4538 4 T g 2L
RRAR T .

(D A5 25 g AF K SRR AT 55, & T
SAIIAT A O R A ). O T SEEUT 4 ) i AR
W AL SRR BN AR o [0.1]°
() 58— 48 2R 25 (8], 1 A6 A Ak 2k A v, o] DA A o 4T 55
JIT S 7 B S B 2% 5 T

(2) ShA&TFFHE CRIYIZRAR At BT 55 X BiE
AR AR, 1 B & MaTML 4 55 F FhBEAR
& L& EMaT SCERBRAE LR be A B Sk 54 55 DR Bk
— AN RN E ) F R S 33X 2 SOk AT 55 1 F Rl RE
KNFEHEA AR LR FE A AE 1T MaTML 1 3l 45
TR B AE A AR AR b AE S RE 08 78 B R A A
[ 3 1 AR B AR AT 55 S I 1 £ 5. TR B i
2 train_y . MM % 2 b5 25 40 B A DI 2R 50 dE train_x.
H L, TieE 55 50 Z2 /0 . MaTML ¥ RE 41 B 5 T
55 B — FERCR 0 T FRE L O A D AT 55 AL AR T
BEE B Xt 2 Ma TML BA g0 | R0 1 1
M Z—. B FRRERE S REK G E 5 T A
], it MaTML AT 45 7 Fp 3 P A0 3 0 AR5 &
B %A% A 8, i ik EMaT SCHRAT 45 7 b B A 7R 8
J2 PR AE 15 1 25 ) kAR DX D T F . MaTML
AALEAT S W B B 2R,

(3) T4k H bR AT 55 1) %l B Fb 4 2 58 1 ML 4% 2% )
BIENT HBRAT 55 R AR 2R A7 U1 25 58 B 4R 5 3 T
RIS H A5 AT 55 0l B AR, Hoad 2 5 ik EMaT
SCHRA AR K Y X 5. Ma TML - 4% %ff By Bl BE H i A4~
A p SR A5 2, WG A s — T SRR Y
0] DAGRUE S By R R R N RS B ARE 55 R R
(A A FE FRAE L AH B, (5 45 78 08 Ak 1 18] 4T 45 18] 1) %0
YU RS HLA st s 59— O T 3X O v 45 20 1 A o
AR A B AT 45 sh A3k AR, i 1 TR L 58 e AT
55 VR 7 B R A R RS BR T B — AT 45 U LAMT 55 1Y
TR EE R R T LABR T H AR AT 55 40 B A AT 55
R X JE MaTML B3 Z AR R B Z —.

(4) MaTML ik id #2380 i DE i {6 #5% 55 21
52 (OEHC A MER I T A BT AR 55 )
b TAE ARG FR 2 rmp, T I H AR 55
I Yl B ol B 1 R R S AT v R AR, FRATT X L
W DEBHEMAERE T X, +F-(X,,—X,)+F-
(X, — X, Aotk (A8 F P iRE — 1250
(F e (X, = X)) W53 5R I8 T HARE 55 (X,5)

S B RIEE (X0 o AN A S DT 2 2 4 45 ) B 42 ¢
Wit BV H AR AT 55 5 5B AT 55 09 1E ) 0 R A3 2] 5 sk
.
3.2 ETF MaTML fj MaTSVM &%

AN ARG AL A% 27 > B0k e v 1 S ) it
L (Support Vector Machines, SVM) 5 MaTML g
ZREEL B MaTSVM b ZAF 55 5k, 73 n
HARE M MaTML fnfaf 5 SVM 25 4, ik B fa] 2247
Z4—F SVM. SVM 23K fif — 73 2 [a] il ) — Foh T 22
Blde e > Bk, B nl LLUE o — A8 F 1 Ca) B ok
) B Z A BEARTER I 43 H SVM v (4% ek £ AT
DA B B 25 (R AE A 5 g AR P &l 2 Pl

A B
[ ] strsm

O mtrsTe
B aEn

@ urmnT

\/

Kl 2 SVM JRHE

2 W T R R WO SRR R0 e,
HuR X WHbo=0. i THVFHZ T AR
CAR 3Ly Bl B A 55 5% g i A48 Sl B A 55 T1. 4 &
i AEAS (AR 3L Ry H br B e XF g 1918 o B AR AE 55
T2, FEAS i v 55 43 5 76 T 10 R 25 A Ol AR A4S s BV
Y %5 1) & (Support Vector) , SVM T /E i Bl 2 5
I KA SR 1) 1 22 1) ) de KBRS d. 4

f(O)=X"W+b (3
A7 (o) =0, AR X TR £ (o) <<0
M) RN y=—1; AT AW 2 /() >0 By 5L
PO R y=1, BP 2 (3D e 4k o 3R =X () 1 e RAB G
1] A8
max(d) W]
subject to: y;(XITW-+b)>1 4)
Horp, [W s sk i B WO B, v, FORBEA 1 H B
SRR 75 MaTSVM rh FeATTRE RS 1R B VEREA
85 BARAE S5 et B i AR E R0 4E . 5 B ARE 55
Xof 1o B e R 1R i AL 2 2 D FR 4 L Jl i SVML B
P22 T B AR T S5 ALY 4l B AT 55
Bk 2 iR T MaTSVM (gt CRS , Hoad 72 32 %8



36 it " . 2 eIt 2024 4F
I R RE R T YIS B b 25 R Bl B b A ceeeemmeoeeoee
S A T — 1R T O 4 43 2L KO E ALY
&k 2. MaTSVM &k, ‘” f‘“ ‘“
WA FERN N AR % K/ KRRV RS % rmp Bk T TR e
BARUHL Gmax.g=1 i
ot AT 55 T
1 fE DA —H &M Qe [0.17° dhRipL= 4 N \% 2 | Tix
AR BRI R P, e
2. X FRE A R AT A .
3. WHILE g <<Gmax DO Ko
4o MR AR T R T
5. FOR k=1 to K
6. S Y F AT 4 ko 4K HOW R 0 7 A H AR T
train_y B A train_x; o | e | e s
7. IF K==2 THEN B3 BR AT 45 VI 2R AR 1 3 U 2
e iy xR 0 T4 A 0 4
R s R 42 train_y BB 1o A PRAL ) )
lo. END IF MRS B I ZRECE train_x, train_x 5 train_y &
11. END IF TE—BIE AT 5 b B GRFEA. 51T 55 & WA B
12. s SVM X train_x 5 train_y #47 UI %, # (K=2), RV AL N 2 A A Hp i B — 2 B9 N T
AT Titsvm; BORII 55 24T 5 B K T ol % F = A1 (K =3),
13. FABEAD fitsvm 4 A J8 AL 45 & B9 FhORE A 14 F BVHEAT 55 £ MY 2R FE A 430 A F BRI 25, X 2 A
AT L £5 280 5 H AT 55 & J/NAHSE 7 5l Bh AT HM K =2 Bk T B - AT AT — T 4 10+ 68 B T 54
T assist_train_x; F i N/2 IR AT 45 0 F 50 B AT N/2) T 5 —
He FOREL o fengthCurain ) BO AT O HEBE T AN T N/ 2, AT S 5005 31 1
15. IF rand(0,1)<<rmp THEN ) .
6. U 2% (5) % A A5 B WS FRBERN AL S BHERAES | T | KN
17. ELSE A= 8 A5 T, kS8 (I s 14
18. PAT I (6) 2 A A8 A A 17~2417). BRI A5 & » MaTSVM g ik 1 7E L1k
19. END AT 55 B TG 3 3 56l B AT 55 19 ) 8L, (] Bof ol 45T
20. AT () BEFT 3 LR AE 5 % ) 1R B AR 2 2 70T k.
2. WA Part3. F VR BEEEIR. 45 12 47 2045 13 725
22. PATI (8 AT HEREARAE = A T — R BoWAT S B SR BURE AT 55 5 B 1 4 SVM. st
> Effi TT b train_x 45 train_y & JF BB I ARREAR) 5% FF 7
v END FOR SEHEATH b AME S5 HETT 2 5T % 16 BV A GE (T
2% a1, 55 e ) e %+ ELRET Al £ AR SO I 5 o

27. END WHILE

Partl. ${RE FIT5. BILAE D 42 Lo,1]°
R IRAL KN N G —FPEE P I TR
RIS AATE S b 0938 BB THR AT S5 B RE
B 5 IR BRI AEAS AR T K A 55 4 5 OO AR B P il
55 1ATEIE 4 1758 .

Part2. YN ZRAEA, B HARME 55 FPHE SR I USRS
SATENE 11 472 5 H AR AT 55 2 O 2R A 1Y
HRELINE 3. S BT Partl FES S TA
AER 53] K AT 55 HOE BUT 55 Rl BT 55

BB A% (Gaussian Kernel) p& 205 %4 I 4R 2= 18] 20 P8
e 5P 1) 5 4 5 TR i DR AE A6 23 TR H RS BT 43 1
5] 55, 3 % B ) % /D B A HY (Sequential Minimal
Optimization, SMO) {5 A 20 (3) o (Y 25 s 240 fBik
%k AL A IR BBy FM, SR J5 R R A
XPANJE TAE 55 kB AORE AN 1A 64T T0I0 45 3] 35000 £
temp. temp AR 51E5 & MR MEES B P4
ALK, e J5 AE temp IR train_x K/ S
(3 B R e assist_train_x. 7E Il g, FATTR H &
WrNAZ R R B, B R S5k iy . o,
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ETI B C=20,% 25 sigma=0. 05, ¥ a4 & (&
B tol =1X10 7, 8 XHTHL kflod=10.

Partd. AT —ACFPHE. 25 14 173056 24 178
FVE A UG AR R R 7R e B L AR SR B DE
SRV b e JE AR AR, 2 TEORE BUAT: 55 4 Utk 2 1] 0 A
A R R o i SR W A i R U
DE 8.3 1942 )5 5 Ja #0485 R, Bk AR ST
55 16 A7 oIS Sy 55k A AT 55 1) %) 0 AR B B8 X
H R AT 55 #1704 B Be s o 1 38 0 A AT 55
B TE 0] F0 G B8 1 A e, DT I AT 45 e S5
LB A s, FRAT R 28 (5) oy AR Al &
B AE

. FES IR
bR

| RSS2t
P ihiE SR i

\ 4

P4 T AR RLAT: 55 ] 9 1 A 3o 72

Vie=Xiy HF * Xy = Xi )+ F 2 (X0, — X2,
()]
Hrp v, AR X B X, AR
MSARHT p V0 S5 e 1A 1 v BB B 1 N AR, p =5,
X N H AR S5 1 5 B AP HE assist_train_x gL,
X, N BEARE S5 train_x 36 B X Fp ok BUAS K 19
SN S ST HARME 55 5 i B FR R 22 18] Y
SEUL  Ht e HUREE S ROR. B LTS 18 170, It
HHESS k40T A Ptk By B AR A =X (6) iy 7 S
B8 floh AR
Vie=Xi, TF+X,poa,, — X, ) +F (X1, — X,2..)
(6)
Hr Vo RS AR X, R B AR X e, 0ER

G ARHT p Vo d5c 19 A1 B BILBE 5 1) AN A, p =5
X5 X0 B MATE S5 B BB AR 3 Fh 18 B
AT A RS A B AT 75 20 155
AR (D AT 3 AHRAE
U {V,,M , rand(0,1)<<CR or j ==1 7
T X HiAb
o U, ARSI AR ) KR DIRGEZ R L€
[1.DJMFEALEE B (D KR 4E ) MR U, =0 A

— Mo ERA V., BEREEPITR G 4T R
A

UL UL )<L fX)
X, M

Hrp, P, TR T — A

S 2s N WHILE 7§38 R W% AT Partl ~
Part4, B 30 A5 1L & R IS5 ) e K il K A
1155 W T A et f. N L3R 25 3R 51, MaTSVM .
ARBTG5 R W A E S B sh A X Rl sh &
PR AR B A S 3 45 O A R T el B Y o BN
R 100508 40 C A [ 58 R /N 7 RS R AT T 2 AE A
FRE P o sl 28 i AR i A% 780 ) 0000 285 2R op e %L Jr LA
PEE T AT 55 (B AR B 1 22 0
3.3 HEgSRESH

5 MFEA #t, MaTSVM 7E i 8] &2 7% &£ i1 55
75 T BN B 32 B Ay SVM BRI 5. HAA S BT a0
T 2 CHERAS ] AR REAS KN NCGRVEE P RN
FREECH DO ARYERE , N,y SCHE ) i (UL 1B 2) %8
H o 24 SR ) i 2 H /N FREAR B B B N <N,
IE) SVM YR i) 8] 52 2% B 2 O(N? + N2« N+
N, *D«N); Y 3 Re 1) 5 40 H 5 0 A 80 K 29 M0 5%
B, BI N, &~ N, s SVM Il 25 (1 B 8] & 2% B
O(N!+N,*N+N,+D « N) s fEM 1% 0L (N~ N, H.
JITA 1 SRR 1) B ¥ AR R ) - SVM I 5 1) i) 1] 52
e BE R B B R MH OCD «N?) . [ I, SVM I 25 14 B[]
H2E R ON!+ N, « N+N,+D+N)~O(D +N*)Z
], SR AE — WAk A B A AR PR A B ) [R]
AEE OCS) BB AEFRE PR 6 CRVE S 2 47) iy I 1]
SIRER OCN « ) AEEAE PR R 3 47) ifk
S LS 5 17T AR — AR e (L5 14
OB 22 B OCK +n) on i BARAES train_x
KN FHVE AT 55 F FOBE R BRI 2 B 5 2147
5 OCn « £). MaTSVM ] 58 2% BE - O(N « f+
K en’+f)*O(SVMD).

AR TS 5B BE AR (rin_x 1
KN ) —JEEAE B0 ER /N TR RE N AT 55 48 D=
50, PH . B B IR B0 SVML Y i ) 42 2% B N
OC(D «n*) Sk AE A PRI SE [E] 9 52 18T A 1 25 3R

P, . (8

4 ZREHH

EART ., MaTSVM 53 i Bt i) EMT &k
EMaT & 45 B 4E multi-task M3 82 CEC17 #l multi-
task XA WCCI2020SO #EFT b %5 LA IE He 1 fiE.
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Hl
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i 2024 4F

BRI Z A0 A K MaTSVM Hh 48 4 1 2 2 1 0 3 23
B SR RE o BT LA e 455 2R A 5 0 B U 7 52 5 v i
7. B o A TR A i 3% L S A0 A 1) A O A 4
MaTSVM 14 3Pk,
4.1 WikEBEM L REE

CEC17 MM{AEIA 9 AT 1 ) 2l 1 [ R 357
2 D /MEAT 55 AR 42 R B (e A ) AR SS R . CECL7
MEREE ] 43 =25 . 7€ 2438 (Complete Intersection,
CD .#B35r#H 2 (Partial Intersection, PD F1 JGAH 3¢ (No
Intersections ND. FK » 45 56 505 17 FE 56 0L 2 1]
ARARLPE i3k 26 ] {8 7] )23 Sy = 240« i AR AL (High

Similarity, HS) | # %5 #H {2l 4 ( Medium Similarity,
MS) FE AL (Low Similarity, LS). £ 5 X tb H
HET] R Y B 22 TR A0 i B 7E SCHRL 23 b RE 4R 2.

WCCI12020S0 M A A 10 A4S Ik 1) 2, 51>
[}, 55 50 A /MEAT 553X 500 4MT:55 /1 Sphere,
Rosenbrock ., Ackley, Rastrigin, Griewank, Weierstrass
F1 Schwefel 3£ 7 4~ p& £ Kk T %% #% (shifted) | Jig #%
(rotated) #AEA A . a0 3% 1. oo, P1.P2.P3 43Il HH
o B A Bl R % Sphere, Rosenbrock £ Rastrigin
B BT & 50 A B 55 s PA~P10 f 24
PRBCIR A 4L EATHR AL & 50 A5 BT 55

® 1 WCCI202080 Mk LA M LM R
. [i2 5 44
P1 P2 P3 P4 P5 P6 pP7 P8 P9 P10
Sphere Vv Vv
Rosenbrock Vv Vv v Vv vV
Rastrigin Vv Vv Vv Vv Vv Vv
Ackley Vv Vv Vv Vv Vv
Griewank Vv Vv Vv v Vv
Weierstrass Vv Vv 4 Vv Vv
Schwefel Vv 4 v
) 5 A shifted shifted shifted shifted shifted shifted shifted shifted shifted shifted
rotated rotated rotated rotated rotated rotated rotated rotated rotated rotated

Fr LA A & EMT (AL L F1 EMaT fi
ek, BARYE X T 241 %5 (multi-task) , MaTSVM
455 MFEAMY (LDA-MFEAM® MFEA-AKTH™
FIMTEA-SaO ") %5 ;%7 T #8 Z T % (many-task) ,
MaTSVM 43 5] 5 MFEA ., MaTEAM f1 EMaTO-
MKT H#. Hod , MFEA S £ 8Ll EMT {4k 5%
. LDA-MFEA . MFEA-AKT #l MTEA-SaO # &
TAE 24T 55 89 EMT {4655, 1 MaTEA #
EMaTO-MKT #3411 B 2415 1 EMT
AT . X SRR T A 2 0L 2. 3 /.

4.2 BSYERE

TEZ AL %5 Ml 4 CECL7 5256 v, MaTSVM 11y
FiBER /N B N=300,DE 45 H ¢ F=0.5,
X ¥ CR AR (9 AEL0. 4,0. 6 138 il v B, 1
R Z rmp=0. 3; MFEA,LDA-MFEA , MFEA-
AKT J MTEA-SaO 4 3¢ 2§k & W J5E ek 11 ]
C16 ] L17 )0 SCHR[46 047 — B f5: R ke Rk AR
R Gmax=1000 X, 52 56 fdf F A 5] 1) BE HLFH 5
HEAT 25 WM S IB 1T

e Z AF 55 Wik 48 WCCI202080 52 5 s
MaTSVM Rl #E K /N5 N=7500,DE 9457k
KT F=0.5,32 X AT CR B 9FE[0.4,0.6]
Y B P R RS 3 rm p=0. 35 A4 SCHRC19 ],

MFEA [ F0 B /N E R N=5000, MaTEA [ fif
BEK /N N=5000; 4 3C#k [ 20 ], EMaTO-MKT F
BER/NSE N N=5000. HAHA 2 50% B 7 R
SCERCILT L9 RN 20 ] PR — B B R Bk e R % AR
WECH Gmax=1000 X, 5 5 {5 FH A 5] 1) Bl LA 5
HEAT 25 ML IB 1T

CR=0. 4+ (0. 6—0. 4)/omeo’
4.3 £ CEC17 BB ERNRER

Jii5 MFEAs 15250 MK 45 R i3 2 fros. 16
S, H bR R RIS N RE 1 7 34 1H w8 ok O B
EERE AES B (R 500 B K1
Wilcoxon 5 F A 45) H ok Ml i MaTSVM Fik 5
HAx 4 4~ MFEAs Z [0] (1 8 3% 25 5. Joop, I
FOREAF AR A5 7 = R T ROR T LR
MR b MaTSVM B AR 45 B 4p” 227 . “ K
ZIFHAE".

M 2 R, Bk 18 M55 b MaTSVM 7
PEBE BA 9 MU T HE MFEAs, 388 T4F 45 gk
— 2 R GIAE ] B PS5 FI PS8 Y A AT 4 MaTSVM
RAGEFHEL . EE S MTEA-SaO 5 MaTSVM A
A 3e g, Bk 7 AT 55 B SRt . X T e 2 o
MTEA-SaO H A B idi b oK fift 4 & £ K i . MFEA-

(9



1 4 ZBASGE . HET LA > B AL 2 AL 55 AL HE RS 39

% 2 MaTSVM 5 MFEA .LDA-MFEA .MFEA-AKT #1 MFEA-SaO 7£ CEC17 {26 &£ R (D=50)

i) FE 1£ % MFEA LDA-MFEA MFEA-AKT MTEA-SaO MaTSVM
T1 3.97e—01— 7.62e—01— 3.99e—01— 1.02e—02— 2.88¢e—04
CI+HS(P1)
T2 2. 34e+02+ 1. 61le+02+ 2.22e+02+ 3.47e+01+ 3. 64e+02
T1 8. 84e+00— 7.34e+00— 1.02e+01— 1.57e+00— 3. 46e—01
CI+MS(P2)
T2 5.2le+02— 3. 84e+02a 6. 64e+02— 3.05e+02+ 3.82e+02
CT+LS(P3) T1 2.01le+01+ 2.09e+01+ 2.01e+01+ 2.12e+ 01~ 2.12e+01
- T2 4. 87e+03+ 4. 77e+03+ 4. 32e+03+ 3.6le+03+ 1. 15e+04
T1 9. 0de+02— 9.85e+02— 7.53e+02— 1. 88e+02+ 3. 86e+02
PI+HS(P4)
T2 7.72e+00— 2.27e+01— 6.02e+00— 3.13e+00— 2.35e—06
_ T1 3. 66e+00— 4, 46e+00— 4. 27e+00— 1. 44e+00— 9.47e—01
PI+ MS(P5) _
T2 1. 12e+03— 2.11e+03— 5.47e+02— 3.50e+02— 1.20e+02
T1 2.02e+01— 2. 04e+01— 7.10e+00— 1.8le—01— 6.57e—02
PI+LS(P6)
T2 1. 73e+01— 1. 95e+01— 8. 96e+00— 2.08e—01+ 4.87e—01
T1 2.20e+03— 2.48e+03— 7.04e+02— 7.71le+01— 5.52e+01
NI+ HS(P7) - 5
T2 4. 35e+02— 3.58e+02+ 3.62e+02+ 1. 03e+02+ 4. 05e+02
NI MS(PS) T1 3.99e—01— 6.39e—01— 3.44e—01— 1.02e—01— 1. 90e— 04
T2 2.96e+01— 2.5let+01— 2.54e+01— 3.10e+01— 5.55e+00
NI LS(P9) T1 7.46e+02— 1.55e+03— 6. 65e+02— 2.41e+02+ 3.80e+02
B T2 3.26e+03+ 5.20e+03+ 3.65e+03+ 3.46e+03+ 1. 09e+04
Friedman rank / 3. 6389 4. 0000 3.1944 1.9267 2. 0500

AKT MFEA {453 5 7€ P3 1 4E 45 T1. P9 11 55 T2
#: 0 MaTSVM, 1fii LDA-MFEA {1 P2 ¥J{F % T2
Wb ARAS 5 MaTSVM K2y AR 1 45 8. H it AT 55
B b A, MaTSVM TE R 153 19 S 1 i % H b e
MFEA-AKT. LDA-MFEA . MFEA fl MTEA-SaO
R A

2553 B B ARG SE 2= FR BT Friedman
test 45 HL15 H (1 F 3 HE4 MTEA-SaO 45—, MaTSVM
SRS Lk 4 Bl & MFEA-AKT,MFEA fl LDA-
MFEA. 2 . 78 CEC17 [a] i X 4 I+, MaTSVM
(254 PEBE i 2 i T MFEA-AKT.LDA-MFEA fI
MFEA, H 5 MTEA-SaO #& # 3% 4+ . MaTSVM
HR IR T

(D) 78348 H A5 A5 55 00 %l By B0 B o B by dd
Bl 2 B35 SVM AT LUTE 3l 25 v of o b 750 000 8 1)
FRRE AR 5B A L A B AR EAS R 5 H
P AT 55 TR A B 22 30 AR AL A 55 T 19 O T
HIREE L 268 1 Al 5

(2) TEAE S5 fb b, MaTSVM 2k ] 17 20 (5) 1Y
J5 2 S IR AT 55 18] 5 42 58 3t - X F oy X4 A5 H A
AT 45 5 4l B RP R 119 1 1) 0 18U % T DL REAR L B
1R A8 s [R) B LA A Y R S R A AT 3 AT
55 Wi SR

AN NI S i I Sl £ B ) MaTSVM 1y
W SIGH JE A BT LB ) MFEAs W SR | 3 0 f 4
(s B A b o -

(D XFF CI+-HS(PD) [a] @, 7E & 2] P1 584
FHAE 1 15 A AR I0) A8, 32 1) J8 ok 9 A [n) v B 25 )

Ak s MaTSVM 5 MTEA-SaO 43 B 7% % T1 H
T2 F3RA5 b 80 tE. MTEA-SaO 15T 4 T2
AT MaTSVM 1 Jt & H B B 3 oK i A 1k
PR W 2 R 1] LA AT 55 22 [ 11 s AR 0L 1 5
AR AL RS

(2) X F CI4+LS(P3) [a] @i, MFEA-AKT 5
MTEA-SaO 73 BITEAT: 55 T1 A1 T2 b3R5 f5 47 19 1
Sk 45T MFEA-AKT 7844k i 72 A e 8 S B
7 L B A M R 7] 1) A8 OB R TR AR
JEE R B 1) R ) 5 2R RE 3 FAT: 55 0] 9 60T A% s8R
HEH ,MaTSVM 1E14k T1 B 3K415 5 MTEA-SaO
KL —BHEfe.

(3) PS5 g B 43 AH 28 19 B A ARL [ R, U B 7E 52
— RS AP AT S 2 R B (B s A, A
IR HAL AL 0 ME B 2 A BT 3 KL T MaTSVM 7 %
[5) R 1) e A AT 55 v X AR A B G 04 Wi S RE L U B
MaTSVM TENL#S 2% 2 B3k SVM K AT 55 Z 6] H 4%
28 (2R (5)) A B B AL B PS [a] 8.

(1) P7 5 P8 AAMAL M. #E P7 |, MaTSVM
5 MTEA-SaO 73 e 55 T1 #1 T2 AR b 1Y
Wkt it — 2 R B, MaTSVM £ P8 bili e 1
HERBERS R AR S fe , #F — 2L Ul W] MaTSVM
JITHE A BIL A B

Zig bk NER 2 I SEI g R 51 5 ry i Suth
RERT N TTACAEAT: 55 B0 b s 55 L Ak A v 1Y
WGBSR oy B, SEER 45 RIUESE T MaTSVM A
HHEMRFE RS 05 13, MaTSVM 76 T A 4 Ff
JF L) MEEAs Hr R B 4,
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1 —~ MFEA-AKT-®MTEA-SaO 10°
y S —~ MFEA-AKT-0-MTEA-SaO
5 LR MFEA—$-MaTSVM > LDA MFEA —4-MaTSVM
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1 4 ZBASGE . HET LA > B AL 2 AL 55 AL HE RS 41

4.4 7£ WCCI2020S0 (5] 31 £ i il izt 45 32 59 Bk 50 F R I MaTSVM B9k 5 H A& 3 4
JEA (1) MFEAs B9S2 30 M 45 S an g2 3 iR, 6 MFEAs Z A/ 5035 25 5. b L3 4 2R & 47

S b, H bR R ERGE R - S8 0E R DR P T 1Y MZE P 7 = R BRI A I Bk B

PERE  AESBG T INA (HAT 520 8 K Wilcoxon  MaTSVM FEfELE R L 057 “ 227 KLY HHSE”.

% 3 MaTSVM 5 MFEA .MaTEA .EMaTO-MKT 7Z£ WCCI2020S0 S/ [ &5l 5 MELE W/ ER(D=50)

i) 1T %% MFEA MaTEA EMaTO-MKT MaTSVM
T1 1. 85e+01— 1. 80e— 04— 1.31e—25+ 2.58e—20
T2 2.72e+01— 5.76e—04— 3.36e—25+ 1.38e—18
P1 T3 1. 34e+01— 1.05e—03— 2. 64e—23+ 5.76e—23
T4 1. 998e+01— 2.72e— 04— 1. 18e—25+ 1.52e—22
T5 1.82e+01— 1.93e—04— 2. 44e—25+ 1.57e—18
T1 1. 67e+04— 2.92e+02— 5. 44e+01— 4.72e+01
T2 2.63e+03— 2.82e+02— 1. 0d4e+ 02+ 1. 18e+02
P2 T3 2. 24e+04— 6.82e+02— 2.8le+02— 4.91e+01
T4 1.0le+04— 2.83e+02— 1. 25e+02— 1. 15e+02
TS5 1. 40e+05— 7.19e+02— 4. 86e+01~ 4. 81e+01
T1 5.39e+02— 4, 54e+02— 1. 83e+ 02+ 3. 60e+02
T2 5. 64e+02— 5.03e+02— 1. 26e+02+ 3.69e+02
P3 T3 5.56e+02— 4. Tde+02— 9.25e+01+ 3. 86e+02
T4 6.53e+02— 4. 69e+02— 2. 48e+02+ 3.77e+02
T5 6.59e+02— 4.5%e+02— 1. 48e+02+ 3.58e+02
T1 2.69e+01— 2. 00e+00— 1.02e—03— 1. 65¢—13
T2 9.5le+04— 3.65e+04— 7.25e+01— 4.77e+01
P4 T3 6.08e+00— 2. 46e+00— 2.93e—02— 6.24e—07
T4 2. 06e+01— 2.36e+00— 4.8le—09— 3.94e—13
T5 1. 34e+05— 1. 02e+02— 1. 19e+02— 4. 83e+01
T1 5.99e+02— 4. 88e+02— 9.85e+01+ 3. 88e+02
T2 6.80e—01— 3.16e—01— 2.05e—02— 3. 40e—07
P5 T3 3. 85e+01— 2.37e+01— 2.03e+01— 5.42e—02
T4 1. 12e4+03— 4. 65e+02— 1. 24e+02+ 3. 44e+02
T5 5.56e—01— 3.67e—01— 1.0le—02— 5.20e—06
T1 3. 16e+05— 1.92e+03— 1. 06e+02+ 3.77e+02
T2 6.39e—01— 3.13e—01— 3.42e—03— 4. 34e—06
P6 T3 7.50e+03+ 1. 45e+04— 5.27e+03+ 1. 26e+04
T4 2.96e+03— 1. 58e+03— 2.85e+02— 4. 82e+01
T5 6.10e—01— 3.07e—01— 4.27e—03— 3.99¢—06
T1 6. 74e+00— 2.43e+00— 7.82e—02— 1. 90e—06
T2 4. 65e+02— 4. 62e+02— 8.90e+01+ 3.79e+02
P7 T3 4. 41e+01— 1. 99e+01— 2.89e+01— 6.43e—01
T4 8. 56e+00— 2.37e+00— 3.58e—04— 2.57e—06
T5 5.93e+02— 4.59e+02— 1. 68e+02+ 3. 94e+02
T1 5.39e+03— 3.09e+03— 1. 50e+02+ 1.58e+02
T2 2.02e+01— 8.37e+00— 1. 95e+00— 1. 70e— 04
P8 T3 8.9le+02— 4, 48e+02— 1. 24e+02+ 3. 71e+02
T4 6. 76e—01— 4. 86e—01— 1. 78e—03— 3. 42¢—08
T5 5.99e+01— 5.62e+01— 2.33e+01— 2.25e+00
T1 1. 09e+05— 1. 29e+03— 4.95e+03— 1. 15¢+02
T2 2.03e+01— 8.3let+00— 1. 08e—01— 3. 10e—04
P9 T3 5.43e+02— 4.53e+02— 1. 45e+02+ 3.87e+02
T4 5.93¢e—01— 3.0le—01— 4.28e—03— 8. 6le—07
T5 5. 56e+01— 5.62e+01— 3.27e+01— 2.67e+00
T1 2.02e+01— 7.83e+00— 7.53e—01— 1.78¢—03
T2 8. 45e+02— 4. 24e+02— 1. 42¢+02+ 3. 74e+02
P10 T3 6.18e—01— 2.43e—01— 1.29e—03— 2.82e—05
T4 5.57e+01— 6.2let+01— 3.20e+01— 2.95e+00
T5 4.31e+03+ 1. 40e+ 04~ 7.16e+03+ 1. 35e+04

Friedman rank / 3. 8600 3. 0400 1. 6200 1. 4800
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W T RIEA R 2R 3 R iR B )8 b
SAME SIS I 45 5. 35 4 MaTSVM,MFEA . MaTEA
il EMaTO-MKT #£ 10 A4~ [a] & 1) fir 45 4T 55 3k 45
P18 F5 - fidf S BR. TT THD 45 S 3 A AR AT R A 0

% 4 MaISVM5 MFEA MaTEA EMaTO- MKT #£ WCCI20SO
BrEENMEESPTRENRFHYE

[ 5
MFEA MaTEA EMaTO-MKT MaTSVM

P1 0 0 47 3
P2 0 0 17 33
P3 0 0 50 0
P4 0 0 5 45
P5 0 0 17 33
P6 3 1 16 30
p7 0 0 17 33
P8 0 0 15 35
P9 4 0 16 30
P10 2 0 19 29
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T1 A T4 B F 3 E WSt £ 18 G i 3R 3D, A
A F MaTSVM Byl s B2 ALK T EMaTO-MKT.
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(1) B T BR%L Sphere 4b, B 6 R — i #y
BT R PO, BRI PO S FIr A 10 A ) b b5 oy 52 2%
i —A~. R 4 13t MaTSVM FEiZ [ BT 50 S E
55 RS 30 IR AR W] MaTSVM 7E SVM 5
AR E e 2GR Go) g LR R 5 i T
B 34 MFEAs, %t P9 AL B T R 45 1 8508

AL bR 43 A AT 0, PR A Rosenbrock 5 pR %K
Ackley A= AT 55 8 R 52 7% P9 WU Rl 5 AT 55
T1.7T2 435 Rosenbrock Fll Ackley 4= B, 2 % by
S a R sk 3 fros. B 6 iy POC(TD 5
PICT2) 43 5}y it 5 MFEAs 78 A8 I AT 55 19 i S5t
LR 3) BB LR W] T MaTSVM 7E 1
AT 55 BP0 T v i I B T — 2 X 1S 5 T
AR SC T4 L SR
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44 it "

Hl

o
-

i 2024 4F

e 2 FRATTHE I 33X 2 PR O e B A A B KT 2
SRR (MTS) K Jay 5 43 A Al 1T 19 R 56 B OR
W CLEKT) 23 51 76 1 F 54T 55 18] 9 48 AL AT 813
MR IHFE TR E MR, W MTS &5 H
BLES 2 ) J7 1 MMD Gl KP4 22 53 38 2o 2 3 % o
BOKE T e e 23 1] 09 500 e 9 2 g 2 2 n) e i
LEKT j@ i Jj H 4541 5 A8 88 )5 38 7 o A
SEPE E AR5 5 0 BT 55 IR RS 3K A o R AR
S BEINE: 1 38 17 AL X F MaTSVM, B 3R 4 Ik
3% AXHT 2 X AT R AT B R 5 B RN R R B AN T
BT R, R EAA S HARE S R T
GRS e W A (A= R 1 B o L1 2 N T €1
B EAL B P1~P3 . P4~P7.P8 fil P10.P9 3% 4 4~
43 B 1 0] R 32 47 ) [ 2 2 3 3 R 4 IR A 43
FrEATA5 20 I T i 5 A . P1~ P3 J [a] B AT 55 19 1)
B B4 B AL A 50 AME 55 44 0 — A eR B2 R
(W 4.1 99) s PA~P7 BA1E A& B 50 MEF
B 3 AN AN R Y o 04 B P8 R P10 45 [ i 4 & 1Y)
50 MESSth 5 AN [ 1Y R B4 B T PO Sk e A2 AR
(4 1) 25, B AL B 1 50 AT 55 B 6 A AS [ 119 oA Ak 4l
B PRI o B 9 X a4 4y B Y ) A AT 5 R T M
i, P1~P3 7 75 211 i 8] fe 2>, ok Oy P4 ~P7.P8
P10, P9, H 78 W] — Bz [n] B8 v Jr i #E 14 11 35 ¢ 4
MZEARK. LA BTl 1,4 i MFEAs 55315 76 4b 3
WCCI2020S0 [n] & 1) - 34732 17 1 [8] K 2 /NHE T Ry
T(EMaTO-MKT) > T(MaTSVM) > T(MaTEA) >
T(MFEA).

% 5 MaTSVM 5 MFEA .MaTEA #1 EMaTO-MKT 7£
WCCI20SO0 [a] 73 i= 1T B F ¥ B 8]

N GRS
[ 25
MFEA MaTEA EMaTO-MKT MaTSVM

P1 529. 43 641. 31 2426.73 856. 97
P2 541. 06 662. 77 2478. 19 870.08
P3 558.71 678.02 2520. 68 910. 42
P4 631.55 710.92 2528. 40 942. 08
P5 630. 74 715. 84 2527.16 1069. 33
P6 635. 97 721.49 2531.08 1031. 99
pP7 642. 68 746. 28 2550. 84 1054. 27
P8 681. 15 801.12 2839. 89 1469. 23
P9 807.33 948. 87 2964. 45 1728. 60
P10 695. 64 829.51 2872.03 1487.92

4.5 HEAGHH

H TRV MaTSVM o 4 i 558 W 114 52 1, A 4y
XF MaTSVM ) 3= 2 21 5 35 43 28 47 7 fil (Ablation
Study) A58 LAIE B 33 26 355 g £ 09 A5 BV, Fi
()43 A o] 1, WCCI20S0 U i 4 b CEC17 i ik 4
A A, PR AR T 2 WCCI2080 ) i3t 42 33 47 52 3.

FAIXE MaTSVM ) WA (R AL Uk 4T T 58 8. &
T3 50 < P B ATLAf A AR T 00 A AL A A A L L T
N MaTRM ;T A AR AL A 44 AR T30 AR 0
AR EE R MaTRP. 2501k & 5 ik 5056
PRAF— 2. X =g A T2 38 A8 44 1] L 57 3R
1725 W AE S B (R 500 3 K P
Wilcoxon £ 5 B A 56 FI R ik MaTSVM & 2 4>
fi A S Z 1] Y S35 22 57 S IR 45 RNk 6 .

% 6 MaTSVM 5 MaTRP MaTRM 7 WCCI20SO
BMEBENMEESHRENRITFEYE

o ik
MaTRP MaTRM MaTSVM

P1 0 0 50
P2 11 15 24
P3 5 15 30
P4 2 5 43
P5 1 13 36
P6 3 10 37
P7 5 8 37
P8 4 7 39
P9 3 8 39
P10 4 7 39

M 6 g 2 BnT . HHE 2 F R K
I . MaTSVM 7 P1~P10 (94 B 50 AT 45 3k
15 5 I f B 80 H 43 90 R 2 50.24.30,43,36,37,37,
39.39 F1 39, 8% T AER] 8 P2 Z 4, MaTSVM # i
FERCE T o5 1 L B8R e — 2k R AE P B ARAR
B BBGR B 100 %0 B R B DL 4 X Y AR < g
MaTRP 5 MaTRM. HJFEKF 4 HranF .

(D X F MaTRP, B AGAT 55 b B v i 1) b
A A ) BE £ th AIL#S 2 > 0 5 H AR AT 55 A HHALY
AR B, PR G o E AR AT 55 5 %l B R RE A7 5 2 1 1
T HRAE RS o 5 350E [ AT RS 1 HE R 98 /b . AT BEL
AT 55 18] 19 110 A 2 2.

(2) X F MaTRM, ‘& 1)l Bh R i 2o Bl 411 3% 4%
AL, BEAH AL SR AT 1 - MaTRM % Bl i o
A L MaTSVM il B FRE rb i 4> 0 58 5 25 H A
25 XA 7E MaTSVM o 5 £ 1 1F 1] K
BUER &R s AL A AT 55 it U S

Hy 4.4 553 HT HLE P9 R TE P1~P10 h 2 &
ZRr ), b, i B Rastrigin 5 Ackley A Y
155 30 B WA . AE B 7 i () PO T
PRAI Rastrigin £E B AT 45 1 35938 N7 B e sl ith 26 1
(b)P9 S T A By pREL Ackley A= I AT 55 7 3 35
JEUR Sl 2k . & b R MaTSVM FE i H 1) 3R
15 B R 5 2 A 55 W LAk A A W SR B
TR A ARAT 1 RS B T



1 4 ZBASGE . HET LA > B AL 2 AL 55 AL HE RS 45

IL».JJ‘
i/
=5

—»—Ma'l

I
—
o

Rastrigin [P 3503 N A
S,

4

0 260 460 6(50 860 1000
AU
(a) P9

#
i

Ackley [F1~F- 35738 B 5
=y

aTRP
—»—Ma'T]

,|=9=MaTSVM] ‘ ‘

0 200 400 600 800 1000
AL
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B 7 MaTSVM 5 2 AL e PO H i e S iih 26 141

4.6 EEIMEEED T

R TR RE A B S AP R G & L FR AT 40 i
R #E N=23500.,4500.,5500,6500,7500 &% 8500 jilj
TRABE TR Fr T o R A 15 TN ) A R X ) R Ak
FA 52 . ER I T 5 Y 43 BT AT . WCCT2020S0) [a]
R CECL7 [l AR EXEAR AL . 1M PO 2 WCCI2020SO
[*) R4 v B A2 2% 1Y ) L, PR 3 B PO iE AT S5 EG. AE
28 C=20 Fl sigma=0.05 Ai#E T RA Tz X
P A BUE Y S AE T 25 KGR T BARAFEM N
EAE R B PO JIr A5 A% 45 v AR A5 1 T0000 o off 2 L A 1k
S5 LG AN E T B ARE S BRI AR 2 5 |
ARG H 2 (R JE F B AR AE 55 19 A 1R 10 1k 45
FOVIR f1— f2 2518, Bt A B0 &F Ry 04T 25 I
SR (R EE 2 A UNED .

R7 TEM NERE P FMIHIT 25 RPAFER

7t
5

W/ % AR D RARSER (2 RIEE(E
3500 77.16 2. 44e+03 2.39e+03 5.59e+01
4500 79.92 2. 48e+03 2.38e+03 9. 94e+01
5500 83. 38 2.49e+03 2.36e+03 1. 30e+02
6500 85.12 2.61le+03 2.28e+03 3. 28e+02
7500 88. 71 2.73e+03 2.13e+03 5.99e+02
8500 89.93 2.82e+03 2.10e+03 7.16e+02

N 7 BB B REA R B0 1 K B Y
T B T 4 TR N R e g R 2
BHTAS N ARACEE R 1 B WA K e AT Z ik
FEAE I 2 W 4G K L 15 AR A (1 045 RE T BE FE AR 3 K
117722 5 . 7E 5 B AR /N 5 B ARE 55 FhEE /N — 2
MTEOL N (B 2 5 1447 ~24 17), ERBIL IR
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Background

Evolutionary multitasking optimization belongs to the
research branch of computational intelligence, aims to solve
two or more optimization tasks simultaneously by leveraging
intertask knowledge transfer. In evolutionary multitasking
optimization, finding auxiliary tasks for target tasks is crucial.,
which has become a research hotspot for many scholars.
However, as we have pointed out, although existing litera-
ture adopts different similarity criteria to search for auxiliary
tasks, their knowledge transfer between tasks is limited by
pre-set subpopulation spaces during iteration, resulting in a
loss of flexibility and dynamism in knowledge transfer
between tasks. We believe that knowledge transfer between
tasks should have three characteristics: dynamic, flexible and
efficient. Some criteria are used to roughly estimate the
similarity between two tasks with limited space, while other
individuals in the population that are really useful for task
optimization are ignored. In this way, inefficient knowledge
transfer will occur in the process of task optimization and lead
to the waste of computing resources. This paper proposes an
evolutionary multitasking framework (MaTML) based on

machine learning to address the above shortcomings. The
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main contributions include: (1) a novel evolutionary multi-
tasking optimization framework based on machine learning is
proposed. The main features of the framework can dynami-
cally train the model and predict the auxiliary task individuals
related to the target task; (2) the framework only requires a
large number of individuals to form a unified population, and
the selection of population individuals for the auxiliary tasks
of the target task is variable and dynamically adaptive. There
is no need to associate a subpopulation with the target task,
which solves the limitation of flexibility in knowledge transfer
between tasks due to the use of a subpopulation of the same
size associated with each task in the design. The experimental
results on the two representative test problems and practical
engineering problem show that, compared with state-of-the-
art multi-task algorithms and many-task algorithms respec-
tively, MaTML has superior or competitive performance on
convergence efficiency and accuracy of the solution.
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