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(1. NG 2 e 20848 B2 e, WL 34 3130005 2. Vﬁmwfﬁ?ﬁ%rﬁ% FUMEH #BE, Wil WM 313000;

3. BAE K AL, & AR 230009)
 OE: T A RIFTH” ST 24L& 4L (multi-task optimization, MTO), A& 24 5 i 7 134 A FIRT I H2
R, 545 AT 5 ARAL FEA L, 18 4298 B AR B8 P AE FEAT AN IR AT B RAL 2 AT 55, v I8 35 42 1wy ) oK
i 5T B LA R A8 AT 25 SRAVRINT ). 8 2, 6T MTO AH 563 3 / W SCSCRRIEAT B, &L 45 MTO BiF Fdk e Al 3 SR )5,
T2 A7k (multifactorial optimization, MFO) 1 2 F #£8 {4, (multi-population evolution, MPE) i Fh A~ [F] {7 & 3t
ERER, NZAT SR R AT PR . PR . (RIERE. BRI . T HAF B (a7 6] 2 44 )5 A
RIS N T 3 R [ e, S BTSSRI B 3 5 TH) A p ) iR MTO Lo Big; B i, MR AL
MTO £ 2k R4 = 8 BRIl AT N %E%ﬂ”ﬁgﬁé fi}iﬁ%ﬂ DA% 7 FH A3 P Ji 3 7 T i B2 2R SR 2 7 ).
KR LS EREILEEL,; FETEY A ERER T BEITBRE, AN
HPEZ,S: TP18 XEkPRSAD: A
DOI: 10.13195/j.kzyjc.2021.1754
SIAME: R, iz, (B . ZAESMATEELRIR [7]. 425 5 P, 2023, 38(7): 1802-1815.

Review of multi-task optimization algorithm

CHENG Mei-ying't, QIAN Qian®, NI Zhi-wei®

(1. School of Economics & Management, Huzhou University, Huzhou 313000, China; 2. School of Teacher Education,
Huzhou University, Huzhou 313000, China; 3. School of Management, Hefei University of Technology, Hefei 230009,
China)

Abstract: Multi-task optimization (MTO) based on implicit parallelism of computational intelligence is a research hot-
spot and cutting-edge technology nowadays. Compared with the traditional single-task optimization algorithm, optimizing
multiple tasks concurrently by mining the internal parallelism and connotation of swarm intelligence can significantly
improve the problem solving quality and shorten the task solving time. Firstly, the research trend and progress of the MTO
is outlined by combing the English and Chinese related literature. Then, based on the multifactorial optimization (MFO)
and multi-population evolution (MPE) information sharing frameworks, the differences and similarities between the MFO
and the MPE are summarized from the aspects of multi-task search space design, population number, population size,
relying algorithms, information migration nodes, transferred knowledge, time and spatial complexity, complex systems.
Moreover, the core theory of MTO is expounded from the angel of information transfer nodes, modes and types. Finally,
the future research direction from the aspects of exploring the hierarchical intelligent emergence of the MTO complex
system, multi-task population diversity control and expanding application fields are discussed.

Keywords: multi-task optimization; information sharing framework; information transfer node; information transfer

mode; information transfer type; typical application area
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FEAE 23 WG 0T B I 9T, 388 5 SRR A i P iy ok
TR RE B2 R A B AR U TR

11 5% € (computational intelligence, CI) & — 41
2 HAR A R BT AR AR, TR e R 2 s
), 32 AL FE B 1T (evolutionary computation,
EC) FI#E /A% 6 (swarm intelligence, SI) %5 3. Hr,
EC 3 ZHE T ik /R SCAE Py kA S B, T ST = - B4
Fh22 BN W & R AR AT D, B R B A R RS B
A HAIPME SIS B B, 2 3 A C RS IET
P 7IX — L [E AR, 35 B A& AT 55 b B AR 7). Xl T2
TR P ERZAEF D, F T BC M SISLBL 2 AT
5 b HL A 440N “ 2 AT 554k (multi-task optimization,
MTO)” BY JF ki 1t g 2 AT 55 A Bk I o Sk e e
BRFRREHE m = P EACR, s — Pt a s it &
RN R M.

VBN — > 2 W i 70 AU, T S 4, [ 9 40 53k
MTO AT T iZ R AN AL, R Bt — R 505
JEER. SCHR[5-91 % MTO ARG R BEAT T 73 AT I 4,
Herh SCHR [6] 9 SCHR [5] 2E— 5 b 58 35 FISE A, AMTO
MRS RS AR g . ZAT 5515 Bk £ LT HLE
68 22 AT 55 R AATAE o] LS5 7 TR 13 5 4E- MTO it
FUHE R SCHR [7] 3 2 S BT 5 L DL A& ] 13 S
BT P A B SRR DA BCER s ST [8] AL 72
A BEAR DT T 224 55 18] (145 A% 36 STk [91 B0
TH MTO 5355 % Gk A S A7 XF L. SR [5-9]
X7 EMTO B e BT HE I ZE A .

H 2016 4F- Gupta 555! 1 K2t MTO #2 BLK,
FHOCHIE TR I8 A7 38 1, WD b I SCHREEAT 432K,
FE AT 9T 250 T B A HAR R 0] R A MTO 32
FEETHMEELEZER DD ZH FIAK
(multifactorial optimization, MFOPI;2) % F # J#i 1k,
(multi-population evolution, MPE)'%, MFO fI MPE A&
JRAE T AT 55 B) R 3R 0k B3 [F] A H Y, (AT
A Y S, A SC L MFO 1 MPE iy £ 2k, 73 51 18
PA MTO %0 IR,

DX - SCHR [5-91, A SC T2 2N A TR 1) FE A2 3
MFO 5 MPE A iU R AE AR LA FE il B, ST 2% 2R 48
MR A ¥4 8 22 T MFO A1 MPE 92 UM BSR4 2
A 55 [) 5= [R] B 4 B 22 P B A2 0 R R TR L. 2) 5
MTO HLA B #EAT i3, MAE BT i 7 RIS
T3 T7TH VRGN 18 MTO %0 B R, Horh (5 BT #8775
SR B AE SCHR[S5-9] ZE At F3m 7 AR sk Sont B 5 R
T 77 AL SCHk [5-9] J&Ath B3 n 7 “r i B i 24T
F I (AR BT S5 SR BLRREE . FHBVACHEL. HE)
BR) “ETHEFEREEENFERLR” “HT2

55 18] 2% AR S B AL =7 3473 3G T3 BT #
FAINM % J2 75 T 0L % SR AT e e i 70 o “ B
AT BT R < B YR SR i 22 56 1 [R) 4245 R AT
7 W2, 34 MFO #1 MPE 51 % T AN Z O3 i
AT, 3) NE 22 R 528 MTO BEiR 24155
FRRE 22 FEVE R ] LA SR 24T 55 8 7 B 2R 04k A)
SEAL A R BB AR 5T T 1.

ARG R 2 R A 1 I Yo AR g ST/
SR T | R 2% MTO 19 #5538 32, 5 1 MTO
i 6 £EWTFUHE e 55 2 1 WMMTO R 51 1 H MTO {5
L L) 5 A4 2 R BB ORI, IR B T AL R
(evolutionary algorithm, EA) FIRL ¥ #f & 7% (particle
swarm optimization, PSO) ¥ & MFO £ MPE 2 A #l
LN b 3 R 1R 2R 37T R SR MTO 5
A% 0 PR S SR R AR 5 4 715 R B MTO Ak
5877 7).

1 MTORFFRIR =HE

A SC SR WSS AL I ) R 2022 F 4 HL TSR
16 BT S5 A s 5 A A v [ o 52 W) g 0 TR Dy g
SCOCHR A BRI, BARBRAE IR 2 7 AR B E A
(Thomson Reuters) & Afi (¥ 4F F& (AT 5] H 4 )
(journal citation reports, JCR), X A< i @UAiff 57 4513k 2 2L
HIFIHEAT 2007 1) L Multitasking ” B¢ “ Multi-Task 7 4
BRI BEAT R SR I AL R, R 5 AR TR 18 SO A 25 B
TG IR SCHR; 2) F A 0k 28 30 H 5% 5 N SR PR
4 Zotero, il it ScienceDirect. Springer-Link. Web of
Science (SCIE) &8 #(#f . R 308 504 3.

6 F O T MmO ERER T — RAIK
T MTO 8 3, 18 SR R A BBk IG B, %1
XSSO T JCR X PA_E) R R I MTO A8 K 18
AT R Gk, B A 10 Fh S 38 R R A
4.0 LB T 3Tk B4 T 2% 3 1) IEEE
Transactions on Evolutionary Computation Al IEEE
Transactions on Cybernetics [ ] 18 SCHU & 47 71 N 16
T A7 . ZREEXT R 1 73 M m] 0, H AT MTO M5 %
FEEF T EC H 115 % 57X (evolutionary algorithm,
EA) flist A& 81 k] (genetic programming, GP), X FH MFO
SR 55 5 B AL =2, 1 25 T ST Z2AE S5 AL it 55
B WAS 2 W, B4 b T PSO 45, H R I MPE k&
AT S5 A1 BME . R A SR 32 EEARFE TR B Ao 45
Bl e 3T B, DL ARSI B 2
FEENA” NRBEFHATIR, Gk H K 3 RF 5
SR REINE—PIAT R RIS S (R 2 i
/). B2 W, B AR R AL P S — T R MTO
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JESCAUBTI AP JCR —IX A ) 5 5 K R SCH I RITHESE
IEEE Transactions on Evolutionary Computation 14.033 16 EC MFO
IEEE Transactions on Cybernetics 10.090 17 EC/SI(PSO) MFO
IEEE Transactions on Fuzzy Systems 9.376 1 EC MFO
IEEE Transactions on Neural Networks and Learning Systems 8.823 3 EC MFO
IEEE Transactions on Systems Man Cybernetics-System 7.715 2 EC/GP MFO
IEEE Transactions on Intelligent Transportation Systems 6.709 3 EC MFO
Energy Conversion and Management 6.431 2 EC MFO
IEEE Transactions on Emerging Topics in Computational Intelligence 5.539 3 EC MFO
Expert Systems with Applications 4.084 2 EC MFO
Engineering Applications of Artificial Intelligence 4.02 1 SI(PSO) MPE
y

®2 PX—RHFILRMTOR ST

WL TI RFEWICHE KIERE KITER
BRI S A T Bk 2 SI(PSO)  MPE/MFO
RGR - HH: 1 SI(PSO) MPE

WA 35, VA PSO AR FE 512, o 255 LA MPE
1 B IL SRR 42, 8 MTO 7 B6 47 K 2 & 4%
BB, oSO SCA T AT AL BE MTO S K 2 5 T
MFO SEHL £ AT 5515 B 3L 52, UL SRR HE 505 [ 5F 5%
JSR R £ W, 75 0 96 F- ST 2 AT 55t A0 3 i 0 17 P
WAL T — N7 DT .
2 MFO5EMPEXTE

IR A A A G R RN Th B fe S 2 A B8 T IR
2 RS TR 58 3 1015 BAL R R 4. KK Rl 4
BERIBAT 2 T 5, IF M G5 200 1T F 28 HABAT %, 18
IS A N v AR L, U T RS AT S, L A D

2R K A A E AT 2 AT (A1 B V) 4 2 7
Az — e i TR, HAE R 7. A ELRE D Rngn 4t 4s 7
b 2B RRAL, AR SR T LSS I 2 AT 55 AL 3,
SE4% A DLW X L ] .

5% NISEK i 22 55 b P IEARL RS o, (B BRI 6E
BLIRVISE Ak 2 2 AN A2 /)N R B AR, ) /5Ty R0 T, Ty % B
() H AR B BN 23 (8 f1 X, To R SL H b e 2
IS R N for Xo, 206 Ty FN T [RIBS SR A, W) 24T
ZHRERBNY =X, | Xo, E 1R,

B T Y AR R Ay By A2 fi(yr) <
fi(y2) & fo(y1) < folyo). BERE SEFTEI1EBE
XK AB, fi 1 fo YRR IR, 50K f1 R fo [T SR AR,
TEAIAEFH T fo FREAE — E R b2 Hh B fo Bk
JRyER F AL B, RIS B IEE R 100 % F BO X 38, HLi
B ARTER T fi KRR — ERRE Bl

J\if@!
B C

v
=

|
|
|
| Fie
A

1 ZEFMUEBHRZETE

13 f2 120 B8 A SRl IME, RIS B ST RS, B RES A
XA AB X I80X Fi e B IE 3T R, 0 BB i 2 /MT:
% IR L.
2.1 MFO5MPEEERZEI&EXTLL

e 2 — 1 L, R T A AL K AN AR
FE T, s, ..., T, 55 T XS4 Z 725 (8] R0 4E %
AR X F D B X < Xo < ... < Xk, Dy <
Dy < ... < D, MFTF MFO ZAT 504k 48 % 25 A %
NY = (X1UXeU...UXk), RN Y 48080
Dy = max{Dy}, i 2 frox. v F AT 55 T,
(4% D) B T, (4630 D,), H. Dy, > D, 21E 5 R =
[ 4015 Dy = max{ Dy, Dy, }, S AE 55 T, I BUR(T ¢

fiL.

Rl

D,=max{D,} =D,

LT T
E2 ETMFOZEZHERTERE
[Al MPE Ff B 5 4F 55— — X N, &% Fh B 48 22 25 0]
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FEMA, RAEE R ET IR E R, &FEG
WG BT Re 4515 B 7 SRO7 f At se A5 2, ) m]
RA)i MFO 448 28 7% () 4 KO0 A5 A 55 4 B2 o5 KA,
Wikl 3 Frow, il 75 5 MFO A [, X AP R

n(30) L
T@ D:l%:m——r@
1() -

D,=max{D,,D,,...,D,}
&3 ETMPEZEZEERTEILE
2.2 MFOFIMPE =248

7E A — 48 25 2% [A), 3l 3 2 K &2 B (MFO) 5T %%
&) B 5 4k (MPE) 7] $& 55 2 AT &L AL 1 BE. X MTO

SCRRBEAT BRER R B, A MTO 515 K £ 3T MFO fl
MPE S 552 il ek, 2 SRk [11] 25 /0N 25 Sk i I3
AR BT MTO S8 J& MPE (178 . (R AR 5
B2 MFO 5 MPE (1) 5 4 SR, 505 L4 BT i o
). R 7 R AR A KA BRI Ak R L A2 55 T, H
PR fs 0 X, B f SEAH L) SR PR 1. BRI AR
NN, AK€ N) T 34T 55 T, b, 5 H Ar ek 5L
W fL
2.2.1 MFO#AEM

MFO F %252 2 A it 4% AR S K, AR A4 1t
FE VIR Bk 52 3L DR A FH A0, 16 52 31 85 TR 3K RS, 2 Jok A%
(= DRI Y A2 i) 5 M 58 AR AL 38) AR R 1 256

{21 MFOE B AL ZHEZE an P 4 FT .

3k [K] 1%
RIS

HEF
#efF

HIha R

WA EE

B4 MFOZEFERILZIEL

EXGEERE T rl)  FRAHE AR ORI SS
T I 3 B A HEF

EX 2R T ) BRI AEA FAE
% EWSER AT {rd ek, et MR IZ AR S
B RBES IR E 0, WM, = 1/min{ri},s = 1,
2. ... K.

EX3 AR T ) $REFTEIES MK R
&R HIE S

MFO I8 THE A BN AME B vl s i 7, IF
HRAE 7, T BEAFRAE > FOE T 3R K MESS I KA
ANEE B A 55 2H (ESORR I I 5~ Mo ), Wi IR e [ A4
TE e B A T B VRS, SCEATE 5% A) 2 B AL A
&3, 18 BV HREA AT S A RIT B AL = H ). &
14 THMFO S| NEAMZAE S Z Tt (b5
% (multifactorial EA, MFEA)B {4CH,.

&H3%k1 MFEAP

step 1: FEHLAIAGAL N ASMEK, FEAETRCT 2 T AP
current-pop(P).

step 2: 73 AllH N AR AR K ANMESS, IF0-Al N
MMETE K AMES EBEMAA.

step 3: THE AN B B 7.

step 4: 7 current-pop (P) 4 MER MEALIE A
FHIF] 4 RE PR (R SCARAM A S it 52 CER A, 377 AE A
PRAF T M offspring-pop (C).

step 5: ¥ offspring-pop (C') H AN 14 3K it 4 7€ 1T
%, AT IE NAE T

step 6: & FF current-pop (P) F offspring-pop (C)
JE Bl B Fh 3 intermediate-pop.

step 7: M intermediate-pop " 1% 538 N AH 5% £t 1
N ML BT —AHT A current-pop (P).

step 8: ¥ step 2 ~ step 7, £+ 1 A& I A 45 W 26 1F,
Dyt K55 B D0E AR 75 T, % 22 step 2.

2.2.2 MPEZZA&EMAE

HARAES RGh, YK R i B 7
M = Je D9 XU T AR B T A EARAE, IRl 2
SRR [RIAS 1] /D R AR A7 2% A

FEEC A LA 5] N 2 A A e 2 — R 51
FORR, ABAT AL B b TSR i — e 55 % BT S5 AR AL i)
R, T A P R B0 v ) v 4 oR B AL i) R R R
ASTFFEERS B 1A (31 A1) R 403 =03 50 7E 2 H bR
bR ESA A, I R e BRSO R 1S (B2 AN B
FRUA IR G & TR I FAT R ARG I I e
fi. T MPE = ZEARYE AT 55 A H0k BAH R+ Mt &1
TR A AN AR TA) A B 4, PEAS A8 BT R R[]
PR, 1K B [F I A 2 AT 55 00 B 8, 40 B 5 B,

P G

/,_(—17] {’E‘ A/TMH

A

E 5 MPEZEHIEEHLZIES

%2 NAE PSO SH% 1 5 N MPE [ 2 AE 55 ) [F)
4k PSO #.7% (coevolutionary PSO for multitasking,
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CPSOM)!10].

%2 cpsoM!

step 1: BEHLI A K AP 51, 80, ..., sx TR
e K MES. Bl s, (k=1,2,..., K) M N.

step 2: 3 AIVEMY 1, 59, . . ., s FAMRIE NAHE, EE
AT BAE S5 R U AR 25 (8 = 0) MIAMA i (4 € s,
H S R AR 5 (£ =0).

step3: W B M AETT ZUAS count,, BN A TF S
count!, .

step4: HEOFTFIRE s, (k=1,2,...
Ffr .

step 5: PPN IE AR, 5 A A B A 3 SEAB XS
BEL T o0 (8 4+1) > f225(t), W count!, = count! +1,—
Hount! ==, i s AN 55 4 R4, 58T
FEAEAAAE T SARANE, T HARSARANA.

step 6: LA R BE s (k =1,2,..., K) &Rk
PERE AT 25 (t + 1) > fee(¢), U] count,,, =count,, + 1,
— H count,, ==ry, HAth (K — 1) MR EIFIEE 5,

step 7: 7534 step 4 ~ step 6, 47 1 & 7 I 25 o 244,
D KT 5% B O AR 75 T, %% %2 step 4.

b yy oy 3 G R E N/ PRE TR ST 7%

2.2.3 MFO5MPE/fE B ZIELEN

MFO H1 MPE ¥ Jy 5k 3L 2 AT 55 [8] 15 2 3L #8 A
L2 RO W, B 3 A R A A X, X BN A
MFEA £ CPSOM i %} Lt =35 57 [, 41 3 Fiiom.

%= 3 MFO5MPExXttE

K) AN

MFO MPE
TR 1 K

TR RIAS N K-N
WRFBFLI EC SI

BRI N EMERIBER 3 R A S A LA B
TERNER B 5 AL BAE B

I 1) 52 2% B2 EQUEN 2GR

T B R 2Ty TG

H % 3 1] W, MFO 5 MPE A~ [A] i = EAR LT DA
3751

D) R FESVE A [F. MFO 3 B4R #5475 9 EC, 1M1
MPE F ZAKFE T SI, A 3 53 % # % MFO 5] A PSO
B SURACER T 25 ST [15].

2) Pl RUASEAS [, MFO X 1 AP B 58 1 KA
R 45 SR i, BV RhRE R BN 1, T MPE R ER N I, K
AME X R K ANFREE. 75 FEAN [ R i@ 72 7H, MFO
HAZAR BRI I A X3 S 7 A AR, (LR I R
PREREAAS A PR UR 240 KR 1-V; 1] MPE i
HIGE N K- N, /& MFO [ K {%.

3) {5 BIEBHLEIASF. MFO @ id A K T4 &
W B A IS AR B LA B B G AT 45, R 3 ELIR 1A%
i SLPUAT 45 18145 L= 1 MPE 383 P 1 A 38 4+ 4
B BT By My ZHAS B, AR U B A AT 5
I E .

MFO 5 MPE E SR A7 7E 40X 51, {H MFO 584 -
I L 2R R E 2 385 5 SR R P Rl e, X
MPE () 3 [RIE AL FEAR T b — 2 [RIE, 75 R FRAR
[Fi) i B RASE o A [ 48 2% 4 i) 4 i A B AH [ e R AR
UCEURE, MFO 5 MPE [ ][] 521 % 8 1 72 ) 52 2% FE AH
ERSYSESTE
224 ETERRZWAKMFOEMPE ZXKIEIR

5T MFO/MPE [ ZAE 55 A R G L2 — A
% HIE N R G, AN /3 KA EAE TR O, A
F) 38 o VMEIE RS A5 B0 IR, SR AE B B (A A
R A a2 T A R A s M R A, W 6 .

ETMFO/MPE Z{EE MM E R RS D Kk E

Eofinay
i=

H o

=

o
(&3]

‘, ]ﬂ)g
an
8]

..\
\=a
=

Eoinay
gu

SH

=

«,m
oE

6 ETMFO/MPEZESEFRZERAMER
S [K] FE 21 BV A 5 AL A AT 5% 1) R U L = g Y
AR, I, R 2 R G40 M 7T KB, MFO 5 MPE 7&
A AR —EU.

3 MTORLHERHIR A

MTO 5% 2 3 T ML o S e, A A
FE FAT F0 AR IR AT B BERFAE. MTO 5 A1 %55 )
(multi-task learning, MTLUS) 77 X _EARAL, (H AT A
Jo7 X i, MTL [B] I X6 22 AME 55 1647 5 21, AT A 45 5
AMESS R E R % B HA AT 25 R, 1T MTO 3% T
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1807

FHRAT 55 1R 3 A5 B DA AT S5t e, B A5 B
PR AN 22 DR 28R ML, 128 B 0 i AT 55 I S0E
AR o AT 55 SRR R = 1) B 1 (¢ IEIT RS VRUN). 4R
1M, G AT S AT VR AR HE T AT 45 2 1]/ A
KRG, T A ReRME S 5T (14 %R
WK, 70 1) AT 55 1R 58 B 1) 59 I 2 BELRS: B AR UL 8504 T,
RPH B B« ST B 2 B 45 9 BAF 3 77 TH &
A

1) #- P4k 10) 84 2% 35k A RS B 2 AT
FRACTF NG SAT S IR E T 48— MR =0, YR
SEAE A W EA TR BE, H AR
HA I, E BAE 1S F B EAT S MM MR
B AR, MR A B A, AL EER
A AT RN AT 55 Rh BRI BB A7 56, X P S AE 2 AT
Z AR RO B 2.

2) A A 1] AR AR BE AR 0-22), 2 4F 55 ik T
S IR ALY I, S R R B 05

3) 5AL S5 1aME BT R 3 SR B 2 K v I B2 3
A% SCHR [23] 18 5 5250 R B MTO A i /£ T 23
BRI (ARSI E BRI B R EZE Rl T
RN 2 R I B 1 .

£ MFO 5 MPE {5 2 AL ZHESE rfr fl IS AT A2 15 B
(fF B i) WfE#(E B (E B ). &
Bt afs B (5 BB 2A) 45 MTO Kt RE = A4
sZIA 19 MFO 5 MPE BARTE A F— 3, (5 i T3
ML BURFE R A RS BB s 7
s KA A2 R, AL FR 3 J7 1 A A,
MTO #% GBS 7 TR FIXT L.

3.1 FEEEBTRERE

IR SR E S ELEE I MTO 15 BT B AR,
45 RIT R i w2 AR R BUY T
R4 AN REPUE WS, 1M 415 B IE F A I R, A A
FUESS G BRI E H K. B MTO (5 BT 17 ik
BONEFEA R BRI B S8 rmp. &N
rmp- 3T IR A T rmp [ 2 15 B B A RE . E
TNV B AE SRS L] B, AR W2 4 B s, SCER[6] &
TELH D A H IR & A S 8 A8 B A IR, X AN
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