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Abstract

Intelligent optimization algorithms have been successfully applied to solveing complex and
challenging combinatorial optimization problems. However, these manually designed algorithms re-
lying on multi-domain expertise are often abandoned after solving specific problem instances, resul-
ting in a waste of computing resources. Therefore, automated algorithm design has gradually be-
come a research hotspot in the field of intelligent optimization intelligent algorithms. We provide a
systematic review of the automated design method of intelligent optimization algorithms. Firstly, we
investigate the relevant literature publication of and keyword clustering to analyze the development
trend and acquire three hot research topics by using bibliometrics: Algorithm configuration, algo-
rithm selection, and algorithm composition. Secondly, we review the existing automated algorithm
design methods and frameworks, summarizing their advantages and disadvantages and analyzing
their applicability in different problem scenarios. Finally, we present future research directions for

automated algorithm design.

Ktin)

etk EE

B 20 &kt

EE S

B o) H ks

B 30 H kU A
WPk oy R TP273
XkbraGag: A

China

Keywords

intelligent optimization
algorithm

automated algorithm design;
automated algorithm
configuration ;

automated algorithm selection;
automated algorithm

composition



2 O, % R B S TR 207
0 = RPN EH RIS 43 NIRRT 8 ¥- I N N T
=

BRI LR T AR REAL R I FELIE R
Bk, Tz TR AR IR R A DA, X 28
PRAR IR R 2 2V 32 AR BUAE H AR R ER A A
B 224 FAR BRBCEE D7 T, T VALY D) (A B H
PR AR TS AR, & AR RS T
1o SEENIATTIEME, BREARIERA R
U (84 SRR R T A R, REAS A A IR fr s ] P
10 A R T AR 2 [ R R TR A R R 5 56, IR B
P R

ST IR IR XERY 2 5 AL Rl b 2R B
WRAFPERE, BUA MR REOL ALkl 3 A Sy
JE I AL 1) b BEIR I oK A ) H Y, i L™ 5
WAL RGN . 15 LA IR SU 5 B A 7T
Oyt Bt 0 SR 8 R Gk s B T R g Ak
Ro N THAMFERA R, BREMT L/ A Zhi
TR AR Z 3 2 R B R G

MR TERN T, Bae Rk m A s
BT RA ML F—, Asiierikgd fes b
U R NSRRI FAI A ) A TR RPN a2 N
ARERETRRE J7 o 55—, WA A Zh L HE S
FISS 1O IR AR, A 3k 1 ) B0 7

pep —

TR L, BB R E R e BT B
W, 2 B SRR RE AL Tk A sh ot T ot
IE, HBAF T —E DT RCR

SR, H AT REUL AL T4 A S i &
GEPELRIR M s Z o KT, YAl eI (L5 1k
H Bh Bt AR e £rid T 2R BT A Sh 2RO 7
WU W H BV I A Sk R S A STkl S
LRI oy A i M. BeAh, B ZRik
FAEME R L A Zh iR N BRAT, XX
BREAR A BEAT 00T, BSR4z I SCRR -4 7 i X A
KBTS o

Hit, ASCIEE T RITERT S 5EA, xR REDL 1k
SV B S B DG SCHR R I AT 1 404 5 A4
A, DA JHE i 322 U R F 58 BOR 5 B4, I — 25
JEBERR MBI N . BFFHERNIE 1 s, A
M 55 NI P B 23 ol R T 1 5
Peortire Hor, SCRRITHE 3R 20 B e i A SO
W A 073 728 AT D0 0 5 B 1) L BRI SR A B W B T2
KRBT I T, TR R GE R R F 5
HEZRL s SCHRN A M il o Wt — 2 %8 3 AR TTBE5E
FERN A BEATIRA T, BABTIX TR 3 KA AT 5T
7 ] R R BUIR 5 BT AL, O B4 e B RE AL Ak

BNz, =, MTREEARO BT 8% A SRR 5 1l .

> AR SCRAHT ] TR KR

> SRk T > SCE LB AT

BPEAUE . CNKIAL ]+ﬁw%%£@

e (h3C) , WOS| [ e

g%ﬁwg%__ﬁbﬁ<ﬁi> Ll SCHERI BT
A ikt

> IR EE—. AiEEAS

> SCHRN BT s I L L e P = ) R e 3
L HTIERR = AShARES

Bl 1 BRI HELL

Fig.1 ~ Overall research framework

1 HIBESCHR Vo br

AR B SCRRIH B CiteSpace X8 RENL AL
Sk B ShBHTEGE 30 AF AR 5 SCHIK ) e SCHRE A
SKRHIL LS RIS T T I L B, MR RE L AL

Bk A S BRSO R JEARDL . TR
R
L1 HiEskiR

ARSCHL LR IR BEOUAL T A BB PP
SCHRR IS T 1 P ] B S B 30 P —— [ 4 4



208 = RE5 34 54 &

( CNKI) %54 % #11 Web of Science ( WOS) 4% 0> B 42
Vi K CHiAEILe" A sh Bk e R ae i ik
R 2 A R AR SN HES AL, B R
PR 1 A A 32 SCRRH 22 P9 25 HEBR S5 AR B 5T
MBI SCHR G , B ILFRAT A & H SOk 41 5,
IR 166 5

F 1 BREMAETE B SR S SRS 2R OC R
Tab.1 Search keywords of related literature

for automated design of intelligent optimization algorithm
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Tab.2 Keyword co-occurrence frequency table of research of automated design of intelligent optimization algorithm

e KAt in] PR JF5 KAt in] BIR
1 optimization 34 18 constraint satisfaction 6
2 algorithm 30 19 reinforcement learning 6
3 design 19 20 differential evolution 6
4 evolutionary algorithms 16 21 evolution 5
5 genetic algorithm 13 22 vehicle routing problem 5
6 combinatorial optimization 11 23 machine learning 5
7 algorithm selection 11 24 selection 5
8 search 10 25 ant colony optimization 5
9 automated algorithm design 10 26 classification 4
10 parameter tuning 10 27 discovery 4
11 combinatorial optimization 9 28 intelligence 4
12 automatic algorithm configuration 9 29 heuristics 4
13 genetic algorithms 8 30 automatic algorithm design 4
14 global optimization 7 31 adaptation 4
15 local search 7 32 algorithm configuration 4
16 genetic programming 7 33 multi-objective optimization 4
17 hyper heuristics 6

i & 4 BT, A DGR BR 2K K i rp B 2R TR A tion, automated algorithm design, genetic program-

10 MF5EZE ], 43508 combinatorial optimization, ming, dynamic environments, automatic algorithm de-
adaptive operator selection, global optimization, auto- sign A hierarchical reinforcement learning, 3¢ {r]Jk

matic algorithm configuration, combinatorial optimiza- PRERAS TR 3 s o
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Tab.3 Keyword co-occurrence clustering table of research of automated design of intelligent optimization algorithm

R R e
W oh RS g

) . combinatorial optimisation; multidimensional knapsack problem; local search; swam
combinatorial . . . S e .
0 39 Gimisati 0.802 framework ; aided drug design | multi-objective optimization; artificial intelligence;
optimisation . . . . . . . .
P genetic algorithms; online algorithm selection; online heuristic selection

) combinatorial optimisation; adaptive operator selection; parallel algorithms; evolutionary
adaptive operator

1 36 . 0.840 computation; hybrid approach | machine learning; evolutionary computation; hybrid
selection . . . .
approach ; apprenticeship learning; parallel algorithms
global optimization; algorithm selection; population-based algorithm; recommendation
2 34 global optimization 0.854 system; population-based algorithm portfolios | parameter tuning; offline algorithm

configuration; population-based algorithm; neural networks; regression modelling

. . automatic algorithm configuration; artificial bee colony; continuous optimization; total
automatic algorithm

3 27 . . 0.749 completion time ; non-permutation flow shop | traveling salesman problem; ant colony optimization;
configuration . o . L . . . .
multlob)ectlve optimization; continuous optimization; automatic algonthm configuration
4 2% combinatorial 0.859 combinatorial optimization; parameter control; trajectory methods; stochastic local search;
optimization ' search algorithms | complexity; neural networks; adaptation; search; optimization

. automated algorithm design; routing problem; reinforcement learning; feature identification;
automated algorithm

5 25 . 0.761 search pattern | learning algorithm; multiprocessor tasks; conditional Markov chain search;
design . . .
hybrid flow shop scheduling; parallel algorithms
genetic programming; evolutionary programming; adaptive mutation; magic square;
6 23 genetic programming 0.841 electrical engineering | parameter tuning; evolutionary algorithms; multi-function tuning;
automated algorithm design; fractional-order controller
d . dynamic environments; decision support; moving peaks benchmark ; automatic algorithm
namic . . - . . . . . . .
7 12 y 0.896 configuration; distribution algorithm | automatic algorithm configuration; permutation flow
environments . . . .
shop scheduling; iterated local search; decision support; moving peaks benchmark
. . automatic algorithm design; consistent sublots; hybrid flowshop scheduling; automatic
automatic algorithm . . . . . . . .
8 9 . 0.914 algorithm selection | automatic algorithm selection; automatic algorithm design;
design . . .
consistent sublots; hybrid flowshop scheduling
hierarchical . . . . L . . .
. hierarchical reinforcement learning; hyper-heuristic algorithm; fitness landscape analysis;
9 7 reinforcement 0.968

. automated algorithm design; meta-heuristic algorithms
learning
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