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Recommending best suitable metaheuristic based on landmarking feature
and meta-learning approach

CUI Jian-shuang®, LYU Yue, XU Zi-han
(Dolinks School of Economics and Management, University of Science and Technology Beijing, Beijing 100083, China)

Abstract: This paper presents and empirically studies an implementation framework for recommending the best suitable
optimization algorithm based on landmarking features and meta-learning approaches. The landmarking abandons the
traditional feature extraction techniques and/or approach. The landmarking features are obtained using the simplified
algorithm on the problem and using only the relative performance of the algorithm as the feature dataset. On this basis,
meta-learning approaches are applied to train the metamodel and make algorithm recommendations for new problems. In
order to verify the effect, a set of multi-mode resource constrained project scheduling problem (MRCPSP) is selected as the
objective. Four meta-heuristic algorithms, namely artificial bee colony, ant colony system, particle swarm optimization
and tabu search, are selected as the recommended algorithms. The four meta-learning approaches, namely artificial neural
network, k-nearest neighbourhood, decision tree and random forest, are used to generate the recommended meta-model.
The empirical study shows that all the prediction results point to similar recommendation accuracy, with an average
stabilised around 70 % and a maximum at 95%. The optimization algorithm recommendation based on the landmarking
and meta-learning approach is a new direction worthy of further exploration.

Keywords: landmarking feature; meta-learning; algorithm recommendation; meta-feature; accuracy; classifier; meta-

heuristic algorithm
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A b, FVEHESE M A AE TV 2 0 FL U, 3
iR T7 AR A F]. BPAE LE [\ — B 70 S8t A A
[) () B R, FE B2 2% ) A as, AT T e )
(meta-learning) ) M 2031, 5 ] X % pL 48 = ) Bk
TE 43 R 0] V5 jr) R 1 i R IR AT 5 o) e
1 DL S B Y Aff ) A 23 SRR M. FEAR AL B
FLAIER, - BE A R R Ao E R SR SRR B R
B I, BEHERE O RO 4k B e AN B ok, 1
FHEVE R ROR B — 2% B B Tk B ERAR Y
PEA SR, D2 DRI ARV 5 i) s R 1) v BOAS, B L AT
CEF I RE L 2 T F AU A8 G HoR, 52
BT A M EVEEE T EE R, W T W R K
3 (hyper-heuristics)!® | JG%% > (meta-learning)  ££ &
TR M (ensemble strategies)®!. 1% (island models)!!
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operator selection)!!" 21 57 43 32, Hod, B F o2k 2
IR VEHERF TR EOR, AR5 T WL a7 2] ST 2 4F
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SRR IR 0% 28, R 98 B0 2803 P TR R O 3 2
P, A EMARA FH R FERIS ) 8 E & A R
Z 1) (R, AR — A 4 e B T I A A 4 R
(%) 7] R A K A A4 1 ) .

{ELAS V7 = I 02, 7EAH B 7 SR, AATTAS 297
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M5, o 8 FH DL B T A R AR PO SR A5 &)1 25
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8 (MRCPSP) At Ab i G U81 3% FH N T #¥ (artificial
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¥ #f (particle swarm optimization, PSO) 2% = ## 28
(taboo search, TB)4 'yt Ji & s FIEAE A HERE X B 57
FiE B N T4 25 X 2% (artificial neural network, ANN).
K #5302 48 (k-nearest neighbor, k-NN). H 5 (decision
tree, DT) DA & B AL AR AR (random forests, RF)'914 F i,
5 ) BE AR UG UE HERE RAUR.
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RAFHATWCER. X TG I 5, A A SRR = o
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T PR AL TH RV RE R IRAT SR S n) R DL A FE
0] DAAE A AR i 8 B2 5o 9] 25 [A)3e 4T B0 B AR AE Wi AR B
TAERE LT AR FI8 AT AL A SR 3RS KA
Hibz. 1Ak, v FIMER IR B AL 5 2] o R E R
SKOAH [E] R A 9 i B AE HE 2 D0 A SR R v, R0}
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55 SRR RE DG IC B8 55 2N AN 1511 %, AT 75 BEAR 2 K=
(47 R [ 38— B, 531 3k 6 R A1E (0 A 1. 7 & PR AIE 1
52 1R BURN 56 UF 1o A% o, AR SO = BB BURRAE, 5 1 A2
PR I #5055 )R D% (R R AIE A — TN FL S Hp T
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E () R0 i S A T SR T i R SR R BRLVE IR AR . TE
LI R R A SO b R B, AR R AE T Ve M HE R
TR 238 J2 MR BGA T AR B A 4 N H AHE 1 RCR
22 ETHrfHEESERUCEZENSIERE

BT Mo bR R AR HE R AL RE I Se I R 1
B 3 $AT A0 A0 S50 14 165 10 R A Sk 3R 45 B b o
REAE DA R AT A B35 B PR AR R HE e, 4 R oo B 4.
TN R AR BB 1 R SRR SR R
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B, TERE Ve
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E1 BT FHEEFER B AN SIIESS
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— 20 ) B K 2 B SR AR A e BT
G b AT B P, T L SRR S R BN A 2
PR AREVE A HA B A7) T 5 0 24 SR 30 A i) 8
A b %= 18] 3 £ 7] @ ( jobshop scheduling problem, JSP)-.
259 %47 1] /8 (vehicle routing problem, VRP). k17 F
] @ (travelling salesman problem, TSP) %%, X} Il Zx 4
PATFARARAC T L a1, as, . . ., an, — OB D
FRAERIASE 25 AN [R) B H0 55 A 45 Bk DU D s
AT GEURAE U B[] A PR R A1 e 2 AL 3R B bR T
FRIEZ LB R a1, ag, . . ., 4, BITTER— NI
A EHEEE b, LIS 2% FORAEANF A7 _E i H bR
8 2= AR5 B bR A I 22 0 S92 1 B 3R B 347 HEAL,
it 22 /N BT HR AL 5 H. B J0REE 25 6 HEA7 B A4 BT
H¥ute, 2 5 R 0% S RS B0/ K48, U
18]t B i e B EUHT 549 MR JoAREAE, SR )5 R T
KA AR,

A EN) g2 21 75 2845 ANNL E-NN. DT H
RF, 2 I BL S 2% 2] B0k, 39 n] R B bR e AiE A
SRR T AU TOEARE SR I 215 21 7T 3 K48, SEL

ES TN

3 SERIRKRERS T
31 LWIMERE

K H Matlab (R2015b) 4 £ 52 3. AT H 18 B 1]
B (project scheduling problem library, PSPLIB)?! i%
I 108 I~ MRCPSP SE B Ay B 4. 3 L 55451 RS AR
) FLARFAEAR B80T, SO0 &5 S O B R R e O
ABC.ACS.PSO F1TB IUFf jt J3 & AR 5% 5 S5
TN T AR P JE R, SREL R LI e 1) 48 7]
— &AL (CPU core i7,2.6 G, 64 £7); 2) $2 UM bR
TERS S AR Y8 4T S IKIUAME; 3) B %
SR FHAH 3] 7 4 iR 77 =X 4) Pl 250 38 1 9 20, 54
WHEIESHUR: 1) ABC: Zig M 84 IR N 10, F
— R IE B R AW 7 2 2) ACS: p = 0.2, =
0.1,8 = 1,Q = 40,5k ¥ 15 5.2 B ¥ K FH R ALY
3)PSO:¢c; = 1.2,¢co = 0.8, MM Ew = 0.98 —
0.3 x B AR/ B Rk AR EL, BUbR R BV A
A3 4) TB: 25 5 X G 2-opt AR AC i, 418 5k i e K H
BON20, M AR, 2 2R KN 2V/T.3 X n(n 2 1)
REFNRL).
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M2~ AR KN AT Y 5, S Bd FR A AR S
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3.2 FRENEGISEHAREHE

LI VUG B, A S it T SR E R
T FEAH 5% 0 — LERFAE, 40P 35 e5dE A B KRN B /N e
BB S AH R AME. B 5, A SO E DA H AR e 21
NHUAREFAE. B 5 5 i g R S 4 R AR AL SV AR S
TBATIX 4P LA SR I TR A AR . AR R 0 A0 ST )
TLFE P 3R A5 4 41 10847 4 H bR ARFAE, 23 51 A2 1) $04T
100 % 7] 4T fift; 2) 44T 600 YK AT 47 fif; 3) $h AT 1000 IK
BEALIZEAL; 4) BAT [ 2 I K 60 s.

XL FRRFAE DD b & A S HE T e S, A R
1 2%T MRCPSP [ b br JoRF R HE B, & F — 2P 0%
ST EL 1) 0 R R B 2.
33 JTEIJEE

{8 Fi§ ANN.&-NN.DT F1 RF U fh 7527 =) 535243 3
R DU IR R A A I HERE R O T iR OR B
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ANN S S5 NG 44 22 X 26 34547 i 52 9 S 37 1) 1
A, FE BN Z . BEE LA S 2 . 5%
i 2 406045 B2 B 0 R 4. Matlab $2 41511
o 22 X 6% T B A P — 2RI R AN TR0 e . Tt Y
4% bR % Feedforwardnet() X F hiddenSize F trainFcn
Y 29 2 H A FH U8 36 388 g £ 40 3 A 2 3, B
hiddenSize = 10, 15 &Y 20; trainFcn = radbas, logsig 1%
tansig = # . —. ANN {45 5 {8 i1 DU £ — 3 il {5 41
R, S E 9w 5 9 ABC = 1,ACS = 2,PSO = 3,
TB = 4. AT L0l i) 708 K AR Id v 1, H
RFRIEN0. 410100 % 7~ ACS /=2 2 i S 451 1) e 55
1%, 110001 F7- TB A2 i 5L ik, DL ISHE. ANN-F-2y
AU A B 2 LR KR AE 70 Go LA b, f v HE B 24 84 9 /2
.
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k-NN 2 TR R e i g & F R gEh 5 H
P B ST 1) kAN BRGSO T A a0 B A5 ) SR,
T “ B SRR E LB HEAT 3 2K, I R [
Hh R AN R AT AR AS R B K 22 U T AN S, TR
A& T . B T A% R U, 24 8 k-NN #EAT 43
FAEAFIS, IR BIAR S 2 1.2.3 42—, 735
o H BRI HE 21 1 Bk 4,1 2R oR S A8
ABC, 4 &7~ ] TB, # BLEHE.

AL ME k= 2,3,4,5, 7347 0. A
T B bR AU A, I R 410 IR BEATLERURE A2 356
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333 DT#HIFENRE

DT H 45 50 BRI 2H R VRS AN B3R
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FH DT 5532 5 T AE i 22 10 K 26 1 51 & 9 B34
NG =, 55 2 3 B e A b 5 4B, R 25 51 D S A5
PRRFIEE. A 30k H H BTECYIRAT 1 C4.5 5%, X2
— i S I ID3 Bk, P A R 4 2R 5 T B A,
AT R . A Bt Aok B I, ve Ik 7 B

S22 [ BRI 22 10 8 AN 2 ),
3.3.4 RFFEHLAFRATISRE

RF G55 22 J e S A3 S0k SR 00 2 — AN 43 2%
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(g A 2 G R K H b B B 2 1 2R A AR N
B 4oy R gh . RFJ& T-4E 1% 21 HH 118 48 (bagging)
Ji i, 1 e IJE Gf H i A B LR B AN I 2R A,
FEHEAT kAC 3 15 21 kAN VI ZREE; 28 5 16 DT 3k 75
Ko VR X AT P U SRR B 5 R AR SR AR e A Ay e
B RFHIAHHRE # 5 DT HIAH .
34 SLIREERSR
341 HEFEHE

53 AT AE F 4 2H AR REAE (100 IR AT AT i 600
IRATAT i 1000 I Bl AL A% AR AN ] 5E B 4 60 8) 13E4T
AERE. 42 HE 3371 BT, 20 Sl Ks 4 2H M b R AF 4 B
B 5 ) AR N 4 B a2 SR AT N SR 18, IR
SR SRS AR S50 5 AT B . R 151
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FH 2 1 E504 ] AL, S5t s AHERE A 22 94 9o KA AEfS
FH BRI AE “ [ 52 1K 60s 7 A1 RF 7657 > S92 1 15 0
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F=1 ETHMFRMFERNR/IVERKX /PR ERE %o
TG S 100 X AT AT fifk 600 I AIAT fif 1000 Ji%AR & 5 BT 60 s TEE
% (wst) 65.00 64.00 65.50 71.00
ANN P (avg) 72.40 69.65 71.90 78.00 72.62
B UT (best) 77.00 75.00 78.00 84.00
I 72 (wst) 71.67 68.33 73.24 72.59
k-NN T (ave) 72.95 69.64 74.12 74.01 72.67
BT (best) 74.17 70.93 75.00 75.37
B2 (wst) 61.00 67.50 75.00 79.50
DT 14 (avg) 64.35 73.40 78.80 83.25 74.94
B (best) 68.50 79.50 81.50 87.00
% (wst) 67.00 72.00 79.50 87.50
RF P (avg) 69.90 78.40 84.35 90.65 80.82
B4 (best) 74.00 83.00 89.50 94.00
SEYIE 69.83 72.61 77.20 81.41
0.9 0.76
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FSH EHER KT HARF AT 5] 77 A H R E ARAE & 1229
F2  HHETHASEHE % #3 20N KRNEBIER EHRE %
TR T GRTES HbRRFAE ANN k-NN DT RF

ANN 4200 4350 4350  44.00  42.00 100 IR AT 47 iR 61.50 75.00 71.50 81.00
k-NN 59.26 56.48 57.75 59.81 37.41 600 X AT AT fi# 70.00 60.00 85.00 84.50
DT 4850 4750 5050 4850  43.00 1000 AR 59.50 45.00 86.00 88.50
RF 3400  39.00 3800  47.50 36.00 ERHK 92.50 90.00 90.50 95.50
M 4600 4700 4700 5000 39.60 G5B () S B gt SR 5 HE#E 4 B HEAT LA, 76 204
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151 232 B LI B 20 A R WA, X B H A 2 5
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FRAFAE [ L AHERE B i AR AL 025, 3R 3 AR S )
4 H HARRFAE, SR FH 4 Fh 0 5 2] 7 3R A I HE S v
(B 107R) 1A

B I 20 N B4R, 0 R AR AR SRV 1R 38 47 B TE) AN
AR UEL, 10 3% HARME T 5 45 R IF S8 B/ &
HEF S5 R, R 42 20 DR W B4 180 s 84T I [A] 1t

HAE A A BoR R R 075 2 F116), RN
E, HE AR HER 2R 90 %0 737 & THUHH. ARAEHE3E 205
(1~ 251 i 22 A& 0.32, 35 /N T~ 8% B ph ARk 1) i 22 e A
FEI PR 22 2 0.24, —FAUAHZE0.08. B34 H T
e L AR S H AR e 22 (B 45 R R, B
SR HEFE SR B bR I 22 202 A T A M SRV i i 22
BIME. P4 2R R & o B bR A w22 1 B
e, AT WLBR NS (2 R 16) Ah, BT e I SR A 3R AR
T /MR ZE.

F4 20N RAEGINEFEERS IR ERELR Yo
H A {E (R 22 (TR 60 5) HARME R % BATHH 180 )
75 HFRF L mE LR A hRaE R R U
ABC ACS PSO TB ABC ACS PSO TB

1 9 44 24 2 2 4 8 36 2 2 2 4 Vv
2 6 44 24 18 1.8 4 5 28 04 12 0.4 3 X
3 4 24 1 0.4 0.4 4 44 16 16 04 0.4 4 Vv
4 318 12 02 0.2 4 28 1 02 0 0 4 i
5 28 1 16 0 0 4 1.6 08 08 0 0 4 i
6 22 1 06 0 0 4 16 1 06 0 0 4 Vi
7 66 24 2 12 12 4 56 22 1 0.8 0.8 4 Vv
8 42 62 14 0 0 4 42 44 12 0 0 4 Vv
9 24 0 0 0 0 2 1.8 0 0 0 0 2 v
10 28 12 1 0 0 4 2 1 06 0 0 4 Vi
11 06 0 0 0 0 2 06 0 0 0 0 2 i
2 06 0 0 0 0 2 02 0 0 0 0 2 Vv
13 16 0 0 0 0 2 0 0 0 0 0 2 Vi
4 02 0 0 0 0 2 0 0 0 0 0 2 Vi
15 5 26 08 12 12 3 4 24 04 04 0.4 3 Vi
16 7 52 28 16 1.6 4 72 44 08 1.6 0.8 3 X
17 318 1 0 0 4 3 18 16 0 0 4 Vi
18 24 0 0 0 0 2 04 0 0 0 0 2 Vi
9 12 0 0 0 0 2 06 0 0 0 0 2 Vi
200 4 12 02 0 0 4 4 06 01 0 0 4 i
B 343 178 092 04 0.42 ¥iE 285 138 057 03 0.24
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