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Background

Large-scale multiobjective optimization
O Formulation of multiobjective optimization problem

(MOP): minf;(x) i =1,2,..,M

s.t. x€[abland M > 1,

where x = (x4, x5, ..., xp) IS the decision vector which
consists a large number of D decision variables, f;(x) are
the optimization objectives, a and b are the box
constraints.

O Difficulties in large-scale MOP (LSMOP)
v Huge volume of search space
v’ Complex fithess landscape
v Multiple interactions:
 Interaction between the variables

* Interaction between the variables and
objectives

Quality

maximize

Price

minimize

Multi-objective optimization problem

An example of large-scale multi-objective optimization —
Community detection in complex networks



Background

Some definitions

O Variable interaction:
x; and x; are interacting iff there exist a4, a,, by, b, statisfying

’ FO)eimana =y < F(x)
f(X)|zi=ag,a;=b, > [(X)

ri=ay,r;=by A

€Iy =if1] ,;I?j Ibz 1

where

f(X)|eimag,z,=bs = f(T1, @1, a2, s 2j—1, b1, ..., D).

O Partially separable:
Function f;(x) is called a partially separable function with k components iff

argmin f(x) = (argmin f(x1,...),...,argmin f(...,Xy)),

X xX1 Xk
O Variable interaction in MOPs:
Convergence-related
Diversity-related




e Background

» Test problem for large-scale multiobjective optimization
 Real-world large-scale multiobjective optimization problems
e Solving large-scale many-objective optimization problems

* Accelerating large-scale multiobjective optimization

 Future Challenges



Test problem for large-scale multiobjective optimization

Motivation
O No existing benchmark test suite for LSMOPs

O Promote the research in large-scale multi-/many-objective optimization
F(x)

Properties of the proposed LSMOPs:
O Uniform design formulation. /\

. . f G(x*5
O Scalable to number of objectives HO) (x*)
O Scalable to number of decision variables k
O Exact shapes and locations of the PFs B Yo by () I (KD) C L

v' F(X): Test function

v H(x/) : Shape matrix

The structure of the designed test problems.
F(x) = H(¥) (I +G(x"))

f1(x) = hi (¥) (1 + g1(x))
J2(x) = ha (¥ ) (1 + g2(x*))

v G(x*) : Landscape matrix
v hi(x)),... hy (x"); Shape functions
v 31(x%),..gu(x*) : Landscape functions

v C : Correlation matrix fu(x) = hyr (%) (1 + gm(x*))
v L(x*): Linkage function The formulation of the designed test problems.

Cheng R, Jin Y, Olhofer M. Test problems for large-scale multiobjective and many-objective optimization. IEEE Transactions on Cybernetics, 2017, 47(12): 4108-4121.



Test problem for large-scale multiobjective optimization

Correlation in LSMOPs
O Separable correlation

A0 = [0 - £, () 1 0
1 0
Ci= .
O Overlapped correlation /110 0)
FCS I ACO I M€Y o 1 1 o
‘\ l\ | =1 o . . 0
il xs | e x| X 00 [
\o 0 1)

O Full correlation
H(x) - fi(X) £ (x)




Test problem for large-scale multiobjective optimization

Problem characteristics
O The decision variables are nonuniformly divided into a number of groups.

X' = (X; ey XL;) ‘ Xf = (Xi] ***** xf,nk)

O Different groups of decision variables are correlated with different objectives.

: ., Mo o
cr1 Cl12 C1.M e = hl.(.}ff)(l + 2 j=1 €1y X 81 (X-’?))
3 2, ¢
_ 2,1 2:2 2.M ' fi(x) = hi(xf)(l + Z}L Cij X g’f(xjf))
CM,1  CM.2 CM.M N
100 = g () (1 X o % ()

O The decision variables have mixed seperability.
O The decision variables have linkages on the PSs.



Test problem for large-scale multiobjective optimization

Performance of existing MOEAs on LSMOP
O IM-MOEA, MOEA/D-DE, NSGA-I|
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Problem M IM-MOEA  MOEA/D-DE NSGA-II Problem M IBEA RVEA NSGA-IIT
1. 10E-01 1.90E-02 3.05E-01 6.41E-01 6.83E-01 2.27E400

2 1.32E-01 2. 13E-02 3.13E-01 3 9. 13E-01 7.06E-01 3. 47E+00

. 1.82E-011 7.08E-02 3.23E-01 , 9.34E-01 1.09E+00 4. 18E+00
LSMOF1 4.60E-01 T.O1E+00 2.O07TE-O1 LSMOP1 T 1TE-01 7.01E-01 5.05E+00
3 B.03E-01 1.13E+00 9.27E-01 10 9.15E-01 7.67E-01 5.62E+00

9.75E-01 1. 30E+00 9.98E-01 1.06E+00 8.51E-01 6. 33E+00

6.27E-02 8. 3BE-02 B 30E-02 1.66E-01 2 19E-D1 2.22E-01

2 6.39E-02 8.61E-02 8.90E-02 3 1.76E-01 2.21E-01 2.23E-01

6.80E-02 9.07E-02 9.42E-02 . 1.92E-01 2.23E-01 2.24E-01

LSMOP2 B.27TE-02 B 4BE-02 9.61E-02 LSMOP2 2. Z24E-01 2 30E-01 2. 51E-O1
3 8.S4E-02 8 56E-02 9.93E-02 10 2.36E-01 2.44E-01 2.52E-01

9.61E-02 §.73E-02 1.00E-01 2.45E-01 2.46E-01 2.53E-01

T 45E+00 5.02E-01 1.35E+00 7 42E+D0 BT6E-D1 T.1aE+01

2 1.72E+00 7.08E-01 1.42E+00 [ 1.63E+01 1.03E+00 1.83E+01

) 2 49E+00 7.08E-01 1.75E+00 . N 2.05E+01 1.04E+00 2. 27E+01
LSMQP3 3.26E+00 SA6EF00D 3. 71400 L.SMOP3 1.06E+00 1.0ZE+00 7.73E-01
3 4. A40E-+00 7. A41E+00 4.33E+00 10 2.27E+00 1.O7E+00 4.27E+00

7 .99E+00 7.BBE+00 4.91E+00 3.34E+00 1.21E+00 1. 16E+01

T I1ZE-02 3.12E-02 T.28E-01 1.81E-01 2. 87E-01 2. 79E-01

2 7. 14E-02 6.33E-02 1.28E-01 3 1.82E-01 2.95E-01 2.82E-01

; 7.62E-02 9.72E-02 1.33E-01 . 1.90E-01 3.04E-01 2.84E-01
LSMOP4 Z.06E-01 721601 7 54E-01 LEMOP4 2.32E-01 275601 Z.93E-01
3 2.12E-01 2.22E-01 2.56E-01 10 2.36E-01 2.77E-01 2.94E-01

2.20E-01 2.27E-01 2.71E-01 2.45E-01 2.81E-01 2.96E-01

2. 17E=01 1.40E-02 3.41E-01 4.33E-01 B.7TTE-01 5.37TE+00

2 2.77E-01 1.61E-02 3.42E-01 3 1.00E+00 8.83E-01 6.39E4+00

4.66E-01 1.82E-02 3.44E-01 o 1.22E+00 9.24E-01 7. 79E+00

LSMOPS 6.91E-DI 597E-01 I.48E+00 LSMOPS 7. 54E-01 I.Z5E+00 4. 23E+00
3 9 85E-01 7.03E-01 1.64E+00 10 7.55E-01 1.25E+00 4.70E+00

1. 40E+00 1.20E+00 1.82E+00 1.26E+00 1.25E+00 1.56E+01

5.44E-01 7. 44E-01 7 18E-01 1.54E+00 1.23E+00 1.42E+00

2 6.17E-01 7.44E-01 7.74E-01 53 1.78E+00 1.28E+00 1.43E+00

7.76E-01 7.44E-01 8.72E-01 . 1.89E+00 1.30E+00 2. 10E+00

LSMOP6 865700 1.20E+00 Tsomto0 -  -SMOP6 T68E+00  T.I3E+00  1.95E+00
3 1.06E+01 1. 74E+00 2.45E+00 10 1.75E+00 1.34E+00 2. 17E+00

1.43E+01 2.01E+00 2 62E4+00 2.01E+00 1.36E+00 3.67E+02

2.88E+00 T.12ZE+00 1.7 1E+00 T.07E+00 2. 206+00 & 10E+01

2 4. 35E+00 1.93E+00 2 20E+00 6 2.21E+00 3.16E+00 6.83E+02

. 5.67E+00 2.97E+00 2.41E+00 . . 2. 24E+00 6.41E+00 2. BEE+03
LSMGOE? T 215400 9 A8E-01 TA9E+00 LSMOP7 TAAE+00  2.0/5+00  2.236+00
3 1.25E+00 9.48E-01 1.50E+00 10 1.58E+00 2.59E+00 4.93E+00

1.36E+00 9.48E-01 1.54E4+00 2.19E+00 3.53E400 4.69E+02

1. T1E-01 4. BI1E-02 3. 46E-01 6.69E-01 8. 44E-01 2. 16E+00

2 1.91E-01 4.97E-02 3.47E-01 6 6.88E-01 H5.55E-01 3.06E+00

. . 2 19E-01 5.21E-02 3.55E-01 . 8.07E-01 9.00E-01 3.45E+00
LSMOPE 3.70E=01 5.60E=01 3.15E-01 LSMOPS T ABE01 O 65E-01 G 50E-O1
3 4.02E-01 5.69E-01 3.28E-01 10 7.55E-01 1.01E+00 9.81E-01

4.26E-01 5.85E-01 3.74E-01 §.04E-01 1.03E+00 4.52E+00

6.85E-01 3.20E-01 B 11E-01 T ETEHOD T.05E+01 7. 84E+00

2 9.95E-01 3.36E-01 8.11E-01 [ 8. 74E+00 1.34E+01 8.63E+00

- - 1. 28E+00 3 .42E-01 8.11E-01 9. 14E4+00 1.18E+02 9.13E+00
LSMOP9 I.30E+00 4. 16E-01 1.63E+00 LSMOP9 § 5 51E+01 3.74E+01
3 2. 40E+00 4. 80E-01 2.53E+00 10 1.31E+01 B.3ISE+01 3.81E+01

2.43E+00 4. 90E-01 2.60E+00 1.35E+01 3. 10E+02 4.36E+01

The IGD results achieved by the compared algorithms.
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Real-world large-scale multiobjective optimization problems

The benchmark LSMOPs are regular in terms of their formulations, Pareto
optimal fronts (PF), Pareto optimal sets (PS), etc.

O The multiplication/addition-based form

PF of ZDT1

v (%) = (1+9g(x)) - h(x) )
v f(x) =g(x) + h(x),

&

O Properties of existing test problems

I
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Decision Variable No, Détigion Variable No. Decision Variable No,

The PSs and PFs of some popular test problems.

1

Cheng He, Ran Cheng, Ye Tian, Chuanji Zhang, Hongbin Li. Formulating Time-Varying Ratio Error Estimation for Large-Scale Multiobjective Optimization, manuscript, 2019.



Real-world large-scale multiobjective optimization problems

The time-varying ratio error estimation (TREE) task in the power delivery system
O Problem descriptions

X = (X1, Xan» XB1, """, X » Xc1, " Xcn ) I
(The decision variables of the TREE, the real voltage values) W * .

di = (dg11, ", Aan1,dp11, > dpn1,de1y - dena )

dk — (dAlk' Y dAnk ’ dBlki Tt dBnk ) dClk' Y ank)

(The voltage values measured by k three-phase voltage transformeré:);“

ei_ da1i—XA1 dani—Xan dp1i—XB1 dpni—XBn dci1i—Xc1 de-—an)
pu— ) ) ) ) nmny ) ) nuny 7556,

(Ratio error between the measured value and the real value)

il i i i
D*=(e; —e1,"**,€n41 — €n) Al

(Time-varying relationship of the ratio errors) I B

The data collected from different voltage transformers



Real-world large-scale multiobjective optimization problems

The time-varying ratio error estimation (TREE) task in the power delivery system
O Formulation (physical and statistic rules extracted by experts), including 2~3 objectives, 3~6
constraints, and hundreds to millions of decision variables.

) [ Unknown real voltages (x) ]
/Ay d) =S, [SEe)? A

‘/ fZ(xJ dl! "'Jdk) — Z{'(zl Y, Std(Dl) . 110kV

M1

[ Detected ) Detected [ Detected ]
v/ max{|do(n) — u(n)|.|Bo(n) = p(n)l.|Co(n) — p(m)|} _ . voltage (d4) voltage (d voltage (d3)

pu(r) . )

T T 1okv
1 N-—-1

A smaller (fl(x),fz(x)) indicates a better prediction accuracy.

v lean)] < Cy %/
VAN

v’ /D(dAp) < Cy



Real-world large-scale multiobjective optimization problems

Variable interaction in TREE
O Variable interaction with one function (by DG2)

O Variable interaction with multiple functions (by LMEA and MOEA/DVA).

Problem Part h f2 f3 g1 g2 g3 94 g5 g6
pat1 0 200:200:200 - 600 600 600 - - -
TREEL - ba2 600 0 - o 0 0 -
pat 1 0 400:400:400 1200 1200 1200
TREE2 2 1200 0 0 0 0
part1 0 200:200:200 600 600 600  —
TREE3 o2 600 0 0 0 0 -
part1 0 400:400:400 1200 1200 1200 1200 -
TREE4 D2 1200 0 0 0 0 0o -
part 1 0 400:400:400 - 1200 1200 1200 1200 -
TREES o2 1200 0 - 0 0 0 0o - -
tREEe PUUL 0 300:150:150  300:150:150 1200 1200 1200 1200 600 600:600
part 2 1200 600 600 0 0 0 0 600 0

MOEA/DVA LMEA
Problem
Objectives ~ Constraints  Objectives  Constraints

TREEI 600:0 598:2 600:0 337:263
TREE2 1199:1 1200:0 1200:0 341:859
TREE3 597:3 600:0 600:0 14:586
TREE4 1197:3 1200:0 1200:0 126:1074
TREES 599:1 1200:0 1200:0 199:1001
TREE6  1193:1207 2380:20 1200:1200 2346:54

‘part 1 is the number of decision variables in each group and ‘part 2’ is the number of groups with one decision variable.

Differential groupings associated with each objective/ constraint function.

Convergence-/diversity-related variable analysis
associated with all the objectives/constraints.

v" Fully separable/non-separable and partially separable interactions are involved.
v' Convergence-/diversity-related variables are involved in both the objectives and constraints.
v' ltis interesting to observe the different analysis results obtained by LMEA and MOEA/DVA.



Real-world large-scale multiobjective optimization problems

Performance of existing MOEAs on TREE problems
O NSGA-Il, MOEA/D, GDE3, CMOPSO, MOPSO, IBEA, MOEA/DVA, WOF-SMPSO

Problem  Dim NSGA-II MOEA/D GDE3 CMOPSO MOPSO IBEA MOEA/DVA WOF-SMPSO
I L99E+01(S61E-02)  200E+01(1.826-02)  230E+D1(4.28E-01)  221E+01(1.73E-01)  247E+01(9.22E-02)  2.02E+01(8.83E-02)  S9IE+01(238E-01)  [I30E+00(01E-01)
2 25SE+01(628E-02)  258E+01(8.64E-02)  2SSE+OI(LTRE-OI)  2.68E:01(21TE-01)  3.05E+01(L.55E-01)  2.52E+01(5.01E-02) 248E+01(1.17TE+00)
TREEL 3 385E+01270E-01)  3.87E+01(1.34E-01)  4.28E+01(5.00E-01) 4.44E+01(1.B9E-01)  3.73E+01(5.16E-02) 3.561+01(7.90E-01)
4 526E+01(346E-01)  5.25E+01(233E-01)  6.04E+D1(471E-01) 6.16E+01(1.96E-01)  5.09E+01(7.49E-02) 4.49E+01(1.22E+00)
5 664E+01(285 6.60E+01(259E-01) 7 4SE+D1ATTE-D1) 748E+01(2.87E-01)  6.39E+01(1.50E-01) 5.50E+01(9.68E-01)
T SO06E+014 SOSE=01(272E-01)  5A0E+01(7.52E-01) S63E+01(1.34E-01)  4.90E=01(6.07E-02) 3.40E+01(1.53E+00)
2 LOOE+02(6. 9.00E+01(4.81E-01)  1.09E+02(6.22E-01) LI0E+02(2.21E-01)  9.57E+01(6.25E-02) 6.95E+01(2.08E+00)
TREE2 3 LS6E+02(9.61 LS3E02(5.84E-01)  LOOF+02216E-01)  LSAE+02(310E+00)  LTOE+022.T3E-01)  149E+02(3.36E-01) LTIE+02(1.56E+01)
4 L96E+02(2 52K L92E02(1.526-02)  2I2E+02(134E-01)  LOTE+02295E.01)  212E+02(7.87E-02)  1.88E+02(6.09E-02) ; 1.25E+02(2.40E+00)
5 2.53E+020.00E+00)  24TEH20.006+00)  28IE+02(5.99E-14)  2.48E+02(0.00E+00)  279E+02(5.99E-14)  2.44E+02(0.006+00)  1.30E+03(0.00E+00)  |LISE+02(3.00E-14)
T 220E+02(1.03E-01)  3.58E+00(3 A3E+00) 2 20F+02(5.57E-00)  |LI3EF02(336E400) 2. 15Er02(1.33E+00)  2.02E+03(1.07E+00)  Z0JE+02(6.34E+00)  6.78E+02(3.001
2 ABE0ATIE0N)  TAIEH22LTTE+00)  433EA020.86E-02)  LSOEH02(ST2E+00)  427E+02(7.88E-01)  4.04E+02(1.56E+00)  6.0SE+02(4.48E+00)  1.36E+03(29
TREE3 3 S04E+02(4.10E-01)  1.2TE+03(S.98E+00)  SO0E+02(1.21E-01)  5.44E+02(3.40E+00) 7.96E+02(1.49E+00)  7.60E+02(1.24E+00)  1.17E+03(6.12E+00)  2.80E+03(2.01
1 LO9E+03(3 17 | 69E-H3(6.43E+00)  10SE+D3(538E-02)  TATE+02(6.34E+00)  1.OSE+03(6.31E-01)  1.O3E+03(1.68E+00)  1.6OE+03(48TE+00) 3. 28F+03(0 48E-03
5 L33E+03(423E-01)  224E+03(8.61E+00)  132E+03(233E-01)  0.59H+00(4.15E+00)  132E+03(204E+00)  L2TE+03(2.61E+00) 2 10E+03(L44E+01)  5.89E+03(1.8TE+00)
T 23IE+01(L03E02)  ZOOF+01{000F=00)  ZT8E=01(0.00F+00)  1.96E+01(3.74E-15)  TO90E+01(0.00F+00)  207E+01(374E-15)  0.32E+01(0.00F+00) 2. 28E+01(0.00F-+00)
2 S32E+01(LSOE-14)  427E+01(T49E-15)  4.45E+01(7.49E-15)  AOTE+O1(T49E-15)  4.0TE+O1(T.49E-15)  4.64E+01(749E-15)  188E+020.00E+00)  4.38+01(749E-15)
TREEZ 3 N - - . - - - -
4 BHOEFOO(ITIERON]  4.13E+01(8.39E-05) - - - - - -
5 - - - - - _ _ -
T TSOE+OIET6E+01)  T.S3E+01(3 83F+01)  Z16F=01(6.83F+01)  T80E-01(570E+0T)  Z3E01(737E+0T)  NA9ER0IET3E401) 5 97E+0I(1.80F+02)  Z39E+01(7 57E+0T)
2 [II2EF02(IS0E-14)  119E+02(150E-14)  2.60E+02(5.99E-14)  1.37E+02(3.00E-14) - - - -
TREES 3 LO3E+02(637E-Ol)  LO9E+02(5.38E-01)  4.01E+02(4.41E+00)  2.48E+02(1.46E+00)  4.14E+02(1.78E-01)  [LSSEX02(23TE:01) - -
4 2A9EHO2(LI4E+00)  2S4E+02(1.03E+00)  S.5TE+02S5.07E+00)  3.27E+02(178E+00)  [I2EF02@3TEHZ]  243E+02(1TTE-01) - -
5 O60E+01(1.55E+02)  3.26E+02(1.25F+00)  L44E+02(3.03F+02)  GOZEZ0I(I90ER02)  |36E+02(286E+02) N - -
T ZO/E+03(301E-00)  207E+03(7006-02)  Z07E+03(7. I5E-02)  2.07E+03(1.865+00)  Z0TE+03(2. 19F-02)  Z.0TEF03(3. 106-02) 2. T0E+03(0.USE-01)  |LB3E+03(6:33E402)
2 GTSE+07(824E-02)  67SE+07(483E-02)  67SE+DT(4.58E-03)  6.7SE+07(L.5TE-08)  67SE+07(0.00E+00) 6.78E+07(1.57TE-08)  6.78E+07(0.00E+00)  341E+05(6.14E-11)
TREE6 3 - - - - - - - -
4 _ _ _ _ _ _ _ _
S NSUEFOIZSSEF0I)  3.96E+01(1.15E-01) - - - - - -
-

v
v

—" indicate that the compared algorithm fail to obtain any feasible solution.

or large-scale decision variables

IGD results achieved by different algorithms
Not well converged or distributed
Small number of feasible solutions
Fail to solve problems with complex objectives

Non-dominated solutions obtained by each algorithm on TREE1 and TREE6
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 Future Challenges

18



Solving large-scale many-objective optimization problems

LSMOPSs are challenging: too many decision variables to optimize — no way to

optimize all together.

O Solve in a divide-and-conquer manner
v Cooperative coevolution based MOEA (CCGDE3, 2013)
v" Dimension reduction based method (DR_NSGA-II_KN, 2014)
v" Decision Variable clustering based MOEA (LMEA, 2018)

Use of Cooperative Coevolution for Solving A Memetic Optimization Strategy Based on
Large Scale Multiobjective Optimization Problems Dimension Reduction in Decision Space A Decision Variable Clustering-Based Evolutionary
Luis Miguel Antonio and Carlos A. Coello Coello Algorlthm for Large'scale MaHY'ObjeCtWe
Computer Science Department . anghandine@163.con s :
CINVESTAV-IPN (Evolutionary Computation Group) E:nld.:l?ﬁt‘migﬁ};em Perception and Image Understanding uf“l\jil:::i'e!-ll“:? Hna@iescon Optlmlzatlon
Av. IPN No. 2508, Col. San Pedro Zacatenco, Mexico City .07300, Mexico. of Education, International Research Center of Intelligent Perception a nd Xingyi Zhang. Ye Tian, Ran Cheng, and Yaochu lin, Fellow, IEEE
Imiguel @computacion.cs.cinvestav.mx, ccoello@cs.cinvestav.mx Computation, Xidian University, Xi‘an, 710071, China

O How about large-scale many-objective optimization problems?
v" Huge decision space as well as objective space
v" Difficulty in balancing convergence and diversity

Zhang X, Tian Y, Cheng R*, and Jin Y. A decision variable clustering-based evolutionary algorithm for large-scale many-objective optimization. IEEE Transactions on Evolutionary Computation, 2018, 22(1): 97-112.



Solving large-scale many-objective optimization problems

LMEA: Large-scale many-objective evolutionary algorithm

O Solve in a divide and conquer manner
v" Cluster the decision variables into two groups (DV and CV)
v" Further divided the CV into several subgroups (subCVs)

v’ Iteratively optimize subCV and DV
Decision variables

Variable clustering

Convergence-related variables Diversity-related variables

Interaction analysis

Diversity
Subgroup Subgroup Subgroup optimization

Convergence Convergence Convergence
optimization optimization optimization



Solving large-scale many-objective optimization problems

Variable clustering in LMEA
O Perturbation and clustering
v' Perturb each variable of one solution several times

v Generate a line to fit the solutions obtained by perturbing each variable
v Use K-means to divide all variables into two clusters

()
‘ . . — T
Only perturbing 1 o o 4 Only perturbing 1, 4 DIVEI'SLT}’- 4 ™.
Only perturbing x o 8 Only perturbing x2 related >\ h
® Only perturbing x; | @ O @ Only perturbing x; \ (6. 6:) N
O Oaly perturbing x4 : % 8 O Only perturbmng x, \ \ \
- 800 ~_ (o -fh-_-}j
@ g m \ Convergence
o ( Dw w00 WD related
> > >
v Ji ¢ 0,

(a) (b) (c)
An example to illustrate the clustering method in LMEA, which divides the decision variables into two groups.



Solving large-scale many-objective optimization problems

Variable clustering in LMEA

O Convergence-related and diversity-related variables
v' Convergence-related variables: can make better convergence with little diversity change
v' Diversity-related variables: change the distribution of the solutions but contribute little to
convergence

© Convergence-related © Convergence-related

O Diversity-related

O Diversity-related

05¢F

1.5

i
[V}

0 0.5



Solving large-scale many-objective optimization problems

Decision variable grouping accuracy in comparison with MOEA/DVA

Problem | Obj. _ . MOEA/DVA . _ LMEA Remark
Diversity Convergence Both Diversity Convergence
DTLZ1 75 {ry, 29,03, 14} {z5,..., 216} ] {r1, 10,3, 74} {x5,..., 16}
10 {z1,... 29} {z10,..., 715} 0 {z1,..., 20} {z10,..., 715}
DTLZ2 _5 {z1, 29,73, 24} {z5,..., 18} 0 {z1, 72,23, 24} {x5,..., 716}
10 {z1,..., 20} {z10,..., 215} 0 {z1,..., ro} {z10,..., 715}
5 {1, 39,73, 24} {zs,..., 716} ] {1, 29, 23,, 24} {xy5,..., 716} Same
DTLZ3 )
10 {z1,..., 29} {z10,...,715} 1] {z1,..., To} {z10,---, T15} results
DTLZ4 75 {ry, 29,03, 4} {z5,..., 16} 1] {1,710, 3,74} {x5,..., w16}
10 {zy1,...,m9} {z10,... 715} 1] {z1,..., 70} {z10,..., 715}
DTLZ7 -5 {1, 22,73, 24} {z5,..., 716} ] {1, w2, 73,24} {x5,...,716}
10 {171, .. ,Ig} {:rm, . ,;1:10} [} {:1"1 ..... :rg} {:rlo ..... -.r15}
{z7, z9, 710,711, The variables
5 "y, T9.,Tq, T ’ ’ 5. Tg, T8, T12, Tr1.T9,Tq, O
DTLZ5 {1, w2, 23, 24} 13,14, L15 ) {ws, 76,73, 712, 716} {w1, w2, 3, 74} {ws, 716} related to both
10 {x1,..., 20} {z11} {x10,712,..., 215} {z1,..., z9} {z10,..., 715} convergence
{z5,..., 211 and diversity
5 T19, T ORI
DTLZ6 (w1 22,7, 24} 13,715,716} {riz, 214} {=1, 22,23, 24} {os, . w16} are labeled
10 {r1,..., 0} {z12, 713} {r10, 711,714, 715} {z1,..., 70} {z10,...,715} as convergence
WEG3 5 {r1, 9, 73,24} {T;1511;:;3 {z5,x6, 07,14} {xr1, T2, 13,24} {x5,...,716} related variables
10 {z1,..., 29} {z14, x15} {z10, 11,212,213} {z1,..., o} {z10,..., 215}
UF9 3 1] {z3,..., 716} {x1, 22} {z1, 29} {x3,..., w16} Labeled as
UF10 3 1] {z3,...,z16} {xy, 22} {z1, 20} {rs,...,x16} diversity related

Variable grouping results on some test instances.

v' Mixed variables are treated as convergence-related variables
v Similar grouping results



Solving large-scale many-objective optimization problems

Performance on large-scale many-objective optimization

Problem  Obj,  Dec MOEA/D NSGA-II KnEA MOEA /DVA LMEA Problem  Obj. D MOEA/D NSG AT KnEA MOEA/DVA LMEA
100 118We10.6003)  293M0cs0(17200)—  6.62020+0(1.83¢+0)— 5 992e-2(4.2264) 100 4.5161e-2(9.31e-7)— 2044001 (5.06e-4)— | 4.1162e-3(1.44e-4)
_ _ _ _ - 5 ] 2.0M6%e-1(5.20e-8)— A.0861e-3(1 48e-4)
5 00 T4648e-1(4.30e-2)— 1o+ 1(5.63e+0)— Jbe+1(6.80e+0)—  6.3284e-2(1.63e-4)— 6.1124e-2(5.16e-4)
- 1000 20606 1(1.10e-2) 2iM61e-1(1.36¢-4) 407 20e-3{9.90e-5)
DTLZ1 1000 1.6833¢-1(4.29-2 08¢ +0) 1.3392e+2(1.28¢+1) 6.34420-2(1.26e-4) - | prizs 100 3.1046e-1(2.03e-2)— 1887 7e-1(1.57e-4)— | 2.3954e-3(6.95¢-5)
100 2.2157e+N4.72e0)— F2e+l)—  5574%+153e+0)—  [1.4356e-1(179e-2)= 1.6302e-1(4.87e-3) w50 526420 1(2.040-2) 18866 1(3.300-4) 2.2721e-3{447e-5)
10 SO0 1Le98Tes 2(1.001e+2) 98290+ 2(27Te+1) 5.0951¢4 1(1.25¢+1) L7047 e-1(1. 1402} 1.5995¢- 1(4.05¢-3) 1000 6.2063e-1(1. 14e-2) 1. BEE0e-1 (20304 2.0713e-3(6.98¢-5)
00 4 Tule+2id 100+ 1)—  14841es2(1 Wes1)—  [TBRIGEI(D1HET) 1.6000126-1(5.246-3) 100 2.5 229e-2)— 58811 1.82366-1(2430-6)— | 3.9943e-3(2 14e-4)
100 3.20060-1(2.26¢-8) 1.9494¢-1(7.98¢-7) 2.2045¢-1(1.18¢-2) 194930 192608)— | 188250 1(2.140.3) 5 500 0(1.04¢-1) 4.9939%-1(1.8%-2) 7.2754e > R LE
5 = He-B)— 1.9494¢-1{5.62¢-8) = 2 362917 63e-3) = 1.949401(3.178) = 1.88320-1(2.29e-3) DTLZ6 1000 = 1.97e-1)—  6.5774e-1{2.1%-2)— 1.5085e +01(4 3.9747e-3(2.29¢-4)
DTz 1000 3.2006e-1(1.126-7 1 949e-1(9860-7)—  228Me1(100e2)—  190%9e-1(625e-8)— | 1.8816e-1(253e-3) . _'::: if:z']""l‘:::’l'::_ ; “’I‘;‘:‘I'_"Il:_‘,':'l‘l"""I_ i;ﬁ;:;;‘::
W0 7.1528e-1(1.81e-2)— 41230e-1(2.24e-3)+ 4.502301(5.13e2 ) 50805 1(1.48e-2) ) o e : -
1000 48989+ 2 Se0)— 3.7077e-3(1.66e-3)
10 5300 7.236%-1(8.63-] 52e-1(4.7%-5+ | &1402e-1(5.07e-3)+ e-1(3.53e-4)+ 5.0617e-1(1.78e-2) 0o PEy 1.25810-1{291¢-2)
1000 7.3217e-1(1.90¢-2) 42172e-15.76¢-5)4 | 41222¢ 11853 E | 4.20650-1(1.19¢-4)4 5.06590-1(2.840-2) s =00 Py I 2 AT OH.150 117360-1(3.55-2)
100 32877e-1(249%-3)— 22865+ 1i6.14e+0)=  7.6962e-1(4.18¢1)— 1.9505¢-1(5.92e-5) = 1.8985e-1(2.14e-3) WEGE 1000 (B 10e-2)—  SA7S3e-1(2.53e-2)— Ledlde-1{1d9%-1)—  24410e+035 12493-1(241e-2)
5 S0 4. 1776e-1(1.97e-1) 2942 1e+2(3.34e+1) 6.1228¢-1{1.26e-1) 195360 1(1.00e-4)= 1.9035¢c- 1(4.44e-3) 100 3456904001 2%e-1) 303440+ 0{5.T1e-2) 220070 +0(7.932-1) 348460042 1.8542¢- 1(5.96¢-2)
DTLZS 1000 44681e-1{1400-2)—  68229%+2(550e+1)—  B2477e-1(242e-1)— 1.95630-1(3. 7004 )= 1.88120-1(4.10e-3) 1y 500 3810682 31112 +0{5.04¢-2) L6148+ 01, 4.5685¢-1(5.4%-2)
100 B.0019%-1{4.87¢-2) 82193042(1.37¢42)~  6.3652040(3.88¢40) SO7AFe-1(3.T el 553520 1(3.5602) 1000 3.9456e+(7. 31450 +0(4.20e-2)—  1.9861e+0(1.27e+0)— ) 6.9330¢-1{1.16¢-1}
10 500 1.2941e+2(2.78e 22091e43(1.3542)— 94498044 Te+0)— | 52R20e-(@88e2)= 5.5126e-1(1660-2) 100 22000e-1(9.19e-2)=  5.3546e-1(1.3%-1)= | 43517e-2(250e-6)=  5.7008¢-2(591e-3)
1000 25613¢+2(3.es2)~  L407Ier3(191e+2) 621es0234e50)— | ATTRBeA(d2602)+|  5A96de-1(1 ur Boosm ' 4607e1(119e1)= QR O 026e-2(6.54¢
100 27298 113 le 1)+ DHMEIABea]  26957e (1291 26311e1(15e2) S L
100 2-101.50e-1]— 33452e-1(58.13e-2)— 7.5510e-1(1.4%e-1)— 1.1024e-1(2.92e-3)+ 1.6632e-1(1.45¢
5 o ISSIEResi  21571e10.97e-3)+ 21611291 27236e-1(246 UFI0 3 s 1192-1)—  36779%-1(836e2)—  13142e+0(8.69e-1)— | LOISBe-1(B55ed)=  1.5547e-1(4.99%-3)
DTLZ4 1000 29e-1{1.0%- 1) 2.1380e-1(4.21e-3)+ e 1(1. 2 1) ! 10 5.6232e-1(2.48¢-1) 42148 1(1.10e-1) 9.17%e-1(1.35¢-1) 1.0277e-1(1.01e-3) + 1.69246-1(9.48-3)
100 LS V61253t 43772133302+ 508201247 LSMOP1  3.6215¢-1(277¢-2) 2041 1e-1{3.05¢-3) £.52950- 1{3.88¢-1) 1.7219¢-1(7 47¢-3) 1.5151e-1(9.99-3)
10 500 4215 101.02e-4)+  SUUREHERIEREN  41970c-1583e5)+  5.27860-1(3.98c- LSMOP2 245410 1(S98c-4) 147270-1(1.67c-3) 2.37240-1(7.06¢ 1.4212¢-1(2 160-3) 1.2644¢-1(1.45¢-3)
1000 4.008Te-1{2.61e-3)+ 4.5695e-1(3.18e-2)+ 5.2545-1(%. 26 LSO AR 4000-2) 4417113001 e 702470 1(9.370-2) H.902 0014 550-2) 4.1242¢-1(4.68¢-2)
100 2AT90e1(14e2) k) 5.20440-1(2.51-6) 3.0913e-1(1.10e-2) LSMOP4  2.7326¢-1(4.55¢-3)— 1.8222¢-1(9.13¢-3)— 6.0172e-1{144e-1)— | 1.5548¢-1(4.40e-3)= 1.5585¢-1(2.04¢-3)
5 00 23191175803+ 520M3e-1(4.57e7)— LSMOPS 579006 1{6.32e-2)— 3.2983e-1(1.23e-1)— L1584+ 04 D6e-1)— 3.8667e-1(3.92e-2)— 2.6932e-1(1.65e-2)
1000 521200 2.66330+0(1 23408¢-1(1.44e-2) + 3.1051¢-1(7.59¢-3) LSMOPE  1L2119+0(244e-1)4 L1094e+0(1.22e-1)+  1.8486e+0(1.3%+0)+  2.0992e+0(1.7%-1)+ 1.3820e+4(3.91e+3)
100 4402004 0(1.37e+0)—  4.6684e+0{4.21¢-1)— L6385 +0{7.64e-2) = | LOP4Se+0{6.400-3) LSMOP? 3e-1(1.53e-1)4 100330+ 0(2.11e-1) 4 1.2275¢+ 1(9.00e+0) 9.1631e-1{2 81e-2) 4 1.35420+0(3.00-1)
10 00 5.3581e+0(6.94e-1) 1.1875e+1(8.36¢-1) 1.6320e +01.02e-1) 1.0752e+03.2%-3) LSMOPS 5. 1604e-1(1.67e-2)— 2.9337e-1(1.02e-2)— 4.3832e-1(5.81e-2)— 3.0537e-1(6.19%e-2)— 2.3022e-1(7.57e-3)
1000 57150e+{26%9%-1)— 1.5027e+1(9.35%¢-1)— 13300 +09.500-3) = 1.524% +(N4. 16e-2)— 1078 1e+N4.58-3) LSMOPS 1.0GMe+0{2.31e-1) 2 35680+ 0{8.52e-2) 1.3535e+(NG.62e-1)== 15e-1(1.13e-1)= 6.1163e-1(3.55e-2)
=)= 0/30/0 8/21/1 12/18/0 m ' /== 2/7/0 2/6/1 1/7/1 2/5/2
indicate that the result is significantly belter, signilicantly worse and stalis ¢ similar to that of LMEA, respectively. " and ‘=" indicate that the result is significantly better, significantly worse and statistically similar to that of LMEA, respectively.

IGD results obtained by the compared algorithms

v’ Effective for large-scale MaOPs
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e Solving large-scale many-objective optimization problems
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Accelerating large-scale multiobjective optimization

Existing MOEAs are inefficient in terms of function evaluation consumption and

computation time. _ _
_ Algorithm 1 The main framework of the proposed LSMOF.
O Reformulate the LSMOP into SOP Input: Z (original LSMOP), F'E,,.. (total FEs), Alg (em-

v Weight variable association bedded MOEA), N (population size for Alg), » (number
of reference solutions) , ¢r (threshold).

Output: P (final population).

v" Subproblem construction

v" Objective space reduction I: P<—Imt1allzat10n(]\ Z)
. _ . . . . . 2: /:;::;::;c:;: ------- Fll‘St Stage ...... ‘!¢=E<=E<=E<=EC/
O Single c_)b!ectlve optlmlzat_lon s while £ < tr x FE. do
v Optimize the weight variable 4:  Z' < Problem_Reformulation(P, r, Z)
v' Collect the solution during the optimization 5 A, At < Single_Objective_Optimization(Z")
_ _ 6: P < Environmental_Selection( A J P, N)
O Spread the population over the entire PS RN
v Start from quasi-optimal solutions 8: end
9. [rasiieiekSecond Stage k]
10: P < Embedded_MOEA (P N, Alg, 7)

He C, Li L, Tian Y, Zhang X, Cheng R*, Jin Y, and Yao X. Accelerating Large-scale Multi-objective Optimization via Problem Reformulation. IEEE Transactions on Evolutionary Computation. 2019.



Accelerating large-scale multiobjective optimization

Reformulating the LSMOP into SOP for reducing the number of decision

variables and objectives. pn SETT Merwomime
O Reformulate the LSMOP ) /’
v Select several reference solutions I, I ™A /7
v' Generate two reference directions for each solution / "
in the decision space ., "f/ ’
v’ Assign each direction a weight variable Ml /” 3
(denote the distance to the PS) >/S
v' Optimize all the weight variables simultaneously 0(,,’ “,,,;"' .
-

(measure the quality of the solution set by an indicator)
An example of the weight variable association

v
2’11(/\11) = F(0+ /\Hﬁlma&:)
:f Maximize G(A)=H(Z'(A))

SUbject o X & _}{._. “ﬁ 2«’12()\12) — F(t — Algmlmam)? "ﬁ SUbject to A c §R2T_.
(1

Z'(A)={211(M11), 212(A12)o - 2r1(Ar1) 202 (Ar2) }



Accelerating large-scale multiobjective optimization

Problem M D MOEA/DVA WOF-NSGA-II LS-NSGA-II

. 200 B66E4OB.04E-1)—  6.30E-1(9.36E-2)—  STSE-1(532E:2)
n r I rf rm n n L M P I n F E LSMOPI 2S00 LOIE+I(LODE+D)—  6.5BE-16.11E-2)~  6.14E-1(2.54E-2)
y - 1000 230E+1(7.84E-1)—  679E-14.22E-2)—  63TE-1(1.97E-2)

200 626E+0462E-1)—  6.95E-1(1.32E-1)—  5.24E-1{1.35E-2)
3500 O42E+DQ2.89E-1)—  T.09E-1(8.36E-2)—  SO6E-1(1.08E-2)

O Convergence acceleration T ;.'J.': e iora e

LsMop2 2 500 330E-203.91E-4) 2.32E-2(6.90E-4)

1000 1L92E-2(3.40E-4)—  1.8I1E-2(5.41E-4)
Trobem M D NSGATI TS NSGAT MOEADDE LS MOEA/DDE | SMS-EMOA T5-5M5 EMOA CMOPSO [SCMOPSO 200 (SRR | 36E-1G8E3 ) 138E-1276E-3)
T S.78E-1(5.3262) T 12 ZIBE1GMED) [ GHETGBED - S30E-1(G69E2) [ H38SE-IR3RENS 575E- TG 58E- 3500 TROE2Q63E3+  8SE-20.8E-3)  8TIE2C
2S00 6.14E-1(2.54E-2) 3.10E-1(3.44E-2) SSIE- S98E-IGISED) | 1.50E+0(1.61E-1) 6.18E-1(2.35E- 2) 1000 6ASE-2Q46E-3)+  7.00E-2(4.28E-3)=  T.05E- --“3"""
1000 6.37E-1(1.9TE-2) S26E-1S.07E-2) | 37EM00S3E-1)—  B2E-1266E:2) | 2.50E+0(131E 6.37E-1(1.99E-2) 2 3 ; SOE+0(6.88E- : 3
LSMOP1 00 S.24E-1(1.35E-2) | T.37E+(1.36F 5.26E-1(3.84E-2) 45854(3 2E20% SHE-T(LT3E-3) | 2T2E+03. 5.20E-1(2.66E-2) 5 qﬁi ';]751'1'[},:?[}':],] : qﬂ.-+[,[?ﬁﬁ EW 1_;;;333;;;;
3500 SOGE-1(1LOSE-2) | 1.80E+0(1.50E-1) 6.54E-1(4.31E-2) SIRAEIEIGED) | 4.23E+0(5.58E-1) 6.16E-1(1.55E-2) LsMoP3 < 1000 336E.160TE e 1 SSEa0(1 61E.3)—  9RE.A]
1000 SIEIIMED) | 156E01.ITE - 6GSEI6HIED) TO9E-I(LI2E-1) | 680E+0(5.29E-1-  GO4E-I13E2) JIEUGOTE D 1 SSE+0(1GIE-3)- SRR
300 3.85E-2(1.0RE-3) T RES 2.71E-2(1.54E-3) 355E-202.01E-3) I 32 50E-3 370E-2(1.14E-3) 00 230E+1(3.53E 8.61E-1(3.38E-49)—  SA0E-1{251E2)
2 s 2.32E-2(6.90E-4) 1.38E-2(1.17E-3) 1.65E-2(4.67E-4) 2.14E-2(6.83E-4) 3 S0 861E-1(1.30E-4)—  8.59E-1(3.26E-3)
1000 | 3 181E-2(5.41E-4) 9.15E-3(1.27E-3) 9.73E-3(2. DDEI) 1.54E-2(8.72E-4) 1000 4.02E+1(209E+0)—  S.61E-17.28E-4)~  B.6IE-1(T.03E-5)
LSMOP2 300 | TTEIETIERE  1.IE 1C576E3) 851E-2005E3) | LBEIL9TEDF 03E3 LITE-1Q227E-3)
3500 | B.25E-2(5.49E-3)+ . 6.55F-2(0.76E-4) | TO98E-2(211E-3)+ RIEIQSIENE  120E20077E.3) 200 6.56E-119.76E L33E-1(151E2)—  DSTE-2(1.69E-3)
1000 | 672E- 2{163‘5 3+ S.O7E-2(4.12E-4) | 6.55E-2(2.63F-3)+ S.1SE-2(3.66E-41+  5.22E-2(5.00E-4) LsMOpPs 2 500 SA4E-1(1.90 ST4E-26.83E-3)—  5.05E-2(1.14E-3)
300 5 TSIERTATES) | S43E-01.03E+0—  TSIE0G8IED) !—715-+ll‘—n IE+0)— m TASE0G.01E-1)—  TSTEEEI0ET) 1000 461E-169TE-4)—  5.99E-2(5.57E-3)—  3.20E-2(9.49E-4)
2 a0 1LSTE+O(L05E-3) | 133E+1(1.29E+0)—  1.56E+0(1.41E-3) 26E; 15TE+OO.T0E-4) | 286E+1(1.24E+0)—  1.56E+02.01E-3) - - : :
1000 LSTEAN2.28E-4) | 13E+1(122E+0)—  1STE+O(3.30E-4) ISTERORIES) | 3.06E+1(1L0GEA0) - LSTEVOSSIES 200 326E-1Q3IE3)-  31SE-19.108-3) - EORESHESTE
LSMOP3 B BADE-1Q2.SIE-2) | 77TE00.45E D= 8.27E-1(4.68E-2) | 3 T OAGEANEATE-TI—  8.60E-1(245E-3) 3500 IGAESISTIEAE  2.ME-N68TE-3)=  213E-14.72E-3)
3500 B.50E-1(3.26E-3) | 1.00E+1(7.92F 8.19E-1(4.79E-2) 1. 309E+0) | 131E<IESIE-)—  B6IE-1(1I4E-6) 1000 1L20E-10196E-4)+  1.39E-1(5.80E- 1L41E-1{3.63E-3)
1000 SG1E-I(L.03E-5) | LOSE+1(3.73E-1~  841E-1(3.55E-2) SOTE+L63IEH) | 1L49E+1(7.86E-1)—  S.61E-1(1.14E-6) > ~Ee 106, 71E. - »: - .
00 DETE2.69E3) | LVE NILOIE2)—  GOOE-2(6.41E-3) 0.65E-2(1.36E-3) : OAIE-222TED) 5 qm 1;\;;*”2{}]r ]l' ;jlh 1‘ : {j[h ;rf ;:EE :(H:E-g;
1 500 SOSELIMES) | 91SE2(128E3)-  AISE22.SIE3) 4.66E-2(1.50E-4) 5.06E-2(0.20E-4) LSMOPS = e T4IESIGAIED - T4IEN1 14E6re  [TA2ES & 4E
1000 A20E20A0E-4) | SAE200RE-d)—  2AJE-2(143E-3) 2 50E-2(4. 18E-4) 312E-29.27E-4) Z41E+IG40E-1) ATE-UL 146k ESERNTIEO)
LSMOP4 200 -3 ZO2E-1(8.3TE-3) | IRTE-TG.OTE-3) 2.31E-1(3.50E-3) 2.73E-1(1.30E-2) 2.72E-1(7.12E-3) 200 LITE+1(9.27E-1) 5. 41E-1(1.02E-3) 4.88E-1(5.13E-2)
3500 | TOBEIGRZAERE  L1GE-IGTED | LESE-ILTGE3) 1.29E- 1(3.44E-3) L83E-1(9.10E-3) 1L68E-1(4.74E-3) 3500 LT0E+1(6.15E-1)—  S41E-1(d.66E-5)—  5.35E-1(1.23E-2)
1000 | 129E-1(4SIE-3)+  |4IE-1(R63E-3) | 109E-1(1.50E-3)—  B.83E-22.32E-3) 1L32E-N259E-3) | 1. . 1.10E-1(1.88E-3) . . = . OE-1(2.83E2
T00 |3 SEO E-T) - JA2EIIHES) | GAOBIG20B 23 74T [(1.1SE-6) | T.50E-0( TIE-T)- — JAZE-(IMES) | 633E: 3B FIENT e e 1w INEAGOED-  THIRIGRIEINE 54912831
2500 TAZE-I(LI4E-6) | 230E+N2.69E-1)—  THZEAICNIEES) | 7.3 TAZE-1(1.14E-6) | 5.02E+({3.62E-1)—  TAZEI{LI4E6) 200 642E-1(7.36E-2)—  3SUE-1(2.37E-3)
1000 TAZE-I(1LI4E-6) | 3.16E+0(186E-1)—  T.42E-1(1.14E-6) TAZE-I(1LI4E-6) | T31IE0.20E 1)~ T42E-1(L14E-6) LsMope 2S00 7.33E-1(1.76E-1)—  3.29E-1(4.69E-4)
LSMOPS 00 4.88E-1(5.13E-2) | TTOE+0A TE-Tj—  4.99E-1{4.33E-2) | 6.14E-1(9.91E-2) | T35E-0(TB0E+0—  6.30E-1{1.69E-1) - 1000 299E+3(233E43)—  6.82E-1(0.03E-4)—  BI4E-16A1E-4)
3500 S.35E-1(1.23E-2) | 3.59E+D(3.91E-1 S5A1E-1(247E-3) OSIE-12.5TE-1) | 1.16E+1(121E+0)~  T37E-1{2.02E-1) - - - -
1000 SA0E-1{283E-2) | 3.78E+D2I0E 5.42E-1(1.60E-4) O.02E-12.06E-2) | 14TE+1{1.7TE+D) H.04E-1(1.98E-1) 200 L7TE+4(3.58E+3) 1.22E+0(3.15E-3) 6.97E-1(1.63E-2)
00 3.50E-1(2.37E-3) | 52 3.32E-1(1 64E-2) | | OBOE-TGU9E-T)—  3.58E-1(1.68E-3) 3 500 1. 29E+02.01 TA2E-1(1.70E-2)
2 500 S22E-1(4.69E-4) | 7.34E-1(8.50E-2) 28TE-1(3.4E-2) 3k 1128E-3) | 7.80E-1(6.42E-2) 3.22E-1(2.63E-4) 1000 131E001 31E-3)— T.ASE-1(2.06E-2)
1000 3 4E-1(641E-4) | 6.98E-1(123E-1)—  2.87E-12.74E-2) 3.14E-1(7.02E-4) | 7.35E-1(5.16 3.14E-1{1.70E-4) .
LSMOPS 200 UHIETT, 6.9TE-1(1.63E-2) | 30SENT.I0E+0)= 6.76E-1(2.25E-2) | 307E 1.62E+0(0.13E-2) | 5. 13E+T(8.58E= /= B3TE-1{3.69E-1) , W L4sE U 2a8-3) - THERENEERE]
3500 | 3.T6E+3(1 TAE-I(LTOE-2) | 221E+1(1.72E+1)—  GISE-14.09E-2) | 544E+1(5. 231E+.2TEHD) | 260E+3(1.05E+3)—  T.3TE-1{2.11E-2) LsMop7 2 500 1.5 ”’1*0‘]- B 1.50E+0(8.71E-4)
1000 TASE-1(2.06E-2) | 1.80E+2(833E+1)—  T.OOE-1(1.47E-2) 20SEAO4.84E-1) | J95E+3(210E+3)—  B8TE-1(6.58E-1) 1000 1SIE+0(1.19E- 1.51E+0(4.22E-4)
00 148E+0(2.65E-3) | SO0E-DT20F-T)=  1.48E+0(1.82E-3) LASE+O(1.T1E-3) TEGOTE-T)= 1 4TE+0(3.99E-3) 200 9ISE- 1A T0E2~  96TEEIRSIED)
2 s 1LSOE+S.TIE-3) | 288E+1(497E+0)—  1.SO0E+0(6.11E-4) 1.50E+0(1.26E-3) E+1(1.36E+2)—  1SOE+0(1 35E-3) 15 27E - = 101.26E-1)— £ E
1000 LSIE(4.22E-4) | 220E+2(435E+1)~  LSIE+0(3.19E4) | 31 90E+ 1LSIE+0(746E-4) | 1S1E+T 3TE-4) : ]‘tﬂ% }Igii:f::{‘: 315“:}: :;;E}: :::E:ﬁ?;gg:
LSMOPT Y 9.6TE-12S1E2) | T T7TE+06.62E-2—  B.97E-1(3.29E-2) [ SO3E+T(THE+T—  LOSE+O(1L7IE-1) | 1IMEHNT 82E-2) e = - .
3 son 8.06E-1(6.81E-3) (0. 17E-3)—  BSIE-1(3.19E-2) 1.03E+0(9.99E-2) 9.47E-1(7.64E-2) 200 LAOE+1(886E-1)—  TA2E-1(1L14E-6)=  TA2E-I(1.14E-6)
'iii’ B.68E-1(1.13E-2) I.rJSIE+m2.%!:-3=+ g%ﬁfitgzﬁ:‘!z 9.75E-1(8.31E-2) gfﬂ! :f??fﬁ :J Lsmops 2 500 2IE+I@21E-D=  T42E-1(1L14E-6)=  T42E-1(1.14E-6)
7 F ¥ KN ATINEEN] A0E- 117 96E-3 TATE-NLIAE-6) | TR A2E-T(1.19E-6) - 230K : 2E- i 6)A g "
2 &0 TA2E-1(1.14E-6) | GME-1322E-2)+  7.42E-1(1.14E-6) TAIE-NL14E8) | 284E+0(2.05E-1) TA42E-1{1.14E-6) 1000 239EAET3ED TAZEIL 1aE6re IR
1000 TAZE-I(L14E-6) | 1.26E+08.T1E-2)—  T.42E-1(1.14E-6) E TAZE-1(1.14E-6) | 4.89E+0228E-1)—  TA2E-1(1.14E-6) 200 660E-1(1.0 365E-1(4.56E-3)—  B63E-I(1.38E-2)
LSMOPS 00 3.63E-1(1.38E-2) | T36E-TUI.0ME-T)—  B.37E-1(2.79E-2) | 4425, 15 7&-»+W BB9E:I(442E) IS6E-TLOTE-D) 3 500 6S5IE-16.] 3.55E-1(1.59E-2) 3.53E-1{4.70E-2)
3 500 ASAE-IATOE2) | SSIE-N60SE-3)—  AITE-1EI4E-2) | 174E+0(141E+0)~  SAOEILIZED) | S36E-109.70E-2)-  BI6EI(395E:2) 1000 ISEEI(O0SESE  3.60E-1(4.27E-2)
1000 360E-1(4.27E-2) | 5.3 5.24E-3)—  JMRE-NETIED) | 243E+003. 19E+0)— S3SE-M20TE-2) | 959E-12.61E-9—  301E-1{293E-2) A— .
200 SA0E-1(114E-6) | SASE-T(10GE2)F  8.10E-1(1.14E-6) - BI0E-1(2.256-3) 3 BA0E-1(1.14E-6) , L1810 laber~  EUETINARS]
2 500 SI0E-1601E-4) | 493E-124TE-2)+  8.09E-1(8.96E-4) 8.09E-1(4.53E-4) S.09E-1(8.64E-4) Lsmopy 2 500 S.10E-1321E-4)~  BA0E-1(6.01E-4)
- 1000 B.OSE-1(149E-3) | 9.43E-1(1.22E-1)-  BOOE-I(I:88E3) 8.08E-1(1.08E-3) x 8.0TE-1(1.29E-3) 1000 5.24E S.OOE-1(4.10E-4)—  BOSE-1(149E-3)
S 300 1.S4E+0(4.56E-6) | T.OF-D33TE-T1=  LISE+0(146E-3) | T.60ETIIE2—  1.3TE+0(5.20E-2) | 230E+NT.TRE-T)=  1L.1SE+0{4.00E-4) 9 _ 5 = = (4. SHE-
350 | S7Es0, LSAEAMASEES) | 525.06.9E 1) LIGESO.SOE) VASEAOLAZED) | 323E-00716E.1)—  LISEO2.89EA4) A yivall 0 [Ehesonss
1000 | 204E+1(1.53E LASE+O(LOTE-1) | 133E+1(1.27E+0)—  LI6E+0(114E-2) LITE+O6T6E-2) | 2.59E+1(244E+0)—  |1SE+(7.36E-4) 000 IFEDGSIED)_  LOSEXMO0EDE 1 38E0(1 OTE 1)
Yy /4910 - | S148/1 - | | dasn
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IGD results obtained by the original MOEAs and their accelerated versions Comparison with the-state-of-the-art algorithms



Accelerating large-scale multiobjective optimization

General performance on LSMOP using 50,000 FEs

O Computation time acceleration

LSMOP3

D200m2

DS00M2 D1000M2

LSMOPB
bl T T T T

D200M3

40 —

D200mz D500M2 1000M2 D200M3

LSMOPY
50 I T T T

D500M3

DS00M3

L |.jI|@ AL

D1000M3

1

|

40 —

@ 50

T

=

20
10—
0

D200M2 D500M2 D1000M2

D200M3

DS00M3

D1000M3

The computation time used by the original MOEAs and their

accelerated versions

v' Accelerate the convergence rate
v' Accelerate the computation time

14

12

10 -

Time(s)

LSMOP1

I VOEA/DVA
I WOF-NSGAAI
[ ]LS-NSGA-II 7

D200M2 D500M2 D1000M2 D200M3 D500M3 D1000M3

Comparison with the-state-of-the-art algorithms



Accelerating large-scale multiobjective optimization

More results on DTLZ and WFG using 50,000

FEs

Poblem M D NSGA-11 L5-NSGA-Il MOEA/D-DE LS-MOEA/D-DE SMS-EMOA 1.5-5MS-EMOA CMOPSO LS-CMOPSO
00 | 49TE+2294E+1)—  ZADE-M.IBE-A) | 6. ME+3170F+2)— BOIE-M1.29E-3) | 4 BRE+2(2.60F+1)—  TOIE-M2AZEA) | 1.25E+M110E+2—  LBAE-3(0.18E-6)
2 500 | 203E+3(6.13E+1) 250E-3(266E-4) | 1.88E+3(767E+D—  RZME-MLISE-Z) | 190E+3(749E+1) 2.24E-3(1.05E-3) | 3.68E+3(1.48E+2) 1.84E-3(1.17E-5)
. 1000 | 6.44E+3314E+20—  BSIE-MANTEA) | 4.55E+301.25E+3)—  2S0E-25.50E-2) | ST0E+M21TE+2i—  RZITE-MT.ME4) | 8RIE+H292E+2)—  LB4E-3(1.19E-5)
DTLZI 00 | B2TE+2BOTERD—  300E-2(1.78E-7) | 33IE+IIIE+D)—  29TE-2248E-3) | 480E+203.2TE+D—  5.04E-2(149E-2) | Z32E+3(2.36E+2)—  1.72E-1(7.83E-2)
3500 | AS4E+33.01E+2—  J05E-2(2.24E-3) 3S9E-2(2.01E-2) | 2.05E+3(7. S.02E-21942E-3) | 6.05E+35.64E+2)—  LTIE-IT.72E-2)
1000 | 1.54E+4(6.08E+2)~  3.10E-2(3.08E-3) 6.52E-2(4.72E-2) 6.83E-20265E-2) | 1.23E+4(8.44E+2)~  1L82E-1(6.99E-2)
. 1.OOE-2(1.78E-8) 3.99E-2(2.05E-2) 6.02E-3(3.21E-4) 6.59E-3(7.16E-4)
. 1000 9.50E-3(2.24E-3) 6.46E-2(5.10E-2) | 5. 5.85E-3(2.67E-4) 3 6.37E-3(5.81E-4)
DTLZ2 00| TI9E-TI35ED) L3TE-1(1.98E-1) | LOSE-I(L6TE-2) | URIFE-I561E-3) 0.37E-2(4.45E-2) | H'iF TTO5E-3) 200E-1(244E-1)
3 500 141E+0(3.43E+0) L33E-1(5.04E-2) | LOIE+O(L30E-134+  1.32E+003.04E+0) | 20 3 9.52E-1(2.07E+0)
1000 . 23BEHT.12E40) | 3.72E+0(9.96E-1) 1.66E-1(7.50E-2) | 1.15E+1(8.47E-1) L11E+0(4.60E+0) LOTE+N5.TTE+0)
0| 1ATE+36.19F+1= Q.00 L330BE-3) | T6SE+SRERED = 4T2E-3(1.34E-3) 6A9E-3(2.15E-3) T HE+3. 39+ %)= 410E-3(3.00F- 51
2 500 | S4TE+3(1.52E+2)—  G.S0E-3(4.89E-3) | S42E+3(2.11E+3)-  L2TE-2(2.12E-2) TAOE-3(240E-3) | 9.75E+34.63E+21—  4.11E-3(3.13E-5)
1000 | 1.70E+3(4.98E+2) S.00E-3(4.10E-3) | 1 21E+4i285E+3)  T.66E-3(1.1TE-2) Q.4TE-3(5.58E-3) | 2 33E+H8.40E+2) 4.12E-3(3.06E-5)
DTLZ3 00 | TBGE+31.29E+21—  T.20E-2(4.10E-3) | T.HE+¥884E+2—  T.10E-2(2.61E-3) 149E-1(4.66E-2) | TOIE+3LISE+3—  3.03E-1(2.34E-1)
3 500 | LO3E+4(5.7TE+2) T.25E-2(5.50E-3) | 3.56E+3(1.98E+3) 1O2E-1{6.89E-2) L63E-1(3.9TE-2) | 24dE+di1 2.05E-1{2.01E-1)
1000_| 4.05E+4(2.10E+3)—  T.30E-2(8.65E-3) | 8.32E+3(4.65E+3)—  L6SE-1(1.43E-1) 1.93E-1(5.30E-2) | 4.11E+4(3 : 3.10E-12Z.11E-1)
T 300 | OJ0F-3(200F-1)-  GS0E-3(4.80E-3) | 3S3E-N(I69E:I)E  Ta0F-1(1.04E-3) 5.91E-3(2.19E-4) | S F-T5.47F-11—  LISE-1{2.60E-1)
2 500 | S.66E-1(1.51E-1) 8.50E-3(3.66E-3) | 7.46E-1(1.95E-1) 7.43E-1(1.86E-3) 6.36E-1(1 41E1) 5.82E-3(2.20E-4) 5 4.48E-1(3.69E-1)
1000 | 103E+1(8.23E-1)—  BSOE-33.66E-3) | 18IEs038TE-1)—  T42E-1(L14E-6) | 9.68E+0822E-1)—  586E-3(LISEd) | 38SE+0(194E+0)—  595E-1(3.01E-1)
DTLZ4 — 7m0 |

| ZG6E-NZI3E-1)F  [JUE+O(1 SOE+D) | ISTESNLTSE4  O7E-T9.03E-D) | ZT4E-NZ93E-1j& S E-T5.73E-1) | SO3ENLMME-4  O30E-T(6.JTE-T)
30500 | ROSE+OBIIE-l)m  L66E+0IBIEHD | LZIESNLISE-D—  SITESICIIBERD) | L3TE+(253E-104+  3.54E+004.35E40) | S43E+006.88E-11—  BISEHNZT0E+0)
1000 | LAOE+1(1.69E+0)—  TOOESO(IOIERT) | 2.69E+0(3 35E-1) U46E-1(3.32E-2) | 138E+1(1.57E+0) LOIE+1{1.20B+1) | 1.77E+1i5.67E+0) 6.5TE+N9.05E+0)
T | ZO0E-Z356E-B)—  LOOE-2(1.78E-8) | G.69E-2(0.39E-3) 221E-2(547E-3) | T.IOE-NITOIE-T) 6.79E-3(1.03E-4) | T 23E-2(5.00 F 4] T.35E-3(1.16E-3)
2 500 | 639E-10648E-2)—  LOOE-2(1.78E-8) | S3SE-1(143E-1)—=  399E-2(2.13E-2) | 5.14E SO5E-3(2.27E4) | 2.06E-1 6.91E-3(9.19E-4)
. 1000 | 8.79E+0(7.51E-1) 8.50E-3(3.66E-3) | 293E+04.33E-1) T.T4E-2(4.41E-2) | 5.2 5.85E-3(2.81E-4) 6.23E-3(4.38E-4)
DTLZS RI1 1] LOOE-2(1.78E-8) | 304E-TIROSE-TI— 2BOE-2(R.76E-3) | 4. 1.98E-2(4.66E-3) 1. 78E-2(3.09E-3)
3500 1.00E-2(1.78E-8) 3 4.62E-2(3.42E-2) 2.03E-2(5.14E-3) 1.63E-2(3 48E-3)
1000 9.50E-3(2.24E-3) 4 11E-201.41E-2) 1. %E 2(4425 3) 1.53E-2(3.64E-3)
200 | S3BE+13.91E+00— | LODE-2(1.8E-8) X w ) A12E-3(3.38E-5)
2S00 | 2S5SE+2(9.40E+0) 1.OOE-2(1.78E-8) | 7.7 I:+ 1(8.44E+0) 397TE-3(1.15E-T) asse 3{9 98E-4) | 2 205E+2(0.04E-40) 4.13E-3(3.99E-5)
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The IGD results obtained by the original MOEAs and their accelerated versions on DTLZ and WFG test suites



e Background

 Test problem for large-scale multiobjective optimization
 Real-world large-scale multiobjective optimization problems
e Solving large-scale many-objective optimization problems

* Accelerating large-scale multiobjective optimization

» Future Challenges
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Future Challenges

The challenges in large-scale multiobjective optimization:
More effective and efficient variable analysis methods

Constraint handling

From thousands to million or even billion scales

From multiobjective to many-objective

From cheap to expensive

From machine learning to deep learning

From continuous to discrete

More acceleration strategies

More real-world LSMOPs
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Thank you!
(Q&A)
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