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Background



Background

® Expensive Optimization Problem (EOP) in real-world
» Function Evaluation (FE) is computationally or financially expensive in EOPs.

>

® Classification of EOP

Non-expensive (Normal)

Problem Example

Airport Gate Allocation [Deng+ 22]

Evaluation Time EX. Less than 1 second
Max. Number of FEs Hundreds of thousands
Main approach Evolutionary Algorithm (EA)

[Shan+ 10]
Moderately EOP (M-EOP) EOP
e o
Autor%atlc Cal |brat|0n0fWat"ersh"eéI" Vehicle Structure
Models [Makumbura+ 22] Optimization [Oyama+ 17]
2 minutes 20 hours
Several thousand Hundreds to a few thousand

Surrogate-assisted EA (SAEA)
(to be explained in detail next)



Research Purpose

® SAEA: Main Approach for EOPs

> Usefulness in EOPS (4 few housand Fes ) > Limitations in M-EOPs  ( joverdl )
B Surrogates of the objective function are 1. [Sun+ 15]
constructed using machine learning (ML). SAEAs have strong exploitation nature.
B Surrogates identify expected-to-improve 2. [Briffoteaux 22]
solutions without FE. ML models are repeatedly construct/used.

e.g., Expected Improvement (El) metric [Jones+ 98] Reducing the runtime is crucial in M-EOPs.

fo = § foi — 3 3. [Lobo+ 07]
E[l(x)] = (fmin — NP ( ; ) + 5 ( mmS ) Advance fine-tuning is hindered in (M-)EOPs
although tuning configuration is important.

® Need for an approach for M-EOPs

Research

Purpose Proposing a 1) High-performance, 2) Fast, and 3) Auto-tunable EA for M-EOPs.



Research Approach

® Auto-tunable and Computationally Efficient Adaptive EA

» Adaptive EA
B Auto-tunable: Parameter configurations are automatically controlled during a run.

B Much faster than SAEAs: Adaptive EAs do not use ML techniques.
[ : Most are not for (M-)EOPs, i.e., hundreds of thousands of FEs.

» ldea to boost convergence speed
Proposed Algorithm

Trial-and-error Adaptation Adaptation with Prior Validation
Configurations are updated based on ones| — [ Pre-screen candidate configurations before
generated good solutions in past generations. use without FE.

Individual-based Adaptation Subpopulation-based Adaptation
The effectiveness of each configuration is| — | The effectiveness of configurations are
usually validated with only one sample. carefully validated using multiple samples.




Preliminary



Component

® Differential Evolution (DE) Mutation: generate a mutant solution v; for each x;

. [Stom+ 97] arameter i
> A population-based Scaling factor 6, € [0,1]

. . randll v,: - xrl + HF(er - xr3)
evolutionary algorithm . D= st Ot — X + Op (Ko — X5
(mutation
strategy) best/1 Vi = Xpest + Op(Xr1 — Xr2)
Initialize P = {x1, 22, ..., &N} best/2 V; = Xpest + Op (X1 — Xp2) + Op (X3 — Xp4)
current-to-rand/l  v; = x; + 0x(xp1 — X;) + Op (X2 — X43)
while termination criteria are not met do current-to-best/l  v; = x; + 0 (Xpese — X;) + O (Xp1 — Xpp)
b=t 1 current-to-pbest/1  v; = x; + O (Xppese — Xi) + Op (X1 — X72)
T rand'tO'best/l ‘Ui = xrl + QF(xbeSt - xrl) + QF(xTZ - xrg)

fori=1to N do

v; < Mutation(P, 0y i,0F ;) Crossover: generate a trial solution u; from x; and v;
w; + Crossover(x;, v, 04.i,0 -
! (@i, 03, Ousi, Oc rsi) Crossover rate 6.5 € [0,1]

fori=1to N do . .
Vi j» if (rand(0,1) < O¢g) or (j = jrana)

o g JOE strategy binomial :u;; =
w; if f(ug) < f(x4) Y xg otherwise
Ti (crossover '
x; otherwise strategy) exponential : a method like one/two-point crossover in GA

Selection: select next x; from current x; and u;



Related Works

® Adaptive/Surrogate-assisted DE

Indiv.: individual-based adaptation
Each solution x; has its own configuration 6;.

Subpop.: subpopulations-based adaptation
Solutions in a subpopulation use same 8.

» Many adaptive DEs are Indiv.
B Recently, Subpop. begins to gain popularity.

» Some surrogate-assisted DEs incorporate
adaptive mechanism into SAEASs.
B However, they are usually Indiv.

® Position of Proposed Algorithm
Subpop. and for M-EOPs

Prob. Dim. Max. # of FEs
Algorithm | Adaptation Style D FE o
adaptive DEs
T SDE[E[ ] 7 Imdiv. 0 T2, 430y 10,000-20,000,000
FDSADE [53] Indiv. 12, 4, 30} 50,000
ISADE [15] Indiv. 30 300,000
JADE [63] Indiv. 12, 3, 4, 6, 30, 100} 6,000-8,000,000
MDE_pBX [14] Indiv. {30, 50, 100} D 10,000
SHADE [50] Indiv. 30 300,000
L-SHADE [52] Indiv. {10, 30, 50, 100} D 10,000
iSO [4] Indiv. {10, 30, 50, 100} Dx10,000
SaDE [42] Indiv. {10, 30} 100,000-500,000
CoDE [57] Indiv. 30 300,000
EPSDE [35] Indiv. {10, 30, 50} D 10,000
CSDE [45] Indiv. {30, 50, 100} D 10,000
AL-SHADE [24] Indiv. {10, 30, 50} D 10,000
DE-DDQN [45] Indiv. [10, 30} 10,000
FLDE [49] Indiv. {10, 30, 50, 100} D>x10,000
DE with Two Subpopulations [31] Subpop. 30 300,000
MPEDE [58] Subpop. {30, 50} D> 10,000
HMJICDE [22] Subpop. {30, 50} D> 10,000
EDEV [59] Subpop. {30, 50} D> 10,000
surrogate-assisted DEs
T T T T CADE[28] ]~~~ — 7 3077 7 {liooog, Zogod}
CRADE [30] {30, 500} 10,000
GPEME [26] {20, 30, 50} 1,000
ESAO [56] {20, 30, 50, 100, 200} 1,000
SAHO [40] {10, 20, 30, 50, 100} {110, 220, 330, 1,000}
DSS-DE [32] {30, 50, 100} 1,000
SADE-ATDSC [38] {10, 30, 50, 100} 1,000
DE-ABC [62] Indiv. [2,3,4,6) 100,000
S-JADE [6] Indiv. {20, 30, 50, 100, 200} {1,000, 1,500, 2,000}
SBSM-DE [21] Indiv. {10, 25, 60, 72, 942} 12,000
DESSA [29] Indiv. 30 3,000
SMA-EPSDE [33] Indiv. [10, 30} D 10,000
ESMDE [34] Indiv. {10, 30} D 10,000
Sa-DE-DPS [11] Indiv. {10, 20, 30} Dx 50
SAPDE-ANN, SAPDE-RSM [1] Indiv. {10, 30} D»10,000
EBADE (Proposed Algorithm) Subpop. {10, 20, 30} 6,000

Columns “D" and “FEq5." list the problem dimension and the maximum number of fitness evaluations

adopted in the experiments, respectively.



Proposed Algorithm: EBADE
— Emulation-based Adaptive DE



Concept

® Emulating the efficient sampling method of SAEAS
» Prior Validation: prescreening “expected-to-improve” candidate

SAEA

X1

X3

Unevaluated
solutions

Prescreening of Solution

!
X
2—»’\/\/\—»x’2

Solution to
be evaluated

deriving
the best
El metric

Surrogate

EBADE

J

Prescreening of Configuration

0, generated
1 0’ by &1 Target  deriving
, . the best —» 9’2
0, by 8 py 6 FIR metric
Unused Pseudo solution Configuration
| configurations generation to be used

» Subpopulation-based Adaptation: validating with respect to multiple samples

Surrogate Accuracy Measuring
using Multiple Samples

8—»‘\/\/\»%6

Validation data

Surrogate Accuracy

Configuration Worthiness Measuring
using Multiple Samples

8—»0{-»+1

Subpopulation Configuration label

+1 : good
—1: bad




Preliminary

® Parameter configuration candidates to be adapted

» Numerical parameters exploitation
B Scaling Factor: 8- € [0,1] m Crossover Rate: 8. € [0,1] -
> Categorical parameters .y -
B Mutation Strategy: Right figure 0,, € {1, 2, 3,4} Each definition

isinp.6

« Four strategies are selected to accelerate exploitation. (Cai+ 13]

B Crossover Strategy: binomial and exponential (see p.6) 6,, € {1, 2}

® |[nitialization
» Population: Generate M subpopulations {P;, P,, ..., Py}
B Each subpopulation is composed of N solutions randomly generated in the search space.

» Configuration: Generate M configuration vectors {8,,0,, ...,0y} 0 = [6r,6cr, 8., 6,]
m 6, =050~ =0.9, 0, and 8, are randomly generated from their definitions.



Overall Framework

® EBADE
» An example with M = 3 and K = 3, where K is the number of candidate 6s.

Post-hoc Validation Prior Validation

Good
reuse
6 —| poy)| - 01 03 "
1 P(61) x5t € P(61) . 6,
—
To,d € P(63) Bad gcand,l - S(Bcand 1)
0 L ' replace
9 — | DE — || P(62) — 0y —> 6
T3rq € p(93) Gcand,z - S(Bcand,z)
— Top M solutions — A
— — 9: 8 B 8
03 P(63) Ocanas V| S(Ocanaz) 2 03
i i — luati
generation & evaluation Zelufion resarpiing gap evaliaton
select target solution
update
] . generated
FIR: Fitness Improvement Ratio by -
Flr) - FIR is used to find the “expected- Target deriving
X to-improve” solutions. 7] — the best
g cand,?2 (7]
5f (xq) =1- flx ) +0 - 8¢ = 0 is a constant value to avoid I ® .’. ° :. FIR metric cand,’
g_l ¢ diViSion by 0 s by ecandz by Hcand 3



Experiment
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Experiment: Settings

Real-Parameter Single Objective Optimization Problem

CEC 2013 benchmark suite (28 Problems, D = {10, 20, 30}, FE., = {2,000,4,000, 6,000, 8,000, 10,000})

Compared Algorithms and Their Configurations

SHADE [Tanabe+ 13] : N = 100, Mg p,inic = Mcg ninic = 0.5, Fsta = CRstq = 0.1, H = 100, |Archive| = 100, ppin = %!pmax =0.2

3
JSO [Br95t+ 17] * Nipir = 25 lOgDz'Nmin =4, MF,h,init =0.3, MCR,h,init = 0.8, MF,H = MCR,H = 0.9,Fgtqg = CRggq = 0-1rgenF,sep = 0.6, Fsep = 0.7, Ffix = O-7rgenCR,sep =
[0.25,0.5], CRimaxcana = [0.7,0.6], genpmyr sep = [0.2,0.4], weight e = [0.7,0.8,1.2], H = 5, |Archive| = N, ppin = 0.125, ppax = 0.25
CSDE [Sun+20] : N =100, F;,;s = 0.5,CR;;y = 0.5,FP = 200,u = 0.5,0 = 0.1
EDEV [\Nu+ 18] . 11 = Az = A3 = 0.1,/14 = 0.7,Tlg =20

GPEME [Liu+ 14] : N = 100,F = 0.8,CR = 0.8,7 = 100,41 = 50,1 = 4, w = 2,7€gTkriging = CONStAnt, corryiging = gauss,8 € [107°,10%], 0;,;r = 1072 Dsgmmon,sep = 50

S-JADE [Cai+ 19] : N = 100, Foyy = 0.5,CRoy¢ = 0.75, Pppest out = 0.05, Fip = 0.5,CRyy¢ = 0.5, Dppest in = 0.1, stdp = 0.1,stdcg = 0.1,L = 10,€ = 0.01,¢ = 0.1, evals;, =
2,000, kernelggr = cubic,r = rand(0,1.25)

SAHO [pPan+21] * N =100,F = 0.5,CR = 0.9,K = 30,neighbour = 5D(D < 50) or D(D = 50), kernelgpr = cubic
ESMDE (maiipedadi+ 151 © N = 100, F € [0.5,1.0], CR € [0,1], mut € [r/1 ¢ — t —r/1],x0v € [bin, exp],c = 10,7egTkriging = CONStant, corvriyiging = gauss,6 € [107°,10%], 6, = 1072

EBADE *N=4,M=25K=6,p=0.5

Evaluation Metrics

Average over 21 trials of the best fitness value
Wilcoxon signed-rank test
Average rank



Experiment: Results (Fithess at 6,000FES)

® EBADE outperforms adaptive DEs and is highly competitive with SAEAS

» EBADE is superior with statistical significance (the number of “-” is 9 to 27)

» The best average rank is obtained by EBADE in all dimensions.

14

Best value
Worst value
+/—/~in Wilcoxon test
+ : ours underperforms

- : ours outperforms

~

: cannot find significance

D =10 D =30
Adaptive DEs SAEAs Adaptive DEs SAEAs
EBADE SHADE iSO CSDE EDEV GPEME S-JADE SAHO ESMDE EBADE SHADE iSO CSDE EDEV GPEME S-JADE SAHO ESMDE
F1 4.69E-05 T7.27E-01 — 1.13E-03 — b5.22E4+00 — 4.27E+02 — | 0.00E+00 + 3.03E-13 + 1.66E-28 + 1.81E-02 — 1.59E+402 2.39E+02 — 3.27TE+02 — 1.06E+03 — 9.01E+03 — | 5.44E+4+02 ~ 3.08E-07 + 7.24E-27 + 6.34E+4+02 —
F2 2.18E4+05 3.87E+06 — 2.24E+03 + 9.48E+06 — 9.20E+06 — | 3.14E+06 — 1.14E+05 + 4.09E+04 + 7.40E+06 — 2.96E+07 9.54E+07 — 1.63E+07 + 2.31E408 — 3.00E+08 — | 2.36E+07 ~ 5.74E406 + 4.77E+05 + 1.87TE+08 —
F3 6.46E4+03 3.38E+06 — 7.57E403 ~ 4.28E+07 — 8.37E+08 — | 7.93E+07 — 5.07E409 — 2.21E+10 — 7.76E+06 — 1.07TE+10 1.00E+10 ~ 1.88E+10 — 5.76E+10 — 1.13E+11 — | 6.43E+10 — 1.95E+11 — 1.03E+15 — 1.01E+11 —
F4 6.90E+02 1.82E+04 — 1.09E401 + 3.15E+4+04 — 2.52E4+04 — | 2.27TE4+04 — 9.12E403 — 1.21E+4+04 — 2.48E+4+04 — 3.71E404 9.63E+04 — 3.85E4+04 ~ 1.32E405 — 1.26E+05 — | 1.29E405 — 6.56E+04 — 6.95E+04 — 1.17E405 —
F5 8.49E-03 143E+00 — 1.15E-02 ~ 5.22E4+00 — 1.82E+02 — | 0.00E4+00 + 1.73E4+00 ~ 9.17E-05 + 2.98E-01 — 1.95E402 2.10E+02 ~ 5.69E+02 — 7.27TE402 — 8.92E+03 — | 9.42E4+02 ~ 2.07TE402 ~ 1.87E-04 + 6.50E+02 —
F6 1.50E4+01 1.02E4+01 ~ 8.65E+00 ~ L1.35E+01 ~ 5.25E+01 — | 5.81E+4+00 ~ 8.41E4+00 ~ 7.46E400 ~ 9.90E+00 ~ 1.37TE402 1.28E+02 ~ 1.34E+02 ~ 2.23E+402 — 1.11E+03 — | 3.88E+01 + 4.37E+01 + 1.43E+01 + 2.23E+02 —
F7 1.26E+01 2.08E+01 — 3.83E+00 + 4.08E+01 — 6.04E401 — | 3.54E+01 — 7.41E+01 — 2.45E402 — 3.67E4+01 — 1.56E4+02 1.30E+02 + 1.29E+02 + 1.94E402 — 2.78E+02 — | 2.29E4+02 — 2.35E402 — T7.76E+03 — 2.37E+02 —
F8 2.06E4+01 2.06E+01 ~ 2.05E401 ~ 2.06E+01 ~ 2.06E+01 ~ | 2.06E+01 ~ 2.06E4+01 ~ 2.06E+01 ~ 2.06E4+01 ~ 2.11E401 2.11E4+01 ~ 2.11E4+01 ~ 2.11E401 ~ 2.11E401 ~ | 2.11E401 ~ 2.11E+01 ~ 211E+01 ~ 2.11E+4+01 ~
F9 3.93E+00 8.62E+00 — 7.74E+00 — 9.66E+00 — 9.53E+00 — | 4.67TE+00 — 4.50E+00 ~ 5.40E+00 — 8.99E+00 — 3.11E401 4.00E+01 — 4.09E4+01 — 4.27E401 — 4.19E+01 — | 2.28E401 + 2.56E+01 + 3.24E+01 ~ 3.98E401 —
F10 6.43E-01 5.73E+00 — 5.24E-01 ~ 270E+01 — 1.32E4+02 — | 1.67E-01 + 8.62E-02 + 4.59E-01 + 3.46E400 — 1.52E402 1.94E+02 — 1.04E+02 + 8.26E+02 — 2.57E+03 — | 1.77TE+4+02 ~ 1.31E400 + 5.18E-02 + 8.63E+02 —
F11 6.16E4+00 2.61E+01 — 2.25E401 — 3.09E+01 — 4.92E4+01 — | 1.49E401 — 1.05E4+01 — 2.99E+01 — 2.07TE4+01 — 1.18E+402 2.04E+02 — 2.25E+02 — 2.18E+02 — 3.99E+02 — | 9.87TE+01 ~ 1.50E+02 — 2.68E+02 — 2.17E+02 —
Fi2 1.83E4+01 4.30E+01 — 3.01E+01 — 5.10E4+01 — 6.74E4+01 — | 2.34E401 ~ 1.88E+4+01 ~ 2.71E401 — 4.73E401 — 1.9TE402 2.46E+02 — 2.27TE+02 — 2.73E+02 — 4.50E+02 — | 1.23E+02 + 1.85E+02 ~ 241E+02 ~ 2.93E+02 —
F13 2.38E+01 4.47E+01 — 3.20E+01 — 4.86E+01 — 6.61E+01 — | 3.42E+01 — 2.38E+01 ~ 4.80E+01 — 4.63E+01 — 2.65E402 247E+02 ~ 2.39E+02 + 2.77TE+02 ~ 4.27E+02 — | 2.18E+02 + 2.34E+402 + 2.54E4+02 ~ 2.93E+02 —
Fl14 1.83E+02 1.28E+03 — 1.18E+03 — 1.39E+03 — 1.32E403 — | 7.76E+02 — 347TE+02 — 1.14E403 — 1.18E+403 — 3.75E403 6.81E+03 — 7.73E4+03 — 6.60E403 — 6.56E+03 — | 4.04E403 ~ 4.34E+03 ~ 4.48E+03 — 6.13E403 —
Fi5 1.08E+03 1.77E+03 — 1.64E+03 — 1.91E+03 — 1.86E+03 — | 1.21E403 ~ 1.15E+403 ~ 1.31E403 ~ 1.85E4+03 — 7.04E403 8.14E+03 — 8.27E+03 — 8.36E+03 — 8.43E+03 — | 7.79E+03 — 6.83E+03 ~ 5.12E+03 + 8.14E+03 —
F16 1.53E+00 1.95E+00 — 1.78E+00 — 1.78E+00 ~ 1.83E400 — | 1.80E+00 — 1.58E+00 ~ 1.20E400 + 1.86E+400 — 3.2dE400 3.52E+00 ~ 3.65E+00 — 3.63E400 — 3.7T4E+00 — | 3.48E4+00 ~ 3.7T1E+00 — 3.13E+00 ~ 3.68E400 —
Fi17 2.00E4+01 3.93E+01 — 3.97E+01 — 4.05E+01 — T7.69E+01 — | 2.31E4+01 ~ 2.27E4+01 ~ 246E+01 — 3.33E+01 — 2.00E+4+02 2.53E+02 — 2.70E4+02 — 298E+02 — 5.84E+02 — | 1.31E4+02 + 1.76E+02 ~ 140E+02 + 2.89E+02 —
Fig 3.80E4+01 5.57E+01 — 4.96E+01 — 5.87E+01 — 8.92E4+01 — | 3.57E+01 ~ 3.74E+01 ~ 2.66E+01 + 5.69E+01 — 297TE+402 2.95E+02 ~ 2.77E+02 + 3.32E+02 — 6.01E+02 — | 2.76E+02 + 2.18E+02 + 1.40E+02 + 3.37TE+02 —
F19 1.74E400 3.85E4+00 — 2.52E+00 — 3.94E4+00 — 1.01E4+01 — | 4.54E400 — 8.43E+4+00 — 1.84E+400 ~ 3.75E400 — 3.24E401 2.63E+01 ~ 2.37E4+01 + 1.06E402 — 4.05E+04 — | 1.99E401 + 1.27E+402 — 1.44E4+01 + 4.67E402 —
F20 3.61E4+00 3.84E+00 — 3.45E400 ~ 4.05E+00 — 4.10E4+00 — | 3.63E4+00 ~ 3.75E4+00 ~ 4.04E+00 — 4.08E+4+00 — 1.44E401 1.49E+01 — 1.43E+01 ~ 1.48E+01 — 1.48E+01 —| 1.38E+01 + 1.46E+01 ~ 1.48E+01 — 1.50E+01 —
F21 3.81E4+02 4.00E+02 — 4.00E+02 — 4.00E+02 — 443E+02 — | 3.91E4+02 — 4.17E4+02 — 4.31E402 ~ 3.81E4+02 ~ 6.4TE4+02 T7.05E+02 ~ 8.23E+02 — 1.34E403 — 2.22E+03 — | 2.20E403 — 2.38E+03 — 3.59E+03 — 1.38E+403 —
F22 3.06E+02 1.43E+03 — 1.45E403 — 1.30E+03 — 1.45E4+03 — | 8.79E4+02 — 4.78E+4+02 — 1.50E+03 — 1.34E+4+03 — 3.92E403 7.37TE+03 — 8.22E+03 — 7.52E403 — T7.70E+03 — | 4.55E403 ~ 5.46E+03 — 5.27TE+03 — 6.87E403 —
23 1.44E403 1.97E4+03 — 1.77E+03 — 2.09E+03 — 2.06E+03 — | 1.30E403 ~ 1.26E+4+03 + 1.79E403 — 1.93E403 — 7.58E403 8.82E+03 — R.76E+03 — S8.87TE+03 — 8.71E+03 — | 7.51E+03 ~ 7.33E+03 ~ 5.68E+03 + 8.72E+03 —
F24 2.13E4+02 2.18E+02 — 2.10E402 + 2.22E402 — 2.24E4+02 — | 2.14E402 ~ 2.14E402 ~ 2.17E+402 — 2.22E402 — 2.79E402 2.92E+02 — 2.86E4+02 — 3.04E+4+02 — 3.12E+02 — | 2.62E4+02 + 2.85E4+02 — 2.82E4+02 ~ 3.03E+4+02 —
F25 2.13E4+02 2.20E+02 — 211E+02 ~ 2.24E+4+02 — 2.23E4+02 — | 215E4+02 ~ 2.14E4+02 ~ 2.19E+02 — 2.23E+02 — 297TE402 3.13E+02 — 3.11E4+02 — 3.19E+02 — 3.23E+02 — | 2.79E+02 + 3.04E+02 — 3.00E4+02 ~ 3.16E+4+02 —
26 1.65E4+02 1.78E4+02 ~ 1.94E+02 ~ 2.01E+02 — 1.98E+02 — | 1.85E402 ~ 1.53E+4+02 ~ 1.97E402 — 1.93E402 — 2.74E402 2.72E+02 ~ 217E+02 ~ 3.50E+02 — 3.07TE+02 ~ | 3.22E+402 ~ 2.35E+02 ~ 3.06E+02 ~ 2.52E+402 ~
F27 4.23E4+02 4.87TE+02 — 4.44E+4+02 ~ 5.66E+02 — 5.81E+02 — | 5.03E+02 — 4.35E4+02 ~ 5.16E402 — 5.45E+02 — 1.04E+403 1.26E+03 — 1.23E+03 — 1.36E+03 — 1.37TE+03 — | 8.88E+02 + 9.96E+02 ~ 1.07TE+03 ~ 1.32E+4+03 —
Fag 4.12E4+02 3.55E+02 ~ 3.01E+02 + 4.13E+02 ~ 6.40E+02 — | 2.90E+02 + 7.21E+02 — 1.08E+03 — 3.2TE+02 ~ 1.34E+403 1.14E+03 ~ 1.46E+03 ~ 1.87TE+03 — 2.93E+03 — | 2.13E+03 — 3.07TE+03 — 6.38E+03 — 2.08E+03 —
+/ =/~ 0/24/4 5/14/9 0/24/4 0/27/1 4/13/11 4/9/15 6/17/5 0/24/4 1/16/11 6/16/6 0/26/2 0/26/2 11/6/11 7/11/10 10/9/9 0/26/2
Ave. rank 2.45 5.59 3.62 741 8.23 3.46 3.59 4.88 5.77 3.18 4.84 4.57 6.88 8.04 3.43 3.79 3.86 6.43




Experiment. Results (Summary)

+/—/~in Wilcoxon test
: ours underperforms

® Usefulness of EBADE and Limitation of SAEA in M-EOPS - :wsoupsrom:

: cannot find significance

» EBADE keeps deriving the best performance after 6,000 FEs, i.e., M-EOPs
» The ranks of SAEAs decreases as the increase of the number of FESs.

» Some adaptive DEs becomes effective as the increase of the number of FEs.

(jSO and CSDE) _ _
Wilcoxon signed-rank test

Average rank 0D =10
0 FEs vs SHADE  vsjSO vsCSDE vsEDEV vs GPEME vsS-JADE vsSAHO vs ESMDE
9 ‘ ‘ T ‘ 9 ‘ ‘ T ‘ - ‘ ‘ ‘ o EBADE 2000 | 024/ 4 T/912 06/ 2 026/ 2 1T 6/ 5 14/ 410 10/ 513 025/ 3
o . . X . ) o . . 4 4 SHADE 4000 | 0235 S5/ 8 026/ 2 026/ 2 T/ 912 50815 T3 8 0724/ 4
— — — — - — A
8 ¢ ° 8 - o ¢ ¢ 8 - e 6000 | 024/ 4 514/ 9 024/ 4 02T/ 1 4113711 4/ 9115 61T 5 024/ 4
- A\ * ¢ -m-jSO 8000 | 1/24/ 3 613/ 9 124/ 3 026/ 2 416/ 8 3/ 9/16 I8 8 0724/ 4
7 " N T - n T o] | —a— CSDE 10000 | 024/ 4 613/ 9 025/ 3 026/ 2 418/ 6 3/9/16 319/ 6 0724/ 4
= | < ol . i = >4 | ~+ EDEV
S ® L @ = \ . b) D =20
= A & B = - b GPEME
VC . _:,b . A & ¥ A A uﬁ 5 A A o S ]ADE FEs vs SHADE vs jSO vs CSDE  vs EDEV  vs GPEME vsS-JADE vs SAHO vs ESMDE
[~ 1 o] [~ ] =] [ - —
c: o = . - P - .-Ii A . 2000 | 0226  O/820 053 0244 18/ 6/ 4 16/ 6/ 6 18/ 6 4 0724/ 4
— = — -
<y I—i1\ L n . — oy = - SAHO 4000 | 024/ 4 41311 025/ 3 025/ 3 12 8/ 8 810/10 11712/ 5 0725/ 3
- = - e . v Vi - a ESMDE 6000 | 021/ 7 514/ 9 025/ 3 025/ 3 61210 7110 10/14/ 4 0R6/ 2
o N "] . ] Qo 8000 | 121/6 T4/ 7 OR35S 0253 411413 6/L1/11 816/ 4 0726/ 2
‘3 3 ® ® 3 L
° [ a ] B g O N o n 10000 | 2719/ 7  #14/ 6 121/ 6 025 3 31015 610112 716/ 5 0725/ 3
® @ o
20 ’ 20 h 25 7 ) D =30
1 | | | | | 1 | | | | | 1 | | | | | FEs vs SHADE  vsjSO  vsCSDE vsEDEV vs GPEME vsS-JADE vs SAHO vs ESMDE
2000 4000 6000 8000 10000 2000 4000 6000 8000 10000 2000 4000 6000 K000 10000 2000 | 0226 01315 026/ 2 1252 18/ 6/ 4 17/ 5/ 6 18/ 6/ 4 0725 3
4000 | 118/ 9 31411 026/ 2 026/ 2 16/ 6/ 6 13/ 96 12 8 8§ 025 3
Number of FEs Number of FEs S ’
i Number of FEs 6000 | 11611 616/ 6 026/ 2 026/ 2 11/ 6/11 FA110 100 9/ 9 026/ 2
_ 8000 | 51310 514/ 9 123/ 4 0253 10/ 9/ 0 812/ 8 10/13/ 5 0R6/ 2
a) D =10 b) D =20 C) D =30 10000 | 7147 7147 1205 025/ 3 71011 6/13/ 9 913/ 6 0724/ 4




Experiment: Computational Time

® Average runtime [sec] required to complete one trial (6,000 FESs)

» The runtime of EBADE is slightly longer than those of adaptive DEs.
B However, this is not cared in M-EOPs.

» The runtime of EBADE is much faster than those of SAEAs.
B These long runtime of SAEAs are not accepted in M-EOPs.

Adaptive DEs SAEAs

D | EBADE SHADE 150 CSDE EDEV GPEME  S-JADE SAHO ESMDE

10 | 1.42E401 1.18E+01 6.95E+4+00 1.35E+01 1.58E+01 3.30E4+03 1.04E4+05 4.13E+04 2.98E+403
20 | 1.45E401 1.18E401 6.98E+00 1.37E+01 1.80E+4+01 1.54E404 1.11E405 7.71E+04 1.53E+04
30 | 1.55E4+01 1.21E401 7.23E4+00 1.44E4+01 1.68£401 3.34E404 7.72E404 &.65E+04 3.67E+04
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Discussion 1/3

® Impact of parameter adaptation in M-EOPs

» EBADE is compared with DEs with fixed parameter configuration.

B Eight variants (6 = 0.5,8.r = 0.9)

mutation

best/1 current-to-best/1 current-to-pbest/1
binomial b/1/b cb/1/b cpb/1/b
crossover
exponential b/1l/e cb/l/e cpb/l/e
B Result (average rank) ’ !
8k 8+ :
« EBADE is in top rank The T L]
. é L - A A 'é S A o - |
with 6,000 FEs and more. :° — N
- . S;SD b — - —] éﬂ 5 s . & |
. cb/llbandrb/lbareinhigh Zoe P T Zao T e
LY . i ° |
rank under 4,000 FEs. ; j -t
However, their rank degrades | | R
2000 4000 6000 8000 10000 2000 4000 6000 8000 10000

Number of FEs Number of FEs

with a greater number of FEs.

a)D =10 b) D =20

Average rank

rand-to-best/1
rb/1/b
rb/l/e

9
8, |
70 A .
A
-
6," -
F(‘/I
5 % //“ A :—
A J * =
1 W 1
3| W ® |
N o o *
2, |
1

! ! ! ! !
2000 4000 6000 8000 10000
Number of FEs

¢)D =30

The effectiveness of parameter adaptation of EBADE is confirmed.

o EBADE
A—Dh/1/b
-m-ch/1/b
#—cpb/1/b
+—1b/1/b

bh/1/e
ch/1/e
cpb/1/e
rb/1/e



Discussion 2/3

® Parameter analysis for K (# of candidate 8s) and M (# of subpopulations)
» Ablation studies of the prior validation and multi-population can also be conducted.

Can be turned off by setting K = 1

Ditto by setting M = 100

+/—/~in Wilcoxon test

+ : default setting underperforms
- . default setting outperforms
. | ~ I cannot find significance
Result o D10 0D =10
FEs vs K=1(wWoOPV) vsK=2 vsK=4 vsK=8 vsK=10 FEs vsM=2 vsM=4 vsM=5 vsM=10 vsM =20 vsM =50 vsM =100 (Indiv.)
° The performance Of EBADE IS 2,000 0/16/12 0/13/15 o/ 226 1/ 0127 3/ 0/25 2,000 0/ 7121 0/ 6/22 0/ 4724 2/ 1/25 0/ 1727 1/ 1/26 0/ 0728
4,000 0/17/11 0/12/16 o/ 721 2/ 1725 5/ 1/22 4,000 1/12/15 1/ 8/19 0/ 5/23 1/ 126 07 1727 0/ 3/25 1/ 3724
et 6,000 0/16/12 0/13/15 1/ 5722 2/ 2124 3/ 3/22 6,000 | 0/15/13 0/10/18 0/ 7121 o 1727 0r 1727 0/ 3/25 1/ 4123
SenSItlve tO K and M- 8,000 1/15/12 /11716 2/ 6720 4/ 2122 3/ 3/22 8.000 | 071216 O 7721 0/ 7121 0/ 0/28 07 0/28 1/ 4423 0/ 6/22
10,000 2/10/16 2 o7 W SP1 3 a3 3 4kl 10,000 | 2/11/15 O/ 820 O/ 622 0O/ 0/28 o 1127 o/ 5/23 o 6/22
* The default setting outperforms b D=2 b D =20
. . . FEs | vsK=1(w/oOPV) vsK=2 vsK=4 vsk=8 vsK=10 FEs |[vsM=2 vsM=4 vsM=5 vsM=10 vsM=20 vsM=50 vsM =100 (Indiv.)
Or |S COmpetltlve Wlth the Others 2,000 0/716/12 01513 O/ 127 2/ 026 3/ 0725 2,000 | O/10/18 O/ 1727 0/ 424 0O/ 0/28 0f 0/28 1/ 4/23 07 1727
4,000 0/18/10 0/13/15 O/ 3/25 3/ 0125 4/ 0724 4000 | 01315 O 226 1/ 423 OF 1727 17126 O 1/27 1/ 1726
. 6,000 0/13/15 1/13/14 O/ 127 3/ 1224 3/ 2123 6000 | O/ 9/19 O/ 226 1/ 34 2/ 1125 2 1125 0/ 2/26 1/ 3124
« EBADE W|th K=1orM =100 8,000 111716 1819 1/ 126 2 224 1/ 225 8000 | O/ 820 1/ 522 1/324 U 02T 2026 O/ 2% o 5023
10,000 1/ 8/19 14720 20 125 20224 1/ 5022 10,000 | 1/ 621 1/ 720 1/ 423 2/ 1725 1/ 1726 0 226 o 4124
clearly underperform the others. op—0 b0
FEs | vsK=1(W/oPV) vsK=2 vskK=4 vsK=8 vsk=10 FEs |vsM=2 vsM=4 vsM=5 vsM=10 vsM=20 vsM=50 vsM =100 (Indiv.)
2,000 171710 01018 1/ 324 2/ 026 5/ 0723 2000 | O/ 820 O/ 523 O/ 325 3/ 124 1/ 126 O 127 2 2024
4,000 171512 Or9/19 0/ 028 2/ 1125 3/ 0/25 4000 | O/ 9/19 O/ 226 O/ 226 O/ 127 1/ 1126 0O/ 1127 1/ 1126
6,000 0/14/14 017 o0 028 1/ 225 1/ 1426 6,000 | O/10/18 O/ 424 0O/ 424 O/ 1/27  Of 1/27  0Of 3125 1/ 3124
8,000 079119 0/523 0/ 028 1/225 1/ 2/25 8000 | 1712115 1/ 4/23 1/ 4R3O/ 1727 o/ 1127 0/ 2126 1/ 6/21
10,000 3/ 718 17522 0/ 0228 0/ 226 2/ 3/23 10,000 | 1/10/17 1/ 423 2/ 422 O/ 1727 0/ 0128 0/ 2126 1/ 5122

OO [Vi5[eg® The prior validation and multi-population mechanisms are necessary.




B repo02 B cwz04 B cos06 B cos08 0 ez 1

Discussion 3/3 | || It

SERUSSS8L8 e

mmmmmmmmmmmmmmmmmmm

a) Scaling factor F

' Ad aptation reSUIt ____________________________ _l_c;fe_jo._o:g.z]_l_t:(q.zlo.y_l_ei'o.f‘o_ﬁj_l_e_[ﬂ_-ﬁ-_ﬂ-S_Z__e[_U-S_-lfll
» The ratio of each candidate used
MMMt m A AR

B Shown by problem function and the dimension. *

Function

B Result
b-1) D=10 b) Crossover rate OR

- All candidates for each configuration are selected B s B coresioto/t B it B s
avoiding strong bias.
B Analysis example
W EIZENEZZZREZSEEfEAORAOAANSE GNRCEELEEEZEEIEEREZARBARRARAS
Functio

* CR prefers higher values. 22 2R 22RRRRAS :
v' Solutions generated by exploitation mutation e 2 D=
strategies should be actively utilized in EOPs. o |||| |||| ||

B bimonial W exponential

« Exploitation-oriented mutation strategy
(best/1) is most frequently selected in EOPs. ’ Eﬁ ALPLLLLLL LT VLT TR
Fov [ Fh:tL; e o B B G B e G B ::L;: EERERaRR 2
d1)b=10 d) Crossover strategy d2) D=30

EBADE exhibited high performance by selecting more candidates appropriate for EOPs.
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Conclusion

® Emulation-based Adaptive DE for M-EOPs

» EBADE emulates sample-efficient approaches like SAEAs.
B Prior validation mechanism prescreens candidate configurations without FEs.

B Multi-population mechanism validates candidate configurations with respect to multiple
samples.

» High performance, Fast, and Auto-tunable
B Outperforming adaptive DEs and highly competitive with SAEAs.
B Much shorter runtime than those of SAEAs.
B Automatic performance improvement and easy-to-use

® Future Work

» Extension to multi-objective EOPs
» Development of solution screening mechanism without using any ML technique.
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