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ABSTRACT

To deal with challenging expensive many-objective optimization
problems, this study proposes a novel ranking-prediction based
evolutionary algorithm. Instead of approximating the objectives
directly, our algorithm introduces M symmetrical ranking cases in
the generalized Pareto dominance to construct a single comprehen-
sive Kriging model. Moreover, we design a novel method referred
to as the expected ranking advantage (ERA) for model manage-
ment to cooperate with ranking-prediction, which is capable of
providing sufficient information and avoiding the accumulation of
errors compared to traditional surrogate models. In addition, our
proposed algorithm achieves a significant improvement in the time
complexity of model construction. The outstanding performance
and efficiency of the ERA-based algorithm are demonstrated in two
benchmark test suites with the comparison of four state-of-the-art
algorithms.
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1 INTRODUCTION

Expensive multi-objective optimization problems (EMOPs) arise in
real-world applications (e.g., engineering design, drug discovery),
where each evaluation requires significant resources, such as time,
computational power, or physical experiments.Surrogate-assisted
evolutionary algorithms (SAEAs) effectively address EMOPs with
limited function evaluations (FEs, e.g., a few hundred) [11]. How-
ever, traditional SAEAs struggle with expensive many-objective
optimization problems (EMaOPs) due to the loss of Pareto-based
selection pressure. It becomes essential to assess the quality of can-
didate solutions reliably for EMaOPs. Consequently, many research
efforts have been directed towards developing new methods based
on indicators and reference vectors that do not rely on Pareto domi-
nance. For example, in HSMEA [4], the Euclidean distance between
the candidate solution and the ideal point is used for selection. The
current limitation is that the performance of existing non-Pareto-
dominance-based SAEAs depends heavily on the reference vectors
and the shape of the problem’s Pareto front (PF). Although there
are SAEAs dedicated to predicting the dominance relationship of
candidate solutions with classification models, these algorithms
have not yet been reported to be competitive in providing desir-
able performance in different kinds of problem [5]. Therefore, it
is necessary to develop an efficient algorithm to deal with these
challenging but meaningful problems.

Kriging is a widely used surrogate model in SAEAs as it can pro-
vide estimated fitness as well as uncertainty information. Despite its
poor computational efficiency when dealing with high-dimensional
decision variables or large samples, it is highly competitive for
EMaOPs. For the decision variables X = [x1, x2, ..., xp] in the train-
ing samples and their responses are Y = [y1,y2, ..., yn]. A Kriging
model can learn the latent function f(X). For new input data z* € R,
the approximation is as follows [8]:
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where 1/(X) is the mean vector of X, k* is the covariance vector
between X and z*, K is the covariance matrix of X, and k(z*, z*)
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is the Gaussian kernel computation of z*. §2I is the covariance
matrix for the noise term, where 5,21 is the noise variance, and I
is the identity matrix. This term is added to the kernel matrix K
to account for the noise in the data. 62 represents the predictive
variance of the function f (z*).

Pareto-dominance-based multi-objective evolutionary algorithms
(MOEA) usually show poor performance in dealing with many-
objective optimization problems (MaOPs) due to the rapid growth
of non-dominated solutions with increasing objectives. Zhu et al.
[13] proposed the ‘M-1" + 1 framework of generalized Pareto dom-
inance (GPD), abbreviated as (M — 1)-GPD. It can guarantee the
identity of expanding the dominance area to improve the selection
pressure. However, calculating the actual (M — 1)-GPD rankings re-
quires precise fitness, which is challenging to achieve with existing
regression models. In addition, using traditional binary classifica-
tion models results in loss of information.

To address the limitations of (M — 1)-GPD in SAEAs, we pro-
pose a novel ranking-prediction method, termed expected ranking
advantage (ERA), which integrates (M — 1)-GPD and expected im-
provement (EI) to assess solution quality while balancing model
uncertainty and predicted performance[7]. The proposed algorithm,
ERA-MOEA, offers the following key contributions.

o Aranking-prediction method is proposed for the SAEA frame-
work. Unlike traditional methods, our model predicts the av-
erage front number in (M — 1)-GPD instead of the objectives,
thus improving the algorithm’s reliability and efficiency.

o A novel criterion is designed to achieve a balance between
performance and uncertainty without reference vectors and
indicators, which is applicable to a wider variety of Pareto
fronts with diverse characteristics.

e Comprehensive experiments are conducted on representa-
tive benchmarks, and the performance of our algorithm is val-
idated via comparisons with several state-of-the-art SAEAs.

2 METHODOLOGY

2.1 GENERAL FRAMEWORK

Algorithm 1 presents the pseudocode of ERA-MOEA. ERA-MOEA
starts with the Latin Hypercube Sampling (LHS) method for the
initial population, and all solutions are evaluated subsequently. We
adopt a generalized Pareto dominance method, called AGPO [13],
to sort the solutions. Then, our ranking-prediction model is con-
structed based on the evaluated solutions’ average rankings. After
producing offspring, promising candidate solutions are pre-selected
according to the ranking predicted by the trained model. The de-
tails of the ranking-prediction and model management strategy are
introduced in the following subsections.

2.2 Ranking-prediction Method

In ERA-MOEA, a novel surrogate model construction is applied
to improve the efficiency and reliability of the algorithm. Figure 1
illustrates the construction of the model by a bi-objective example
with five candidate solutions. The blue and yellow lines, respec-
tively, represent two cases of dominance of (M — 1)-GPD. To begin,
training samples are ranked by (M — 1)-GPD, which is introduced
to provide M symmetrical cases of rankings. These rankings differ
from those in generalization of Pareto optimality dominance (GPD)
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Algorithm 1 General Framework

Require: N (population size), ¢ (the expanding angle), M (number of the
objectives), Q (promising solution)

Ensure: P (current population).

1: P« LHS(N);

2: FE«— Nand A « P;

3: while FE < FE,45 do
(r1, 72, ..., 7ar) < AGPOSort(A, ¢);
r «— mean(ry, 7, ..., Tp1);
model « TrainKriging (A, r);
while g < g;nax do

O « GA(P);
P« PUO;

10: (rpreds RMSE) < model(P);
11: ERA « ExpectedRankingAdvantage (rp,eqd, RMSE);
12: P « SelectionbyER(ERA, P, N);
13:  end while
14:  Q « ModelManagement(P, ERA);
15:  Q « RealEvaluation(Q);
16: FE «— FE+1
17: A—AUQ;
18: P « EnvironmentalSelection(A, N)
19: end while
20: return P;

R A AR

[12]. Specifically, they leave one objective unchanged while increas-
ing the selection pressure for the remaining (M — 1) objectives. For
Case 1 (yellow line), as shown in Figure 1, solutions A and B belong
to the first front, solutions C and D belong to the second front, and
solution E is located in the third front. However, for Case 2 (blue
line), the rankings of solutions are different from those of Case 1.
Therefore, to take full advantage of the information provided dur-
ing the evolutionary process, we calculate the averaging of the M
cases of ranking to decide the final ranking of the training samples.
This approach enables a more precise differentiation among various
solutions. Furthermore, considering all rankings comprehensively
contributes to better diversity. Finally, the Kriging model is trained
for ranking-prediction, including the predicted front number and
the root mean squared error (RMSE).

2.3 EXPECTED RANKING ADVANTAGE

It is crucial to consider both performance and uncertainty when
handling EMaOPs. Performance ensures the overall quality of can-
didate solutions, while uncertainty reflects the reliability of the
current model. To utilize the efficiency of our proposed ranking-
prediction in SAEAs, we design a model management strategy that
comprehensively considers the performance and uncertainty of
solutions.

First, the predicted front number can serve as a metric for as-
sessing performance, since the Kriging model produces continuous
output. Furthermore, our model has the ability to synthesize M
cases of rankings, thus guaranteeing both diversity and conver-
gence. In addition, our ranking-prediction also provides the RMSE,
which can be used as a measure of the uncertainty. Then, inspired
by the concept of expected improvement (EI), we propose expected
rank advantage (ERA) to integrate these two metrics. Specifically,
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Figure 1: A sketch of the proposed bi-objective ranking-
prediction method.

the formulation of ERA is as follows.
"median ~ Tpred (x)
RMSE(x) )
"median ~ "pred (x)
RMSE(x) ) ’

where rypedian denotes the median value within the training sam-
ples. rpreq and RMSE represent the performance and uncertainty,
respectively. ® and ¢ respectively represent the cumulative distri-
bution function (CDF) and the probability density function (PDF) of
the standard normal distribution. rinedian = 'prea () represents the
degree of advantage of the prediction ranking relative to the thresh-
old, here taken as the median ranking. When the threshold is set too
low, it can lead to a situation where there is no improvement. The
criterion becomes excessively stringent, leading to the exclusion of
potentially promising solutions. Contrarily, if the threshold is set
too high, it may result in a loss of selection pressure. The proposed
ERA may fail to identify superior solutions. Therefore, we adopt
the median ranking as the threshold to strike a better balance. In
summary, ERA represents the expectation of a candidate solution
achieving better results relative to the median ranking. As a result,
solutions with higher ERA are selected.

During the surrogate-assisted optimization process, all candidate
solutions are sorted according to the ERA. The better half of them
are selected to regenerate offspring with the genetic algorithm. In
this method, ERA directs the candidate solutions towards those
predicted to be better than the current median level of the popula-
tion. Finally, a solution with the best ERA is evaluated using the
real function. ERA takes into account both the distribution of the
ranking-prediction and the corresponding uncertainty. The eval-
uation of the new solution helps to refine the current model and
enhance the reliability of its subsequent predictions. In addition, it
facilitates the convergence of the population.

ERA(x) = (rmedian - rpred(x)) x ® (
(©)
+RMSE(x) X ¢ (

2.4 COMPLEXITY AND PROPERTY ANALYSIS

In our method, the computational complexity is dominated by the
model construction procedure. Suppose that the size of the training
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samples is N and the objective number is M. The complexity of
traditional SAEAs based on the Kriging model is O(MN?). But the
complexity of our SAEAs is O(N?). This reduction in complexity
implies that our algorithm achieves a significant saving of more
than 90% computational resources for model construction.

3 EXPERIMENTAL STUDY

In this section, the proposed algorithm is examined in two bench-
mark test suites with comparison of four other SAEAs, that is,
AB-SAFEA [10], KTA2 [9], K-RVEA [2] and REMO [5]. The experi-
ment aims to verify the effectiveness of the proposed ERA-MOEA.
Furthermore, all experiments are conducted on a PC equipped with
AMD EPYC and 256GB of RAM.

3.1 EXPERIMENTAL SETTINGS

e Statistical Settings: We use IGD* [6] as the performance in-
dicator. The maximum number of FEs is set to 300 for all
problems. All instances run 30 times independently. More-
over, the wilcoxon rank test is adopted at a significance level
of 0.05, where "+", "-", and "~" indicate that the results of
other algorithms are significantly better, significantly worse,
and statistically similar to that obtained by ERA-MOEA.

e Problem Settings: DTLZ1-7 [3] and MAF1-6 [1] are used in
our experiments. For all the problems, the number of objec-
tives M is set to 5, 10, and 15, respectively. The number of
decision variables D is the default setting in the benchmarks.

o Evolutionary Operators: Simulated binary crossover (SBX)
and polynomial mutation (PM) are used for the generation of
offspring in all algorithms, where the distribution index is set
to 20, the crossover probability is set to 1, and the mutation
probability is set to 1/D.

e Population Size: It is set to 100 for all SAEAs.

o Specific Parameters: The maximum number of evaluations
with surrogate model are respectively set to 2000, 2000, 2000,
3000 and 1000 for AB-MOEA, KTA2, K-RVEA, REMO and
ERA-MOEA. In ERA-MOEA, the expanding angle ¢ in ERA-
MOEA is set to be equivalent to twice the value of M. For the
purpose of a fair comparison, the other parameter settings
are the same as those in the original literature.

3.2 RESULTS AND ANALYSIS

The mean results of IGD* values achieved by the five algorithms
under comparison are summarized in Table 1, where the best results
are highlighted. Upon observing these results, it is evident that
ERA-MOEA demonstrated superior performance, achieving the
best results in 30 of the 39 test instances.

Specifically, ERA-MOEA shows overwhelmingly better perfor-
mance on most problems, except for showing disadvantages in
MAF1 and MAF2. In these two problems, solutions are distributed
close to the PF, which is conducive to establishing an accurate
regression model. As a result, SAEAs based on objective approxi-
mation models perform better in these problems. Whereas REMO
and ERA-MOEA distinguish good solutions from poor solutions,
their surrogate models are reliable in various problems. ERA-MOEA
obtained well-converged solutions in various problems and partic-
ularly achieves favorable results in MAF3-6 and DTLZ5-7, which
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Table 1: Comparison of IGD* metric on four algorithms and
ERA-MOEA, which is statistically better in 29 to 36 problems
out of 39 problems.

Problem M ABSAEA KTA2 KRVEA REMO ERA-MOEA

5 2.69e+1(8.07e+0) — 1.88e+1(7.32e+0) — 3.69+1 (5.89+0) — 1.67e+1(5.49e+0) — 1.28e+1 (5.88e+0)
DTLZ1 10 209e+1(6.70e+0) — L16le+1 (5.42e+0)— 2.77e+1(8.19e+0) — 13le+1(5.33e+0) ~ 1.09e+1 (3.84e+0)
15 2.75e+1 (107e+1) = 1.67e+1(5.62e+0) —  2.29e+1 (7.16e+0) — 166e+1 (6.60e+0) — 1.05e+1 (6.01e+0)
5 336e1(433e2)—  277e-1(468e2) —  3.94e-1(5.18¢-2) —  3.65¢-1 (6.06e-2) —  2.56e-1 (6.77e-2)
DTLZ2 10 6.70e-1(6.01e2)—  625e-1(4.77e-2) =  643e-1(7.36e-2) =  6.52e-1(6.42e-2) =  5.52-1 (8.62e-2)
15 9.0le-1(5.60e-2) =  7.27e-1(541e-2) —  8.86e-1(5.28e2) =  7.39%-1(7.98e-2) = 6.61e-1 (6.04e-2)
5 336e+2 (8.11e+1)— 3.09e+2 (7.66e+1) — 3.87e+2 (7.74e+1) — 2.3de+2 (6.30e+1) — 1.73e+2 (6.87e+1)
DTLZ3 10 3.87e+2(9.12e+1)— 3.1le+2 (7.12e+1)~ 3.66e+2 (8.66e+1) — 2.26e+2 (6.51e+1)+ 3.01e+2 (9.40e+1)
15 4.24e+2 (9.89%e+1) —  2.96e+2 (743e+1) ~  4.06e+2 (8.60e+1) — 2.1le+2 (5.15e+1) + 2.96e+2 (1.04e+2)
5 5.22e1(L08e-1)—  5.1de-1(8.1002) —  582e-1(9.4de-2) —  3.68¢-1(5.73e-2) ~  3.A7e-1 (1.19-1)

( ( ( ( (
DTLZ4 10 802e-1(7.54e-2) —  6.78¢-1(8.63e2) —  7.67e-1(5.96e-2) —  6.59%-1(6.69-2) —  5.78e-1 (1.23¢-1)
15 948c-1(524e2) —  7.58¢-1(6.61e2) =  9.42-1(352-2) = 7.69e-1(6.61c2) =  6.62e-1 (1.00e-1)
5 125¢1(3.99%2)—  1.260-1(278¢2)—  1.66e-1(589¢2) —  238¢-1(5.93¢2) —  7.77-2 (3.61e-2)
DTLZS 10 284e-1(5.72¢-2) —  233¢-1(353e2)—  21le-1(564e2)~  220c-1(58%-2) —  184e-1 (4.78¢-2)
15 339%-1(457e-2) = 3.0le-1(436e2) —  279%-1(6.5%-2) —  2.35¢-1(6.05¢-2) —  1.87e-1 (4.82-2)

5 5.022e+0 (5.56e-1) —  4.95e+0 (1.03e+0) — 4.67e+0 (4.84e-1) —  7.37e+0 (6.07e-1) —  2.83¢+0 (6.94e-1)
DTLZ6 10 7.61e+0 (5.72e-1) —  7.52e+0 (3.60e-1) =  6.08e+0 (5.14e-1) =  7.67e+0 (5.49-1) —  4.81e+0 (8.32¢-1)
15 8.21e+0 (3.00e-1) —  7.69e+0 (4.49%-1) —  8.15e+0 (2.18e-1) —  7.66e+0 (5.52e-1) —  5.23e+0 (8.55e-1)
5 1.3le+1(2.03e+0) — 1.39%e+0 (5.44e-1) ~  1.26e+0 (3.62e-1) ~  7.04e+0 (1.44e+0) — 1.43e+0 (4.42e-1)
DTLZ7 10 2.83e+1(2.20e+0) —  5.33e+0 (2.50e+0) —  2.80e+1 (2.48e+0) — 2.93e+1(2.79e+0) —  2.45e+0 (8.84e-1)
) — (

15 4.49e+1(2.73e+0) — 3.12e+1(6.90e+0) — 4.46e+1 (2.81e+0) — 4.58e+1 (4.02e+0) 4.53e+0 (1.49e+0)
5  2.05e-1(450e-2) —  130e-1(155e-2)+  1.78e-1(3.53e-2)~ 3.49-1(7.27e-2) —  1.71e-1(2.84e-2)

MaF1 10 6.78e-1(2.61e-1)—  3.32e-1(3.24e-2) +  4.58¢-1(7.47e-2) —  5.02e-1(6.05¢-2) —  3.57e-1 (2.61e-2)
10 1.58e-1(9.81e-3)+  1.24e-1(292e-3)+  1.67e-1(6.80e-3)+  1.84e-1(7.95¢-3) —  1.72e-1 (1.04e-2)
5 6.66e-2(1.77e-3) ~ 6.6le-2 (14le-3)~  6.57e-2 (1.75e-3)+  7.98¢-2 (1.76e-3) —  6.72¢-2 (3.98¢-3)

MaF2 10 1.58e-1(9.81e-3)+  1.2de-1(2.92e-3)+  1.67e-1(6.80e-3) +  1.84e-1(7.95e-3) —  1.72e-1 (1.04e-2)
15 2.13e-1(1.13e-2)+  1.46e-1(6.37e-3) +  2.14e-1(1.19e-2) ~  2.38e-1(1.47e-2) —  2.2le-1(1.48e-2)

5 7.37c+5(2.22¢+5) — 7.80e+5 (3.92¢+5) — 3.42e+5 (1.20e+5) — 1.88¢+5 (1.10e+5) — 1.31e+d (1.46e+4)
MaF3 10 6.61e+5 (1.84e+5) = 8.57e+5 (2.90e+5) — 432e+5 (1.40e+5) —  2.72e+5 (1.80e+5) —  1.23e+5 (6.65e+4)
15 5.80e+5 (2.14e+5) = 8.69¢+5 (3.80e+5) —  4.56e+5 (1.31e+5) = 4.15e+5 (2.86e+5) — 1.46e+5 (6.91e+4)
5  480e+3 (1.27e+3) — 3.46e+3 (1.12e+3) — 4.29¢+3 (1.23e+3) — 3.15¢+3 (7.81e+2) — 1.78e+3 (1.07e+3)
MaF4 10 1.68¢+5 (4.66e+4) — 9.dle+d (3.00e+4) — 138e+5 (4.20e+4) — 8.43e+d (2.65e+4) — 3.67e+4 (1.dde+d)
( ) (
( [
( (

( (
( (
( (
( (
15 6.71e+6 (1.34e+6) —  4.25¢+6 (1.31e+6) —  6.45e+6 (1.36e+6) —  2.23e+6 (5.70e+5) — 1.22e+6 (5.77e+5)
5 277e+0 (9.70e-1) —  2.42e+0 (133e+0) — 2.91e+0 (9.40e-1) —  154e+0 (208e-1) —  1.4de+0 (4.20e-1)
( (
( (
( (
( (
( (

MaF5 10 1.2de+1(L63e+1)— 3.83e+0 (3.17e+0) — 12le+1 (238e+1) —  6.90e+0
15 1.15e+3 (1.40e+3) —  7.00e+0 (1.18e+1) ~  135e+2 (244e+2) —  5.07e+1
5  172e+0 (9.53¢-1) —  3.35¢-1(2.48¢-1) —  5.38¢+0 (6.21e+0) —  6.47¢+0

6.66e+0) —  3.11e+0 (2.19¢+0)
1.05e+2) = 3.79+0 (2.09¢+0)
2.90¢+0) —  2.83e-1 (4.54e-1)
)
)

MaF6 10 1.16e+1 (7.89e+0) — 0e-1 (5.98e-1) — 9.43e+0 (3.92e+0) —  8.94e+0 (4.30e+0) —  2.89¢-1 (2.02¢-1)
15 2.50e+1(5.41e+0) — 3.83e+0 (3.72e+0) — 1.56e+1 (6.07e+0) — 1.02e+1 (3.90e+0) — 4.89%-1 (5.57e-1)
+/-/~ 2/36/1 4/29/6 2/33/4 2/35/2 ===

have irregular PFs. This illustrates that ERA-MOEA is reliable re-
gardless of the shape of the PFs. DTLZ1 and DTLZ3 are multi-modal
problems where ERA-MOEA and REMO both perform well, demon-
strating the ability to escape local optima. Even without reference
vectors, ERA-MOEA maintains good distribution and outperforms
reference-vector-based SAEAs on DTLZ2 and DTLZ4.

In addition, ERA-MOEA not only demonstrates performance
advantages, but also does not consume excessive time, especially
when M is as large as 15. The statistical results on running time
are shown in Figure 2. ERA-MOEA exhibits the shortest running
time because its time complexity in model construction does not
change with the number of objectives. In summary, ERA-MOEA
can outperform SAEAs based on objective approximation while
maintaining reliability.

4 CONCLUSION

In this work we develop an evolutionary algorithm for expensive
many-objective optimization, named as ERA-MOEA, which uti-
lizes ranking-prediction to avoid error accumulation in traditional
SAEAs. Unlike reference-vector-based approaches, ERA-MOEA re-
lies on generalized Pareto dominance [13], ensuring reliability of the
convergence and diversity of population across diverse problems.
However, without the approximation of objectives, it is impossible
to assess the diversity of the population with traditional methods.
As a result, there is a demand for a new method that can enhance
diversity without requiring predicted objectives.
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Running Time Comparison of Five Algorithms on DTLZ2
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Figure 2: The mean running time comparison on DTLZ2.

ACKNOWLEDGMENTS

This work was supported by the Natural Science Foundation of
China under Grant 62206113 and the Natural Science Foundation
of Jiangsu Province under Grant BK20221067, BK20230923.

REFERENCES

[1] Ran Cheng, M. Li, Ye Tian, Xingyi Zhang, Shengxiang Yang, Yaochu Jin, and Xin
Yao. 2017. A benchmark test suite for evolutionary many-objective optimization.
Complex & Intelligent Systems 3 (2017), 67 — 81.

Tinkle Chugh, Yaochu Jin, Kaisa Miettinen, Jussi Hakanen, and Karthik Sindhya.

2018. A surrogate-assisted reference vector guided evolutionary algorithm for

computationally expensive many-objective optimization. IEEE Transactions on

Evolutionary Computation 22, 1 (2018), 129-142.

[3] Kalyanmoy Deb, Lothar Thiele, Marco Laumanns, and Eckart Zitzler. 2005. Scal-
able test problems for evolutionary multiobjective optimization. In Evolutionary
multiobjective optimization: theoretical advances and applications. Springer, 105
145.

[4] Ahsanul Habib, Hemant Kumar Singh, Tinkle Chugh, Tapabrata Ray, and Kaisa
Miettinen. 2019. A Multiple Surrogate Assisted Decomposition-Based Evolu-
tionary Algorithm for Expensive Multi/Many-Objective Optimization. IEEE
Transactions on Evolutionary Computation 23 (2019), 1000-1014.

[5] Hao Hao, Aimin Zhou, Hong Qian, and Hu Zhang. 2022. Expensive multiob-

jective optimization by relation learning and prediction. IEEE Transactions on

Evolutionary Computation 26, 5 (2022), 1157-1170.

Hisao Ishibuchi, Hiroyuki Masuda, Yuki Tanigaki, and Yusuke Nojima. 2015.

Modified distance calculation in generational distance and inverted generational

distance. In Evolutionary Multi-Criterion Optimization: 8th International Confer-

ence, EMO 2015, Guimaraes, Portugal, March 29-April 1, 2015. Proceedings, Part I

8. Springer, 110-125.

Shinkyu Jeong and Shigeru Obayashi. 2005. Efficient global optimization (EGO)

for multi-objective problem and data mining. In 2005 IEEE congress on evolutionary

computation, Vol. 3. IEEE, 2138-2145.

Matthias W. Seeger. 2004. Gaussian Processes For Machine Learning. International

Jjournal of neural systems 14 2 (2004), 69-106.

Zhenshou Song, Handing Wang, Cheng He, and Yaochu Jin. 2021. A kriging-

assisted two-archive evolutionary algorithm for expensive many-objective opti-

mization. IEEE Transactions on Evolutionary Computation 25, 6 (2021), 1013-1027.

Xilu Wang, Yaochu Jin, Sebastian Schmitt, and Markus Olhofer. 2020. An adaptive

Bayesian approach to surrogate-assisted evolutionary multi-objective optimiza-

tion. Information Sciences 519 (2020), 317-331.

MengChu Zhou, Meiji Cui, Dian Xu, Shuwei Zhu, Ziyan Zhao, and Abdullah

Abusorrah. 2024. Evolutionary optimization methods for high-dimensional

expensive problems: A survey. IEEE/CAA Journal of Automatica Sinica 11, 5

(2024), 1092-1105.

Chenwen Zhu, Lihong Xu, and Erik D. Goodman. 2016. Generalization of Pareto-

Optimality for Many-Objective Evolutionary Optimization. IEEE Transactions on

Evolutionary Computation 20 (2016), 299-315.

Shuwei Zhu, Lihong Xu, Erik D. Goodman, and Zhichao Lu. 2022. A New Many-

Objective Evolutionary Algorithm Based on Generalized Pareto Dominance. IEEE

Transactions on Cybernetics 52 (2022), 7776-7790.

[2

l6

—
)

[8

[

[10

[11

[12

=
&



	Abstract
	1 INTRODUCTION
	2 METHODOLOGY
	2.1 GENERAL FRAMEWORK
	2.2 Ranking-prediction Method
	2.3 EXPECTED RANKING ADVANTAGE
	2.4 COMPLEXITY AND PROPERTY ANALYSIS

	3 EXPERIMENTAL STUDY
	3.1 EXPERIMENTAL SETTINGS
	3.2 RESULTS AND ANALYSIS

	4 CONCLUSION
	Acknowledgments
	References

