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Abstract: In recent years, surrogate models derived from genuine data samples have proven to be efficient in addressing
optimization challenges that are costly or time-intensive. However, the individuals in the population become
indistinguishable as the curse of dimensionality increase in the objective space and the accumulation of surrogate
approximated errors. Therefore, in this paper, each objective function is modeled using a radial basis function approach,
and the optimal solution set of the surrogate model is located by the multi-objective evolutionary algorithm of
strengthened dominance relation. The original objective function values of the true evaluations are converted to two
indicator values, and then the surrogate models are set up for the two performance indicators. Finally, an adaptive infill
sampling strategy that relies on approximate performance indicators is proposed to assist in selecting individuals for real
evaluations from the potential optimal solution set. The algorithm is contrasted against several advanced surrogate-assisted
evolutionary algorithms on two suites of test cases, and the experimental findings prove that the approach is competitive
in solving expensive many-objective optimization problems.
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0 Introduction

Multi-objective optimization problems ( MOPs) ,
such as the design of a car’s cab'" and pressure vessel
design'?’, need to optimize two or more conflicting
objectives concurrently. The mathematical formula of
MOPs is as follows:

minF(x) = (f,(x) fo(x) -+ fu(x))
st.x e R’ (1)
where f.(x)(i = 1,2,---,M) represents the ith
objective of the decision vector x . When objective
number exceeds 3, they are also described as many-
( MaOPs ).
Researchers have developed a plethora of evolutionary

objective  optimization = problems

algorithms aimed at identifying the best solutions of
MOPs, which are made up of three types. The first
includes

category dominance-based multi-objective
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) The second
category features indicator-based MOEAs"', which
adopt an indicator, such as HV'® or IGD "' to
evaluate the quality of the population. The third of
MOEAs is decomposition-based MOEAs, which
classify the population into several subgroups'®’ or

evolutionary algorithms ( MOEAs

translate the MOPs into multiple single-objective

problems* .

Multi-objective optimization algorithms
aim to find a group of convergent and uniformly
distributed optimal solutions referred to as the Pareto
set (PS) within the decision-making space and the
Pareto front ( PF) within the space of objectives.

The methods above attained good results on
common MOPs. However, they become vestigial on
expensive optimization problems, in which a single
evaluation of the function can be quite costly''”.
MOEAs involve massive function evaluations ( FEs)

to approach the optimal set, while there are limited
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computational resources in the expensive optimization
problems during the optimization process. Surrogates
are effective tools for solving expensive optimization
"'} Machine learning technologies, such as
( RBFN )"

and the gaussian
[14]

problems

radial basis function network
polynomial regression ( PR )",
process ( GP), often referred to as Kriging are

commonly used as surrogates. Different surrogates
15-16]

have different advantages- . For example, Kriging
is a probabilistic model which predicts objective values
based on the covariance function between the
individuals and the true evaluated samples. Moreover,
this approach offers an estimated outcome alongside an
estimation of the potential variability associated with
the objective. Kriging performs well when the decision
variable dimension is low, but the high complexity of
hyper-parameters makes it difficult to build a Kriging
surrogate when the decision variable dimension is
greater than 10'"7). RBFN performs well for higher-
order nonlinear problems, but it cannot provide
approximate uncertainty'®’. In Ref. [ 19 ], Zhang
proposed to use the heterogeneous database to train
objective surrogates and constraint surrogates for
disposing of expensive constrained multi-modal
problems. In Ref. [ 20 ], Li proposed to combine
surrogate-assisted evolution optimization and non-
model evolutionary optimization to tackle complex
expensive optimization problems. Among them, the
global surrogate model established by all evaluated
samples, the local model trained by a subset of the
best solutions, and the local model trained by some
newest samples are for forecasting the fitness of
individuals. In Ref. [ 21 ], Li used the explanation
model to assess the critical role of decision variables,
and integrated the information into the offspring
reproduction. In Ref. [ 22 ], Pan used the Kriging
model as a surrogate model and proposed an angle
penalty distance criterion to filter optimal solutions.
More about the

evolutionary optimization algorithms( SAEAs) can be

methods of surrogate-assisted
found in the overview article of Ref.[23].
In the SAEAs,

replace true function evaluations in three ways. The
[24-30]

surrogates are designated to

first way is the regression model-based SAEAs
which train surrogate models to predict objective
functions directly. In Ref. [ 31 ], Zhen proposed to
utilize a blend of extensive and targeted search tactics
to obtain the optimal solution. Furthermore, this
a Radial Function

methodology leverages Basis

.2

(RBF ) model for the purpose of predicting the
objective function of the candidates in the two stages.
In Ref.[32], Wang employed the RBF model and the
Kriging model for the approximation of objectives in
the global and local search process, respectively. In
Ref. [ 33 ],
individual objectives in the expensive MOPs by

Song built GP models tailored for

properly using influential points in training samples
and adopted the two archive2 method' ™' to optimize
the population. In Ref.[35], Liu used GP models to
estimate each objective and used the true evaluated
non-dominated solutions to reset the reference vector
adaptively for uneven PF. In Ref.[36], Liu selected
Kriging models to estimate each objective and adopted
two groups of reference vectors for convergence and
diversity searching, respectively. In Ref. [ 37 ], Li
designed to build an RBFN model for each objective
and used a local search strategy grounded in a PF
model to exploit the sparse region. The approximate
errors will accumulate with the increase of objectives,
which the difficulties in
authentic Pareto-optimal

increases selecting the

solutions throughout the
course of evolution. The second way is to approximate
the indicator function translated from the MOPs with a
surrogate model' ®’. In Ref.[39], Liu trained the
RBFN model to predict the hypervolume indicator
(HVI) associated with each solution to assist the
selection. The

environmental third way is the

classification model-based SAEAs which use the

surrogates to classify >+

or predict dominant
relationships in the population'*’. In Ref.[44], Wei
trained the gradient boosting classifier ( GBC) for
determining the sorting layer of the individuals in the
tiered learning framework of the swarm optimizer
(LLSO) and enhance the robustness of SAEAs. In
Ref. [ 47 ], Pan used RSEA'*! to construct the
dominated boundary and selected a feedforward
architecture within neural networks ( FANNs) to
evaluate the precedence among solutions. With the
amplification of objectives, the absence of the
selection pressure imposed by dominance relation will
Then in

Yuan presented to use deep learning

lead to poor classification performance.
Ref.[46],
techniques to estimate the Pareto and 6 -dominance
interactions between solutions. In Ref.[ 49 ], Zhang
picked two fuzzy classifiers to screen the individuals.
One classifier was designed to ascertain the dominance
relation and the other was designed to measure the
crowdedness of solutions. For the second and third
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methods, the
approximate errors will avoid cumulation with the
but the less
information in the classification model or indicator

surrogate-assisted ~ optimization

increase of objectives, output of
model is hard to discriminate the individuals in MOPs.

In the SAEAs, the majority of individuals are
evaluated by the surrogates while only a few
individuals perform the expensive function evaluations
methods. The

individuals for real function

in surrogate-assisted optimization
criterion that picks
evaluations is the infill sample strategy. Infill sample
strategy is crucial for updating the surrogates and
searching for the optimal solutions. There are two
classes of individuals considered valid infill samples,
one is the individuals with the lowest estimated
fitness, while the other consists of those exhibiting the
largest uncertainty of the approximated fitness'>” . The
individuals possessing the lowest estimated fitness
values will be selected for true function evaluations
since these individuals can help exploit the promising

region and accelerate the
51]

convergence of the
algorithms'*'' . Selecting individuals with the largest
uncertainty for real evaluations can augment the
prediction precision of the surrogates and facilitate the
exploration of sparse regions ''. It has been shown
that the infill strategy which only considers individuals
with approximate optimum may give rise to premature
convergence or fall into a local optimum""'. The infill
strategy which only considers the prediction uncertainty
will consume too many real function evaluations,
leading to a slow convergence rate of the algorithm.
Therefore ,the above two criteria are unsuitable for use
alone. The current infill strategies leveraging surrogate
models in multi-objective optimization can be sorted
into two main types. The first >/ of the infill sample
strategy is extended by the expected improvement
(EI) infill strategy' >’ of the expensive single-objective
algorithms,  which
approximate values with the uncertainty as an
indicator. In Ref. [ 53], Zhang used GP models to
predict each objective function and these approximate

optimization combine  the

objective functions were used to derive the predictive
distribution model for constructing the metric of the
infill strategy. In Ref.[55], Wang also selected the
GP models to predict the objectives and then used the
approximated objective functions to calculate the
adaptive acquisition function to pick individuals for the
true function evaluations. The second type of the infill
strategy uses approximate values and uncertainty as

two separate indicators. For the second category of the
infill strategy, approximate value and uncertainty are
adaptively considered for sampling according to the
requirement on convergence or diversity of the
(232361 Tn Ref. [26], GP models were
used to predict the objectives, and the convergence

population

calculated by the forecasted objective values or the
uncertainty of GP models is adaptively preferred for
the infill strategy according to the crowding degree of
the radial space. In Re.[33], each dimension of
objectives is predicted by the pivotal point-insensitive
surrogate model and the convergence, diversity, or
uncertainty is adaptively considered for the infill
strategy according to the predominant demand of
convergence, diversity, or uncertainty.

1 Motivation and Contributions

Although the above methods have revealed

validity in tackling expensive multi-objective
optimization problems ( EMOPs), many challenges
remain. For the first category of SAEAs, the mistakes
from approximations grow more significantly as the
objective space expands in dimensionality. The
mentioned methods of the infill strategies in SA-
MOEAs use the performance indicators which are
calculated by the approximated objectives of surrogate
When the
approximated errors will accumulate. And for the
second and third categories of SAEAs, it is difficult to

coordinate the convergence and diversity of high-

models. objectives  increase, the

dimensional space with a single performance indicator
or classification method. Fig.1 takes an instance to
interpret how the approximated errors induce the
performance degradation of the SA-MOEAs. In
Fig.1(a), the objective functions of A,B, and C are
estimated by the surrogate models, and in Fig.1(b),
the objective functions of A, B, and C are assessed
through their actual objective functions. In Fig.1(a),
suppose we need to choose one individual for the true
function evaluations and we utilize the performance
indicator that quantifies the Euclidean distance from
the candidates to the origin to assess the convergence
quality of the individuals. The Euclidean distance of
the individuals A, B, and C to the origin is evaluated
by the approximated objective functions with 5. 10,
2.23, and 4.21, respectively. Considering selecting
the individual with the smallest convergence value for
the true function evaluations, individual B with the

. 3.
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least Euclidean distance of 2.23 to the origin will be
picked. However, the true Euclidean distance of the
individuals A,B, and C in Fig.1(b) are 4.71, 5.02,
4.20 where the Euclidean distance of the individual C
to the origin is the minimum. In this way, the method
of calculating the performance indicators with the
approximated objective function values may select
individuals with worse convergence performance
because of approximate errors accumulating.To further
verify the hypothesis in Fig.1, we conducted
experimental on the DTLZ1 to DTLZ4 test problems
with 10 objectives. The results are shown in Fig. 2.
Within Fig.2, we calculate the convergence of Fig.1
employing the fitness values derived from the
surrogate model and the actual function evaluation,
respectively, and then select individuals for the true

evaluation based on these two results. The sum of

>

5

______ , C(3.7.2)

A

5
(a) 4, B, and C are predicted by the surrogate models

individuals for each test problem is 20. In Fig.2, it
can be seen that the blue bar chart represents the
number of individuals whose selection results from the
surrogate model and true function evaluations under
the same selection criterion are identical, while the
orange bar chart represents the number of individuals
whose selection results are inconsistent. Fig.2 confirms
that the assumption in Fig.l1. Thus, to mitigate the
negative effect of approximated error accumulation
and coordinate convergence and diversity in high-
dimensional objective space, this work designs an
adaptive infill strategy combining the first and the
second way of training surrogate models and proposes
the two performance indicators assisted infill strategy
for expensive many-objective optimization ( TPAEMO).
A synthesis of the key contributions of this paper are
provided in the subsequent section.

______ A(1,4.6)
...... .. B(3.5.3.6)

_______ @ C38.18)

A

(b) 4, B, and C are evaluated by the expensive objective functions

Fig.1 An example demonstrating the negative effects that the approximated errors make on the algorithm

1) The surrogate models are established in two
ways. The first way is to create a surrogate model for
every individual objective, which is used to assist
population optimization to coordinate the convergence
and diversity within the complex, high-dimensional
objective space. The second way is to train the
surrogate model for two performance indicators,
which is used in the infill criterion and reduces the
negative impact of error accumulation.

2) An adaptive infill strategy is designed in
which the candidates with good convergence or
diversity are picked out for expensive function
evaluations based on the level of convergence observed
within the group. In this way, it is effective to enhance
trade-offs between diversity and convergence.

The subsequent sections
projected as follows. Section 2 gives concise
descriptions of the NSGA-II/SDR algorithm and RBF

4 .

of this paper are

networks. Section 3 specifically introduce the
proposed TPAEMO algorithm. Section 4 displays the
outcomes of experiments and parameter analysis. The
conclusions and prospect of subsequent research
endeavors are given in Section 5.

141 = Identical = Different
12 12
12F 11
10 10
9
I! I! 8

DTLZ1 DTLZ2 DTLZ3 DTLZ4

Selection results based on real function
evaluation and predicting of surrogate model
under the same convergence criterion
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2 Preliminaries

2.1 NSGA-II/SDR
NSGA-1I'
based MOEAs that uses the dominance relation to

is a representative of dominance-

evaluate and compare solutions in multi-objective
optimization tasks. When dealing with a higher
NSGA-II becomes invalid

owing to the deficiency of selection pressure. In Ref.

number of objectives,

[4], Tian introduced an enhanced version of the
dominance relationship known as SDR to bolster the
selection pressure of the dominance-based MOEAs for
many-objective problems. The standard definition of
this enhanced dominance relationship is provided
further in the text.

Definition 1 ( Strengthened
relation). An individual x is said to have an enhanced

dominance

dominance over another individual y ( denoted as
x <,y ) if the following conditions are met .

Con(x) < Con(y),0, < 6

(2)

0., -
Con(x) - — < Con(y), 6, > 6
7 )

6., represents the angular

where Con(x) = iﬁ(x) ,

separation between the individual x and y in the
objective space, 6 symbolizes a threshold parameter
set to the | (| P1 /2) | -th minimum element of
qrrel}Jr\}J 0 |l peP (3)
NSGA-II/SDR embeds the SDR in NSGA-II in
which the conventional Pareto dominance relationship
is substituted by the SDR. And the NSGA-II/SDR
maintains the same overall structure as the standard
NSGA-II.
2.2 Radial Basis Function Network
Radial Basis Function Network (RBFN) '™ is a
kind of artificial neural network, and it has three fully

Pq

connected levels which contain an input level, a
hidden level and an output level. Given N samples of
,N) and their
the objectives for

D decision variables x,(j = 1,2,
objective valuesy,(j =1,2,---,N),
a novel instance x can be predicted using the following
formula .

f(x) = ilﬁiqo(x,c» - (4)

where ¢ (x,c;) represents the kernel function used in

the hidden level, and ¢, is the centroid of the i -th

neuron, which is determined through the K-means
clustering method. In this paper, we choose the
Gaussian kernel as the activation function, which is

defined below :

z ‘xd _ c;l ‘2
@(x,c;)) =exp| _ - (5)
2a2
The parameters B, and 17 in Eq. (4) need to
satisfy the following equation ;

ZB¢<,,,>+n v, j=1,2,- N (6)

which can also be expressed in a matrix form below .

e(x,,c,) o(x,c,) ¢(x,,c,) 1
@(xz"v'l) @(xzacz) Qo(xzacn> 1
(P<x1\°’cl) gp(xs\”("Z) qo(x\, n) 1

B, Y1

Y2

=", (7)
B" :
77 ys\’

Eq. (7) can alternatively be written as ¢ + B =

Y,and B =[8,,---,B,,n] can be derived using the
method of least squares;
B=(¢' ") -1-¢"-Y (8)

After obtaining B, RBFN makes a prediction as
Eq.(4).

3 Proposed Algorithm

3.1 Overall Framework

RBFN with lower complexity in hyper-parameter
optimization can better fit the global depiction of the
fitness landscape and exhibit better performance for
complex problems with high-dimensional and high-
order nonlinear aspects''>’. Thus, in this paper, we
adopt RBFN models as surrogate models for each
objective function and the two performance indicators.
Algorithm 1 indicates the pseudocode of the proposed
TPAEMO algorithm and the flowchart is displayed in
Fig.3. The NSGA-II/SDR

optimization framework in TPAEMO. In the main

severs as the basic
loop, the Latin hypercube sampling ( LHS) method is
used to create the initial population containing 11D - 1
individuals. All the individuals in the initial population
are calculated by the true objective functions and kept
into the archive Arc. Then N individuals with the
smallest convergence and biggest diversity are selected
from Arc by the environmental selection in NSGA-II/

. 5.
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SDR as the initial population. After that, the N
individuals are optimized for several generations. At
last, the optimized population is used for the proposed
infill strategy, several individuals are recalculated by
the true expensive objective functions and then they
are added to the database Arc. This process will be
executed repeatedly if the true function evaluations is
not up to the maximum number and the converged
non-dominated optimal solution set will be as the
output.

Algorithm 1 The algorithmic pseudocode for TPAEMO

Require ; The limit superior in terms of true function
evaluations (FE ; population scale NV ;

max )
the count of expensive function evaluations
(FE=0)

Ensure : The non-dominated solutions in Arc

1. Take LHS to generate 11D - 1 individuals,
evaluate these individuals, and add them to Arc

2. FE=FE + 11D -1
3. while FE < FE_, do
Select N individuals in Arc using the
environmental selection of NSGA-II/SDR
5. Train an RBF,; surrogate model for each

objective using the true sample in Arc

6. Run the optimizer of NSGA-II/SDR assisted
by the RBFN models which substitute for the
true function evaluation for ¢ generations

7. Select 7 individuals, and recalculate them by
the true expensive functions

8. (Refer to Algorithm 2)

9. Keep the 7 individuals into Arc and update
FE =FE + 7

10. end while

Evolutionary optimization

{ Start »

v
Best N sample
points

Initialize the
true samples
T

Train RBF

obj
models

Population P

Indicator

________ | Train RBF
models

Nes

No FE<FD

Infill strategy

Select the
k-means cluster individuals with the
Min Con
<L> > i _Select th.e
individuals with the
Max Div
No B

Fig.3 Flowchart of TPAEMO

3.2 Infill Strategy

In SAEAs, general individuals are predicted by
the surrogate models and the approximated errors will
accumulate with the increase of objectives. To
coordinate the convergence and diversity of expensive
MaOPs and make the best use of the limited
infill
strategy is put forward in this article. In the phase of

computing resources, an adaptive sample
the infill sample strategy, 7 individuals will be
selected from the optimized population P’ for the

expensive function evaluations in the TPAEMO.
.6 -

Algorithm 2 displays the pseudocode of the infill
sample strategy put forward in TPAEMO. First, all
the individuals that have already been evaluated by the
expensive functions in the population P’ will be
identified and deleted. Second, the
individuals in P’ will be divided into 7 clusters using

remaining

k-means cluster according to their approximated
objective functions by RBF,. Then, the objective
function values of the true samples in Arc will be
of the
convergence and diversity which are defined as

translated to the performance indicators
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Eq.(9) and Eq.(10) .
Con(x) =/ S f(x) ,(i=1,-,M) (9)

Div(x) = min, . .. [F(x) F(p) |+

i 1/d(x)
j (10)

|F(x),F(p)l Euclidean

distance between x and p in the objective space, and

where expresses the
d,(x) denotes the Euclidean distance between x and
the j-th closest data point to x in Arc in the objective
space. The true samples and their performance
indicators are added to archive Arcl and the data in
Arcl will be used to train two RBF, ;...
After that, the RBF,

indicator

models.
models will be adopted to
assess the convergence and diversity performance
indicators of the population P’ . Last, one individual
with the minimal convergence performance or the
maximum diversity performance approximated by the
RBF
according to the convergence degree of the population
P’ . Here,
estimate the convergence degree of the population.

models will be selected from each cluster

indicator

a straightforward method is used to

The non-dominated ranking is used to sort the
population P’ into several non-dominated levels. If
there is more than one non-dominated level which
implies that the population shows poor convergence,
the individual with the minimal convergence value
Con will be selected from each cluster. Otherwise, the
individual with the maximum diversity value Div will
be chosen from each cluster.

Algorithm 2 The proposed adaptive infill strategy

Require ; The population P’ ; Arc
Ensure ; The 7 individuals evaluated by the expensive
functions

1. Remove all individuals in P’ that have been
calculated by the true objective functions

2.Use the k-means cluster to classify the remaining
population P’ into 7 subpopulations

3./ * Train two indicator models * /

4. Assess the convergence indicator and diversity
indicator of the true samples in Arc using Eq.(9)
and Eq. (10), respectively, and add their two
performance indicator values to Arcl

5.Use the data in Arcl to train two RBF,

indicator

models.

6. ( Front,, Front,,
sort (P)
7.Estimate the convergence and diversity value of

-+, Front, ) = Non-dominated-

P’ using the surrogate model RBF
8./ *
expensive function evaluations * /

9.if L > 1 then
10. Select the individual with the minimal

indicator

Select a solution in a subpopulation for

convergence value Con predicted by the
RBF

reevaluate them by the expensive objective

in each sub-population and

indicator

functions.

11.else

12. Select the individual with the maximum
diversity value Div predicted by the

RBF, ;... 10 each sub-population and
evaluate them wusing the expensive
functions.

13.end if

4 Experimental Studies

In this section, the performance metric of
experiment comparison, and the parameter settings of
TPAEMO and other comparison algorithms are
presented first. Then, experiments with different
values of 7 in TPAEMO are conducted to examine the
effects of different 7 values. After that, the effects of
approximate performance indicators are investigated.
At last, we contrast TPAEMO with the advanced SA-
MOEAs algorithms, including K-RVEA, CSEA, and
KTA2. We also compare TPAEMO with NSGA-II/
SDR without

algorithms are operated on the PlatEMO"" to obtain

using the surrogates. All these
the results. The Wilcoxon rank-sum test at a
significance of 0.05 is adopted to compare the results
of TPAEMO and other algorithms. Symbols “ +7 |
represent that TPAEMO has achieved

better, worse, and similar results with the compared

“_» and “o”

algorithms, respectively. We execute experiments on
the test suites of DTLZ"*®' and MaF'*' to examine the
optimization capability of TPAEMO.
4.1 Performance Metrics

In this paper, we use the performance metric of
Inverted Generational Distance (IGD) ' to compare
the optimization capability of different algorithms.
IGD uses a group of uniformly distributed reference
points sampled along the true Pareto front ( PF) to

.7 .
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assess the convergence and diversity of the algorithm.
An algorithm performs better on convergence and
diversity when it has a lower Inverted Generational
Distance ( IGD ) value. The formula of IGD is
showed below :

Y d(r,02)

repP*
E
In Eq (11), P" represents the set of reference

IGD(P*,0) = (11)

points sampled from the true Pareto front, (2
represents the approximate Pareto optimal set achieved
by running the algorithm, and d(r,{2) represents the
smallest Euclidean distance from the point r on the
true PF to the individual in (2.
4.2 Comparison Algorithms and Parameter

Configuration
4.2.1 Comparison Algorithms

To test the viability of the proposed algorithm,
we contrast TPAEMO against CSEA, K-RVEA,
KTA2, and NSGA-II/SDR. A concise description of
each comparison algorithm is given below.

(1) CSEA',
forward neural networks ( FNNs) to develop the

The method leverages feed-

classification criterion which divides true samples into
non—dominated and dominated categories to determine
the dominant relationship between newly generated
solutions and reference solutions.

(2) K-RVEA'™!. It adopts the Kriging model to
estimate each objective function. Then in managing
the Kriging models, uncertainty information brought
by the Kriging models, the distribution information of
the reference vectors, and the position of the
individuals are considered for selecting individuals to
reevaluate by expensive function.

(3) KTA2'*!, This
influential point-insensitive model to predict each

method constructs one

objective function and consider convergence,

diversity, and model accuracy in selecting new
individuals for reevaluating according to the foremost
demand for convergence, diversity, or uncertainty of
the surrogate model.

(4) NSGA-II/SDR'* . The method is advanced
for tackling many-objective optimization problems
without surrogate models and an adaptive niching
technique of strengthened dominance relation ( SDR)
is advanced in view of the angle niches between the
individuals, where only the best converged individual
is installed at the first non-dominated level in each

niche.
.8 .

4.2.2  Parameter Configuration

Parameter configuration of TPAEMO and the
compared algorithms are given below ;

(1) In our experiments, reproduction operators
containing simulated binary crossover and polynomial
in all the
algorithms to create the offspring solutions. The

mutation are employed comparison
parameters of reproduction operators are configured as
p.=10,p, =1/D,n, =20,n, =20

(2) Maximum expensive function evaluations of
300 times serves as the ending condition for all
comparison algorithms in this paper.

(3) The population scale of TPAEMO is
configured as 50. The initial population scale of the
compared algorithms is configured as 50.

(4) The related parameters of the compared
algorithms are configured complying with suggestions
Refs.[4,25,33,47].

4.3 Sensitivity Analysis of 7

The parameter 7 of the number to pick individuals
for actual function evaluations may affect the
optimization capability of TPAEMO,
different values of 1, 3, 5, 8, and 10 for parameter 7

so we set

to conduct experiments. The mean IGD results of
different parameter 7 over 20 independent executions
on DTLZ1 and DTLZ6 with 10 objectives are shown
in Fig 4. From Fig.4, it can be observed that when
7 =3, the mean IGD values of DTLZ1 and DTLZ6
with 10 objectives are minimal. Thus, we set 7 = 3.
4.4 Effect of Approximate

Indicators

To study the effect of approximate performance

Performance

indicators predicted by the surrogate models directly,
we compare TPAEMO with another variant of the
named TPAEMO-I, in which the
indicator of candidates are

algorithm
performance values
calculated by the approximate objectives instead of
being predicted by the surrogate model directly. The
average IGD results of TPAEMO and TPAEMO-I
according to 20 independent executions on DTLZI-
DTLZ7 problems with 3, 4, 6, 8, and 10 objectives
are shown in Table 1. The best median result in each
row is marked with a gray-colored backdrop.
TPAEMO obtained 11 better results and 7 worse
results than TPAEMO-I and TPAEMO showed better
performance on all objectives of DTLZ5, and high-
dimensional objectives of DTLZ2. The results reflect
that our TPAEMO shows better performance than
TPAEMO-I.
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Fig.4 Mean IGD values attained by different values of 7
Table 1 IGD statistical results attained by TPAEMO-I and TPAEMO for DTLZ1-DTLZ7 with 3, 4, 6, 8, and 10 objectives

Problem M TPAEMO-I TPAEMO
3 8.7310e+1 (1.90e+1) + 7.4231e+1(1.43e+1)
4 5.8190e+1 (1.23e+1) = 5.4455e+1 (1.61le+1)
DTLZ1 6 2.5358e+1 (696e+0) =~ 2.6760e+1 (5.92¢+0)
8 9.328%9e+0 (4.07e+0) =~ 7.5787e+0 (3.51e+0)
10 3.5618e—1 (1.40e-1) = 3.6621e~1 (9.24e-2)
3 5.7747e-2 (1.51e-3)— 8.4222¢-2 (1.62¢-2)
4 1.3556e—1 (4.45¢-3)— 1.4003e-1 (6.58¢-3)
DTLZ2 6 2.826le-1 (5.51e-3) + 2.7687e~1 (345¢e-3)
8 3.9200e-1 (1.03e-2) = 3.8654e—1 (1.23e-2)
10 49670e—1 (1.62e-2) + 4.839%~1 (2.07e-2)
2.2357e+2 (498e+1) = 2.3253e+2 (444e+1)
1.7379e+2 (3.26e+1) = 1.7264e+2 (2.88e+1)
DTLZ3 6 9.3925¢e+1 (2.11e+1) + 74962e+1 (2.13e+1)
8 297%4e+1 (1.25e+1) = 2.8447e+1 (1.15e+1)
10 1.1845¢+0 (2.73e-1) = 1.4352e+0 (5.16e-1)
3 3.3055e-1 (1.05e-1) + 279791 (8.62¢-2)
4 4.0034e-1 (648e-2) = 4.1797e~1 (1.29e-1)
DTLZA 6 4.6784e-1 (2.76e-2)~ 5.0070e—1 (5.68e-2)
8 5.1670e-1 (2.08e-2) =~ 5.1355e—1 (3.00e-2)
10 5.6173e~1 (1.38¢e-2) = 5.6338e-1 (191e-2)
3 2.6415¢-2 (4.68e-3) + 1.0701e-2 (2.39¢-3)
4 2.9298e-2 (3.30e-3) + 1.2641e-2 (1.42¢-3)
DTLZ5 6 2.9293¢-2 (3.06e-3) + 1.4200e-2 (1.60e-3)
8 2.0860e-2 (3.96e-3) + 1.3116e-2 (1.8%-3)
10 9.3267e-3 (8.64e-4) + 6.0032e-3 (4.58¢-4)
3 2.5996e+0 (5.07e-1) = 2.8419e+0 (5.47e-1)
4 2.0375e+0 (3.96e-1) = 2.2219e+0 (597e-1)
DTLZ6 6 1.2190e+0 (2.19e-1) = 1.0972e+0 (4.14e-1)
8 4.1835e~1 (240e-1) = 44386e—1 (1.77e-1)
10 4.6037e-2 (149e-2) = 4.8260e-2 (1.66e-2)
3 1.7145e~1 (3.06e-2) - 32121e-1 (6.96e-2)
4 276391 (4.46e-2)— 4.4570e~1 (6.27e-2)
DTLZ7 6 5.0131e~1 (2.73e-2) - 6.5455¢—1 (4.47e-2)
8 8.0525¢—1 (2.69¢-2) - 8.8780e—1 (5.46e-2)
10 1.1569e+0 (4.81e-2) + 1.0814e+0 (2.27e-2)
-/ ~ 1/7/17
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45 Effect of the Infill Strategy

To discuss the effect of the infill strategy, we
compare TPAEMO with another variant of the algorithm,
named TPAEMO-II, in which only the performance
indicator of convergence predicted by the surrogate model
is employed to choose individuals for expensive function
evaluations. The average IGD results of TPAEMO-II and
TPAEMO based on 20 independent executions of DTLZI-

DTLZ7 test problems with 3, 4, 6, 8, and 10 objectives are
shown in Table 2 TPAEMO obtained 9/35 better results
than TPAEMO-II and 0/35 worse results than TPAEMO-II
which indicates that the infill strategy used in TPAEMO is
more effective than that in TPAEMO-II. TPAEMO
performed better than TPAEMO mainly on DTLZ2 which
showed the performance indicator of diversity used in
TPAEMO is effective.

Table 2 IGD statistical results attained by TPAEMO-II and TPAEMO for DTLZ1-DTLZ7 with 3, 4, 6, 8, and 10 objectives

Problem M TPAEMO-II TPAEMO
3 8.1097e+1 (1.3%+1) ~ 74231e+1 (143e+1)
4 5.535e+1 (170e+1) =~ 54455¢+1 (16le+1)
DILZI 6 27662e+1 (60le+0) ~ 26760e+1 (592e+0)
8 8.7150e+0 (4.11e+0) ~ 7.5787e+0 (3.51e+0)

10 40548e-1 (123e-1) ~
1.1222e-1 (20le-2) +
1.9705e-1 (233e-2) +
37566e-1 (3.78-2) +
8 551451 (3.82e-2) +
10 6.0336e—1 (4.79-2) +
20305e+2 (498e+1) ~
L6O7e+2 (433e+1) =~
7.8M5e+1 (270e+1) =~
8 2.9895e+1 (10%e+1) ~
10 1.2707e+0 (3.63e-1) =
467451 (2.55¢-1) +
4013%-1 (852-2) ~
54220e—1 (89le-2) ~
8 5.1298e-1 (374e-2) ~
10 57202e-1 (2.37e-2) ~
106192 (147e-3) =~
1.3465¢-2 (1.84e-3) ~
145542 (237e-3) ~
8 12194e-2 (1.6le-3) =
10 671193 (5.76e—4) ~
2.5807e+0 (5.66e—1) ~
2.3335e+0 (466e—1) ~
12033e+0 (39le-1) =~
8 547451 (272e-1) ~
10 484302 (158e-2) ~
3300de-1 (8.98e—2) ~
4644le-1 (7.84e-2) ~
6.9609—1 (4.79-2) +
8 1.0470e+0 (1.03e-1) +
10 1.3239+0 (6.13e-2) +

B W

DTLZ2

DTLZ3

DTLZA

DTLZ5

DTLZ6

DTLZ7

=/ =~ 9 0/26

3662le-1 (924e-2)
8422%e-2 (1.62e-2)
1.4003e—1 (6.58¢-3)
2.7687e~1 (3.45¢-3)
38654e—1 (1.23e-2)
483991 (2.07e-2)
2.3053e+2 (4dde+1)
1.7264e+2 (2.83¢+1)
74962e+1 (2.13e+1)
2.8M47e+1 (1.15e+1)
14352e+0 (5.16e-1)
2.7979%—1 (8.62e-2)
4.1797e-1 (1.29e-1)
5.0070e—1 (5.68¢-2)
5.1355¢e—1 (3.00e-2)
56338e-1 (191e-2)
1.0701e—2 (2.39-3)
1.2641e-2 (142e-3)
1420062 ( 1.60e-3)
1.3116e-2 (1.89-3)
6.6032e—3 (4.58e-4)
2.8419e+0 (547e-1)
2.2219e+0 (597e—1)
1.0972e+0 (4.14e-1)
4.4386e—1 (1.77e-1)
482662 ( 1.66e-2)
32121e-1 (696e-2)
44570e-1 (627e-2)
6.5455e—1 (447e-2)
8.8780e—1 (546e-2)
1.0814e+0 (2.27e-2)

4.6 Comparison over Other Algorithms

We test the optimization capability of TPAEMO on
DTLZ1-DTLZ7 problems with 3, 4, 6, 8, and 10 objectives
and MaF1-MaF7 problems with 3, 5, and 10 objectives.
Regarding all of the test cases, the dimension of the
decision variable is 10.

1) Results on DTLZ benchmarks; the IGD scores

.10 -

attained by the five compared algorithms across 20 separate
executions on DTLZ1 through DTLZ7 are collected in
Table 3, where the best median result in each row is
marked with a gray-colored backdrop. From Table 3, it
can be seen that TPAEMO obtained 25 better results and 2
worse results than NSGA-II/SDR within a group of 35 test
examples, which indicates that TPAEMO is more efficient
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than NSGA-II/SDR which has no surrogate model to
participate in tackling the computationally expensive many-
objective test problems. Table 3 reveals the following
results that TPAEMO obtained 15 best median results

within the 35 test instances, KTA2 ranked second with the
10 most successful results, CSEA ranked third with 5
superior results, and K-RVEA ranked fourth with 5 finest
results.

Table 3 IGD statistical results attained by CSEA, K-RVEA, KTA2, NSGA-II/SDR, and TPAEMO for DTLZ1-DTLZ7 with

3,4, 6, 8, and 10 objectives

KTA2

NSGAIISDR

TPAEMO

Problem M CSEA K-RVEA
3 595Me+l (125%e+1)—  8.148le+] (1.80e+1) ~
4 40939+l (LI3e+l) —  54846e+1 (1.90e+1) ~
DILZI 6  15112e+] (453e+0) —  2.68%9%+1 (1.0de+1) ~
8 42113e+0 (220e+0)—  7.9373e+0 (295¢+0) ~
10 2.8425e-1 (82le-2)—  3.0756e-1 (9.10e-2) ~
3 24009-1 (353-2) + 12034e—1 (1.85e-2) +
4 32764e-1 (360e=2) +  22083e—1 (1.8de-2) +
DILZ2 6  49143e-1 (325e-2) +  34900e—1 (1.6%e-2) +
8  6200le-1 (329e-2) +  43836e—1 (1.79-2) +
10 67637e-1 (234e-2) +  52403e—1 (2.69e-2) +
3 1.556%+2 (337e+1)- 1.5601e+2 (7.12e+1)-
4 11189%+2 (387e+1)- 1.3986e+2 (4.69e+1) -
DILZ3 6 59675+l (138e+1)—  69305e+] (2.1le+1) ~
8 14747e+1 (5.19¢+0)- 1.9684e+1 (9.51e+0) -
10 9.526%-1 (1.24e-1)- 8.7563e—1 (3.83e—1)-
3 46070e-1 (175e=1) +  3.059le-1 (9.14e-2) ~
4 33M3e-1 (58le-2)-  39298e-1 (9.08e-2) ~
DILZ4 6 4734le-1 (464e-2) ~  5.1398e-1 (624e-2) ~
8 57000e-1 (327e=2) +  5650e—1 (347e-2) +
10 64429%-1 (306e-2) +  66835e—1 (3.05e-2) +
3 12398e-1 (343e-2) +  8.06de—2 (15le-2) +
4 12978e-1 (221e=2) +  46540e—2 (945¢-3) +
DILZ5 6  80606e—2 (20le-2) +  3.7516e-2 (1.33e-2) +
8 467152 (853-3) +  2.5423e-2 (540e-3) +
10 14326e-2 (1.36e-3) + 1.2634e-2 (2.00e-3) +
3 58812e+0 (45%—1) +  2.8777e+0 (440e-1) ~
4 50638¢+0 (486e-1) +  20288e+0 (346e—1) ~
DTLZ6 6  3.0018c+0 (485e-1) +  1.1790e+0 (3.58e—1) ~
8 123e+0 (447e-1) +  52976e-1 (1.83e-1) ~
10 19391 (237e—1) +  83187e—2 (3.85-2) +
3 14927e+0 (49le-1) + 103891 (8.38¢-3)-
4 2.8625¢+0 (9.00e-1) + 2.8130e—1 (642e-2)-
DILZ7 6  8.5M8e+0 (243e+0) + 5.5049%—1 (6.17e-2)-
8 82800e+0 (297e+0) +  89132e-1 (745e-2) ~
10 20119e+0 (298e-1) + 1.0186e+0 (221e-2) -
-/ =~ 2B/11/1 13/8/14

48197e+1 (14le+1)—
3.6212e+1 (9.26e+0) -
1.4708e+1 (5.22e+0) —
5.8784e+0 (2.25¢+0) ~
3.236le-1 (838-2) ~
648472 (4.08e-3)—
14633e—1 (596e-3) +
2.9517e-1 (1.16e-2) +
40115e-1 (847e-3) +
435%3e-1 (790e-3) -
1.2253+2 (4.87e+1)—
LOGA0e+2 (3.22e+1) -
50164e+1 (157e+1)—
1.6355¢+1 (1.02e+1)—
1.1251e+0 (3.67e-1)—
340581 (2.57e-1) =~
4.1919e-1 (14le-1)
553661 (102e~1) =~
5.8830e—1 (8.09e-2) +
59165e—1 (4.09e-2) +
10771e-2 (2.88e-3) ~
5.5606e-2 (132e-2) +
678852 (19le-2) +
63113e-2 (137e-2) +
19667e-2 (337e-3) +
1.7679¢+0 (5.03e~1)—
1.8498¢+0 (5.75-1) ~
14152e+0 (5.07e-1) +
9.973%-1 (433e—1) +
9.6057e-2 (3.86e-2) +
4.2066e—1 (2.78e-1) =~
6.1968¢—1 (3.05e-1)
67091 (2.09-1)
1.0837e+0 (342e-1)
1.3457e+0 (34le-1) +

U

U

14

U

13/11/11

8378le+1 (2.17e+1) =~
5.7256e+1 (1.35e+1)
2.2069e+1 (6.65¢+0)
54764e+0 (2.52¢+0) =~
3.9623e—-1 (1.53e-1) =
2.818%—1 (297e-2) +
34013e—1 (2.87e-2) +
44130e-1 (291e-2) +
6.0370e—1 (7.50e-2) +
7.1299~1 (449e-2) +
24284e+2 (5.11e+1) =
1.836le+2 (4.10e+1) =~
8.5978e+1 (2.82e+1) =~
1.9838e+1 (8.40e+0)—
1.308%e+0 (4.34e-1) =~
8.1398e—1 (1.56e—1) +
9.2176e—1 (1.23e-1) +
9.6216e—1 (1.53e-1) +
9.9062e—1 (1.15e-1) +
7.9606e—1 (1.32e-1) +
2.1040e—1 (3.00e-2) +
19175e-1 (3.73e-2) +
14790e-1 (244e-2) +
1.2903e-1 (2.66e-2) +
8.0234e-2 (8.00e-3) +
58587e+0 (3.15e—1) +
5.0287e+0 (3.86e—1) +
3.5228e+0 (243e-1) +
20436e+0 (321e-1) +
4.8988e—1 (245e-1) +
44702e+0 (1.29e+0) +
5.9308¢+0 (1.27e+0) +
54100e+0 (1.58e+0) +
3.5200e+0 (1.26e+0) +
1.8389%e+0 (6.44e-1) +

l

25/2/8

74231e+1 (143e+1)
5.4455e+1 (1.6le+1)
2.6760e+1 (5.92¢+0)
7.5787e+0 (3.51e+0)
3.662le—1 (9.24e-2)
8.4222e-2 (1.62e-2)
1.4003e—1 (6.58e-3)
2.7687e—1 (3.45e-3)
3.8654e—1 (1.23e-2)
4.8399e-1 (2.07e-2)
2.3253e+2 (4.44e+1)
1.7264e+2 (2.88e+1)
7.4962e+1 (2.13e+1)
2.8447e+1 (1.15e+1)
1.4352e+0 (5.16e~1)
2.7979e~1 (8.62e-2)
4.1797e-1 (1.29¢-1)
5.0070e-1 (5.68¢e-2)
5.1355e-1 (3.00e-2)
5.6338e—1 (191e-2)
1.0701e-2 (2.39¢-3)
1.2641e-2 (1.42e-3)
1.4200e-2 (1.60e-3)
1.3116e-2 (1.8%¢-3)
6.0032e-3 (4.58¢e-4)
2.8419e+0 (547e-1)
2.2219e+0 (597e-1)
1.0972e+0 (4.14e-1)
44386e—1 (1.77e-1)
4.8266e-2 (1.66e-2)
32121e-1 (6.96e-2)
4.4570e-1 (6.27e-2)
6.5455e—1 (4.47e-2)
8.8780e—1 (5.46e-2)
1.0814e+0 (2.27e-2)

TPAEMO performed the best among other comparison
algorithms in the context of DTLZ2, DTLZA4, DTLZS, and
DTLZ6, and performed worse than other comparison
algorithms on DTLZ1, DTLZ3, and DTLZ7. For DTLZ1
and DTLZ3, they contain a lot of locally non-dominated
solutions that are hard to converge. KTA2 performed best
on DTLZI and DTLZ3, and CSEA ranked second. The call
for convergence frequently emerges in the optimization of
local Pareto optimal problems, so KTA2 frequently selects

well-converged solutions in the sampling strategy. CSEA
takes convergence into consideration so CSEA selected
potentially better-converged solutions for expensive
evaluations. K-RVEA used a group of well-distributed
reference vectors to navigate the search, so K-RVEA
obtained a set of uniformly distributed solutions. TPAEMO
tries to coordinate convergence and diversity and when
facing multi-local optimal solutions, the diversity of infill
strategy is frequently used.

- 11 -
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For DTLZ2, TPAEMO performed the best, followed
by KTA2. This might be due to the infill sampling
strategies used in TPAEMO and KTA2 which try to
support the co-development of convergence and diversity.
The parallel axis plot depicting non-dominated solutions in
the run with the best IGD values for K-RVEA, CSEA,
KTA2 NSGA-II/SDR, and TPAEMO for 8-objective
DTLZ2 is displayed in Fig.5. We can discover from Fig.5
that the upper bound of objectives for the non-dominated
solution set acquired by TPAEMO exhibits lower values
than the compared algorithms and the non-dominated
solutions of TPAEMO possess a more intense distribution
than NSGA-II/SDR. This means that TPAEMO exhibits
superior results regarding convergence and diversity
compared to the algorithms K-RVEA, CSEA, KTA2 and
NSGA-II/SDR, and TPAEMO can coordinate convergence
and diversity commendably. Since DTLZ4 is a biased
multi-objective optimization problem, it is difficult for the
algorithms to ensure diversity. As indicated in Table 3, for
DTLZ4, TPAEMO performed best. To conduct an in-depth
analysis of different algorithms’ performance on DTLZ4,
the non-dominated solutions of the run with the best IGD

DTLZ2

1.0 1.0 -
Q
> S
0.5 0.5
3 4 5 6 . 3
Dimension No.
(a) K-RVEA
DTLZ2
15- : :
—NSGA-II/SDR
1.0 -
2 AV \gA
g WA /AR
AR N R
0.5 Wt Y

1 2 3 4 5 6 7 8
Dimension No.

(d) NSGA-II/SDR

DTLZ2

4

“Dimension No.
(b) CSEA

values for CSEA, NSGA-II/SDR, K-RVEA, TPAEMO,
and KTA2 for DTLZ4 are displayed in Fig.6. From Fig.6
we can observe that the Pareto-front solutions generated by
TPAEMO are the closest to the true PF of DTLZA4,
followed by KTA2. And the diversity of TPAEMO is better
than KTA2 on DTLZA. Although the diversity of K-RVEA
on DTLZ4 is the best owing to the uniformly distributed
reference vectors used in K-RVEA, the Pareto-front
solutions generated by K-RVEA have a farther distance to
the true PF than TPAEMO and KTA2. For NSGA-II/SDR,
it maintained the worst diversity.

DTLZ5 and DTLZ6 are degenerate test problems, and
TPAEMO performed best on these two kinds of problems.
The majority of reference vectors used in K-RVEA are
empty on the degenerate problems which makes it not easy
to approach to the true Pareto front fast. For DTLZ7 with a
disconnected Pareto front, K-RVEA performed best,
followed by TPAEMO. Although TPAEMO do not perform
the best on DTLZI, DTLZ3, and DTLZ7, it still exhibits a
comparative advantage in contrast with the other four
algorithms.

5 6 1 2 3 4 5 6 7 8

Dimension No.
(c) KTA2

1.4-

Dimension No.
(e)TPAEMO

Fig.5 The parallel coordinates graph for the Pareto-optimal solutions attained by K-RVEA, CSEA, KTA2, NSGA-
II/SDR, and TPAEMO in the executions with the best IGD value on 8-objective DTLZ2

2) Results on MaF benchmarks: additionally, we
compare the performance of TPAEMO with other
algorithms on MaF test problems and the results of IGD
values attained by the four algorithms under comparison

- 12 -

over 20 independent executions on MaFl to MaF7 are
collected in Table 4,where the best median result in each
row is marked with a gray background. Among these
problems'®’ , MaF1 with an inverted PF is translated from
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DTLZ1, MaF2 is the transformed version of DTLZ2. MaF6, and MaF7 are translated from DTLZ4, DTLZS and
MaF3 and MaF4 are translated from DTLZ3. MaF5, DTLZ7 respectively.

(a) KTA2 (b) CSEA

DTLZ4

1.2
1.0 |
0.8
0.6
0.4
0.2

(e) TPAEMO

Fig. 6 Pareto-optimal solutions attained with CSEA, NSGA-II/SDR, K-RVEA, TPAEMO, and KTA2 of the
executions with the best IGD value for three-objective DTLZA4

From Table 4, we can discover that TPAEMO Compared with NSGA-II/SDR, TPAEMO obtained 16
attained 13 superior outcomes than CSEA and 10 superior better results and O worse results which indicates our
outcomes than K-RVEA among 21 test problems. method is more valid than the compared algorithms.

<13 .
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Table 4 IGD statistical results attained by CSEA, K-RVEA, NSGA-II/SDR, and TPAEMO for MaF1- MaF7 with 3, 5, and

10 objectives

Problem M CSEA K-RVEA NSGA-TI/SDR TPAEMO
3 1.7663e-1 (2.58¢-2) + 5679762 (4.55¢=3)— 2.9460e~1 (365¢-2) + 1.1768e-1 (2.54e-2)
MaFl 5 2.1933e-1 (1.83e-2) + 14934e—1 (243e-2) + 34144e—1 (402e-2) + 1.3397e~1 (1.10e-2)
10 2.6136e-1 (1.30e-2)— 4.1587e-1 (2.02e-2) + 3.57Me~1 (251e-2) + 287831 (20le~2)
3 5.1787e-2 (2.55¢=3) + 38116e-2 (133e=3) + 56111e-2 (2.66e=3) + 3.0231e-2 (1.88¢-3)
MaF2 5 99174e-2 (2.05e-3) + 9.0676e-2 (187e-3) + 1.3037e~1 (4.56e-3) + 8.8343e-2 (1.37e-3)
10 33337e-1 (1.75e-2) + 3.0575e-1 (2.56e-2) + 437T7e-1 (59-2) + 2.5027e-1 (237e-2)
3 22830e+5 (227e+5) ~ 5.7236e+5 (275¢+5) + 13020e+5 (6.83e+4) ~ 14280e+5 (4.756+4)
MaF3 5 1.1625¢+5 (1.01e+5) + 22184e+5 (1.19e+5) + 33353e+4 (2.050+4) ~ 3209c+4 (1.126+4)
10 9.9204e~1 (1.59+0) - 36928640 (4.82e+0) + 1.7695e+0 (142e+0) ~ 1.2699+0 (1.23+0)
3 54813e+2 (1.29e+2) — 8.1020e+2 (273e+2) ~ 9.7838e+2 (2.10e+2) + 7.6240e+2 (1.866+2)
MaF4 5 1261243 (383e+2) — 12016e+3 (3.77e+2) — 1.868%+3 (5.52e+2) =~ 17645643 (394e+2)
10 2.18e+2 (94Te+1) - 2.6880e+2 (84Me+1) — 372Be+2 (2.72e+2) ~ 40018e+2 (1.75+2)
3 15802640 (5.22e-1) =~ 13278¢+0 (3.67e-1) ~ 3.0502e+0 (121e+0) + 1.5066¢+0 (3.36e-1)
MaF5 5 45112e+0 (1.00e+0) - 45400e+0 (528e-1)- 1.1297e+1 (5.09+0) + 6.0729¢+0 (8.40e—1)
10 11241e+2 (2.08e+1) + 1.0870e+2 (2.27e+1) =~ 2.1780e+2 (7.52e+1) + 9.6780e+1 (2.11e+1)
3 3.5913e+0 (2.07e+0) + 9.1551e~1 (46le—1) + L1417e+1 (453¢+0) + 2.3983¢-2 (6.69¢—3)
MaF6 5 1.5907¢+0 (6.19%-1) + 32016e-1 (107e=1) + 40576e+0 (235¢+0) + 5.5768e-2 (145¢-2)
10 23343e-2 (7.59%-3) + 1.8401e-2 (891e-3) ~ 6.784e-2 (347e-2) + 162992 (436e-3)
3 14357e+0 (7.20e-1) + 1.0756e-1 (1.11e-2) — 44204640 (9.04e—1) + 3.5931e-1 (7.54e-2)
MaF7 5 5.1999+0 (141e+0) + 45211e-1 (1.05%-1) - 6.0043e+0 (1.62¢+0) + 5.1403e-1 (5.16e-2)
10 1.9913e+0 (2.59%-1) + 1.0302¢+0 (3.80e-2) — 1.8785¢+0 (534e—1) + 1.0953¢+0 (3.18¢-2)
-/ = 13/6/2 10/7/4 16/0/5

5 Conclusions

In this work, a new surrogate-assisted many-objective
evolutionary optimization algorithm for tackling expensive
many-objective optimization problems is proposed, in
which the surrogate models are constructed to estimate the
objective functions and the performance indicators of
convergence and diversity. In the surrogate-assisted
optimization phase, the objective functions approximated
by the surrogate models are used for searching globally
optimal areas. Then, to avoid the approximated errors
accumulating, the approximated objectives coordinate with
approximated performance indicators of convergence and
diversity are used in the phase of selecting individuals for
true objective function evaluations. In addition, the
approximated performance indicators of convergence and
diversity are adaptively considered in the infill strategy
according to the distribution of the population.

To examine the effectiveness of TPAEMO, two sets
of test problems are adopted to contrast the proposed

.14 -

method with four algorithms including CSEA, K-RVEA
KTA2, and NSGA-II/SDR. The results of the experiments
confirm that TPAEMO performs relatively better and
converges more rapidly than the compared three most
advanced surrogate-assisted multi-objective optimization
algorithms and one MOEA algorithm without surrogate
models.

Although TPAEMO has shown good performance in
dealing with EMOPs, its
disconnected

performance in tackling

expensive  many-objective  optimization
problems must still be improved. In the future work, we
may explore growing neural gas network (iGNG)"™' or
distribution information of the PFs'®’ in the decision and
objective space for model management to further improve

the performance of handling EMOPs problems.
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