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ABSTRACT
By transforming a multi-objective optimization problem into a
number of single-objective optimization problems and optimiz-
ing them simultaneously, decomposition-based evolutionary multi-
objective optimization algorithms have a�racted much a�ention in
the �eld of multi-objective optimization. In decomposition-based
algorithms, the population diversity is maintained using a set of
prede�ned weight vectors, which are o�en evenly sampled on a
unit simplex. However, when the Pareto front of the problem is
not a hyperplane but more complex, the distribution of the �nal
solution set will not be that uniform. In this paper, we propose an
adaptive method to periodically regenerate the weight vectors for
decomposition-based multi-objective algorithms according to the
geometry of the estimated Pareto front. In particular, the Pareto
front is estimated via Gaussian process regression. �erea�er, the
weight vectors are reconstructed by sampling a set of points evenly
distributed on the estimated Pareto front. Experimental studies on
a set of multi-objective optimization problems with di�erent Pareto
front geometries verify the e�ectiveness of the proposed adaptive
weights generation method.

CCS CONCEPTS
•�eory of computation→ Evolutionary algorithms;

KEYWORDS
Multi-objective optimization, evolutionary algorithm, decomposi-
tion, adaptive weights generation, Gaussian process.

ACM Reference format:
Mengyuan Wu, Sam Kwong, Yuheng Jia, Ke Li, and Qingfu Zhang. 2017.
Adaptive Weights Generation for Decomposition-Based Multi-Objective

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for pro�t or commercial advantage and that copies bear this notice and the full citation
on the �rst page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permi�ed. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior speci�c permission
and/or a fee. Request permissions from permissions@acm.org.
GECCO ’17, Berlin, Germany
© 2017 Copyright held by the owner/author(s). Publication rights licensed to ACM.
978-1-4503-4920-8/17/07. . .$15.00
DOI: h�p://dx.doi.org/10.1145/3071178.3071339

Optimization Using Gaussian Process Regression. In Proceedings of GECCO
’17, Berlin, Germany, July 15-19, 2017, 8 pages.
DOI: h�p://dx.doi.org/10.1145/3071178.3071339

1 INTRODUCTION
Multiobjective-optimization problem (MOP) is a subset of optimiza-
tion problem that have more than one objective to be optimized.
An MOP can be formulated as follows [5]:

minimize F(x) = (f1(x), · · · , fm (x))T

subject to x ∈ Ω
, (1)

where x = (x1, · · · ,xn )T is an n-dimension decision vector in the
decision spaceRn and F(x) is anm-dimension objective vector in the
objective space Rm . Ω ∈ Rn determines the feasible region of the
decision variables. Since an MOP may have con�icting objectives
to be optimized, the concept of Pareto optimality is introduced
to help de�ne the optimal solutions for MOPs. Let x1, x2 ∈ Ω
be two solutions to (1), x1 is said to dominate x2 if and only if
fi (x1) ≤ fi (x2) for all i ∈ {1, · · · ,m} and F(x1) , F(x2). A solution
x∗ ∈ Ω is called a Pareto-optimal solution if and only if no other
solution in Ω dominates it. �e set of all Pareto-optimal solutions
is de�ned as the Pareto-optimal set (PS) and their corresponding
objective vectors form the Pareto front (PF). Given an MOP, the
Utopian objective vector is de�ned as z∗ = (z∗1, · · · , z

∗
m )

T , where
z∗i = minx∈Ω fi (x), and the nadir objective vector is de�ned as
znad = (znad1 , · · · , znadm )T , where znadi = maxx∈PS fi (x), for all
i ∈ {1, · · · ,m}.

Evolutionary multi-objective optimization (EMO) algorithms
have been widely used to approximate the PF or PS of an MOP
due to their population-based behavior and lack of requirement
on the di�erentiability and convexity of the problem. According
to di�erent selection methods, existing EMO algorithms are o�en
divided into there main categorizes: Pareto-based algorithms [6,
27], decomposition-based algorithms [21, 22] and indicator-based
algorithms [2, 26].

�e multi-objective evolutionary algorithm based on decomposi-
tion (MOEA/D) [23] is one of the most popular decomposition-based

641



EMO algorithms. It decomposes the MOP into a number of single-
objective optimization problems (SOPs) using a set of weight vec-
tors. �e Pareto-optimal solutions of the original MOP are achieved
by simultaneously optimizing the SOPs. Meanwhile, the population
diversity is maintained by a set of prede�ned weight vectors evenly
sampled on a unit simplex. �erefore, when the geometry of the
PF is a hyperplane, the obtained solutions will evenly distribute
on the PF. But when the PF is much more complex rather than a
hyperplane, the distribution of the �nal solution set obtained by
MOEA/D will be less uniform [17, 19]. To generate Pareto-adaptive
weight vectors, Jiang et al. [10] proposed to �t the PF into a sym-
metric manifold which can be formulated as f

p
1 + · · · + f

p
m = 1,

where p is estimated using nondominated solutions from an exter-
nal archive. �e weight vectors are then sampled on the manifold
to maximize the Hypervolume (HV) indicator [28]. However, this
method degenerates when the PF is asymmetric or discontinuous.
In addition, the HV indicator is sensitive to the reference point and
may not help select evenly distributed weight vectors. Gu et al.
adopted the piecewise linear interpolation method [9] to approx-
imate the PF using current nondominated solutions. �e weight
vectors are updated periodically by sampling on the estimated PF.
�e weakness of this method is that the piecewise linear interpola-
tion may cause over��ing, thus su�ering from the outliers in the
current nondominated solutions, especially at the early stage of the
optimization. Rather than curve ��ing-based methods, an adaptive
weights adjustment scheme was proposed in [17] to dynamically
adjust the weights at the late stage of the optimization. Periodically,
weight vectors in the dense regions are removed and new weight
vectors are generate in the sparse regions. An eternal population
is maintained to detect the dense regions and sparse regions. �is
method contributes to the population diversity. More recently, a
preference-inspired co-evolutionary algorithm was developed in
[19]. During the search process, the weight vectors are co-evolved
with the population to guide the search towards to the PF e�ciently.
But the evenly distribution of the �nal solution set is not considered
when selecting the weights to survive. In this paper, we propose an
adaptive weights generation method for decomposition-based EMO
algorithms. �e main target is to help the algorithm achieve a �nal
nondominated solution set evenly distributed on the PF. Speci�cally,
during the optimization process, the PF of the MOP is approximated
using Gaussian process (GP) regression. �e weight vectors are
regenerated by selecting a set of evenly distributed samples on the
estimated PF with a diversity promotion strategy. Di�erent from
the existing curve ��ing-based methods, GP regression can learn
PFs with more complex geometries. Besides, the outliers of the
current nondominated solutions are treated as noised training sam-
ples and a relatively smooth function can be learned. �e adaptive
weights generation method using GP regression is integrated into
MOEA/D and compared with two MOEA/D variants with di�erent
�xed weight vectors on a set of test problems with di�erent PF
geometries. �e experimental results show the e�ectiveness and
robustness of the proposed method.

�e remainder of this paper is organized as follows. Section 2
discusses the background knowledge and motivation of this paper.
Section 3 introduces the proposed adaptive weights generation
method for decomposition-based EMO algorithms. �erea�er, Sec-
tion 4 and Section 5 present the experimental setup and results

analysis respectively. Finally, the conclusions and future work are
discussed in Section 6.

2 BACKGROUND AND MOTIVATION
�is section introduces the background knowledge on decomposi-
tion approaches and �xed weights generation methods for decompo-
sition-based EMO algorithms. �en, the motivation of the adaptive
weights generation method is discussed.

2.1 Decomposition Approaches
Many studies have been done on the decomposition approaches
for multi-objective optimization [15]. As introduced in [11–13],
the weighted sum, Tchebyche� (TCH) and penalty-based boundary
intersection approaches are three commonly used decomposition
approaches. �e TCH decomposition approach adopted in this
paper is de�ned as:

minimize дTCH (x|w, z∗) = max
1≤i≤m

{| fi (x) − z∗i |/wi }

subject to x ∈ Ω
, (2)

where w = (w1, · · · ,wm )
T ,

∑m
i wi = 1 and wi ≥ 0 for all i ∈

{1, · · · ,m}, is an m-dimensional weight vector. In practice, wi is
set to be a very small value, say 10−6, in casewi = 0. As the Utopian
objective vector to an MOP is o�en unknown before optimization,
z∗ is estimated using all solutions that have been examined so far.
�e TCH approach is suitable for both convex and non-convex
MOPs and the optimal solution of (2) is at least a weakly Pareto-
optimal solution to the original MOP [16]. By altering weight
vectors, di�erent Pareto-optimal solutions can be obtained by the
TCH approach.

2.2 Fixed Weights Generation Methods
Most decomposition-based EMO algorithms adopt the Das and
Dennis’s method [4] to systematically generate a set of �xed weight
vectors uniformly distributed on a unit simplex. Let H be the num-
ber of divisions on each axis, totally N =

(H+m−1
m−1

)
weight vectors

can be generated using this approach. Since H should be kept no
smaller than m to avoid no intermediate point being created by
this approach, the number of generated weight vectors can be very
large when the objectives are more than three. As a remedy, a
two-layer generation method was proposed in [8] to generate a
smaller number of weights which are still relatively uniform on the
unit simplex.

Alternatively, Hughes proposed a method to generate an arbi-
trary number of �xed weight vectors evenly distributed on a unit
hypersphere f 2

1 + · · · + f 2
m = 1 [20]. �e weight vectors are gener-

ated by optimizing the following problem:

minimize Nmax
i=1

Nmax
j=1, j,i

wiTwj

‖wi ‖‖wj ‖
. (3)

2.3 Motivation
As introduced in Section 2.2, both Das and Dennis’s method and
Hughes’s method generate the uniformly distributed weight vectors
by assuming the PF follows a given geometry. But when dealing
with MOPs with di�erent PF geometries, the uniformity of the
weights distribution will be a�ected. To illustrate the drawbacks,
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Figure 1: Intersection points of the �xed weight vectors gen-
erated by di�erentmethods on the PFswith di�erent geome-
tries.

we take three bi-objective problems with di�erent continuous PFs as
an example. Five weight vectors are generated by the two methods
mentioned above. Using the TCH decomposition approach de�ned
in (3), the Pareto-optimal solution obtained by a subproblem lo-
cates at the intersection point of the weight vector and the PF. �e
intersection points of the �xed weight vectors generated by di�er-
ent methods on the PFs with di�erent geometries are presented in
Figure 1. As shown in Figure 1(a), the �ve weight vectors generated
by Das and Dennis’s method evenly distribute on PF2. But for PF1,
where f 2

1 + f 2
2 = 1, the distance between two intersection points

at the edges of the PF is smaller than the intersection points at the
center. In contrast, the interaction points are denser at the center
part of PF3, where (f1 − 1)2 + (f2 − 1)2 = 1. In Figure 1(b), the
weight vectors are evenly sampled on the hypersphere. �erefore,
the obtained Pareto-optimal solutions can uniformly distribute on
PF1. However, the uniform distribution can no longer be kept on
PF2 and PF3. �is example indicates that the assumption on the
PF geometry cannot guarantee a set of weight vectors evenly dis-
tributed on the PF. A weights generation method that can adapt to
the PF geometry is required.

3 ADAPTIVE WEIGHTS GENERATION USING
GAUSSIAN PROCESS REGRESSION

In this section, we propose the adaptive weights generation method
in details, including the PF estimation using GP regression, weights
sampling and the integration into MOEA/D.

3.1 Pareto Front Estimation using Gaussian
Process Regression

A GP is a collection of random variables, any �nite number of which
have a joint Gaussian distribution [18]. It can be formulated as:

д(s) ∼ GP(m(s),k(s, s′)), (4)
where s is the D-dimensional input vector, m(s) = E[д(s)] is the
mean function and k(s, s′) = E[(д(s) −m(s))(д(s′) −m(s′))] is the
covariance function of the GP.

Given a set of training data D = {(si ,yi )|i = 1, · · · ,M}, GP
regression is used to estimate the latent function д(s) , where si is

a training input vector, yi is the target and M is the number of the
training samples. Assume thaty = д(s)+ε contains an independent
distributed Gaussian noise with variance σ 2

n . For a test sample s∗,
the mean and variance of the test output д∗ can be estimated by:

д∗ =m(s∗) + k∗T (K + σ 2
n I )
−1(y −m(S))

V[д∗] = k(s∗, s∗) − k∗T (K + σ 2
n I )
−1k∗

, (5)

where m(S) = (m(s1), · · · ,m(sM ))T , k∗ is the covariance vector
between S = (s1, · · · , sM )T and s∗, and K is the covariance matrix
of S .

Under some mild smoothness conditions, the PF of a continuous
MOP is an (m−1)-dimensional piecewise continuous manifold [15].
In spired by [3], we use GP regression to estimate the PF. An ar-
bitrary objective fi , where i ∈ {1, · · · ,m}, is chosen as the target,
while the remaining objectives { fj |j ∈ {1, · · · ,m}, j , i} serve as
the input vector. �e normalized objective vectors of all current
nondominated solutions are chosen as training samples. �e linear
mean function and squared exponential covariance function [18]
are used in this paper. �e hyperparameters are learned by maxi-
mizing the log marginal likelihood:

logp(y|S) = −1
2 (y −m(S))

T (K + σ 2
n I )
−1(y −m(S))

−
1
2 log |K + σ 2

n I | −
n

2 log 2π .
(6)

With the trained GP regression model, given m − 1 objectives, the
other objective can be estimated. �e estimated objective vector
could be regarded as a Pareto-optimal objective vector according
to the current PF estimation.

3.2 Weights Sampling
A�er the GP regression model is trained, the next step is to sample
a set of weight vectors according to the geometry of the estimated
PF. Firstly, we generate 10 × mN samples in the hypercube of
[0, 1]m−1 as the test inputs using Latin hypercube sampling [14].
�e GP regression model is then used to predict the test outputs
of these samples by the estimated mean function in (5). �erea�er,
these test inputs and outputs are combined together in the form of
z = (z1, · · · , zm )T to be a set of objective vectors on the estimated
PF, denoted by Z . In case of estimation error, the samples will be
�ltered by removing: 1) ϵ-dominated objective vectors; 2) objective
vectors whose test outputs are smaller than 0; and 3) objective
vectors whose test variances are over 0.152. Similar to the selec-
tion approach in [25], the samples at the denser regions are then
removed one by one until there are N remaining samples that have
the best distribution on the estimated PF in terms of the uniformity.
�e density of each sample zi , i ∈ {1, · · · , |Z |} is de�ned as:

density(zi ) =
|Z |∑

j=1, j,i

1
dist(zi , zj )

, (7)

where dist(zi , zj ) indicates the Euclidean distance between zi and
zj . Each time a sample with the largest density value is removed,
the density values of the remaining samples are updated. �e
weight vectors will be constructed by these N remaining samples as
wi = zi/‖zi ‖ for all i ∈ {1, · · · ,N }. Since the samples are regarded
to evenly distribute on the estimated PF, the generated weight

643



Algorithm 1: MOEA/D–AWG

1 P ← Randomly generate an initial population;
2 W ← Generate a set of initial weight vectors using Das and

Dennis’s method;
3 B ← Compute the neighborhood structure;
4 iteration ← 0;
5 while iteration < maxGen do
6 for each i ∈ {1, · · · ,N } do
7 if uni f orm(0, 1) < δ then
8 E ← B(i);
9 else

10 E ← {1, · · · ,N };
11 Randomly select mating solutions from E to generate

an o�spring x, Evaluate F(x);
12 update ← 0;
13 while update < nr and E , ∅ do
14 j ← Randomly select an index from E;
15 E ← E \ j;
16 if дTCH (x|wj ) ≤ дTCH (xj |wj ) then
17 xj ← x, update + +;

18 if 0.3 < iteration/maxGen < 0.7 and
mod(iteration, 20) = 0 then

19 W ← Regenerate the weight vectors using the
proposed adaptive weights generation method;

20 B ← Recompute the neighborhood structure;
21 Reassign solutions to subproblems;
22 iteration++;
23 return P ;

vectors are expected to obtain a set of Pareto-optimal solutions
evenly distributed on the PF.

3.3 Integration into MOEA/D
�e proposed adaptive weights generation method is integrated into
MOEA/D framework, denoted by MOEA/D-AWG, to test its perfor-
mance. �e pseudo code is given in Algorithm 1. At the beginning of
the algorithm, the set of initial weight vectorsW = {w1, · · · ,wN }

are generated using Das and Dennis’s method (line 2) since there
might be no enough nondominated solutions to estimate the PF.
�en, the neighborhood structure B is initialized (line 3), where
B(i), i ∈ {1, · · · ,N } denotes the set of the indexes of the T closest
neighboring subproblems to the ith subproblem. In each generation,
a mating pool E is constructed for each subproblem either from
its neighborhood or the whole population to produce an o�spring
(line 7-12). �e probability to select parent solutions within the
neighborhood is controlled by δ . �e o�spring updates the current
solution of a subproblem in E if the objective of the subproblem can
be improved (line 13-17). Note that normalized objective vectors
are used to deal with objectives of di�erent scales. For diversity
concerns, at most nr current solutions can be updated by each o�-
spring [24]. �e proposed adaptive weights generation method is
activated a�er 30% of the maximum number of generations, denoted

by maxGen, to have enough nondominated solutions as training
data (line 18-21). As frequent adjustments of the weights may slow
down the convergence rate due to the changes of search direc-
tions [19], the adaptive weights generation is performed every 20
generations and is deactivated a�er 70% of the maximum number
of generations. Note that each time the weightss are regenerated,
the neighborhood structure is recomputed and the solutions are
reassigned to the subproblems. Our two-level one-one stable match-
ing [22], which considers the preferences from both the solutions
and the subproblems, can be used for reassigning solutions to sub-
problems. �e algorithm terminates when the maximum number
of generations is reached.

4 EXPERIMENTAL SETUP
4.1 Test Problems
�e eight modi�ed WFG4 test problems, i.e., WFG41 to WFG48 [19],
are used in the experimental studies. �ey have various PF geome-
tries including continuous and discontinuous, convex, nonconvex
and mixed PFs with di�erent shapes. As a preliminary work, we
only use bi-objective problems in the experiments. Nevertheless,
this adaptive weights generation method can be extended for prob-
lems with more than two objectives as long as more powerful mean
functions and covariance functions are provided. �e number of
decision variables n = k + l is set with k = 2 and l = 10. �e
population size N is set to be 100 and the maximum number of
generationsmaxGen is set to be 400.

4.2 Test Algorithms
To test the performance of MOEA/D-AWG with the proposed adap-
tive weights generation method, two MOEA/D variants with �xed
weight vectors, i.e., MOEA/D-Das using Das and Dennis’s method
and MOEA/D-Hughes using Hughes’s method, are adopted for
comparisons. All three algorithms use the same se�ings as follows:

• �e simulated binary crossover (SBX) [1] and polynomial
mutation [7] (PM) are used to produce o�spring solutions.
For the SBX operator, we set the crossover probability
pc = 1 and its distribution index ηc = 20. For the PM
operator, the mutation probably pm and distribution index
ηm are set to be 1/n and 20 respectively.
• �e neighborhood size T = 20.
• �e probability to select parent solutions within the neigh-

borhood δ = 0.9.
• �e maximum number of current solutions an o�spring

can update nr = 2.

4.3 Performance Metric
Since the PFs of WFG41 to WFG48 test problems are unknown, we
use the HV metric to assess the performance of the test algorithms.
Given a reference point zr = (zr1 , · · · , z

r
m )

T dominated by all Pareto-
optimal solutions, the HV of a solution set P is de�ned as the volume
of the objective space dominated by all solutions in P and bounded
by zr :

HV (P) = VOL(
⋃
z∈P
[z1, z

r
1 ] × · · · × [zm , z

r
m ]), (8)
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where VOL indicates the Lebesgue measure. �e objective vectors
of the �nal solution set are normalized before calculating the HV
with zr = (1.2, · · · , 1.2)T .

5 EXPERIMENTAL STUDIES
5.1 Comparisons with other MOEAs
In the experimental studies, each algorithm is run 31 times on each
test problem independently. �e HV results are shown in Table 1,
where the mean and variance of the HV metric values are calculated
for each algorithm on each test problem and the best algorithms are
highlighted in boldface with a gray background. �e Wilcoxon’�s
rank sum tests at a signi�cant level of 5% are also performed to
show whether MOEA/D-AWG with the proposed adaptive weights
generation method is signi�cantly be�er or worse than the other
two MOEA/D variants with �xed weight vectors. �e �nal solution
sets with the best HV metric values obtained by three algorithms
on all test problems are given in Figure 2 and Figure 3.

As presented in Table 1, MOEA/D-AWG performs the best on
most of the test instances except for WFG41 and WFG46. Although
MOEA/D-Hughes and MOEA/D-Das obtain the best HV results
on WFG41 and WFG46 respectively, the di�erences to MOEA/D-
AWG are not statistically signi�cant. In contrast, MOEA/D-AWG
signi�cantly outperforms MOEA/D-Das and MOEA/D-Hughes on
�ve test problems.

From the �nal solution sets with the best HV metric values shown
in Figure 2 and Figure 3, it can be seen that the PFs of WFG41 and
WFG46 are exactly the same as the assumption in Hughes’s weights
generation method and the assumption in Das and Dennis’s weights
generation method respectively. �erefore, they are able to obtain
a set of solutions evenly distributed on the PF. �is explains why
MOEA/D-Hughes and MOEA/D-Das perform the best on these two
test problems. However, using the proposed adaptive weights gen-
eration method, MOEA/D-AWG still achieves comparable results.
WFG43 also has a concave PF but it is more complex than WFG41.
MOEA/D-Hughes can no longer obtains the best HV results on it.
For WFG42 and WFG44, which have convex PFs, the assumptions
of Das and Dennis’s and Hughes’s weights generation methods
totally fail. Obviously, more solutions are obtained at the center
part of the PFs by MOEA/D-Das and MOEA/D-Hughes. Whereas,
MOEA/D-AWG is able to maintain a set of evenly districted solu-
tions. �e reason why all the three algorithms miss a segment of
the PF in the region of f2 ∈ (2, 4) for WFG44 could be due to the use
of TCH decomposition approach. �e PF of WFG45 has a mixture
of convex parts and concave parts. MOEA/D-AWG is able to �nd
a set of solutions evenly distributed along the entire PF thanks to
the adaptive weight vectors. However, the solutions obtained by
MOEA/D-Das and MOEA/D-Hughes distribute sparsely in the re-
gion of f1 ∈ (1.4, 1.5). WFG47 and WFG48 have discontinuous PFs.
Since some of the weight vectors generated by Das and Dennis’s
and Hughes’s methods do not have intersections with the PFs, opti-
mizing corresponding subproblems can be a waste of computational
resources. In contrast, MOEA/D-AWG can detect the discontinuous
regions by removing ϵ-dominated samples and samples whose esti-
mation variances are unbearable. �us, almost all weight vectors
can be located on the PFs. �e use of ϵ-domination helps search
solutions at the edges of each PF segment.

Table 1: HV results on WFG41 to WFG48.

Problem Das Hughes AWG

WFG41 0.6350 0.6352 0.6342
4.208e-3 2.496e-3 3.068e-3

WFG42 1.2078‡ 1.2068‡ 1.2097
2.746e-3 2.917e-3 1.877e-3

WFG43 0.4923 0.4916 0.4927
5.097e-3 5.209e-3 5.080e-3

WFG44 1.3567‡ 1.3538‡ 1.3598
3.106e-3 4.167e-3 2.429e-3

WFG45 0.7721‡ 0.7734‡ 0.7744
4.869e-3 3.564e-3 4.787e-3

WFG46 0.9179 0.9173 0.9173
3.998e-3 3.396e-3 3.926e-3

WFG47 0.7204‡ 0.7015‡ 0.7632
1.704e-2 2.080e-2 3.589e-2

WFG48 0.8886‡ 0.8715‡ 0.9771
2.135e-2 2.954e-2 2.704e-2

According to Wilcoxon’s rank sum test, † and ‡ indicate whether the
corresponding algorithm is signi�cantly be�er or worse than MOEA/D-
AWG.

5.2 PF Estimation and Weights Sampling
To demonstrate the PF estimation by the GP regression model and
weights sampling, the estimated PFs and sampled weight vectors,
generated a�er 30% of the maximum number of generations in
the run of MOEA/D-AWG with the best HV metric values, are
plo�ed in Figure 4. As presented in the �gure, the PF estimation is
quite accurate for most of the test problems except that the PF of
WFG43 is more di�cult to be learned using the current mean and
covariance functions. Even though, the PF estimation of WFG43 still
follows the general geometry of the true PF, which explains why
MOEA/D-AWG still obtains good results on WFG43. For problems
with discontinuous PFs, i.e., WFG47 and WFG48, the discontinuous
PF segments are successfully detected. Note that a small number of
weight vectors are selected at the dominated part of the estimated
curve due to the use of ϵ-dominance. In addition, Figure 4 shows
the ability of the weights sampling method to sample a set of weight
vectors evenly distributed on the estimated PF.

6 CONCLUSIONS
�e distribution of weight vectors has a direct e�ect on the distribu-
tion of the the �nal solution set obtained by decomposition-based
EMO algorithms. Classical decomposition-based EMO algorithms
use a set of �xed weight vectors, which are generated under certain
assumption of the PF geometry. Nevertheless, the PF geometries
of di�erent MOPs are o�en di�erent. When the true PF geome-
try di�ers much from the assumption, the weight vectors may fail
to obtain a set of nondominated solutions evenly distributed on
the PF. In this paper, we propose an adaptive weights generation
method to generate the weight vectors according to estimated PF
geometry. More speci�cally, during the optimization process, the
PF are estimated using a GP regression model trained by current
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Figure 2: Final solution sets with best HV metric values obtained by 3 algorithms on WFG41 to WFG44.

nondominated objective vectors. With the trained GP model, a
set of evenly distributed weight vectors are then generated on the
estimated PF. �e proposed adaptive weights generation method
is integrated into MOEA/D and the resulting MOEA/D-AWG is
compared with two MOEA/D variants with di�erent �xed weight
vectors. �e experimental studies conducted on a set of test prob-
lems with di�erent PF geometries verify the e�ectiveness of the
proposed adaptive weights generation method.

As a parliamentary study, a pair of simple mean and covariance
functions are adopted in the GP regression model. For future work,
multiple mean and covariance functions can be considered for
model selection to improve the PF estimation, which is necessary
for more complex PF geometries and problems with more than two
objectives. It is also worth exploring other nonlinear regression
models for PF estimation.
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Figure 3: Final solution sets with best HV metric values obtained by 3 algorithms on WFG45 to WFG48.
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