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Abstract—Dynamic multi-objective optimization problems
(DMOPs) pose significant challenges for traditional evolutionary
algorithms due to the continuous evolution of their Pareto-
optimal sets (PSs) and Pareto frontiers (PFs). Learning-based
approaches demonstrate great potential for rapidly tracking
changing Pareto optimal solution sets while maintaining popula-
tion diversity. However, existing methods for learning evolution-
ary knowledge fail to adequately account for problem-specific
variations. Directly applying historical evolutionary knowledge
to new problems may yield suboptimal results when problems
undergo significant changes. To overcome this limitation, this
study proposes a novel dynamic multi-objective evolutionary
optimization algorithm comprising a transfer learning model
and a multi-layer perceptron (MLP) model. First, individuals
are improved based on a selection mechanism. If the transfer
learning model is selected, historical evolutionary knowledge
is transferred to the new environment, mitigating knowledge
obsolescence due to problem differences and creating more
promising individuals. If the multilayer perceptron model is
chosen, it enhances individual quality by learning evolutionary
process knowledge specific to the current problem. Population
iteration is then completed through differential evolution op-
erators and environmental selection. Our proposed algorithm
underwent rigorous testing using benchmark functions, with
results demonstrating superior performance compared to existing
state-of-the-art algorithms.

Index Terms—Dynamic multi-objective; Evolutionary algo-
rithms; Transfer learning; Multilayer perceptron

I. INTRODUCTION

Multi-objective optimization problems (MOPs) involve mul-
tiple conflicting objectives. Dynamic multi-objective optimiza-
tion problems (DMOPs), however, not only feature conflicting
objectives but also objective functions that change dynamically
over time [1]. In the real world, problems such as path
planning [2], securities portfolio selection [3], software project
task allocation [4], and financial asset allocation [3] all fall
under the category of dynamic multi-objective optimization.
Due to their significant practical importance, these problems
have attracted considerable attention from researchers.

Traditional multi-objective evolutionary algorithms
(MOEAs) face significant challenges when addressing
dynamic multi-objective optimization problems. Due to the
dynamic nature of the problem, the Pareto optimal solution set
evolves accordingly. However, after convergence, traditional
MOEAs often exhibit reduced diversity and weakened

exploration capabilities, making it difficult to rapidly adapt
to new environmental changes. Therefore, it is necessary to
introduce a change-responsive mechanism to swiftly track the
evolving Pareto optimal solution set [5].

In dynamic multi-objective optimization problems, histori-
cal problems play a crucial role when addressing new chal-
lenges due to the inherent interconnectivity among static
subproblems. The key to dynamic response mechanisms lies in
effectively leveraging historical information to generate high-
quality initial populations. Over the past decade, researchers
have proposed numerous learning-based prediction methods.
These approaches utilize the PS of historical problems as
training data to identify underlying patterns of change. They
then predict the Pareto-optimal set (PS) of new problems based
on these patterns, employing the predictions as the initial
population. Although prediction-based methods have achieved
success in many problems, they still face the following chal-
lenges:

1. A single prediction method cannot solve all problems.
Prediction methods rely on predictive models, and due to the
diverse nature of problems, a single model is unlikely to be
universally applicable.2. The quality of historical solutions
does not support prediction. In prediction-based methods, the
PS used as model data is obtained through algorithms rather
than actual PS, potentially introducing errors that may result in
the final predicted population failing to meet requirements.3.
Predictive methods require additional time investment. The
prediction process often incurs higher time costs due to the
need for model training.

Due to the inherent correlation between adjacent problems,
learning evolutionary knowledge from historical problems and
applying it to solve new problems can accelerate population
convergence while maintaining diversity. However, existing
methods based on learning evolutionary knowledge directly
apply historical evolutionary insights to new problem-solving
processes without accounting for problem-specific differences.
While adjacent problems share similarities, they are not iden-
tical, leading to variations in population evolution. Directly
applying learned historical evolutionary knowledge to new
problems may introduce bias. This is particularly true for
problems with significant variations, where adjacent prob-
lems exhibit weak similarity. Past evolutionary knowledge



may prove insufficient for current problems and could even
misguide the evolutionary direction.

To address the aforementioned issues, this chapter pro-
poses a Learning-Evolved Knowledge-based Dynamic Multi-
Objective Evolutionary Algorithm (LEK). The algorithm com-
prises a transfer learning model and a multi-layer perceptron
model. Considering that adjacent problems in dynamic multi-
objective optimization share similar evolutionary trajectories,
the transfer learning model transfers historical evolutionary
knowledge to the solution process in new environments,
thereby mitigating knowledge obsolescence caused by problem
variations. Recognizing that evolutionary trajectories within
populations may also exhibit variations, the multilayer percep-
tron model learns evolutionary knowledge specific to the cur-
rent problem. During solution refinement, this model identifies
population evolution directions, guiding subsequent evolution-
ary steps—an aspect overlooked by existing dynamic multi-
objective algorithms. By fully leveraging this knowledge,
the proposed method significantly enhances the quality of
offspring populations and accelerates convergence speed.

The main contributions of this study are as follows.
The remainder of this paper is organized as follows. Section

II reviews related work. Section III details the algorithm’s
specific implementation. Section IV presents the experimental
setup and analysis of results. Finally Section V summarizes
our contributions and proposes future research directions.

II. RELATED WORK

A. Dynamic Multi-Objective Optimization Problem

Without loss of generality, an unconstrained dynamic multi-
objective optimization problem can be expressed in the follow-
ing form:

min
x∈Ω

F (x, t) = (f1(x, t), f2(x, t), . . . , fm(x, t))T (1)

where x is an n-dimensional decision vector, m represents
the number of objectives, and t is a time parameter, Ω repre-
sents the decision space, and F denotes the objective vector
composed of m time-varying objective functions.Typically, the
mathematical definition of t is as follows:

t =
1

nt

⌊
τ

τt

⌋
(2)

where τt is the frequency of environmental change, i.e.,
the time interval during which the environment remains un-
changed. nt is the intensity of environmental change. τ is the
iteration counter.

B. Dynamic Multi-Objective Evolutionary Optimization

Typically, a complete dynamic multi-objective evolution-
ary algorithm primarily consists of three components: envi-
ronmental change detection, change response strategies, and
static multi-objective evolutionary algorithms [6]. Currently,
most research focuses on designing change response strate-
gies, which can be broadly categorized into three types:

diversity-based methods, learning-based prediction methods,
and memory-based methods.

When addressing dynamic optimization problems, enhanc-
ing the effectiveness of multi-objective optimization methods
hinges on maintaining population diversity. Under diversity-
based response strategies, a certain number of random or
mutated individuals are introduced to better adapt to evolving
optimization objectives. These strategies demonstrate excep-
tional diversity preservation capabilities, ensuring populations
sustain their richness throughout the evolutionary process [7]
[8]. Deb et al. [9] proposed two diversity-based dynamic
NSGA-II variants: DNSGAII-A and DNSGAII-B. Upon de-
tecting environmental changes, DNSGAII-A randomly gener-
ates individuals to replace those in the original population,
while DNSGAII-B introduces solutions with high mutation
rates to enhance diversity.

Prediction-based methods accelerate population conver-
gence by leveraging historical optimal solutions to learn pre-
dictions for new time steps, enabling rapid tracking of evolving
Pareto optimal sets. Many predictive learning methods employ
simple linear models. For instance, Xu et al. [10] proposed a
co-evolutionary algorithm that divides decision variables into
time-dependent and time-independent categories. It then uses
differential prediction and Cauchy mutation to forecast the
initial population at the next time step, thereby accelerating
response to the problem. Rong et al. [11] proposed a multi-
directional prediction strategy that clusters the population into
several groups of representative individuals, with the number
of clusters adjusted according to the intensity of environmental
change. Different clusters employ distinct linear prediction
methods.

Memory-based methods store optimal solutions to historical
problems, enabling efficient tracking of evolving optimal so-
lutions through reuse of past optimal outcomes. The memory
strategy demonstrates significant effectiveness in preserving
population diversity due to its capability to store historical
optimal solutions. Azzouz et al. [12] proposed an adaptive hy-
brid population management strategy that integrates memory-
based local search with random strategies, effectively ad-
dressing certain DMOPs with highly dynamic characteristics.
Subsequently, Chen et al. [13] designed a dynamic dual-file
evolutionary algorithm. The two files focus on convergence
and diversity respectively, achieving complementarity through
a mating selection mechanism to enhance overall algorithm
performance.

In recent years, DMOEAs have garnered significant atten-
tion in learning-based evolutionary knowledge methods. Yu et
al. [14] proposed a framework based on historical evolutionary
learning to assist static optimizers in fully leveraging historical
evolutionary directions and the distribution of Pareto optimal
solutions. Specifically, two novel models were designed: off-
spring generation and environment selection. To enhance off-
spring contribution, a direction-oriented model was established
based on historical evolutionary trend directions. Additionally,
to improve the robustness of static optimizers and mitigate
interference from misleading solutions, a manifold-corrected



model was proposed. This model generates promising individ-
uals by learning the distribution of historical Pareto optimal
solutions. Zhao et al. [15] introduced a knowledge learning
strategy for change response in dynamic multi-objective opti-
mization. In the proposed strategy, responses to changes are
achieved by learning from historical search processes. They
introduce a method to extract knowledge from past search
experiences. The extracted knowledge accelerates population
convergence and increases population diversity.

The two aforementioned methods directly apply learned
or extracted knowledge to the current problem, aiming to
generate more promising offspring. However, since adjacent
problems in dynamic multi-objective optimization cannot be
entirely identical and exhibit certain differences, past knowl-
edge may not be fully applicable to the current problem. For
problems with significant variability, directly applying past
knowledge to the existing problem may even misguide the
evolutionary direction. To address these issues, this paper pro-
poses a novel dynamic multi-objective evolutionary algorithm
based on learning and evolving knowledge.

III. THE PROPOSED ALGORITHM

This section proposes a dynamic multi-objective evolu-
tionary algorithm based on learning evolutionary knowledge
(LEK). Its overall framework pseudocode is presented in
Algorithm 1.

A. Framework of LEK

In the proposed algorithm, the MOEA/D-based framework
activates a change response mechanism to generate an ini-
tial population whenever environmental changes are detected.
Since the innovation of this chapter’s algorithm focuses on
the static optimization phase, any existing method can be
adopted for the change response mechanism. If no environ-
mental change is detected, the population is optimized using
learned evolutionary knowledge. For each individual in the
population, a random number R is first generated. If R is less
than qi, the individual is improved using the transfer learning
model. by leveraging evolutionary knowledge from historical
problems to enhance its potential. If R is greater than 0.5
and less than mi, the multi-layer perceptron model is applied
to improve the individual’s quality by learning evolutionary
experience from the current problem. Finally, the population
iteration is completed through differential evolution operators
and environmental selection. It is worth noting that the initial
values of qi and mi are hyperparameters, and their magnitudes
will change based on a feedback mechanism, with specific
details provided later in the text.

B. Subspace Distribution Alignment Based between Infinite
Subspaces

Subspace Distribution Alignment between Infinite Sub-
spaces (SDA-IS) is a domain-adaptive method capable of un-
covering correlations between search spaces in historical and
current environments. It constructs a geodesic flow path from
the source subspace (historical search space) to a subspace of

Algorithm 1 Framework of LEK
Require: N (Population size)
Ensure: A series of approximations PS

1: t = 0
2: Randomly initialize a population pt

3: while Does not satisfy the termination conditions do
4: if Detected environmental changes then
5: PSg ← PSu ∪ PSt

6: t = t+ 1
7: g = 0
8: P t

g ← Change Response Mechanism
9: end if

10: for i = 1 to n do
11: R = rand(i)
12: if R < qi then
13: P t

g ← Transfer learning model
(P t

g , P
t
g−1, P

t−1
g , P t−1

g−1, PSt−1)
14: end if
15: if 0.5 < R < mi then
16: P t

g ← Multi-Layer Perceptron Model (P t
g)

17: end if
18: offtg(i)← Differential Evolution Operator
19: g = g + 1
20: P t

g ← Environmental Selection (P t
g−1, offtg−1(i))

21: end for
22: end while
23: return PS

the target (current search space), employing a kernel trick to
integrate over an infinite number of subspaces along this path.
Subsequently, the distribution of subspaces is aligned along
each segment of the geodesic flow kernel.

Assume DS = {XS1
, ..., XSN

} ⊆ RS is the source data,
and the target data is represented as DT = {XT1

, .., XTN
} ⊆

RT . First, Principal Component Analysis (PCA) is employed
to extract key features from the source and target data, forming
corresponding subspaces denoted as SS ∈ Rn×d and ST ∈
Rn×d, respectively. Here, n represents the number of decision
variables, and d denotes the dimension of the subspace. Thus,
the mapping matrix Ms can be expressed as follows:

MS = [SSU1RSU2]

[
12

23

]
ATS [SSU1RSU2]

T (3)

C. Historical Evolution and Knowledge Transfer

The process of historical evolutionary knowledge transfer is
illustrated in Fig. 1. Our proposed algorithm is built upon the
MOEA/D framework, which serves as a static optimizer es-
tablishing one-to-one correspondence between weight vectors
and individuals. Assuming P t−1

g = (Xt−1
g1 , Xt−1

g2 , . . . , Xt−1
gN )

represents the population at generation g of time t − 1,
where N denotes the population size and Xt−1

gi represents the
individual associated with the i-th weight vector, and PSt−1 =
(PSt−1

1 , PSt−1
2 , . . . , PSt−1

N ) denotes the final optimized pop-
ulation at time t− 1, then V t−1

gi = PSt−1
i −Xt−1

gi represents



Fig. 1. Transfer Learning Process Diagram

the evolutionary direction of the individual associated with the
i-th weight vector at generation g of time t−1. Consequently,
V t−1
g = (V t−1

g1 , V t−1
g2 , . . . , V t−1

gN ) represents the evolutionary
direction of the population at generation g of time t−1, which
can be regarded as historical knowledge.

To make the historical evolutionary knowledge more appli-
cable to the new environment, we employ the SDA-IS method
for domain adaptation. Assuming the evolutionary generation
in the new environment is g, we consider the evolutionary
direction from generation g − 1 to generation g at time t− 1
as the source domain data, i.e., Sv = P t−1

g − P t−1
g−1 , and the

evolutionary direction from generation g − 1 to generation g
at time t as the target domain data, i.e., Tv = P t

g − P t
g−1.

Based on Sv and Tv , we construct a mapping matrix Ms.
Subsequently, the historical knowledge V t−1

g is transferred to
the new environment through the mapping matrix Ms, denoted
as V t−1′

g .

V t−1′

g = V t−1
g ·Ms (4)

Finally, individuals in the current population have the
potential to generate more promising offspring through the
following formula:

Xt
gi = Xt

gi + V t−1′

gi (i = 1, 2, . . . , N) (5)

It is worth noting that, as can be seen from the overall frame-
work presented in the previous subsection, for each individual
Xt

gi in the current population, whether to utilize the transferred
historical knowledge is highly dependent on the parameter
qi. Since the effectiveness of historical evolutionary knowl-
edge may vary significantly for individuals associated with
different weight vectors and at different evolutionary stages,
we propose an adaptive adjustment strategy to dynamically
modify the value of qi, thereby controlling the probability of
each individual using the transfer learning model.Specifically,
after the individual Xt

gi associated with the i-th weight vector
employs the transfer learning model, if the distance between
the offspring Off t

gi generated by the differential operator

and the individual Xt
(g−1)i from generation g − 1 is greater

than the distance between Xt
(g−1)i and Xt

(g−2)i, it indicates
that the historical evolutionary knowledge is beneficial for the
evolution of the current individual. In this case, qi is increased
by 0.05. Conversely, qi is decreased by 0.05.

D. Multi-Layer Perceptron

Fig. 2. Transfer Learning Process Diagram

Artificial neural networks are a well-known machine learn-
ing method for data segmentation, capable of simulating the
neural systems of the human brain. Structurally, a neural
network consists of numerous neurons organized in layers.
One of the simplest neural networks is the feedforward neural
network, also known as a multi-layer perceptron (MLP), where
each layer of neurons receives input from the preceding layer.
Mathematically, each neuron sums its inputs to compute a
weighted linear combination, then further modifies this result
using a nonlinear activation function to produce an output. As
shown in Fig. 2, an MLP features an input layer and an output
layer to connect with the external world.

Furthermore, a Multilayer Perceptron (MLP) typically con-
tains one or more hidden layers of neurons to extract important
features from the input data. The output value of each node
in a layer is calculated as follows:

hl = φ

(
m∑
i=1

W l
i Ii + βi

)
l = (1, 2, . . . , j) (6)

where Ii is the input vector, W l
i is the connection weight

between Ii and node l, m is the number of input vectors, j
is the number of nodes in the layer, βi is the bias of the i-th
node, and φ is an activation function, such as the standard
logistic sigmoid function:

φ(x) =
1

1 + e−x
(7)

The MLP operation can be divided into two phases: training
and inference. During the training phase, a set of training



samples is used to iteratively update the parameters (i.e.,
weights and biases) based on gradient descent via backpropa-
gation. In the inference phase, a trained MLP model produces
outputs according to the input values. The training of an MLP
is accomplished by modifying the weights and biases over
successive iterations to minimize the error. The objective of
training is to minimize the Mean Squared Error (MSE):

LMSE =
1

M

M∑
i=1

(y∗i − yi)
2 (8)

where y∗i and yi are the target output and predicted output
of the i-th training iteration, respectively, and M is the total
number of training iterations.

Algorithm 2 Learning Evolutionary Process Knowledge
Require: Interval generations interval, current generation g,

initial population P t
0 at time t

Ensure: Model-accelerated population P t
g

1: g ← 0
2: Xtrain ← P t

0

3: while environment change not detected do
4: if g ≥ interval then
5: if mod(g, interval) == 0 then
6: Ytrain ← P t

g

7: net← MLP-train(Xtrain, Ytrain)
8: Xtrain ← Ytrain
9: end if

10: P t
g ← MLP-prediction(P t

g , net)
11: end if
12: g ← g + 1
13: end while

Fig. 3. Transfer Learning Process Diagram

E. Learning about the evolutionary process

In solving the current problem, similarly, since we employ
MOEA/D as the static optimizer, let Xt

gi represent the individ-
ual associated with the i-th weight vector in the population at
generation g of time t, and Xt

(g−interval)i
denote the individual

from interval generations prior to Xt
gi (where interval is a

hyperparameter). Since both are associated with the same
weight vector, they maintain a corresponding relationship. The
difference Xt

gi −Xt
(g−interval)i

can be viewed as the evolution-
ary direction of the i-th individual over interval generations,
with Xt

gi being the evolutionary target of Xt
(g−interval)i

.
During MLP training, we use Xt

(g−interval)i
as input and

Xt
gi as the label, resulting in N training data samples

(Xt
(g−interval)i

, Xt
gi) for i = 1, . . . , N , where N represents the

population size. The trained MLP can extract the population’s
advancement direction and learn the evolutionary process
knowledge. After training is completed, when Xt

gi is input
to the MLP, the output represents an individual with higher
quality and greater potential than Xt

gi .
Fig. 3 illustrates the acquisition of training data and the

prediction process of the MLP model, where blue and red
circles represent individuals from generation g − interval and
generation g, respectively, and yellow circles indicate the
model’s output individuals. Algorithm 2 provides the pseudo-
code for this process. As shown in the pseudo-code, to con-
serve computational resources and reduce time consumption,
the MLP model is trained only once every interval generations.

It is worth mentioning that in Algorithm 1, the value of
mi directly determines whether individual Xt

gi uses the MLP
model. Similar to the transfer learning model, the initial value
of mi is a hyperparameter, and it employs the same feedback
mechanism as qi for dynamic adjustment.

IV. EXPERIMENTAL STUDY

A. Test problems and performance indicators

In this study, DF benchmark components were selected as
test problems for the algorithm. These components encompass
diverse attributes and effectively represent various real-world
scenarios. Regarding performance metrics, we adopted two
measures:

1) The Inverted Generational Distance (IGD) [16] is widely
used to evaluate the convergence and diversity of solu-
tions obtained by algorithms. At time t, it is defined as
follows:

IGD(PF ∗
t , PFt) =

∑
p∈PF∗

t
d(p, PFt)

|PF ∗
t |

(9)

where PF ∗
t represents a set of points uniformly sampled

from the true Pareto front, PFt denotes the approxi-
mate Pareto front obtained by the test algorithm, and
d(p, PFt) represents the minimum distance between
point p and all points in PFt.
To validate the performance of dynamic multi-objective
algorithms, the IGD metric is extended to propose the
Mean Inverted Generational Distance (MIGD) perfor-
mance metric:

MIGD =

∑
t∈T IGD(PF ∗

t , PFt)

|T |
(10)



where T is a set of discrete instances, and |T | represents
the number of changes in a single run. In this paper, we
uniformly sample 1000 points from PF ∗

t to calculate
the IGD values.

2) Hypervolume (HV) evaluates the comprehensive perfor-
mance of an algorithm by calculating the volume of
the space enclosed by the obtained solution set and a
reference point in the objective space. It is defined as:

HV =

|P t|⋃
i=1

volume(ui) ui ∈ P t (11)

where |P t| is the cardinality of the Pareto front obtained
at time t, and volume(ui) represents the volume of the
hypercube formed by the i-th point ui and the reference
point ztref. In our experiments, ztref is set to (zt1×1.1, zt2×
1.1, . . . , ztm × 1.1), where ztj is the maximum value of
the j-th objective in the true Pareto front at time t, and
m is the number of objectives.
Similarly, the Mean Hypervolume (MHV) is defined as:

MHV =

∑
t∈T HV
|T |

(12)

B. Comparison algorithms and parameter settings

To determine how the LEK algorithm proposed in this
paper compares with other algorithms, we selected HEL, KL,
DNSGAII-B, and PPS as benchmarking algorithms. Among
these, HEL and KL are two existing dynamic multi-objective
optimization algorithms based on learning evolutionary knowl-
edge, while DNSGAII-B and PPS represent classical diversity-
based and prediction-based methods, respectively. To ensure a
fair comparison, the testing environment and relevant param-
eter settings are as follows:

1) For bi-objective and tri-objective problems, the popula-
tion size N is set to 100 and 105, respectively, and the
dimension of decision variables n is set to 10.

2) For each problem, three sets of dynamic parameters are
configured: (10, 5), (10, 10), and (10, 20). The number
of environmental changes T = 100. To minimize the
impact of static multi-objective algorithms on overall
performance, 50 iterations are executed before the first
environmental change occurs. Each algorithm is inde-
pendently run 20 times for each problem instance.

3) To eliminate the influence of static optimizers on algo-
rithm performance, with the exception of DNSGAII-B,
all algorithms employ MOEA/D as the static optimizer.
The differential evolution (DE) operator is selected as
the crossover operator with parameters CR = 1 and
F = 0.5. The polynomial mutation operator is used with
parameters proM = 0.1 and disM = 20. The dynamic
response strategies of LEK, HEL, and KL remain con-
sistent with DNSGAII-B, where 80% of individuals are
preserved for the initial population in the new environ-
ment upon detecting environmental changes, while the
remaining 20% are generated through high mutation. For

LEK, the generation interval interval = 3, and the initial
values of qi and mi are set to 0.3 and 0.8, respectively.
The multilayer perceptron is configured with one hidden
layer, and other parameters of comparative algorithms
remain consistent with their original publications.

C. Parameter sensitivity analysis

The following two tables present the experimental results of
our proposed algorithm LEK and four comparison algorithms
on the performance metrics MIGD and MHV . For clarity,
the best values are highlighted. The symbols “+”, “=”, and
“-” in the tables indicate that LEK significantly outperforms,
equals, or underperforms the comparison algorithms, respec-
tively. The Wilcoxon signed-rank test at the 0.05 significance
level was conducted to demonstrate significant differences
between the results.

Table I clearly demonstrates that LEK exhibits signifi-
cant advantages over other algorithms in the MIGD met-
ric. Across 42 test problem configurations, LEK achieved
the best values in 37 cases. This sufficiently illustrates that
our proposed algorithm enables rapid population convergence
while maintaining diversity. Through the transfer learning
model and the multilayer perceptron model, LEK not only
learns evolutionary knowledge from historical problems but
also acquires knowledge about the evolutionary processes of
current problems. Via a feedback mechanism, the algorithm
fully leverages both types of knowledge. This substantially
enhances the quality of the offspring population, enabling
the population to approach the true PS of the problem more
rapidly. Notably, compared to the other two algorithms—HEL
and KL—that also learn evolutionary knowledge, LEK demon-
strates substantial advantages across various dynamic envi-
ronment settings. This further validates the effectiveness of
our proposed dual-model approach in acquiring evolutionary
knowledge. However, it is also noteworthy that KT-MOEAD
outperformed our algorithms in terms of MIGD on DF2 when
the dynamic environment was set to (10, 20). This may be
attributed to the relatively simple variation pattern in the DF2
problem, where prediction-based algorithms could accurately
forecast the PS at new time steps, granting them a competitive
edge. Similarly, under the dynamic environment (10, 20),
DNSGAII-B performs well on DF4. This may stem from
DF4’s PS length and position varying over time, with PF seg-
ment length and curvature also being time-dependent. In later
evolutionary stages, historical evolutionary knowledge exerts
limited influence on the current problem, causing the algorithm
to exhibit diminished performance as generations increase.
On the DF11 problem, HEL outperformed our algorithms
across all three dynamic environments. This demonstrates that
HEL’s directional guidance model and popular repair model
effectively ensure population convergence and diversity on
this problem, yielding strong performance. Beyond this, our
algorithms achieved the best results on all other problems.
This indicates that regardless of whether the problem is two-
objective or three-objective, and regardless of the type of



TABLE I
MEAN AND STANDARD DEVIATION OF LEK AND THE COMPARISON ALGORITHM MIGD

Problems (ηt, τt) KT-MOEAD DNSGAII-B KL HEL LEK

DF1 (10,5) 0.1198(1.08E-02)+ 0.2731(1.51E-02)+ 0.1786(2.62E-02)+ 0.3225(2.72E-02)+ 0.0443(3.71E-03)
(10,10) 0.0698(6.57E-03)+ 0.0920(6.17E-03)+ 0.1988(3.46E-02)+ 0.1487(1.27E-02)+ 0.0137(6.12E-04)
(10,20) 0.0301(1.74E-03)+ 0.0259(1.27E-03)+ 0.1792(2.85E-02)+ 0.0712(2.66E-03)+ 0.0071(1.32E-04)

DF2 (10,5) 0.1267(8.45E-03)+ 0.2556(1.34E-02)+ 0.1978(2.20E-02)+ 0.2382(1.14E-02)+ 0.1176(4.79E-03)
(10,10) 0.0703(5.83E-03)= 0.1642(6.06E-03)+ 0.1819(2.74E-02)+ 0.1592(7.62E-03)+ 0.0670(3.52E-03)
(10,20) 0.0303(3.01E-03)- 0.0956(5.16E-03)+ 0.2008(2.14E-02)+ 0.0984(3.33E-03)+ 0.0330(2.64E-03)

DF3 (10,5) 0.2230(1.50E-02)+ 0.4448(2.76E-02)+ 0.4993(6.83E-02)+ 0.3839(3.41E-02)+ 0.0362(1.49E-03)
(10,10) 0.1420(9.32E-03)+ 0.3519(1.35E-02)+ 0.5412(8.04E-02)+ 0.2873(3.31E-02)+ 0.0162(1.21E-03)
(10,20) 0.0615(5.50E-03)+ 0.2952(9.37E-03)+ 0.5168(6.32E-02)+ 0.2164(2.46E-02)+ 0.0092(2.69E-04)

DF4 (10,5) 0.3016(1.14E-02)+ 0.1900(1.40E-02)+ 8.0913(8.60E-01)+ 0.2529(1.22E-02)+ 0.1242(2.89E-03)
(10,10) 0.1561(8.64E-03)+ 0.1321(6.34E-03)+ 8.5332(9.80E-01)+ 0.1663(8.37E-03)+ 0.1161(8.65E-04)
(10,20) 0.1152(1.45E-02)+ 0.0951(1.80E-03)- 8.1889(1.09E+00)+ 0.1163(3.54E-03)+ 0.1131(2.23E-04)

DF5 (10,5) 0.1712(1.76E-02)+ 0.3311(3.80E-02)+ 1.4679(3.98E-01)+ 0.2579(2.07E-02)+ 0.0326(1.62E-03)
(10,10) 0.0776(8.91E-03)+ 0.0947(5.94E-03)+ 1.3669(3.70E-01)+ 0.1389(7.80E-03)+ 0.0113(4.09E-04)
(10,20) 0.0249(1.48E-03) 0.0263(1.54E-03)+ 1.5487(2.08E-01)+ 0.0758(4.62E-03)+ 0.0064(1.07E-04)

DF6 (10,5) 1.9188(3.28E-01)+ 8.3997(2.45E-01)+ 8.6137(5.95E+00)+ 2.3053(5.34E-01)+ 1.1126(1.51E-01)
(10,10) 1.1190(2.73E-01)+ 3.7900(3.43E-01)+ 8.5357(5.26E+00)+ 1.2094(3.27E-01)+ 0.3379(8.40E-02)
(10,20) 0.6050(1.76E-01)+ 1.4423(2.04E-01)+ 7.4075(5.46E+00)+ 0.8853(2.90E-01)+ 0.1866(6.71E-02)

DF7 (10,5) 0.4879(6.68E-02)+ 1.2785(7.66E-02)+ 0.7626(5.54E-02)+ 0.6969(1.92E-02)+ 0.2207(2.25E-02)
(10,10) 0.4437(6.76E-02)+ 1.2229(9.43E-02)+ 0.7496(8.09E-02)+ 0.5727(4.42E-02)+ 0.1664(7.38E-03)
(10,20) 0.3255(5.06E-02)+ 0.7830(1.08E-01)+ 0.7731(7.09E-02)+ 0.3901(4.97E-02)+ 0.1554(3.65E-03)

DF8 (10,5) 0.2301(2.12E-02)+ 0.0805(1.18E-03)+ 0.7133(5.22E-02)+ 0.1322(6.15E-03)+ 0.0249(1.52E-03)
(10,10) 0.2064(2.06E-02)+ 0.0776(9.08E-04)+ 0.7238(4.91E-02)+ 0.1017(8.55E-03)+ 0.0193(8.77E-04)
(10,20) 0.1677(1.47E-02)+ 0.0716(7.56E-04)+ 0.7128(5.05E-02)+ 0.0661(6.02E-03)+ 0.0167(7.45E-04)

DF9 (10,5) 0.4166(2.93E-02)+ 1.3024(7.83E-02)+ 1.5967(3.95E-01)+ 0.5246(7.40E-02)+ 0.2823(4.82E-02)
(10,10) 0.2694(2.26E-02)+ 0.9049(6.50E-02)+ 1.6515(4.17E-01)+ 0.3577(3.29E-02)+ 0.0691(4.47E-03)
(10,20) 0.1855(1.72E-02)+ 0.5443(2.79E-02)+ 1.5614(3.61E-01)+ 0.2477(1.22E-02)+ 0.0288(1.44E-03)

DF10 (10,5) 0.4000(2.54E-02)+ 0.1597(2.40E-03)+ 0.6940(1.19E-01)+ 0.1712(6.89E-03)+ 0.1496(4.82E-03)
(10,10) 0.3653(1.94E-02)+ 0.1537(2.27E-03)+ 0.6767(1.40E-01)+ 0.1628(6.93E-03)+ 0.1098(1.95E-03)
(10,20) 0.3507(1.02E-02)+ 0.1562(1.61E-03)+ 0.7087(1.39E-01)+ 0.1559(5.87E-03)+ 0.0997(1.30E-03)

DF11 (10,5) 0.6241(1.26E-02)+ 0.2133(9.63E-04)+ 0.7181(5.61E-02)+ 0.1271(4.55E-03)- 0.1941(4.34E-04)
(10,10) 0.5586(1.19E-02)+ 0.1949(6.49E-04)+ 0.6818(5.47E-02)+ 0.1076(3.86E-03)- 0.1822(1.61E-04)
(10,20) 0.5096(6.58E-03)+ 0.1996(4.77E-04)+ 0.7171(4.22E-02)+ 0.0917(1.84E-03)- 0.1839(9.71E-05)

DF12 (10,5) 0.3547(1.37E-02)+ 0.2488(2.67E-02)+ 1.2815(3.15E-01)+ 0.3920(2.27E-02)+ 0.1151(4.33E-03)
(10,10) 0.2915(1.19E-02)+ 0.1501(3.59E-02)+ 1.2128(2.74E-01)+ 0.3399(1.28E-02)+ 0.0920(9.52E-04)
(10,20) 0.2357(1.31E-02)+ 0.1425(6.30E-02)+ 1.2264(2.37E-01)+ 0.3135(8.12E-02)+ 0.0823(7.17E-04)

DF13 (10,5) 1.0276(8.22E-03)+ 2.1437(9.75E-02)+ 1.5441(1.14E-01)+ 0.4305(1.45E-02)+ 0.3032(6.36E-03)
(10,10) 0.9637(8.55E-03)+ 1.5821(6.05E-02)+ 1.5541(1.49E-01)+ 0.3470(8.31E-03)+ 0.2649(2.90E-03)
(10,20) 0.9177(1.03E-02)+ 1.7027(9.26E-02)+ 1.5593(1.40E-01)+ 0.3080(6.67E-03)+ 0.2636(2.04E-03)

DF14 (10,5) 0.4608(4.67E-02)+ 1.2100(1.30E-01)+ 0.9421(3.19E-01)+ 0.1708(1.09E-02)+ 0.0753(1.79E-03)
(10,10) 0.4271(3.28E-02)+ 1.1433(1.28E-01)+ 0.8244(2.15E-01)+ 0.1092(7.35E-03)+ 0.0578(7.69E-04)
(10,20) 0.3700(1.14E-02)+ 0.9480(9.03E-02)+ 0.8620(2.85E-01)+ 0.0795(4.26E-03)+ 0.0541(3.28E-04)

+/=/− 40/1/1 41/0/1 42/0/0 39/0/3

problem variation, LEK possesses strong competitiveness by
fully learning evolutionary knowledge.

Table II presents the experimental results of various algo-
rithms on the MHV performance metric. Although LEK per-
forms less effectively on MHV than on MIGD, it still achieves
the best results on over half of the problems, outperforming

all other comparison algorithms. The primary reason for this
phenomenon may be that our algorithm does not sufficiently
cover the boundaries of PF edges, failing to adequately address
the impact of special points such as boundary points on
population evolution. This is an area where the algorithm aims
to improve in the future.



TABLE II
MEAN AND STANDARD DEVIATION OF LEK AND THE COMPARISON ALGORITHM MHV

Problems (ηt, τt) KT-MOEAD DNSGAII-B KL HEL LEK

DF1 (10,5) 0.4809(1.08E-02)+ 0.3542(1.51E-02)+ 0.3930(2.62E-02)+ 0.2970(2.72E-02)+ 0.5826(3.71E-03)
(10,10) 0.5510(6.57E-03)+ 0.5156(6.17E-03)+ 0.3617(3.46E-02)+ 0.4481(1.27E-02)+ 0.6346(6.12E-04)
(10,20) 0.6102(1.74E-03)+ 0.6154(1.27E-03)+ 0.4000(2.85E-02)+ 0.5410(2.66E-03)+ 0.6474(1.32E-04)

DF2 (10,5) 0.6607(8.45E-03)+ 0.5160(1.34E-02)+ 0.5145(2.20E-02)+ 0.5595(1.14E-02)+ 0.6997(4.79E-03)
(10,10) 0.7435(5.83E-03)+ 0.6410(6.06E-03)+ 0.5377(2.74E-02)+ 0.6545(7.62E-03)+ 0.7703(3.52E-03)
(10,20) 0.8145(3.01E-03)+ 0.7458(5.16E-03)+ 0.5059(2.14E-02)+ 0.7376(3.33E-03)+ 0.8195(2.64E-03)

DF3 (10,5) 0.3540(1.14E-02)+ 0.2366(1.24E-02)+ 0.0978(9.78E-02)+ 0.2725(1.49E-02)+ 0.5556(2.49E-03)
(10,10) 0.4412(1.03E-02)+ 0.2984(7.79E-03)+ 0.0723(7.23E-02)+ 0.3400(2.07E-02)+ 0.5920(1.81E-03)
(10,20) 0.5294(7.46E-03)+ 0.3440(6.20E-03)+ 0.0729(7.29E-02)+ 0.3961(1.64E-02)+ 0.6055(4.80E-04)

DF4 (10,5) 4.8618(4.76E-02)- 5.2875(4.79E-02)- 0.0060(6.02E-03)+ 0.7355(6.17E-03)+ 0.8350(1.68E-03)
(10,10) 5.3915(2.57E-02)- 5.5346(1.95E-02)- 0.0039(3.93E-03)+ 0.7864(4.05E-03)+ 0.8598(6.25E-04)
(10,20) 5.6731(8.00E-03)- 5.7031(6.30E-03)- 0.0049(4.93E-03)+ 0.8193(2.10E-03)+ 0.8688(2.19E-04)

DF5 (10,5) 0.4800(1.45E-02)+ 0.2980(2.18E-02)+ 0.0182(1.82E-02)+ 0.3698(1.38E-02)+ 0.6491(2.74E-03)
(10,10) 0.5886(7.64E-03)+ 0.5457(8.76E-03)+ 0.0168(1.68E-02)+ 0.4973(9.65E-03)+ 0.6881(7.23E-04)
(10,20) 0.6639(2.29E-03)+ 0.6623(2.59E-03)+ 0.0192(1.92E-02)+ 0.5860(5.68E-03)+ 0.6972(1.96E-04)

DF6 (10,5) 0.3125(3.78E-02)= 0.0961(1.21E-02)+ 0.0258(2.58E-02)+ 0.2904(8.74E-02)+ 0.3498(7.86E-02)
(10,10) 0.4708(3.94E-02)+ 0.2390(2.86E-02)+ 0.0091(9.09E-03)+ 0.4583(1.28E-01)+ 0.7043(4.82E-02)
(10,20) 0.6022(1.77E-02)+ 0.4590(1.71E-02)+ 0.0279(2.79E-02)+ 0.5610(1.29E-01)+ 0.7822(4.00E-02)

DF7 (10,5) 1.6390(5.03E-02)- 1.4790(5.34E-02)- 0.2471(2.47E-01)+ 0.5972(6.05E-03)+ 0.8605(4.91E-03)
(10,10) 1.8052(3.44E-02)- 1.5244(4.24E-02)- 0.2316(2.32E-01)+ 0.6457(1.94E-02)+ 0.8845(2.82E-03)
(10,20) 1.9853(2.35E-02)- 1.6849(3.94E-02)- 0.2339(2.34E-01)+ 0.7299(1.97E-02)+ 0.8934(1.90E-03)

DF8 (10,5) 0.5893(2.21E-02)+ 0.6981(1.39E-03)+ 0.0973(9.73E-02)+ 0.6760(2.05E-03)+ 0.7433(1.79E-04)
(10,10) 0.6195(1.86E-02)+ 0.7010(1.24E-03)+ 0.0933(9.33E-02)+ 0.6903(2.74E-03)+ 0.7462(1.13E-04)
(10,20) 0.6538(1.24E-02)+ 0.7058(1.36E-03)+ 0.1011(1.01E-01)+ 0.7068(1.93E-03)+ 0.7476(7.74E-05)

DF9 (10,5) 0.2849(1.35E-02)+ 0.1066(1.08E-02)+ 0.0076(7.57E-03)+ 0.3260(2.84E-02)+ 0.3691(2.29E-02)
(10,10) 0.4002(1.53E-02)+ 0.2526(9.41E-03)+ 0.0047(4.72E-03)+ 0.4112(1.49E-02)+ 0.5681(5.16E-03)
(10,20) 0.4913(1.12E-02)+ 0.3675(8.50E-03)+ 0.0068(6.79E-03)+ 0.5058(1.14E-02)+ 0.6319(2.20E-03)

DF10 (10,5) 0.6690(2.37E-02)- 0.9420(5.99E-03)- 0.2780(2.78E-01)+ 0.8762(1.86E-02)- 0.6399(4.87E-03)
(10,10) 0.7290(1.54E-02)= 0.9487(2.05E-03)- 0.2638(2.64E-01)+ 0.9098(9.45E-03)- 0.7271(3.88E-03)
(10,20) 0.7828(1.15E-02)- 0.9519(1.76E-03)- 0.2495(2.50E-01)+ 0.9298(5.23E-03)- 0.7599(9.65E-04)

DF11 (10,5) 0.5120(1.94E-02)+ 1.1643(2.46E-03)- 0.8200(8.20E-01)- 0.5452(7.72E-03)+ 0.5539(1.09E-03)
(10,10) 0.6043(1.81E-02)- 1.1933(1.95E-03)- 0.9558(9.56E-01)- 0.5736(6.87E-03)- 0.5667(5.51E-04)
(10,20) 0.6795(1.13E-02)+ 1.2159(1.95E-03)- 0.8682(8.68E-01)- 0.6004(3.72E-03)- 0.5722(3.11E-04)

DF12 (10,5) 1.0051(3.14E-02)- 1.3132(1.15E-02)- 0.0780(7.80E-02)+ 1.1827(1.40E-02)- 0.8389(3.57E-03)
(10,10) 1.1284(3.28E-02)- 1.3363(1.25E-02)- 0.0942(9.42E-02)+ 1.2065(3.93E-03)- 0.8635(9.82E-04)
(10,20) 1.2358(2.28E-02)- 1.3856(7.71E-03)- 0.0723(7.23E-02)+ 1.2150(1.91E-03)- 0.8734(1.06E-03)

DF13 (10,5) 1.8441(6.43E-02)- 1.1691(6.39E-02)- 0.1964(1.95E-01)+ 0.3862(3.07E-02)+ 0.6062(1.51E-02)
(10,10) 2.1836(7.10E-02)- 1.5380(1.11E-01)- 0.0978(9.78E-02)+ 0.5201(2.66E-02)+ 0.7309(7.43E-03)
(10,20) 2.4649(2.92E-02)- 1.6942(9.23E-02)- 0.1199(1.20E-01)+ 0.6427(2.04E-02)+ 0.7675(3.26E-03)

DF14 (10,5) 0.2275(8.15E-03)+ 0.0652(7.15E-03)+ 0.0675(5.75E-02)+ 0.5948(2.40E-02)+ 0.8628(5.89E-03)
(10,10) 0.2473(9.22E-03)+ 0.0658(2.20E-03)+ 0.0512(5.12E-02)+ 0.7491(2.31E-02)+ 0.9385(1.99E-03)
(10,20) 0.2714(9.31E-03)+ 0.0122(4.46E-03)+ 0.0693(6.93E-02)+ 0.8601(1.72E-02)+ 0.9546(1.11E-03)

+/=/− 26/2/14 24/0/18 39/0/3 34/0/8

Overall, whether in terms of MIGD or MHV performance
metrics, LEK demonstrates significant advantages over other
algorithms. This fully reflects the algorithm’s outstanding
performance and highlights its ability to adapt to diverse
dynamic environments with exceptional stability.

D. Ablation study

For our proposed algorithm LEK, the most significant
innovation lies in the transfer learning (DA) model and the
multi-layer perceptron (MLP) model. These two models re-
spectively learn historical evolutionary knowledge and pro-
cess evolutionary knowledge to guide population evolution,



TABLE III
MEAN AND STANDARD DEVIATION OF LEK AND VARIANTS ON MIGD

Problems (ηt, τt) DA MLP LEK

DF1 (10,5) 0.0580(5.42E-03)+ 0.0996(1.58E-02)+ 0.0443(3.71E-03)
(10,10) 0.0321(2.47E-03)+ 0.0412(5.99E-03)+ 0.0137(6.12E-04)
(10,20) 0.0233(1.34E-03)+ 0.0161(1.22E-03)+ 0.0071(1.32E-04)

DF2 (10,5) 0.1359(6.60E-03)+ 0.1477(8.98E-03)+ 0.1176(4.79E-03)
(10,10) 0.0975(5.83E-03)+ 0.1069(6.10E-03)+ 0.0670(3.52E-03)
(10,20) 0.0757(5.46E-03)+ 0.0693(3.80E-03)+ 0.0330(2.64E-03)

DF3 (10,5) 0.0472(1.60E-03)+ 0.0628(2.59E-02)+ 0.0362(1.49E-03)
(10,10) 0.0293(8.66E-04)+ 0.0457(2.86E-02)+ 0.0162(1.21E-03)
(10,20) 0.0225(7.68E-04)+ 0.0185(1.12E-02)+ 0.0092(2.69E-04)

DF4 (10,5) 0.1338(2.77E-03)+ 0.1304(3.59E-03)+ 0.1242(2.89E-03)
(10,10) 0.1260(2.10E-03)+ 0.1199(2.01E-03)+ 0.1161(8.65E-04)
(10,20) 0.1202(9.60E-04)+ 0.1153(9.95E-04)+ 0.1131(2.23E-04)

DF5 (10,5) 0.0464(2.13E-03)+ 0.1187(1.17E-02)+ 0.0326(1.62E-03)
(10,10) 0.0265(1.27E-03)+ 0.0442(3.53E-03)+ 0.0113(4.09E-04)
(10,20) 0.0190(9.53E-04)+ 0.0150(8.81E-04)+ 0.0064(1.07E-04)

DF6 (10,5) 1.2059(1.71E-01)+ 1.5595(1.21E-01)+ 1.1126(1.51E-01)
(10,10) 0.6177(1.28E-01)+ 1.0587(1.47E-01)+ 0.3379(8.40E-02)
(10,20) 0.3714(9.05E-02)+ 0.6075(1.33E-01)+ 0.1866(6.71E-02)

DF7 (10,5) 0.1947(1.13E-02)+ 0.3771(6.58E-02)+ 0.2207(2.25E-02)
(10,10) 0.1696(7.87E-03)+ 0.2799(5.53E-02)+ 0.1664(7.38E-03)
(10,20) 0.1579(3.72E-03)+ 0.2019(2.60E-02)+ 0.1554(3.65E-03)

DF8 (10,5) 0.0269(1.41E-03)+ 0.0240(1.69E-03)+ 0.0249(1.52E-03)
(10,10) 0.0214(9.12E-04)+ 0.0194(8.49E-04)+ 0.0193(8.77E-04)
(10,20) 0.0183(1.12E-03)+ 0.0169(6.59E-04)+ 0.0167(7.45E-04)

DF9 (10,5) 0.3734(8.51E-02)+ 0.5177(8.87E-02)+ 0.2823(4.82E-02)
(10,10) 0.1461(1.13E-02)+ 0.2105(4.95E-02)+ 0.0691(4.47E-03)
(10,20) 0.0807(4.30E-03)+ 0.0812(6.10E-03)+ 0.0288(1.44E-03)

DF10 (10,5) 0.1647(6.20E-03)+ 0.1862(1.51E-02)+ 0.1496(4.82E-03)
(10,10) 0.1246(1.87E-03)+ 0.1508(9.97E-03)+ 0.1098(1.95E-03)
(10,20) 0.1147(1.16E-03)+ 0.1206(6.18E-03)+ 0.0997(1.30E-03)

DF11 (10,5) 0.1958(3.28E-04)+ 0.1964(2.06E-03)+ 0.1941(4.34E-04)
(10,10) 0.1903(2.20E-04)+ 0.1916(1.20E-03)+ 0.1882(1.61E-04)
(10,20) 0.1881(1.45E-04)+ 0.1888(1.35E-03)+ 0.1859(9.71E-05)

DF12 (10,5) 0.1131(4.55E-03)− 0.1291(1.21E-02)+ 0.1151(4.33E-03)
(10,10) 0.0929(1.46E-03)+ 0.0993(2.76E-03)+ 0.0920(9.52E-04)
(10,20) 0.0866(1.23E-03)+ 0.0846(1.70E-03)+ 0.0823(7.17E-04)

DF13 (10,5) 0.3175(6.67E-03)+ 0.3407(6.62E-03)+ 0.3032(6.36E-03)
(10,10) 0.2738(3.49E-03)+ 0.2971(3.71E-03)+ 0.2649(2.90E-03)
(10,20) 0.2682(2.64E-03)+ 0.2821(2.58E-03)+ 0.2636(2.04E-03)

DF14 (10,5) 0.0837(2.33E-03)+ 0.1145(7.70E-03)+ 0.0753(1.79E-03)
(10,10) 0.0645(6.68E-04)+ 0.0819(4.07E-03)+ 0.0578(7.69E-04)
(10,20) 0.0588(5.05E-04)+ 0.0627(1.38E-03)+ 0.0541(3.28E-04)

+/-/ 38/4/0 39/3/0

enabling the algorithm to generate high-quality offspring with
greater probability and accelerate population convergence. The
comparative experiments above demonstrate that combining
these two models significantly enhances the algorithm’s per-
formance. However, the positive contribution of each model
individually to the algorithm remains unverified. To investigate

the role of these models in the algorithm, we conducted
ablation experiments to validate their effects.

In the ablation experiments, we set up two variants, denoted
as DA and MLP respectively. Specifically, DA denotes using
only the transfer learning model, while MLP denotes using
only the MLP model. Notably, for both variants, qmi controls



the probability of model usage (each variant employs its
corresponding model). When the random number is less than
qmi, it indicates that after generating individuals using the
model, offspring are produced via the DE operator. Conversely,
when the random number is greater than or equal to qmi, the
model is not used. The value of qmi is dynamically adjusted
using the same feedback mechanism as qi and mi, with an
initial value set to 0.8.

Table III presents the comparison results of the two variants
and the original algorithm on MIGD. The symbols “+”,
“=”, and “-” in the table indicate that LEK’s performance is
significantly better than, equal to, or worse than the variants,
respectively. Out of a total of 42 problems, LEK achieved the
best value on 40 problems, outperforming both the DA and
MLP variants. This fully demonstrates that both models have
a positive effect on the algorithm. By integrating these two
models, the algorithm not only learns historical evolutionary
knowledge and transfers it to solving current problems but also
acquires knowledge specific to the evolution of the current
problem. These two types of knowledge yield different effects
for problems with varying mutation types or in different
dynamic environments. Through the feedback mechanism,
both types of knowledge are fully leveraged, granting the LEK
algorithm a significant advantage over using either the DA or
MLP model alone.

V. CONCLUSIONS

This chapter proposes a dynamic multi-objective evolution-
ary algorithm based on learning evolutionary knowledge for
dynamic multi-objective optimization problems. The method
employs transfer learning models and multilayer perceptron
models to learn historical evolutionary knowledge and evo-
lutionary process knowledge of the current problem, respec-
tively.

Specifically, this algorithm adopts MOEAD as its founda-
tional framework. Since individuals sharing the same weight
vector exhibit relatedness, the transfer learning model employs
domain adaptation to migrate the evolutionary direction of the
population from a previous historical problem to the current
one, enhancing the adaptability of historical knowledge to the
current problem. In the MLP model application, data sample
pairs composed of parent and offspring individuals are used
for training. This enables the MLP to extract evolutionary
trends within the current problem’s population, which are
then applied to subsequent evolutionary steps. This approach
improves offspring quality and accelerates population con-
vergence. Finally, the newly proposed LEK algorithm was
experimentally compared with four other algorithms in the DF
testing component, demonstrating its strong competitiveness.
Ablation experiments were conducted to confirm that each
model positively contributes to the algorithm.

Existing learning-based evolutionary knowledge methods
fail to adequately account for problem-specific variations,
often directly applying past evolutionary knowledge to new
problems—a practice that may misguide evolutionary tra-
jectories. Specifically, extracting effective knowledge from

evolutionary processes to accelerate population convergence
while preserving diversity could represent a novel approach
for dynamic multi-objective optimization problems, enabling
rapid adaptation to environmental changes.
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