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Abstract Planning social tasks are essential jobs of every organization, busi-
ness, and government. With increasing challenges of society, the organization
and effective implementation depend on optimizing the plans of the organi-
zation and efficient operations of the professional teams in order, time, and
specific requirements. In the context of the impact of the COVID-19 pandemic
on social activities, developing strategies for the organization and operation
of working teams in implementing disease prevention, control, and elimination
are research issues that should be raised. This paper model the plan to organize
and operate the social-mission working group problem with a multi-objective
approach. The problem includes organizing and planning the health workforce
to perform tasks in epidemic prevention and implementing guidelines of the
Ministry of Health under the administration of the government. These pose a
requirement to balance resources, medical equipment, and ancillary equipment
to perform tasks according to different priority levels: disease prevention; vacci-
nation; sterilization, isolation, treatment by different locations, and time to en-
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sure effectiveness. The problem is modeled by approaching the multi-objective
optimization with three objectives: makespan, performance efficiency, and rate
of human resource usage. We also propose a guidance technique to improve
the surrogate-assisted multi-objective optimization algorithms on analyzing
the factors that influence finding solutions and maintain a balance between
local exploration and global exploitation. The enhanced algorithms confirm
the proposed model for social tasks against the COVID-19 pandemic.

Keywords Surrogate · Working plan · Guidance · Kriging

COVID-19

1 Introduction

The problem associated with organizational planning and inadequate social
activities for working teams is a form of resource-constrained project schedul-
ing problem (RCPSP) [14]. The organization is forced to practice a series of
continuous, interdependent, and limited use of resources (including human
resources, equipment, etc.) to complete a task that meets certain objectives
and under specific constrains. Many problem-modeling techniques exist, but at
the core of which is the construction of the objective and constraint functions.
There some research in this field has been proposed.

The authors in [10] proposed a black-box model to calculate the energy
efficiency of an integrated energy system, after defining the energy quality co-
efficient, which values the quality of various energy forms. A multi-objective
planning model that considered energy efficiency and the economy was pro-
posed for the joint planning of energy generators, storage, and networks. Here,
a five-tier energy hub is modeled to deal with the multi-energy couplings. [11]
presents the construction of metropolitan parks to enable the government to
plan and manage urban green space, to protect the biological resources of the
area, provide people with leisure and recreational places, improve the qual-
ity of life of residents, increase the economic value of neighborhoods close
to metropolitan parks, and encourage environmental protection through eco-
tourism. The proposed design uses a multi-criteria decision-making system. A
multi-objective photovoltaic power generation planning model is presented in
[2], whose objectives in the operation of the distribution network are: active
power losses, voltage deviation, voltage harmonic distortion, and static voltage
steady index. The authors used a multi-attribution decision-making method
combined with game theory to coordinate different objectives. The proposal
employs a comprehensive weight model of the different objectives to present
the combined effect of the photovoltaic power generation system toward dis-
tribution network. In [7], the authors proposed an approach for simultaneous
optimization of distributed generation (DG) penetration level and network per-
formance index to obtain optimal numbers, sites, and sizes of DG units. Here,
two objective functions are constructed: DG penetration level and network



A surrogate assisted multi-objective approach to social work planning 3

performance index. Minimizing the first objective reduces the capital invest-
ment cost of a distribution network owner to integrate DG while minimizing
the second objective reduces network losses and improves node voltage profile
and line loading. In [1], proposed community-level energy planning with goal
programming and different weighting schemes including gray weights, which
represents expert judgment, was used to analyze the optimal energy supply
system for a community. The model used various weighting scenarios to con-
sider optimizing the energy system and to investigate the effects of changing
decisions on outcomes and stakeholder interests. The experiments confirm that
integrating maximum renewable energy supply with locally available energy
resources is beneficial in energy supply cost reduction and in mitigating life-
cycle environmental impacts.
Existing articles on planning that employs a multi-objective approach focuses
on the objective function related to time, cost, and efficiency. However, in the
planning problems of social tasks, responding to objective and subjective de-
velopments affecting the priority of the tasks is key. Therefore, consideration is
given to the use of human resources, which is the basis for other contingency
conditions; building adaptive plans according to the problem; organize and
perform work for health working teams in the current complicated situation
of the COVID-19 pandemic in countries, especially those with difficult con-
ditions in medical personnel resources and medical preventive equipment. To
make job planning more practical and enable better organizational and per-
formance planning in social tasks, this study introduces a multi-optimization
model for the social task planning problem with time-based resource con-
straints, the overall efficiency, and human resource to ensure high redundancy
and response to social tasks that change over time.
The rest of the paper is organized as follows: Section 2 provides problem formu-
lations, notations, and descriptions; section 3 presents the effects of guidance
technique for surrogate-assisted multi-objective algorithms; section 4 presents
experiments and discussion; finally, section 5 presents the conclusions.

2 Problem formulation

2.1 Problem description

A working plan for social tasks should meet some basic requirements:
First, it should consider the situation of medical forces when planning for the
social task. There are different tasks, such as prevention, vaccination, disin-
fection, isolation, treatment, and there can be more tasks taking place at the
same time. Common tasks are tied together, for example, prevention with vac-
cination; isolation with treatment... Therefore, each task starts only after one
or more tasks have been completed
Second, each task requires two resources, human (number of people), medical
equipment (number of devices), to be completed in a fixed time ( duration).
One or more tasks can be performed in parallel at a time, but the total re-
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source used does not exceed the total available resources, i.e., no more than
the total number of people and the total amount of equipment.
Lastly, each plan is made of several sequences of tasks satisfying the above
requirements, yet optimal in terms of the following:

– The total execution time of the whole plan is the lowest. In implementing
social tasks, the shorter the time, the better the execution strategy is.
Therefore, minimizing the execution time is a high priority requirement.

– The total performance of the whole task is the highest. This shows that
prioritizing the tasks on time is more important (with higher efficiency
weights).

– The ability to reserve human (or equipment) resources at a time is highest.
In implementing social tasks, especially those with high social priority, such
as the COVID-19 epidemic control tasks of governments, it is essential to
have provision for people to complete their tasks at all times while being
available to serve unexpected missions. A good plan always has compe-
tent human backups. At each time, the lower the average usage of human
resources, the higher the contingency is.

Thus, the problem of planning social tasks for the health force can be ex-
pressed in the form of a multi-objective optimization problem with three ob-
jectives: Minimize the total implementation time; Maximize total performance
efficiency; Minimize the average usage of human resources.
The social task implementation plan consists of a sequence of n different tasks
and is represented by a graph G(V,E), where V is the set of vertices and E is
the set of edges. V consists of n + 2 vertices, with vertex 0 starting the plan
(start), vertex n+1 ends the plan (end) and vertices 1, 2,...,n are tasks 1, 2,...
n. Each vertex is assigned labels: inner label is the number of the task (Task
ID); The above label is the time taken to complete a task (in days); The label
below includes three labels, two of them in brackets representing the number
of people and the amount of equipment needed to perform the task. The other
label is the effective weight of the task. E consists of edges representing the
binding relationship between tasks. The direction of the arrow shows which
task should be completed before starting another task.
An example of a plan consisting of 6 tasks (1, 2, 3, 4, 5, 6) is shown graphically
as Fig.1 [9]. In this example, activity 4 is started only when activities 1 and 2
are finished.

2.2 Mathematical model

2.2.1 Notation

Decision variables
The health workforce’s social plan will have to cover n different tasks: a =
{a1, a2, . . . , an} with ai is the ith task, i = 1 → n.
Each health force social plan will consist of a sequence of tasks that is to
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Fig. 1 An example of a graphical representation of the social plan.

permute the elements of a. Thus, x is the permutation of a, which is the
decision variable of the problem, x ∈ A (A is all permutations of a), x =
{x1, x2, . . . , xn} with x is a permutation of a.
Common parameters

– t is the time (in days), t = 1, 2, . . . T (T =
∑n

t=1
di).

– R1 is the total number of people on payroll (maximum available at t).
– R2 is the total amount of available medical equipment.
– α is the adjustment coefficient of the effectiveness of the task (α = 0.1÷0.5).

Task attributes

– Pi = list of finished tasks before the task xi starts.
– di is the execution time for xi.
– r1i is the human resource required to execute xi (resource 1).
– r2i is the equipment resource needed to execute xi (resource 2).
– ei is the effective performance of xi.
– hit is the status of xi at time t, the task is completed or not.
– sti is the start time of the task xi.
– eti is the end time of the task xi.
– esti is the earliest start time of xi.

2.2.2 Objective functions

There are three objective functions, which are formed following:
Objective 1: Total time

f1 = max{eti|i = 1 → n} (1)

here,

eti = sti + di (2)
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esti = max{etj |j ∈ Pi} (3)

and

sti = min{t|

n
∑

j=1

r1jhjk ≤ R1;

n
∑

j=1

r2jhjk ≤ R2; k ∈ [t, t+di−1]; t ∈ [esti, T−di]}

(4)
Objective 2: Total effectiveness

f2 =

n
∑

i=1

ei(1 + α)
esti−sti (5)

Objective 2: Average rate of use of human resources

f3 =

∑T

t=1

∑n

i=1
r1ihit

max{eti|i = 1 → n}
(6)

here,

T =
n
∑

i=1

di (7)

esti = max{etj |j ∈ Pi}, ∀i = 1 → n. (8)

max{eti|i = 1 → n} ≤ T (9)
n
∑

i=1

r1ihit ≤ R1, ∀t = 1 → T. (10)

n
∑

i=1

r2ihit ≤ R2, ∀t = 1 → T. (11)

esti ≤ sti, ∀i = 1 → n. (12)

hit =

{

1, if xi are being taken at time t.

0, otherwise.
(13)

2.2.3 Multi-objective model

In the social work planning problem, we need to minimize objective 1 and 3, it
also needs to maximize objective 2. So, the problem has the following general
model:

minimize{f1(x),−f2(x), f3(x)} (14)

The first objective is to minimize the total execution time; the second objective
is to maximize the total efficiency. This objective conflicts with objective 1,
which has some tasks of low efficiency but can decrease the total execution
time, or some tasks that are highly efficient but increase the total execution
time. The third objective is to minimize the average use of human resources.
Every time, when the average use of human resources is low, the better the
redundancy capacity. This objective conflicts with objective 1, the lower the
average rate of resource use, the fewer people are used at each time, the less
the number of tasks performed in parallel, leading to the total execution time
for the plan increases and vice versa.
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2.2.4 An example

The Working plan consisting of 6 tasks a = {1, 2, 3, 4, 5, 6} represented
visually as Fig.1 will be parameterized as follows:
- Parameters: n = 6;R1 = 10;R2 = 8;α = 0.1.
- Make the attribute table of the ai tasks as follows:
A plan x = {1, 3, 6, 2, 4, 5} which is a permutation of a is represented on

ai di r1i r2i ei Pi

1 4 4 2 3 0
2 1 7 8 2 0
3 3 5 3 4 0
4 3 3 7 6 1, 2
5 2 5 1 4 2, 3
6 3 6 4 7 3

Table 1 An example of the attribute table for ai tasks of working plan

the Gantt chart as Fig. 2:

Fig. 2 An example of the plan on Gantt chart.

In fact, the problem of planning work for social forces in general, in spec-
ified features of planning for social forces in charge of COVID-19 pandemic
prevention in particular, is currently very complicated. It comes from the im-
portant requirements of resource optimization, medical equipment, operational
efficiency of the forces...while the force composition, diverse professional ca-
pacity, and task evolution complex cases that race with the development of
the pandemic in the community. The problem will be associated with many
practical constraints to the multi-objective problem model, with many com-
plex calculations. Therefore, this is a high-cost or expensive problem. In order
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to effectively solve it and reduce the computational complexity, it is necessary
to apply a multi-objective evolutionary algorithm using a surrogate model, the
hot trend is applied in today’s expensive problems.
However, in the application of multi-objective evolutionary algorithms using
the surrogate model, there is an existing conflict that we need to have a suit-
able strategy, that is, the abuse of the surrogate model can make obtained
results are far from the real goal of the problem (expressed in the original
objective functions), the imbalance between exploration and exploitation abil-
ity can cause the evolution process to fall into local optimal regions as well
as lost really good solutions in the search. To solve this problem, along with
the proposal to use a multi-objective evolutionary algorithm using a surrogate
model for the social force planning problem, we propose a number of guidance
techniques to implement an adaptive strategy in a surrogate model mining
mechanism for applied algorithms to enhance the quality of convergence and
diversity and the ability to explore and exploit, so that the proposal is close
to reality and can effectively be applied in the efforts of social forces fighting
the current COVID-19 pandemic.

3 A guidance technique for surrogate assisted multi-objective
algorithms

Our research analyzes factors that affect the quality of multi-objective evolu-
tionary algorithm (MOEA) using surrogate models, hypotheses, recommenda-
tions, and guidance techniques to improve the quality of the algorithm applied
to the problem of organizational and operational planning for the medical force
in performing social tasks with the proposed model.

3.1 Surrogate models

Surrogate models are used to approximate in simulation to reduce the compu-
tational cost for expensive problems. The models are described as below:
If f(−→x ) is an original fitness function of a multi-objective problem (MOP), we
have f ′(−→x ) is a meta function, which is indicated as follows [6]:

f ′(−→x ) = f(−→x ) + e(−→x ) (15)

e(−→x ) is the approximated error. In this case, the fitness function f(−→x ) is
unknown, the values (input or output) are not given. From the responses of
the simulator of a chosen dataset, a surrogate is constructed, then the model
generates easy representations that describe the relations between input and
output variables. There are some techniques employed in surrogate models
such as Kriging (KRG) [3], polynomial response surface (PRS) [12], radial
basis function (RBF) [17], support vector machine (SVM) [15], artificial neural
network (ANN) [8]. The common concepts associated with using surrogate
models are instead of using known fitness functions, to reduce the number
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of calculations, the evaluations use surrogate functions, which are simpler.
Therefore, this study also investigates the use of the original and surrogate
functions with the Kriging model in solving MOEAs for expensive problems.

3.2 Surrogate assisted multi-objective evolutionary algorithms issues

Using the surrogate model is a relatively effective and delicate choice in solving
expensive problems. The techniques commonly used in the surrogate model are
KRG, PRS, RBF, SVM, ANN, etc. and can be combined with machine learn-
ing, deep learning, clustering, statistics, forecasting. However, to determine
the frequency of using the surrogate function as a replacement for the original
function, how to choose a reference solution, etc. creates adaptive noises. These
noises are treated as transformations of the surrogate function, not the original
function. This can decrease in the optimization of the algorithm. Therefore,
using a surrogate model can create a noisy environment for searching MOEA.
From formula 15, the interference using the surrogate model can be defined as
follows:

Fnoise = f ′(−→x ) = f(−→x ) + e(−→x ) (16)

Here, e is also a noisy function. For the surrogate model, the difference between
the surrogate function and the original fitness function is the calculation of
the noise’s standard deviation and noise’s distribution, respectively.
The research issue we should solve is keeping the robustness for the algorithm
during the use of the surrogate model. Focusing on the performance of the
algorithm through basic measurements such as GD (Generational Distance),
IGD (Inverse Generational Distance) [19], we should keep the minimized values
all through the search. This means we need the feasible front to be closed and
spread along the Pareto optimal front in every generation. To reduce the noise
in the environment, we maintain the population in the best possible ways dur-
ing the search. Recently, many researchers discuss using the guidance method
to drive the evolutionary process for balance in exploitation and exploration.
It also maintains the convergence and diversity of the main population (ob-
tained solutions) during the search continuously. To build up the technique,
we focus on two recent surrogate-assisted multi-objective algorithms: K-RVEA
[4] (using Kriging model) and CSEA [13] (using Feedforward Neural Networks
- FNN). They are up-to-date surrogate-assisted multi-objective algorithms, we
will work on algorithms with more investigation.

3.2.1 K-RVEA algorithm

a reference vector-based MOEA for solving many-objective evolutionary prob-
lems, the authors proposed a Kriging-assisted reference vector guided evolu-
tionary algorithm (K-RVEA) [5]. In RVEA, the search process follows a set
of predefined reference vectors from the direction vectors to partition the ob-
jective space into several small sub-spaces. An elitism selection strategy is
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employed inside each subspace and using an angle-penalized distance, one
measures the distance of the solutions to the ideal point and the closeness of
the solutions to the reference vectors. An illustration of using reference vectors
is shown in the Figure 3. In K-RVEA, based on RVEA, the authors introduced

Fig. 3 An example showing how to associate an individual with a reference vector. In this
example, f ′ is a translated objective vector, v1 and v2 are two unit reference vectors. θ1 and
θ2 are the angles between f ′ and v1, v2, respectively. Since θ2 < θ1, the individual denoted
by f ′ is associated with reference vector v2.

a new algorithm which has three main phases: initialization, using, and update
the surrogate.

1. Initialization: algorithm uses the Latin hyper-cube sampling to generate
an initial population. Two archives A1 and A2 are filled with individuals
evaluated with the original expensive functions. A Kriging model for each
objective function is built by individuals given by archive A1.

2. Using the surrogate: In this phase, the K-RVEA uses Kriging mod-
els instead of the original functions to calculate objective function values.
Kriging models are used for fitness evaluations for a prefixed number of
generations without updating them.

3. Updating the surrogate: After an evolutionary search using the Kriging
model for a fixed number of generations, the Kriging model will be updated.
The selection of individuals to be reevaluated using the original functions,
which will also be used for updating the surrogates, is essential for the
performance of surrogate-assisted evolutionary algorithms (SAEAs). The
authors suggested using information from the underlying evolutionary al-
gorithm, RVEA, and uncertainty information from the Kriging model for
selecting individuals to be reevaluated and for retraining the surrogate.
The selected individuals are then reevaluated with the original functions
and these data samples are added to both archives A1 and A2. The authors
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also use a reference vector-based selection strategy to keep a fixed number
of individuals in the archive A1, it will eliminate extra individuals from
A1. To assign reference vectors in various clusters see Fig4, then randomly
select one data point from each cluster and eliminate the rest of the data.
This technique helps the algorithm to maintain a fixed number of a diverse
set of training data in A1.

Fig. 4 Clustering of active adaptive reference vectors Va into a predefined number of clusters
u.

3.2.2 CSEA algorithm

[13] proposed a classification-based surrogate-assisted multi-objective algo-
rithm for expensive many-objective optimization, CSEA. A classification cri-
terion is to divide solutions evaluated using the expensive objective functions
in two categories. A surrogate is employed to learn the classification criterion,
predict candidate solutions in categories, and use a selection strategy to select
better-converged solutions for the evaluations. In CSEA, the primary features
are the classification criterion and the surrogate management strategy.

1. Classification criterion: A classification accuracy depends on the clas-
sification criterion. Based on two types of solutions in MOPs: dominated
and non-dominated, a set of reference solutions is chosen to construct the
Pareto dominance boundary, which will divide all solutions into two cate-
gories.

2. The selection of reference solution: To choose a set of reference so-
lutions to form the classification boundary, a radial space division-based
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selection strategy is employed. In this selection strategy, all solutions eval-
uated using the expensive fitness function are first projected into a 2-
dimensional radial space.

Fig. 5 Illustration of a 3-layer FNN used in the CSEA algorithm.

To manage the surrogate model, the authors design the CSEA with four basic
steps:

– Initialization: Initializing the parameters (K: number of reference solu-
tions, gmax: number of solutions evaluated by surrogate model) and struc-
ture of the FNN (which is one type of ANN where connections between the
neurons do not form a cycle). Three main components of the FNN should
be initialized: the network structure, the weights, and the activation func-
tion.

– Update: Updating the weights of the FNN with the training dataset. The
authors used Levenberg-Marquardt back-propagation method to update
the weights of the FNN.

– Validation: The authors used an error on test data as a measure to esti-
mate the prediction uncertainty of the FNN. The errors are calculated by
cross-validation.

– Surrogate assisted selection: In this step, some promising solutions
are selected for the fitness evaluation. The selection is from the predicted
performance and the reliability. The selection used the errors on test data
to estimate the reliability of the prediction of the FNN. A pair of errors
(Test Error Rates of two categories) forms a point located in a region of the
reliability configuration, the uncertainty of the FNN. The space presents
the relationship between the uncertainty of the FNN and its test errors.

The experiments in [13] confirmed that surrogates classifying solutions
into dominated and non-dominated solutions are promising for solving expen-
sive many-objective optimization problems. CSEA is an up-to-date surrogate-
assisted multi-objective algorithm, so we build our work on the algorithm with
more investigation.
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3.2.3 Noisy issues

In our work, we analyzed the evolutionary process’s behavior during the search
with surrogate-assisted multi-objective evolutionary algorithms.
K-RVEA: states that in the first generation, the convergence of the algo-
rithm is poor, the calculation diverse because randomly generated solutions
have not evolved over generations. After that, the solution quality got better,
the diversity also decreased, and spread toward the Pareto optimal front. In
the last generations of the process with a specified number of generations, the
quality of the population who converged was good because it processed many
generations. An algorithm is assessed as good if the diversity of the population
is maintained when the solutions spread evenly over the Pareto optimization
front. In many analysis of the evolutionary trend of the process, to ensure a
balance between convergence and diversity, it is necessary to balance the al-
gorithm between exploration and exploitation cascade of evolution. Therefore,
in the early stages, the ability to converge and end stages are needed to en-
hance the diversity of the population. In K-RVEA, parameters were used to
determine whether the model update was fixed, to avoid making noise in the
environment, which is against the robustness of the algorithm. We test the K-
RVEA algorithm on the class of expensive problems, with different parameters
to evaluate the above comments.
We used wmax, the number of generations before updating the Kriging model
with values: 10, 20, 30, 50 and 70 with DTLZs problems [5] (DTLZs from 1 to
9) in 20000 evaluations. We reported the results on GD and IGD, the popular
metrics to measure the performance of the algorithm. The results are shown
in Tables 2, 3. Some of the behaviors of the evolution process are reported in
Figures 6 to 9.
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Table 2 GD values of K-RVEA and M-K-RVEA on DTLZs benchmark set

MOEAs

❵
❵

❵
❵
❵
❵

wmax

Evals
2000 4000 6000 8000 10000 12000 14000 16000 18000 20000

DTLZ1

K-RVEA

10 50.7441 7.4836 5.6692 4.1103 3.2282 2.7263 2.5096 2.4711 2.4463 2.3877

20 41.9546 10.0818 10.9039 3.7888 3.7041 3.7041 4.0672 4.0672 4.0097 4.0097

30 39.0192 9.4198 7.2260 5.4170 3.9909 3.9062 3.9777 4.0149 3.9320 3.7725

50 42.5498 10.4695 6.7609 5.9252 5.5349 4.6894 4.7492 4.3930 4.1622 4.0916

70 43.5096 12.6410 8.0107 6.6715 7.1815 6.2105 5.7701 5.2643 5.0035 4.7697

M-K-RVEA ADC 46.6079 4.7267 3.3725 3.3725 3.3725 3.3725 3.3725 3.3725 3.3725 3.3725

DTLZ2

K-RVEA

10 0.1032 0.0023 0.0014 0.0011 0.0009 0.0008 0.0008 0.0007 0.0007 0.0006

20 0.1151 0.0014 0.0009 0.0007 0.0006 0.0005 0.0005 0.0005 0.0004 0.0004

30 0.0999 0.0015 0.0010 0.0008 0.0006 0.0005 0.0005 0.0004 0.0004 0.0004

50 0.1076 0.0015 0.0009 0.0006 0.0005 0.0005 0.0004 0.0004 0.0004 0.0004

70 0.1165 0.0014 0.0010 0.0007 0.0006 0.0005 0.0005 0.0004 0.0004 0.0004

M-K-RVEA ADC 0.1227 0.0019 0.0011 0.0008 0.0007 0.0006 0.0006 0.0005 0.0005 0.0004

DTLZ3

K-RVEA

10 183.1624 43.1944 36.1737 33.9130 30.8676 29.8677 28.4940 30.4472 29.3890 30.4415

20 171.6720 65.1569 57.1465 47.8764 47.3865 42.2447 40.1520 38.8519 36.7741 36.5496

30 220.4797 74.7820 56.8731 52.7536 52.7041 48.8366 44.5964 42.4959 41.5517 40.6848

50 194.0912 85.5257 83.2413 70.2972 59.2193 50.7384 50.3928 49.8387 48.0394 44.5380

70 151.5813 77.2795 68.4175 59.9071 51.6176 47.8923 49.5671 51.3997 48.6738 48.7996

M-K-RVEA ADC 183.1624 69.5647 54.4809 48.0276 47.8869 43.2640 42.0306 40.3582 39.2478 42.3035

DTLZ4

K-RVEA

10 0.1739 0.0148 0.0093 0.0063 0.0051 0.0043 0.0038 0.0034 0.0031 0.0029

20 0.1613 0.0113 0.0072 0.0054 0.0044 0.0039 0.0035 0.0033 0.0031 0.0029

30 0.1634 0.0108 0.0077 0.0060 0.0051 0.0044 0.0038 0.0035 0.0033 0.0031

50 0.1841 0.0115 0.0074 0.0057 0.0048 0.0042 0.0038 0.0034 0.0031 0.0028

70 0.1564 0.0129 0.0085 0.0073 0.0063 0.0055 0.0050 0.0047 0.0045 0.0042

M-K-RVEA ADC 0.1564 0.0129 0.0085 0.0073 0.0063 0.0055 0.0050 0.0047 0.0045 0.0042

DTLZ5

K-RVEA

10 0.1407 0.0068 0.0057 0.0054 0.0050 0.0046 0.0042 0.0042 0.0042 0.0041

20 0.1571 0.0096 0.0069 0.0063 0.0056 0.0053 0.0052 0.0050 0.0049 0.0048

30 0.1207 0.0111 0.0082 0.0068 0.0063 0.0058 0.0056 0.0054 0.0051 0.0051

50 0.1584 0.0052 0.0046 0.0042 0.0041 0.0041 0.0040 0.0040 0.0039 0.0038

70 0.1368 0.0101 0.0072 0.0065 0.0062 0.0056 0.0055 0.0052 0.0050 0.0049

M-K-RVEA ADC 0.1286 0.0071 0.0055 0.0048 0.0045 0.0042 0.0039 0.0039 0.0037 0.0037

DTLZ6

K-RVEA

10 0.9746 0.4591 0.4409 0.3822 0.3919 0.3913 0.3306 0.3261 0.3428 0.3140

20 0.9513 0.4647 0.4897 0.4926 0.4734 0.4403 0.4151 0.3610 0.3625 0.3456

30 0.9965 0.4503 0.3943 0.4227 0.3993 0.3845 0.3798 0.3657 0.3867 0.3529

50 0.9480 0.5927 0.5124 0.4898 0.4478 0.4311 0.4444 0.4308 0.4108 0.3957

70 0.9599 0.5421 0.4830 0.4446 0.4565 0.4716 0.4370 0.4339 0.4248 0.4184

M-K-RVEA ADC 1.0474 0.4951 0.5234 0.5070 0.4695 0.4490 0.4279 0.4099 0.3823 0.3597

DTLZ7

K-RVEA

10 2.0241 0.0026 0.0012 0.0008 0.0006 0.0005 0.0005 0.0004 0.0004 0.0003

20 2.6543 0.0012 0.0007 0.0005 0.0004 0.0003 0.0003 0.0003 0.0002 0.0002

30 2.6896 0.0009 0.0005 0.0004 0.0003 0.0003 0.0003 0.0002 0.0002 0.0002

50 2.3290 0.0010 0.0007 0.0005 0.0004 0.0004 0.0003 0.0003 0.0002 2.0384

70 2.0943 0.0007 0.0005 0.0005 0.0004 0.0003 0.0003 0.0003 0.0002 0.0002

M-K-RVEA ADC 2.0241 0.0009 0.0007 0.0004 0.0004 0.0003 0.0003 0.0003 0.0002 0.0002

DTLZ8

K-RVEA

10 0.0548 0.0322 0.0322 0.0322 0.0322 0.0322 0.0322 0.0322 0.0322 0.0322

20 0.0587 0.0327 0.0327 0.0327 0.0327 0.0327 0.0327 0.0327 0.0327 0.0327

30 0.0706 0.0358 0.0358 0.0358 0.0358 0.0358 0.0358 0.0358 0.0358 0.0358

50 0.0728 0.0303 0.0303 0.0303 0.0303 0.0303 0.0303 0.0303 0.0303 0.0303

70 0.0635 0.0357 0.0357 0.0357 0.0357 0.0357 0.0357 0.0357 0.0357 0.0357

M-K-RVEA ADC 0.0635 0.0310 0.0310 0.0310 0.0310 0.0310 0.0310 0.0310 0.0310 0.0310

DTLZ9

K-RVEA

10 3.4231 2.2998 1.5890 1.3484 1.4657 2.2714 1.4092 1.2228 1.1880 1.1553

20 6.3959 2.5242 2.3244 2.1598 1.9384 1.9384 2.3200 1.5506 1.6016 2.1090

30 4.2762 2.1689 1.9599 1.7168 1.6040 1.4022 1.5312 1.4316 1.3738 1.2709

50 3.9907 1.5387 1.1807 0.9758 2.3940 2.1892 1.8939 1.8939 1.8430 1.7425

70 4.5920 2.5457 1.9841 2.2016 2.0792 2.0511 1.9588 1.8728 1.9472 1.7881

M-K-RVEA ADC 3.7733 2.5289 2.2851 2.1059 2.0260 2.0260 1.8907 1.8280 1.2761 1.1746
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Table 3 IGD values of K-RVEA and M-K-RVEA on DTLZs benchmark set

MOEAs

❵
❵

❵
❵
❵
❵

wmax

Evals
2000 4000 6000 8000 10000 12000 14000 16000 18000 20000

DTLZ1

K-RVEA

10 37.5017 15.9551 15.9551 15.9551 8.6306 8.6306 8.6306 6.4437 6.4437 6.4437

20 69.2926 12.2018 9.0805 6.0770 6.0770 6.0770 6.0770 6.0770 6.0770 6.0770

30 73.5400 18.0276 18.0276 18.0276 18.0276 18.0276 18.0276 18.0276 18.0276 18.0276

50 75.3314 21.8503 21.8503 21.8503 18.8011 18.8011 18.8011 18.8011 18.8011 18.8011

70 56.6293 17.9351 17.9351 17.9351 15.7866 15.7866 11.9698 11.9698 11.9698 11.9698

M-K-RVEA ADC 30.8156 9.9032 9.9032 9.9032 9.9032 9.9032 9.9032 9.9032 9.9032 9.9032

DTLZ2

K-RVEA

10 0.4863 0.0523 0.0417 0.0372 0.0343 0.0326 0.0314 0.0302 0.0293 0.0284

20 0.4862 0.0461 0.0368 0.0325 0.0297 0.0287 0.0281 0.0273 0.0265 0.0259

30 0.4720 0.0467 0.0382 0.0326 0.0293 0.0283 0.0268 0.0260 0.0249 0.0244

50 0.5233 0.0476 0.0387 0.0340 0.0306 0.0295 0.0285 0.0276 0.0272 0.0267

70 0.4848 0.0502 0.0427 0.0372 0.0338 0.0324 0.0302 0.0292 0.0283 0.0272

M-K-RVEA ADC 0.5617 0.0528 0.0398 0.0354 0.0335 0.0320 0.0305 0.0295 0.0287 0.0278

DTLZ3

K-RVEA

10 500.9795 154.0806 154.0806 154.0806 154.0806 154.0806 154.0806 154.0806 154.0806 154.0806

20 608.2876 195.9133 185.9003 185.9003 185.9003 185.9003 185.9003 185.9003 177.8553 177.8553

30 421.7119 282.9219 229.2645 229.2645 229.2645 222.9678 132.3652 132.3652 132.3652 132.3652

50 533.7593 229.4352 225.6308 225.6308 196.0629 196.0629 196.0629 196.0629 196.0629 195.8602

70 672.9475 281.1927 274.5212 246.6838 246.6838 246.6838 183.5229 183.5229 183.5229 183.5229

M-K-RVEA ADC 500.9795 235.2239 204.4000 204.4000 204.4000 182.6566 182.6566 182.6566 182.6566 182.6566

DTLZ4

K-RVEA

10 0.9201 0.1337 0.0794 0.0595 0.0549 0.0495 0.0477 0.0458 0.0444 0.0434

20 0.9733 0.0753 0.0606 0.0543 0.0503 0.0465 0.0447 0.0418 0.0408 0.0396

30 0.8311 0.0745 0.0626 0.0568 0.0520 0.0466 0.0441 0.0421 0.0408 0.0399

50 0.8441 0.0786 0.0637 0.0577 0.0541 0.0512 0.0474 0.0442 0.0420 0.0413

70 0.8792 0.0833 0.0662 0.0629 0.0582 0.0552 0.0542 0.0524 0.0512 0.0504

M-K-RVEA ADC 0.8792 0.0833 0.0662 0.0629 0.0582 0.0552 0.0542 0.0524 0.0512 0.0504

DTLZ5

K-RVEA

10 0.3699 0.0395 0.0397 0.0384 0.0343 0.0330 0.0329 0.0327 0.0301 0.0301

20 0.3739 0.0583 0.0525 0.0391 0.0371 0.0357 0.0355 0.0347 0.0345 0.0344

30 0.4081 0.0722 0.0597 0.0496 0.0492 0.0478 0.0457 0.0449 0.0421 0.0421

50 0.3483 0.0381 0.0337 0.0317 0.0307 0.0367 0.0364 0.0364 0.0364 0.0363

70 0.3860 0.0494 0.0426 0.0412 0.0411 0.0394 0.0393 0.0388 0.0384 0.0376

M-K-RVEA ADC 0.4247 0.0421 0.0371 0.0380 0.0373 0.0345 0.0338 0.0336 0.0333 0.0333

DTLZ6

K-RVEA

10 8.2380 1.8545 0.8540 0.8110 0.8110 0.8110 0.8110 0.8110 0.7906 0.7724

20 8.4386 2.2229 1.3579 1.3532 1.3532 1.2986 1.2986 1.2557 1.2557 1.2557

30 8.2757 2.4312 2.4304 1.8914 1.7946 1.7637 1.6556 1.6556 1.6556 1.6437

50 8.2283 2.7022 2.5015 2.4640 2.4640 2.4640 2.2781 2.2781 2.0575 2.0575

70 8.4906 2.4451 2.4451 2.4451 2.1171 2.0384 2.0384 2.0384 2.0384 2.0384

M-K-RVEA ADC 8.4051 2.9249 1.8047 1.6488 1.6488 1.6488 1.6488 1.6334 1.5731 1.5731

DTLZ7

K-RVEA

10 8.1067 0.0611 0.0397 0.0332 0.0295 0.0276 0.0256 0.0243 0.0231 0.0222

20 7.4668 0.0492 0.0406 0.0338 0.0317 0.0296 0.0280 0.0268 0.0256 0.0246

30 8.6059 0.0514 0.0424 0.0380 0.0358 0.0341 0.0312 0.0303 0.0293 0.0282

50 8.8847 0.0707 0.0599 0.0543 0.0469 0.0440 0.0420 0.0407 0.0398 0.0477

70 8.2937 0.0725 0.0598 0.0559 0.0506 0.0487 0.0459 0.0442 0.0433 0.0424

M-K-RVEA ADC 8.1067 0.0618 0.0546 0.0456 0.0433 0.0411 0.0359 0.0343 0.0320 0.0312

DTLZ8

K-RVEA

10 0.2309 0.2050 0.2050 0.2050 0.2050 0.2050 0.2050 0.2050 0.2050 0.2050

20 0.2590 0.1599 0.1599 0.1599 0.1599 0.1599 0.1599 0.1599 0.1599 0.1599

30 0.2190 0.1827 0.1827 0.1827 0.1827 0.1827 0.1827 0.1827 0.1827 0.1827

50 0.2516 0.2357 0.2357 0.2357 0.2357 0.2357 0.2357 0.2357 0.2357 0.2357

70 0.2397 0.1935 0.1935 0.1935 0.1935 0.1935 0.1935 0.1935 0.1935 0.1935

M-K-RVEA ADC 0.2397 0.1790 0.1790 0.1790 0.1790 0.1790 0.1790 0.1790 0.1790 0.1790

DTLZ9

K-RVEA

10 11.3847 6.3491 6.1299 6.1299 5.6413 5.3711 4.9843 4.9843 4.9843 4.9843

20 11.1618 6.3076 6.2910 6.2910 6.2910 6.2910 5.9713 5.9713 5.9713 5.9066

30 11.1510 7.7752 7.7752 7.7563 7.7378 7.7212 7.7103 7.7103 7.7103 7.7099

50 11.2579 7.9947 7.9363 7.9294 7.5453 7.5453 7.5453 7.5453 7.5453 7.5453

70 11.1964 6.6274 6.3928 6.3837 6.3837 6.3837 6.3837 6.3837 6.3837 6.3830

M-K-RVEA ADC 11.2529 6.5146 6.4943 6.4943 6.4943 6.4943 6.4943 6.4943 6.4697 6.4697
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Fig. 6 The behavior of K-RVEA on DTLZ1 (GD)

Fig. 7 The behavior of K-RVEA on DTLZ1 (IGD)

CSEA: Selecting a reference solution is an important factor for the per-
formance of the algorithm. The space division is based on a boundary that
is formed from the selected solutions. A key parameter for CSEA is K: num-
ber of reference solutions that are selected. The role of K is discussed in the
proposal. When the value of K is small, the number of reference solutions of
category II solutions is small. The algorithm has better convergence perfor-
mance but is poor in terms of diversity. In contrast, a larger value for K will
produce better diversity but poorly convergence. The choice of the number of
reference solutions provides a way of balancing the convergence and diversity
of the selected category II solutions.
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Fig. 8 The behavior of K-RVEA on DTLZ6 (GD)

Fig. 9 The behavior of K-RVEA on DTLZ6 (IGD)

The authors empirically investigated the impact of the number of reference
solutions K on the performance of CSEA for solving problems with different
numbers of objectives. CSEA with different parameter K is tested on different
benchmark sets. From the results, the best choice of K is recorded to the al-
gorithm. The parameter is then fixed at six for all benchmark sets. This is the
practical parameter value. Similar to the analysis of the evolutionary process
behavior in K-RVEA, the convergence in the early stages and the divergence of
the population in the end-stage should be enhanced. CSEA uses K parameter
to select reference solutions to form the classification boundary, a radial space
division from the selection strategy. Because K is not adaptive, it lacks adapt-
ability and makes noises, which is against the robustness of the algorithm.
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3.3 Guidance techniques

3.3.1 An adaptive control

From the experimental results with K-RVEA, for reducing the noise, appro-
priately adjusting parameters during evolution creates an effective balance
between convergence and diversity of the population. Specifically, adjust the
number of generations before updating the model according to the assessed
factors and assume that the direct influence in SAEAs is the processing time
of the evolution, quality of the current population, and computational charac-
teristics of the problem.
The use of surrogate function and frequency of updating the Kriging model
flexibly depends on the quality of the population in the current generation.
To determine the quality of the solution, we use two defined values at a time
t, with the test problem prb as follows.

Qt =
nnon

NP

∗
FE

FEmax

∗ Cprb (17)

where, nnon is the number of non-dominated solutions in the main population,
NP is the size of the population, FE is the number of function evaluations,
FEmax is the maximum number of function evaluations. Cprb is the complexity
of the problem, which depends on the complexity of the test function, size of
decision spaces, number of objectives and number of calculations for objective
functions. We choose practical values Cprb ∈ [0.8, 1], the default value is one.
The constant 60 is a generated point to control wmax in range [10,50]. From
on the Qt value, we will calculate the value of wmax ∈ R (the rate of using
surrogate function and the frequency of updating the Kriging model) in the
range, a normalize function is defined to adjust valid wmax values.

wmax = Normalize(Qt ∗ 60) (18)

The modified version M-K-RVEA is described in Algorithm 1.

3.3.2 An adaptive number of reference solutions

Analyzing the results of CSEA, to reduce the noise by balancing the evolution
between exploration and mining and to maintain the convergence and diversity
of the population, the selection of a reference solution requires adaptability. It
depends on factors that we can identify with the following influences:

– The process of evolution: evolution occurs from the initial state of creation,
the central stage, and the final stage. The quality of the main population
(number of non-dominated solutions) at each stage is different. Therefore,
reference solutions should be adjusted according to the quality of the cur-
rent population in terms of convergence and diversity. Thus, it is necessary
to select several different reference solutions to create a balance between
exploration and exploitation, convergence, and diversity, respectively.
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Algorithm 1: M-K-RVEA

1 Input:
2 The maximum number of expensive function evaluations: FEmax; the number of

individuals to be re-evaluated and to be used for updating Kriging models is u;
the number of generations before updating Kriging models: wmax.

3 Output:
4 Set of non-dominated solutions which are evaluated from A2 set.
5 /* Initialization */

1. Initialize a new population of size NI with Latin hypercube sampling, set the number
of function evaluations FE = 0, initialize the counters: the generation counter for
using Kriging models w = 1, the number of updates tu = 0. Set archives A1 and A2 to
be empty, |A1| = |A2| = ∅

2. Evaluate the initial population with the original objective functions and add them to
A1 and A2, update FE = FE +NI , |A1| = |A1|+NI and |A2| = |A2|+NI

3. Using archive A1 to train a Kriging model for each objective function.
4. while FE < FEmax

/* Using Kriging models */
5. Calculate Qt by equation 17 then re-calculate wmax by equation 18
6. while w ≤ wmax

7. Run RVEA steps
– Generate offspring population
– Combine parent and offspring populations
– Select parents from the population combined for the next generation.
– Update reference vectors
– Update w = w + 1

8. end while

/* Updating Kriging models */
9. Select u individuals according to either the amount of uncertainty or the value of angle

penalized distance (APD) [4] and re-evaluate them with the original objective
functions and update FE = FE + u. Add these individuals to two archives A1, A2 and
update |A1| = |A1|+ u and |A2| = |A2|+ u

10. Remove |A1| −NI individuals from A1 with specified concept of managing training
data archive [4], update w = 1 and tu = tu + 1 and go to step 3.

11. end while

– The sample problems are different, the quality of the population in each
stage has different development. At each time, based on the population,
we choose the appropriate number of reference solutions. It makes the
algorithm highly adaptive in maintaining the balanced convergence quality
and diversity of the population.

– The difficulty of the problems is different. Making predictions on the prob-
lem, deciding on the reference solution from users is also an important
factor to guide the evolution flexibly in maintaining the balance between
exploration and mining. This helps create leaps that can overcome local
points and the combination of decision-makers and evolution.

Based on the analysis from the experimental results above, appropriately ad-
justing parameters during evolution to create an effective balance between
convergence quality and diversity of the population is necessary. Adjusting
the number of generations before updating the model according to the as-
sessed factors and assuming the direct influence in algorithms using surrogate
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function is the processing time of the evolution, the quality of the current
population, and the computational characteristics of the problem.

Designing a dynamic selection strategy for selecting reference solutions to
form the boundary for the classification considers the influence of the quality
of the solution population in the current generation. Similar to the adaptive
control technique for K-RVEA, to determine the quality of the solution. We
calculate Qt value by using equation 17. Based on the value of Qt, we calculate
the value of K ∈ R (the number of reference solutions that will be selected
to form the boundary) in the range [3, 9]. A normalized function is defined to
adjust valid K values. We use six as a generated point to control the K in the
above range.

K = Normalize(Qt ∗ 6) (19)

The modified version M-CSEA is described in Algorithm 2.

Algorithm 2: M-CSEA

1 Input:

2 Population size: N ; the number of reference solutions: K; the number of hidden
neurons: H; the maximum number of fitness evaluations (FEs): tmax; the
maximum number of surrogate predictions before being updated: gmax

3 Ouput:

4 Set of non-dominated solutions from population P .
5 /* Initialization */

1. Initialize P with 11d− 1 solutions using Latin hypercube sampling method.
2. Set t = 11d− 1 with number of decision variables d.
3. Initialize the neural network with H hidden neurons with m is the number of objectives
4. Copy individuals from P to the archive Arc.
5. while t ≤ tmax

6. Calculate Qt by equation 17 then re-calculate K by equation 19
7. Get K reference individuals from P to population PR

/* Updating, validating the surrogate model */
8. Classifying the combination of PR and Arc into two categories C (C1 and C2) by

Classify() procedure is presented in [13]
9. Rate each solutions in C2 and store in rr

10. Calculate tr = min{rr, 1− rr}
11. Partitioning the combination of Arc and C into Dtrain and Dtest with

DataPartition() procedure in [13]
12. Training neural network net by Train() procedure [13] with Dtrain and T

13. Validation net with Dtest into [p1, p2]
/* Using the surrogate model */

14. Using a surrogate-assisted selection strategy (with
SASelection(P, PR, p1, p2, gmax, tr) procedure in [13]) to Q population

15. Combine the archive Arc and Q to Arc

16. Using a radial projection based selection (with RadialSelection(P
⋃

Q,N) procedure
in [13]) to select N individuals to P .

17. Set t = t+ |Q|
18. end while
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3.4 Guidance experiments

In the experiments, we used the K-RVEA and the modified M-K-RVEA with
the above adaptive wmax, and the CSEA and the modified M-CSEA with the
dynamic K. We selected expensive problems in DTLZs [5] benchmark set. In
the benchmark set, we have multiple kinds of expensive problems.
In our experimental parameters are the distribution index of crossover nc = 20
and the distribution index of mutation nm = 20, the crossover probability
pc = 1.0 and the mutation probability pm = 1/d, where d is the number
of decision variables. For each case study, we run 30 independent times for
analyzing experimental results.
Performance metrics are used to compare algorithms to form an understanding
of which algorithm is better and in what aspects. However, it is difficult to
define a concise algorithmic performance. When comparing, several criteria
are employed [19]. Since each metric has both advantages and disadvantages,
we will look at all two popular criteria: the GD and the inverse generational
distance (IGD).

3.5 The effectiveness of the guidance

3.5.1 M-K-RVEA

To analyze the performance of M-K-RVEA, with a maximum of 20000 evalua-
tions in 30 independent runs, we reported the results of GD, IGD measurement
in rows ADC on Tables 2, 3. We also reported and compared the behaviors of
K-RVEA (with the default wmax is 30) and M-K-RVEA.
From the result, M-K-RVEA with adaptive parameter control gets more bal-
ance of convergence and diversity for the obtained population. In the early
stages, it gets better with 5 problems with GD (DTLZ1, DTLZ3, DTLZ4,
DTLZ5, DTLZ8) and 6 problems on IGD (DTLZ1, DTLZ3, DTLZ4, DTLZ5,
DTLZ8, DTLZ9). During the generations (the later stages), M-K-RVEA gets
better in 5 problems on GD (DTLZ1, DTLZ3, DTLZ4, DTLZ5, DTLZ8). Re-
sults are better in 7 problems on IGD (DTLZ1, DTLZ3, DTLZ4, DTLZ5,
DTLZ6, DTLZ8, DTLZ9). In the last stages, M-K-RVEA gets better in 6
problems on GD (DTLZ1, DTLZ3, DTLZ4, DTLZ5, DTLZ8, DTLZ9) and
6 problems in IGD (DTLZ1, DTLZ4, DTLZ5, DTLZ6, DTLZ8, DTLZ9). In
other problems, K-RVEA gets the same results with M-K-RVEA and better
than M-K-RVEA.

Looking at the final results obtained after 20000 evaluations, the results
are basically better. However, with problems DTLZ2 and DTLZ7, M-KRVEA
did not give improved results. With the feature that Pareto Front is located
on the first quadrant of the unit sphere, the objective functions are the coor-
dinate axes (then the ideal point is the origin), the results of two algorithms
with DTLZ2 are quite similar (small error) on both GD and IGD measures.
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The correlation properties between the objective functions, and the geometric
properties of Pareto Front with the coordinate axes are quite large, so the
process of convergence (or achieving non-dominated solutions is increasing,
uniformly), which can make the adaptive adjustment, not have much impact
on the solution set search process.
With problem DTLZ7, with Pareto Front’s features as disjoint regions, the
convergence properties of the population obtained between two algorithms are
similar (same GD value), however, evaluate both convergence factors and di-
versity (as measured by IGD), the maintenance of diversity of M-K-RVEA
in this case is worse. In M-K-RVEA adjustment of the convergence rate, the
multiplicative nature of M-K-RVEA does not take into account the exclusion
of discontinuous regions that may be the cause of the proposed reduction in
efficiency.

Fig. 10 The behavior of M-K-RVEA and K-RVEA on DTLZ1 (GD)

From the results of K-RVEA with the adaptive parameter control that af-
fects implementing the optimal objective optimization algorithm using general
surrogate functions, algorithms based on the Kriging model in particular. The
use of the response parameter is to assess the quality of the population at
the time of determining whether to update the Kriging model or not? The
results using adaptive parameter control demonstrate the impact of the time,
the current convergence quality of the population, and the characteristics of
the problem on maintaining the equilibrium of convergence quality and diver-
sity of the population, through ensuring a balance between exploration and
exploitation process of evolution. The effectiveness of parameter selection in
the current stages also depends on the quality and effectiveness of the previ-
ous stage, proving that a timely adjustment to maintain a balance between
exploration and exploitation is needed. However, K-RVEA has better quality,
although not large. It also gives us issues that need to be adequately addressed
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Fig. 11 The behavior of M-K-RVEA and K-RVEA on DTLZ1 (IGD)

Fig. 12 The behavior of M-K-RVEA and K-RVEA on DTLZ8 (GD)

such as stability, sustainability, random factors course, etc. These factors in-
fluence the choice of parameters appropriately or propel evolution to better
efficiency. It reduces noise to improve the robustness of the algorithm.

3.5.2 M-CSEA

The results of the M-CSEA are shown in in Table 4 and Table 5. We also
reported and compared the behaviors of CSEA (with the default K is 6) and
M-CSEA, some of screenshots are shown in Figures: 14 to 17.
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Fig. 13 The behavior of M-K-RVEA and K-RVEA on DTLZ8 (IGD)
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Table 4 GD values of CSEA and M-CSEA on DTLZs benchmark set

MOEAs 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

DTLZ1

CSEA 38.304222 0.249517037 0.093476884 0.067478989 0.049841399 0.039018872 0.037277541 0.036718244 0.038506013 0.023741603

M-CSEA 34.55195154 7.293731419 1.659906579 0.593031306 0.253315597 0.093995118 0.049742977 0.045665123 0.007362405 0.004428484

DTLZ2

CSEA 0.111937965 0.003129364 0.001690321 0.001120471 0.00073779 0.000533606 0.000432797 0.000362262 0.000307509 0.000255133

M-CSEA 0.10952606 0.003268781 0.001166987 0.000817451 0.000578712 0.000431733 0.00034105 0.000305797 0.00026639 0.000231731

DTLZ3

CSEA 183.1624496 55.90315143 19.85598041 14.28060864 11.19028972 8.806444816 6.527776933 5.115575763 3.579570234 2.017174022

M-CSEA 189.4951725 47.64296364 25.87443973 9.138374728 6.40377985 3.355073622 3.030661077 1.628800101 0.748851809 0.575976429

DTLZ4

CSEA 0.16005859 0.009324148 0.00158179 0.000911676 0.00062676 0.00050403 0.00043422 0.000366466 0.000306355 0.000280448

M-CSEA 0.14623881 0.00786399 0.002191418 0.001288786 0.000863088 0.000676222 0.00057595 0.000471852 0.000425611 0.00039424

DTLZ5

CSEA 0.143045187 0.009094896 0.002914526 0.001666095 0.000700365 0.00038713 0.000316341 0.000294842 0.000244925 0.000211265

M-CSEA 0.129459625 0.005469629 0.002643803 0.001694055 0.000970129 0.000418626 0.000343096 0.000282539 0.000252634 0.000134312

DTLZ6

CSEA 0.937372419 0.490257754 3.61595E-06 1.61995E-06 1.18903E-06 9.76567E-07 8.60556E-07 7.69527E-07 7.12257E-07 6.60703E-07

M-CSEA 0.982408347 0.392787218 0.103280342 0.001726882 0.000270277 0.000137908 1.72537E-05 1.31121E-05 7.19235E-06 5.97902E-06

DTLZ7

CSEA 2.115699646 0.037620821 0.002642258 0.001528894 0.000967458 0.000684218 0.000527802 0.000431631 0.000384352 0.000343302

M-CSEA 2.631468079 0.051293186 0.008160607 0.00309386 0.001154022 0.000798814 0.000458733 0.000350707 0.000289746 0.000250762

DTLZ8

CSEA 0.058641647 0.017278221 0.017278221 0.017278221 0.017278221 0.017278221 0.017278221 0.017278221 0.017278221 0.017278221

M-CSEA 0.052658985 0.015295372 0.015295372 0.015295372 0.015295372 0.015295372 0.015295372 0.015295372 0.015295372 0.015295372
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Table 5 IGD values of CSEA and M-CSEA on DTLZs benchmark set

MOEAs 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

DTLZ1

CSEA 55.70363999 0.984059887 0.535546843 0.422683497 0.319925917 0.307731215 0.304742746 0.303695285 0.257744343 0.079166362

M-CSEA 67.37843306 0.963184028 0.503859492 0.390551114 0.29077677 0.249641266 0.238247688 0.230690889 0.083235634 0.055616082

DTLZ2

CSEA 0.477951349 0.110380642 0.074753971 0.065342481 0.057251695 0.052646793 0.050160575 0.047509835 0.045705387 0.043639601

M-CSEA 0.445656061 0.105494378 0.077526559 0.069578473 0.064227686 0.059277889 0.056366055 0.055084377 0.054108945 0.051323836

DTLZ3

CSEA 500.9795407 137.0799636 97.40436478 74.77410613 51.0949479 32.67368451 24.24581574 15.80437507 10.63840422 9.87021718

M-CSEA 445.3088212 81.03428807 48.27255007 34.01990624 19.12160089 9.809608997 8.919420738 3.96288272 3.06367452 2.820373235

DTLZ4

CSEA 0.920569575 0.177499921 0.083470208 0.065663179 0.061877807 0.058606665 0.053952637 0.051886509 0.048899923 0.047121413

M-CSEA 0.867610961 0.167420331 0.074209237 0.05987287 0.052081465 0.048150374 0.044544918 0.041799879 0.039348027 0.037201222

DTLZ5

CSEA 0.479076784 0.049762862 0.019695687 0.012999939 0.008494638 0.006550633 0.005835436 0.005027044 0.004493137 0.004167442

M-CSEA 0.424670314 0.03700648 0.01817932 0.013216065 0.009003176 0.007227901 0.006568781 0.006156097 0.005924713 0.004950872

DTLZ6

CSEA 8.52857946 1.487209415 0.158712128 0.018593501 0.009388897 0.007934719 0.006343882 0.005608391 0.005024294 0.004639098

M-CSEA 8.547355148 1.926878075 0.117556984 0.015819266 0.00962453 0.006568246 0.004810618 0.003727698 0.003479865 0.003282058

DTLZ7

CSEA 7.993415905 0.391054762 0.108179002 0.076912183 0.059149384 0.047771425 0.041651639 0.037564026 0.033012235 0.031701786

M-CSEA 8.948192414 1.211191478 0.068162702 0.050790774 0.042785891 0.038499199 0.035339474 0.032621292 0.031239453 0.030098333

DTLZ8

CSEA 0.24116755 0.136231997 0.136231997 0.136231997 0.136231997 0.136231997 0.136231997 0.136231997 0.136231997 0.136231997

M-CSEA 0.245041877 0.111925885 0.111925885 0.111925885 0.111925885 0.111925885 0.111925885 0.111925885 0.111925885 0.111925885



A surrogate assisted multi-objective approach to social work planning 27

Fig. 14 The behavior of M-CSEA and CSEA on DTLZ3(GD)

Fig. 15 The behavior of M-CSEA and CSEA on DTLZ3 (IGD)

Analyzing and comparing the results, with 10000 evaluations in 30 inde-
pendent runs, we found that M-CSEA with dynamic selection strategy gets
more balance of convergence and diversity for the obtained population. In
the early stages (at 4000 evaluations), it gets better in 5 problems with GD
(DTLZ2, DTLZ3, DTLZ4, DTLZ5, DTLZ8) and 6 problems on IGD (DTLZ1,
DTLZ2, DTLZ3, DTLZ4, DTLZ5, DTLZ8). During the generations (at 7000
evaluations), M-CSEA gets better in 4 problems on GD (DTLZ2, DTLZ3,
DTLZ5, DTLZ8). It is also better in 6 problems on IGD (DTLZ1, DTLZ3,
DTLZ4, DTLZ6, DTLZ7, DTLZ8). In the last stages (at 10000 evaluations),
M-CSEA gets better in 6 problems on GD (DTLZ1, DTLZ2, DTLZ3, DTLZ5,
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Fig. 16 The behavior of M-CSEA and CSEA on DTLZ8 (GD)

Fig. 17 The behavior of M-CSEA and CSEA on DTLZ8 (IGD)

DTLZ7, DTLZ8) and 6 problesm on IGD (DTLZ1, DTLZ3, DTLZ4, DTLZ6,
DTLZ7, DTLZ8). In other problems, CSEA gets a bit better than M-CSEA.
When considering the final results obtained after 10000 evaluations, M-CSEA
achieves an improvement in the quality of the population achieved in terms
of both convergence and diversity on most of the problems. However, for the
DTLZ4 problem, the M-CSEA did not achieve an improvement for the CSEA.
DTLZ4 is a problem with the characteristics of Pareto solutions non-uniformly
distributed on Pareto Front, then there will be points with different density of
solutions. The principle of the proposed adaptive guidance of convergence and
diversity towards solutions that converge, but spread uniformly over Pareto
Front, does not take into account the problem of density of each region on
the objective space, especially on the surface of Pareto Front. Therefore, this
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can be a difficulty in adaptive adjustment to improve the convergence and
diversity quality of M-CSEA.

In addition to a significant improvement in the convergence quality and
diversity of the obtained solutions as well as maintaining a balance between
exploitation and exploration of the evolutionary process, the proposed method
helps reduce the computation time of surrogate-assisted multi-objective algo-
rithms, especially suitable for solving expensive problems.

Through the method and the new the selection strategy on the adaptive
number of reference solutions, which implements the optimal optimization al-
gorithm using general surrogate functions, selection of reference solutions for
sampling in machine learning such as the FNNs. The use of the response pa-
rameter is to assess the quality of the population and how many reference
solutions should form the boundary of the classification. The results using
dynamic selection strategy by the K parameter demonstrate the impact of
the time process, the current convergence quality of the population, and the
characteristics of the problem on maintaining the equilibrium of convergence
and diversity quality of the population, through ensuring a balance between
exploration and exploitation process of evolution. The effectiveness of adaptive
selection depends on the quality and effectiveness of the previous stage, prov-
ing that a timely adjustment maintains a balance between exploration and
exploitation is needed. However, from the results of some problems, CSEA
has better quality, although not large, it also poses challenges such as sta-
bility, sustainability, random factors course, etc. Those factors influence the
choice of parameters appropriately or guide evolution to better efficiency. The
robustness of the algorithm will be improved by reducing the noises with the
dynamic selection strategy.
In future studies, we will continue to investigate the factors affecting the im-
provement of the quality of convergence and diversity, the ability to explore
and exploit of the algorithm such as: discontinuous characteristics of Pareto
Front, solution density on Pareto Front,... to further improve the proposal with
better results.

4 Experiments and Discussion

In this section, we use the two enhanced algorithms proposed above to confirm
the proposed model of the planning problem for the medical workforce to
perform social tasks and the guidance technique.

4.1 Experimental Setup

The well-known MOEA Toolbox PlatEMO [16] with MatLab 2020b was used
for the experiment. To compare the effectiveness we use the HV performance
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matrix. The experimental PC with configuration: HP ProLiant DL380; CPU:
2xIntel Xeon Silver 4110 Processor with 11M cache, 2.10GHz; RAM: 4x31GB
PC4-21300; HDD: 4x1TB 7200 rpm SATA 6Gb/s.
The parameter settings:

– Number of variables: n = 12 or n = 30.
– Number of objectives: m = 3.
– Population size: Np = 100.
– Number of Independence run: 10.
– Maximum origin fitness evaluations: FEmax = 1000

Experimental Datasets
Dataset 1 (12-task dataset): Working plan for 12 social tasks with parame-
ters: n = 12;R1 = 80;R2 = 20;α = 0.1, the task’s attributes in table 7

Table 6 Dataset 1.

ai di r1i r2i ei Pi

1 16 24 3 3 0
2 4 56 12 5 0
3 12 30 5 8 0
4 10 15 10 6 0
5 8 25 2 4 1, 2
6 13 36 6 7 2, 3
7 15 22 10 5 4
8 6 22 10 5 4
9 14 16 4 10 5, 6
10 9 32 9 3 6, 7
11 7 18 11 8 7, 8
12 11 28 7 6 8

Dataset 2 (30-task dataset): Working plan for 30 social tasks with pa-
rameters: n = 30;R1 = 120;R2 = 25;α = 0.1, the task’s attributes in table 7

4.2 Results and discussion

4.2.1 Archived solutions

The results of testing the working planning problem for each algorithms on
each dataset are shown in the Figure 18 to Fig. 21:

4.2.2 Results on HV

The results of the HV (Hypervolume) [18] performance metric value are re-
ported to compare and evaluate the algorithms with each other and presented
in Table 8. The HV measures bold values perform better.
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Table 7 Dataset 2.

ai di r1i r2i ei Pi

1 16 24 3 3 0
2 4 56 12 5 0
3 12 30 5 8 0
4 10 15 6 6 0
5 8 25 7 4 0
6 13 36 6 7 0
7 15 12 3 9 1
8 6 22 5 5 1
9 14 16 3 10 2, 3
10 9 32 10 3 4, 5
11 7 18 5 8 5
12 11 28 8 6 6
13 8 22 4 5 7
14 15 19 6 9 8, 9
15 9 28 9 7 10
16 7 25 5 7 10
17 5 18 4 5 11, 12
18 11 33 7 8 11
19 13 24 8 3 13, 14
20 6 30 6 4 14
21 10 14 9 10 15, 16
22 9 28 7 6 16
23 6 23 5 5 17
24 7 20 2 6 18
25 12 17 4 7 19
26 5 27 6 9 20
27 4 30 8 8 20, 21
28 12 24 7 10 22, 23
29 15 16 3 4 23
30 8 18 2 6 24

Fig. 18 The solution set on 12-task dataset (K-RVEA and M-K-RVEA).

4.2.3 Discussion

From the results of the 4 algorithms for the problem of planning work for
social tasks, the solution set obtained using the improved algorithms (right)
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Fig. 19 The solution set on 30-task dataset (K-RVEA and M-K-RVEA).

Fig. 20 The solution set on 12-task dataset (CSEA and M-CSEA).

outperforms the original algorithms (left) see that. The solution set obtained
by the improved algorithms has a uniform distribution on the Pareto layer,
which means that with the guidance technique, the algorithm has better diver-
sity results. Additionally, through the evaluation results using the HV value.
Along with the test results on the sample problem and the results obtained
through experimenting with the real problem, the problem of work planning
for social tasks (identified as one of the most expensive problems in the world, a
noisy problem), experiments proves the factors affecting multi-objective evolu-
tionary algorithms using surrogate functions. The automatic assessment (au-
tomatic guidance) is exceptionally efficient in achieving the main purposes,
which includes improving the quality of convergence and diversity, maintain-
ing a balance between the local exploration and global exploitation of evolu-
tion, suitable and effective to apply in solving difficult, expensive, and noisy
problems in practice.
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Fig. 21 The solution set on 30-task dataset (CSEA and M-CSEA).

Table 8 6 HV values of K-RVEA and M-K-RVEA, CSEA and M-CSEA on the two datasets.

Run K-RVEA M-K-RVEA CSEA M-CSEA
12-task dataset

1 0.273 0.278 0.276 0.275
2 0.275 0.296 0.294 0.304

3 0.273 0.273 0.277 0.293

4 0.275 0.275 0.277 0.276
5 0.274 0.293 0.275 0.291

6 0.276 0.276 0.296 0.299

7 0.285 0.275 0.275 0.304

8 0.273 0.274 0.276 0.287

9 0.275 0.273 0.276 0.293

10 0.274 0.293 0.305 0.293
Average 0.275 0.281 0.283 0.292

30-task dataset
1 0.312 0.316 0.314 0.323

2 0.313 0.329 0.322 0.349

3 0.310 0.304 0.316 0.341

4 0.303 0.303 0.313 0.323

5 0.314 0.318 0.318 0.313
6 0.313 0.318 0.313 0.315

7 0.320 0.336 0.317 0.330

8 0.313 0.313 0.308 0.320

9 0.308 0.312 0.313 0.309
10 0.311 0.322 0.323 0.313
Average 0.312 0.317 0.316 0.323

5 Conclusion

The problem of planning work for social tasks is difficult because of the effec-
tive requirements to solve the big problems of society. One important factor
that determines the success of planning for social tasks is the effectiveness,
redundancy, readiness to improvise and adjust the plan based on the reserve
force. The organization of the reserve force depends on the effective use of hu-
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man resources in the organization and implementation of the plan from time
to time.
From the required characteristics of planning problems for social tasks, the
paper solves the planning optimization problem on a multi-objective approach
with 3 main objectives: 1) minimize total time, 2) maximize of total effec-
tiveness, and 3) minimize the average use of human resources with constraint
functions.
The paper also proposes multi-objective optimization algorithms using sur-
rogate models. We investigated the requirements for using surrogate mod-
els such as sample selection, frequency of using surrogate functions, machine
learning process, the training process. Also, we considered the noisy evolution-
ary environment, factors affecting the ability of exploration and exploitation
of algorithms using typical representative models. The paper also proposed
a guidance technique for the algorithms by building an adaptive frequency
adjustment mechanism using the original function on K-RVEA and adjust-
ing sampling for the training process of the surrogate model in CSEA with
consideration of factors in the evolutionary process. Therefore, the proposed
algorithms improve the quality of solutions and the balance between local ex-
ploration and global exploitation of the evolutionary process. From the results
of testing the model for the problem of planning social tasks using the en-
hanced multi-objective evolutionary algorithms, comparing and analyzing the
set of solutions achieved, we confirmed the feasibility of the proposed problem
model and the effectiveness of the guidance technique for algorithms using sur-
rogate models for expensive problems, especially difficult and noisy problems
in the real world.
The problem of planning work for work teams to perform social tasks is diffi-
cult with many impacts and constraints. The study focuses on sustainability,
prevention, and adaptation to changes in the implementation process of mod-
eling multi-objective problems. However, to respond to real-world problems,
for example, the problem of planning for working teams to prevent and treat
the current COVID-19 pandemic, it is necessary to investigate more require-
ments and constraints as well as inheriting research results in the paper. Also,
this subject is positioned for further research in the future.
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