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Abstract: Completing too early or too late can cause damage to the project. For example, in transporting goods to the
seaports, if the shipping arrives too early, it will take time and cost to stay at the dock. In the other case, shipping too late
will reduce the quality of the product and break the contract. The goal of this paper is to minimize the tardiness and earliness
of those projects. First, some related studies are briefly introduced, thereby showing the role and practical applications of
the MS-RCPSP (Multi-Skill Resource Constrained Project Scheduling Problem) problem and the two factors of earliness
and delay in scheduling problems. The roles of earliness and tardiness in scheduling problems are also described. At the
same time, the new contribution of this research is also highlighted, which is the proposal for the latest problem E-RCPSP
(Earliness tardiness MS-RCPSP). This problem is the first problem in the MS-RCPSP family that considers the sum of
earliness and tardiness as the objective, which has never been considered in previous studies. Then, the mathematical
model of the proposed E-RCPSP problem, which includes the objective function, project components and constraints is
introduced. To solve the proposed problem, two approximate algorithms based on the evolutionary algorithms GA (Genetic
Algorithm) and DE (Differential Evolution) are introduced. In the last section of the article, the performance of these two
algorithms is verified and compared with each other through experiments conducted on the iMOPSE benchmark dataset.

Keywords: Network resources management, earliness-tardiness cost, resource-constrained project scheduling, evolutionary
algorithms, differential evolution algorithms.

Tiéu dé: Thuét toan tién héa cho bai toan 1ap lich du an Earliness-Tardiness

Tém tit: Hoan thanh qud s6m hodc qua mudn ¢6 thé gay thiét hai cho dy 4n. Vi du, trong viéc van chuyén hang héa dén cang
bién, néu hang héa dén qua s6m, sé mat thoi glan va chi phi d€ luu lai tai bén tau. O trudng hdp khéc, viéc van chuyén
qua muon sé 1am gidm chét lugng san phim va pha v& hop ddng. Muc tiéu clia bai bdo nay 1a gidm thiéu tinh trang
cac du 4n dugc hoan thanh qua tré hay qua sém. Dau tién, bai bdo gidi thiéu tém tit moét s& nghién citu lién quan, qua
d6 chi ra vai trd va tng dung thuc t& ctia bai toan MS-RCPSP (Multi-Skill Resource Constrained Project Scheduling
Problem) va hai yéu t6 Do sém va Do tré trong bai todn 13p lich. Pdng thdi, tic gia néu bat déng gép mdi ciia nghién
clfu nay, d6 1a dé xuit mot bai todn méi tén 12 E-RCPSP (Earliness tardiness MS-RCPSP). Bai todn méi nay 1a bai
toan dau tién trong ho MS-RCPSP dit tdng D6 sém va Do tré thanh ham muc tiéu, diéu chua ting xuét hién trong
cdc nghién ctiu trudc day vé MS-RCPSP. Sau d6, bai bdo gi6i thiéu md hinh toan hoc cda bai toan E-RCPSP bao gdbm
ham muc tiéu, cdc thanh phin ciia du 4n va cic rang budc, dic biét 1a rang budc vé thoi gian. DE gii quyét bai toan
E-RCPSP, bai bdo xdy dung hai thudt todn gén diing dya trén thuat todn tién héa GA (Genetic Algorithm) va thuat
toan tién héa DE (Differential Evolution). Phin cubi ciia bai bdo trinh _bay nhing thyc nghiém trén tap dit liéu chuén
iMOPSE nhiam kiém chiing va so sanh hiéu ning ctia hai thuat toan d& xuét.

Ti khoa:  Network resources management, earliness-tardiness cost, resource-constrained project scheduling, evolutionary algo-
rithms, differential evolution algorithms.

I. INTRODUCTION because of constraints on task priority and resource limi-
tations. For that reason, MS-RCPSP (Multi-Skill Resource

The project schedule is the deciding factor in project Constrained Project Scheduling Problem) [1], one of the
efficiency, but finding the optimal schedule is very difficult  typical project scheduling problems, has long been proven
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to be an NP-Hard problem. This is a scheduling problem
with many practical applications, so it has been of interest
to many researchers [2], [3], [4], [5].

The MS-RCPSP scheduling problem assumes that the
project is conducted by a given set of resources, each with
a different skill level. A given project consists of tasks that
are related to each other in order of priority, meaning that
only after the parent task is completed can the child task
begin to be processed. For a resource to perform a task,
it must have the skill required by the task at a skill level
greater than or equal to the level required by the task.

This problem was soon proven to be NP-Hard [1],
meaning that its optimal solution cannot be found in poly-
nomial time. Therefore, the practical approach often used
by researchers is to find an approximate solution with an
acceptable deviation.

Myszkowski and colleagues proposed the Ant colony
algorithm [3] and GA algorithm [5] to solve the MS-
RCPSP problem. In addition, a very important contribution
of Myszkowski’s research group is the construction of the
iMOPSE dataset [2] which is considered a standard dataset
and widely used by many other studies.

However, MS-RCPSP has limitations that prevent this
problem from fully representing real projects. The limita-
tion is that this problem aims to minimize makespan and
cost without taking into account two other important factors
that determine project efficiency: tardiness and earliness.

In the family of scheduling problems, tardiness and
earliness are common parameters that have been widely
defined and used [6], [7], [8].

Tardiness is the time elapsed between the deadline and
the finishing time of a task, which represents the delay in
task execution. The earliness of a task is defined as:

E; = max(0, f; — h;) (1)

We denote the prescribed due date for the task by #;, in
other words, f; is the deadline for completion of the task.

With the above notation, tardiness is defined as:

T; = max(0, h; - f;) @

Let’s look at a specific example of the harmful effects
of completing a project early in the frozen food industry.
If the product is made too early, the manufacturer must
bear additional costs for renting a warehouse for storage.
In addition, when products reach users, their shelf life is
reduced.

In the past, there have been studies on tardiness and
earliness applied to scheduling problems, but these two
factors have never been applied to a multi-skill scheduling
problem like MS-RCPSP. The new contribution of this
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paper compared to previous studies is to consider delay
and earliness as the objective function for the MS-RCPSP
problem, instead of makespan or cost like previous studies
(31, [4L.[5].

This paper proposes a novel problem called E-RCPSP
(Earliness tardiness MS-RCPSP), which is the problem of
finding a project schedule that minimizes total tardiness and
earliness. Figure 1 depicts a project schedule consisting of 5
tasks, whereby the total delay and advance of this schedule
is6+8+5+15+6=40.

Task 5 580

Task 4 625 [15]

Task 3 620 5] [] Earliness

Task 2 570 8] D Tardiness

Task 1 560 D Deadline
500 550 600 650 hour g

Figure 1. Tardiness and earliness of a project consisting of 5 tasks.

The rest of the paper is structured as follows. Section
2 introduces previous research related to the MS-RCPSP
problem as well as the concepts of delay and earliness.
Section 3 presents the mathematical model of the E-RCPSP
problem. Section 4 introduces two solutions to solve the
proposed problem including the GA-E algorithm and DE-E
differential evolution algorithm. To verify the effectiveness
of the two proposed algorithms, section 5 presents experi-
mental results, and analyzes and evaluates them to clarify
the performance of those algorithms.

II. RELATED WORKS
1. Approximate Algorithm for MS-RCPSP Problem

Myszkowski solved the original version of the MS-
RCPSP problem using a variety of methods. Initially, he
used a heuristic method of sorting tasks based on the
order of their processing time, and then assigning resources
in that order. Later, Myszkowski turned to meta-heuristic
algorithms such as the Ant Colony algorithm [3] and the
GA algorithm [5] and obtained higher-quality solutions.
In addition to proposing algorithms, another important
contribution of Myszkowski et al. is the iMOPSE dataset
[2]. This dataset is recognized as a standard benchmark and
is therefore widely used by many other studies to verify the
performance of algorithms for the MS-RCPSP problem.

A variant of MS-RCPSP was named MMSRCPSP
(Multi-mode Multi-skilled Resource-Constrained Project



Cdc cong trinh nghién cifu, phat trién va ing dung CNTT va Truyén théng

Scheduling Problem) by Hosseinian [9]. This variant of the
MS-RCPSP problem adds the constraint that each task can
only be executed in certain modes, and the mode cannot be
changed once the task’s execution has been started.

To find an efficient schedule for the MMSRCPSP prob-
lem, Hosseinian et al. [10] used a traditional GA algorithm
combined with a decision-making method based on the
Shannon-entropy information measure to search for better
schedules for the next generation. Then, with the original
MS-RCPSP problem, Hosseinian turned to using the Dan-
delion Algorithm [11] and verified its effectiveness on the
iMOPSE dataset. In this research, Hosseinian solved the
multi-objective MS-RCPSP problem with two objectives:
makespan and execution cost.

Similar to Hosseinian, H. Davari-Ardakani [1] also stud-
ied a multi-objective variant of the MS-RCPSP problem
with an objective function including two components:
project implementation time and cost. In the proposed
problem, called MSPSP, H. Davari-Ardakani only considers
projects with the following two characteristics:

e Project implementation time is arbitrary. The project
can even be done in the evening or on weekends.
o Energy costs are enormous, equal to employee salaries.

To solve the MS-RCPSP problem in a Grid environment,
Youni and colleagues proposed a hybrid heuristic algorithm
based on a task arrangement mechanism [12]. The works of
Maghsoudlou [13] and Bibiks [14] are similar in that they
apply the Cuckoo Search algorithm to search for the optimal
schedule of multi-risk projects based on three different
evaluation objectives. Zhu et al. proposed an evolutionary
algorithm based on the multi-verse algorithm [15].

2. Solutions to Minimize Earliness and Tardiness

Mario Vanhoucke and colleagues [16] proposed the RCP-
SPWET problem, an extension of the RCPSP problem.
The goal of the RCPSPWET problem is to minimize the
total Earliness-Tardiness penalty cost. Mario Vanhoucke
uses prioritization constraints between tasks and constraints
on continuously available renewable resources. The authors
solved the RCPSPWET problem using the search tree
algorithm and branching algorithm.

Yazdan Khoshjahan [6] proposed a new problem, named
RCPSP-DET, whose goal is to minimize the net present
value of project Earliness-Tardiness penalties. The author
solves this problem through a meta-heuristic algorithm.

Maarten Otten [17] minimized the Earliness-Tardiness
cost across multiple machines for surgical scheduling. The
author has proposed a solution to minimize two factors:
temporary time and overtime of doctors and medical staff.
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Saheed Akande [18] proposed three versions of the
RCPSP problem related to earliness and tardiness. The first
version of the problem deals with the total costs incurred
due to tardiness work. The second version of the problem
maximizes earliness and minimizes tardiness during project
execution. The third version of the problem minimizes the
linear objective function of earliness and tardiness. The
results obtained from the three versions of the problem
represent a measure of the degree of penalty arising from
each type of problem. In another paper, Saheed Akande
solved the multi-objective scheduling problem, including
minimum total completion time, maximum tardiness, and
earliness [19].

The general limitation of the above studies is that they
only aim to reduce the total early-late penalty cost of the
RCPSP problem; There is no solution for minimizing the
early-late penalty on the MS-RCPSP problem.

III. PROBLEM FORMULATIONS

Given a set of tasks (denoted by Job) to be executed that
are related to each other in order of priority, meaning that
the child task is only allowed to start after the parent task
has been completed. Given a set of resources (denoted by
Res), each resource possesses different skills. To execute
task Job;, resource Res; must have the skills that match
Job;’s requirements and one skill level greater than or equal
to the skill level required by Job;.

The goal of the E-RCPSP problem is to find a project
schedule that minimizes total earliness and tardiness. Earli-
ness and tardiness are defined by formulas (1) and (2), re-
spectively. E-RCPSP can be conceptually formulated based
on the following notations:

e Tas;: set of tasks that need to be completed before the
time task i is executed.

Fis: the set of skills.

Fis': the subset of skills owned by resource i, Fis' C
Fis.

Fis;: skill i.

tim: the time required to perform task j.

Res: the set of resources.

Res™: the set of resources that could handle task m,
Res™ C Res.

Res;: resource i.

Job: the set of all resources.

Job*: the set of tasks that resource k could handle,
Job* C Job.

Job;: task i.

req': set of skills required to perform the task i.
Stay,Cloy: start time and finish time of task k.



Var!, ,: a boolean variable; it equals 1 means that task
u will be executed by resource v at time ¢, it equals O
in other cases.

lev;: the level of skill i.

gen;: type of skill i.

mak: makespan (execution time) of schedule.

TSc: a candidate schedule.

TScqy: the set of candidate schedules.

f(TSc): makespan (execution time) of scheduled 7 Sc.
cou: number of tasks, num: number of resources.

E-RCPSP problem could be defined as follows:

f(TSc) — min

where

n
F(TSe) = ) (e +1Ty) 3)
i=1
e; and t; are the penalty units for the earliness and
tardiness times of task i, respectively. E; , T; are the
earliness and the tardiness of task i, respectively.

Subject to:
Fis* #0 VResi € Res )
tim; >0 YJob; € Job (@)
Clo; 20 VYJob; € Job 6)

Clo; < Cloy — timy YJoby € Job,k # 1,Job; € Tasy,

@)
VJob; € Jobk, dFis, € Fis* : genris, = genyi, ®
levp, > lev,i
VResy € Res,¥Yq € mak : Varl.qk <1 )
i=1 |
YJob; € Job,3!q € [0, mak],
(10)

3!Resy € Res : Var?k =1 with Var?k € {0,1}
Note that:

e Formulation (4) means that every resource has at least
one skill.

Formulation (5, 6) means that task execution time is
greater than or equal to 0.

Formulation (7) forces the parent task to be finished
before the start time of the children’s task.
Formulation (8) means that for every task, there is
always at least one resource that has enough skill level
to handle that task.

Formulation (9) ensures that each resource (k) can only
perform at most one task at any time (g).
Formulation (10) means that each task is assigned to
a single resource and executed only by that resource.
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IV. PROPOSED ALGORITHM
1. DE algorithm for E-RCPSP problem

Differential Evolution (DE) is the information-driven
evolutionary algorithm introduced by R. Storn and K.
Price [20]. DE is the directed evolutionary algorithm that
uses mutation methods to find better solutions in the next
generation. DE has been applied effectively to solve NP-
Hard problems.

This paper proposes a DE-E which is algorithm to solve
the E-RCPSP problem, its operating steps are presented in
Figure 2 and the source codes are detailed in Algorithm 1
below.

Algorithm 1: DE-E algorithm

Data: N (size of population), numGen (number of generations)

Result: the best schedule
1 Load and valid dataset; count = 0; P = initialize(N);
2 gbest = fbest(P), /*the best individual in the population*®/
3 while count < numGen do
for i < N do
Xpy #F Xpy F Xp3 FXi3
F «— rand(0,1);
vi(t) = xrl +F = (xrz _Xr3);
I qanag = randi(1,tCount);
CR € [O, 1], /*probability of crossover®/
10 for j < tCount do
11 if i = I, 4nq OR rand(0,1) <= CR then
12 |
13 end
14 else
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34 end
35 return gbest;

/*Random different individuals*/
/*mutation constant™/
/*mutation™/

/*Irana ensures X; # v */

N-I-CREEN I 7

Ui j = vij;

| i =i
end
end
ul = simplebound(u);
/kselect population™/
if fxi < z then
| Pli] =ul;
end
/*update makepan*/
if z<makespan then
makespan = z; ;
CopyMPS(u1);
end
if z <fitness[i] then
‘ fitness[i] = Z; /*update fitmess*/
end

z=f(ul); fxi=f(x;);

end
/*update gbest*/
gbest = fbest(P);

count = count +1;

Where, some functions are used in Algorithm 1:
f: objective function of E-RCPSP problem.

fbest: the function returns the best individual in the
population. tCount: number of tasks.

simplebound: validate current particle/individual.

CopyM PS: update population.
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[ itialize: p, gbest, count =0 |
N

[ Create v, is mutation of x;

| Crossbreeding x; withv; |

| Get gbest; count = count +1 |

Figure 2. DE-E algorithm for the E-RCPSP problem.

2. GA algorithm for E-RCPSP problem

Genetic algorithm (GA) is a computer science technique
that seeks to find the best solution to combination optimiza-
tion problems. GA is an evolutionary algorithm that applies
principles of evolution such as mutation, natural selection,
and crossover. This paper proposes a GA-E, which is a
GA algorithm for E-RCPSP problem, its operating steps
are presented in Figure 3. GA-E algorithm are details as
follows.

Algorithm 2: GA-E algorithm

Data: N (size of population), numGen (number of generations)
Result: the best schedule
1 Load and valid dataset;
2 count = 0; p = initialize(N);
3 while count < numGen do

gbest = fbest(p);

4 initialize(fitness);
5 /*Evaluate fitness*/
6 for i < N do
7 fitness[i] = f(plil]);
8 if finess[i]<makespan then
9 \ makespan = fitness[i]; CopyMPS(plil);
10 end
11 end
12 /#select population™/
13 for i < N do
14 ichonl = rand(1,N); ichon2 = rand(1,N);
15 if fitness[ichonl] > fitness[ichon2] then
16 | Pselect [i] = p[ichonl];
17 end
18 else
19 | Pselect [i] = p[ichon2];
20 end
21 end
22 /* Crossover */
23 Crossbreeding of randomly selected individuals;
24 /*mutation*®/
25 muta = 0.1*rand(0,1); /*mutation probability*/
26 Create mutation with mutation probability “muta”
and get Pselect;
27 p = Pselect; count = count+1;
28 end

29 return fbest(p);
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Some functions are used in algorithm 2:
f: objective function of E-RCPSP problem.

fbest: the function returns the best individual in the
population.

CopyM PS: update population.

| Initialize: p, gbest, count =0 |

fhest(p)

frue
| Calculating fitness |

| Selected 2 individuals from population |

| Crossover from selection individuals |

| Mutate from selection individuals v
v

|
| End

| p = P_select; count = count +1

Figure 3. Proposed GA-E algorithm for E-RCPSP problem

V. PERFORMANCE EVALUATION
1. Experimental settings

To verify the performance of the proposed algorithms,
experiments are conducted on C# Visual Studio 2022,
processor Core i5 2.4GHz, RAM 6GB, OS Windows 11.

Experiments were conducted iMOPSE dataset [2]. As
detailed in Table I, iMOPSE’s data is stored in the file
.def, which includes the following information fields:

- Number of the project’s tasks and resources.

- Priority relationship between tasks.

- The number of relationships between tasks.

- Number of skills owned by resources.

- The subset of skills owned by each resource.

2. Experimental Results

To find the optimal schedule for the E-RCPSP problem,
this article proposes two algorithms DE-E and GA-E.
Experiments were conducted to evaluate the performance
of the proposed algorithms. The experimental results of
the two algorithms are described in Table II and Table III,
respectively, in which column E represents the earliness
value, column T represents the tardiness value and column
ET represents the value of the objective function, all of
these values are in seconds.

Figure 4 shows the experimental results of the GA-E
algorithms with the number of generations being 1000,
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Table 1
IMOPSE DATASET
No. Dataset Name Tasks Resources Precedence Relations  Skills
1 iM1 100_5_22_15 100 5 22 15
2 iM2 100_5_46_15 100 5 46 15
3 iM3 100_5_48_9 100 5 48 9
4 iM4 100_5_64_15 100 5 64 15
5 iM5 100_5_64_9 100 5 64 9
Table 11

EXPERIMENTAL RESULTS OF THE GA-E ALGORITHM

1000 generations

3000 generations

Dataset 5000 generations
E(s) T(s) ET(s) E(s) T(s) ET(s) E(s) T(s) ET(s)
iM1 4148 3607 7755 5992 3210 9202 6501 2203 8704
iM2 3547 1936 5483 4850 1017 5867 3113 2359 5472
iM3 2543 2332 4875 2219 2731 4950 3711 1236 4947
iM4 2889 1836 4725 1197 2892 4089 2642 1304 3946
iM5 1052 1950 3002 1363 1479 2842 1102 1408 2510
Table IIT
EXPERIMENTAL RESULTS OF THE DE-E ALGORITHM
Dataset 1000 generations 3000 generations 5000 generations
E(s) T(s) ET(s) E(s) T(s) ET(s) E(s) T(s) ET(s)
iM1 459 513 972 530 114 644 908 797 1705
iM2 860 1058 1918 1965 378 2343 539 541 1080
iM3 1548 1030 2578 1358 1153 2511 1151 757 1908
iM4 1594 1497 3091 557 504 1061 575 1221 1796
iM5 2663 1808 4471 2665 1777 4442 2681 1732 4413

3000, and 5000. Figure 5 shows the experimental results
of DE-E with the corresponding number of generations.
Through this comparison, it can be seen that the GA-E
algorithm is more effective when performed on datasets
that have a high number of precedence relations and a small
number of skill levels. In other words, for the same number
of tasks and resources, on a dataset with a higher number
of precedence relations and a lower number of skill levels,
the GA-E algorithm finds better results than DE-E.

10000
9000
8000
7000

6000
5000
400
300!
200!
100!

0

iM1 iM2 iM3 iM4 iM5

WGA.1000 mGA3000 mGA.5000

Time (second)
S S O

(=]

Figure 4. The efficiency of the GA-E algorithm

Figure 5 depicts that the DE-E algorithm is more effec-
tive when the dataset has a small number of precedence
relations and a large number of skill levels. That is, with

the same number of tasks and resources, on a dataset with a
smaller number of precedence relations and a larger number
of skill levels, the results of the DE-E algorithm are better
than the GA-E.

4500
4000
3500

3000
2500
200
150
100
500
0
iM1 iM2 iM3 iM4 iM5

= DE1000 ®=DE3000 mDE.5000

[=]

Time (second)

©c ©

Figure 5. The efficiency of the DE algorithm

Experimental results with different numbers of genera-
tions (1000, 3000, 5000) show that the results of the DE-E
algorithm are better than GA-E when performed on the
iM1, iM2, iM3, and iM4 datasets. In contrast, the GA-
E algorithm outperforms DE-E on the remaining datasets.
A comparison of experimental results of GA-E and DE-E
algorithms with 1000 generations is depicted in Figure 6:
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» With the iM1 dataset, the ET value of DE-E is only
12.53% of the GA-E.

e With the iM2, iM3, iM4, iM5 dataset, the ET value of
DE-E is 34.98%, 52.88%, 65.42%, and 148.93% of GA-E,
respectively.

8000
7000
6000

2 5000
(=]
I3
& 4000
b
E 3000
=
2000
1000 .
0
iM1 im2 iM3 iMa iM5
HDE1000 * GA.1000

Figure 6. The effectiveness of GA-E and DE-E when experiment-
ing with 1000 generations

A comparison of experimental results of GA-E and DE-
E algorithms with 3000 and 5000 generations is depicted
in Figure 7 and Figure 8, respectively.

10000
A

9000

8000
— 7000
=
S 6000
i=3
& 5000
& 4000
= 3000

o l l

o gy o

0
iM1 iM2 iM3 M4 iM5

mDE.3000 = GA.3000

Figure 7. The effectiveness of GA-E and DE-E when experiment-
ing with 3000 generations

A comparison of experimental results of GA-E and DE-
E algorithms with 3000 generations is depicted in Figure
7

* With the iM1 dataset, the ET value of DE-E is only
7.00% of the GA-E.

e With the iM2, iM3, iM4, iM5 dataset, the ET value of
DE-E is 39.94%, 50.73%, 25.95%, and 156.30% of GA-E,
respectively.

A comparison of experimental results of GA-E and DE-
E algorithms with 5000 generations is depicted in Figure
8:

* With the iM1 dataset, the ET value of DE-E is only
19.59% of the GA-E.
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T 4000
E
= 3000
2000
- ) &
0

iM1 iM2 iM3 iM4 iM5

m DE.5000 GA.5000

Figure 8. The effectiveness of GA-E and DE-E when experiment-
ing with 5000 generations

e With the iM2, iM3, iM4, iM5 dataset, the ET value of
DE-E is 19.74%, 38.57%, 45.51%, and 175.82% of GA-E,
respectively.

VI. CONCLUSION AND FUTURE WORK

Earliness and tardiness are very important factors that
allow evaluation of the effectiveness of schedules. In the
family of scheduling problems, the MS-RCPSP problem
has many practical applications, so it attracts the attention
of many researchers. However, the application of earliness
and tardiness to the MS-RCPSP problem has never been
mentioned in previous studies.

This research has built the foundation for project schedul-
ing so that the execution of tasks matches or does not
deviate much from the scheduled deadline. We proposed
a new problem called E-RCPSP and officially stated its
mathematical model. Two evolutionary algorithms based on
GA and DE have been built to find the optimal schedule
for the proposed problem. Experimental results show that
among the two proposed algorithms, each has its own
advantages, meaning that no algorithm outperforms the
other on all datasets.

In the future, the authors hope to find a comprehensive
solution capable of finding the optimal schedule in all cases.
To achieve that goal, we plan to apply deep reinforcement
learning (DRL) to help the proposed algorithm learn from
the knowledge of previous generations to make correct
decisions for the next generations.
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