4

Journal of Software Engineering and Applications, 2022, 15, 262-273

”“ Scientific https://www.scirp.org/journal/jsea
0 " Research :
94% Publishing ISSN Online: 1945-3124

@,

ISSN Print: 1945-3116

Generic Tabu Search

Chadi Kallabl, Samir Haddad!* ©, Imad El-Zakhem?, Jinane Sayahz, Mohamad Chakroun3,
Nisrine Turkey*, Jinan Charafeddines, Hani Hamdan¢, Wafaa Shakir”

'Department of Computer Science and Mathematics, Faculty of Arts and Sciences, University of Balamand, Koura, Lebanon
“Department of Telecom and Networks, Issam Fares Faculty of Technology, University of Balamand, Koura, Lebanon

*Faculty of Computer Science and Electrical Engineering, Universitit Rostock, Rostock, Germany

*Faculty of Engineering, Notre Dame University, Jounieh, Lebanon

*Université Paris-Saclay, Pole scientifique et technologique de Vélizy, Laboratoire d’Ingénierie des Systéemes de Versailles (LISV
EA4048), Vélizy, France

®Université Paris-Saclay, CentraleSupélec, CNRS, Laboratoire des Signaux et Systémes (L2S UMR CNRS 8506), Gif-sur-Yvette,
France

"Department of Computer Systems, Faculty of Engineering, Al-Furat Al-Awsat Technical University, Babil, Iraq

Email: Chadi.Kallab@fty.balamand.edu.lb, *Samir.Haddad@balamand.edu.lb, IZhakhem@balamand.edu.lb,
Jinane.Sayah@balamand.edu.lb, Mohamad.Chakroun@gmail.com, NTurkey@ndu.edu.lb, Jinan.Charafeddine@lisv.uvsq.fr,
Hani.Hamdan@centralesupelec.fr, inb. Wfa@atu.edu.iq

How to cite this paper: Kallab, C., Had-
dad, S., El-Zakhem, I., Sayah, J., Chakroun,
M., Turkey, N., Charafeddine, ]., Hamdan,
H. and Shakir, W. (2022) Generic Tabu
Search. Journal of Software Engineering and
Applications, 15, 262-273.
https://doi.org/10.4236/jsea.2022.157016

Received: June 15, 2021
Accepted: July 25, 2022
Published: July 28, 2022

Copyright © 2022 by author(s) and
Scientific Research Publishing Inc.

This work is licensed under the Creative
Commons Attribution International
License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

[Omom

Abstract

The Multiple Sequence Alignment problem is considered to be an NP-Hard
problem, requiring initially a specific encoding schema and design, as for any
other of its siblings, to implement and run any of the main categories of heu-
ristic. This paper intends to discuss our proposed generic implementation of
the Tabu Search algorithm, a heuristic procedure proposed by Fred Glover to
solve discrete combinatorial optimization problems. In this research, we try
to coordinate and synchronize different designs/implementations discussed
in many literatures, with some of the references mentioned in this paper. The
basic idea is to avoid that the search for best solutions stops when a local op-
timum is found, by maintaining a list of non-acceptable or forbidden (taboo)
solutions/costs, called Tabu list or Short-Term Memory (STM). In our algo-
rithm, we attempt to add some executions tracing functionalities in order to
help later analysis for initial parameters tuning. On the other hand, we propose
to include the concept of a list called Long-Term Memory (LTM), so that some
of the best solutions found so far can be saved, for search diversification.

Keywords
Generic, Heuristics, Bio-Informatics, NP-Hard, Tabu Search, STM, LTM

1. Introduction

One of the many problems that are considered to be NP-Hard is the Multiple
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Sequence Alignment one that initially requires, as for any other of its siblings, a
specific encoding schema and design of the main functionalities of the heuristics
algorithm being implemented and executed. This design was supported by ref-
erences [1] [2] [3] [4].

The main issue with that problem, as discussed in our ICeND2013 conference
[1], was to come up with an encoding that would be suitable for the different
Heuristics algorithms inspired by papers [5] [6] [7] [8]. Once the encoding is
agreed on, the remaining part of designing and building the algorithm that will
get a solution as close to the optimum as possible would be nonetheless as im-
portant. We have decided in our research to focus on the Tabu Search heuristic.
However, we discovered that to be able to adjust some of the flaws of the stan-
dard algorithm, we improved it by adding functionalities like tracing the execu-
tions, so that later analysis could help tune the initial parameters better.

In this paper, we’ll be discussing the implementation of an advanced version
of the Tabu Search algorithm, adding to the standard version some modifica-
tions such as the tracing functionalities, mainly through the use of different kinds
of memories, short-term (STM) and long-term (LTM) instead of one, for solu-
tions checked as Tabu or as good fit, along with some useful parameters.

The problem in the standard algorithm would be that, despite “unfit” solu-
tions would be moved/marked as Tabu, so they won’t be handled in further ite-
ration, there is no guarantee that the algorithm would get out of a local optimum

which could eventually be far from the effective best solution.

2. Initial Algorithm
Standard Algorithm

Tabu Search (TS) is a heuristic procedure proposed by Fred Glover to solve discrete
combinatorial optimization problems. The basic idea is to avoid that the search for
best solutions stops when a local optimum is found, by maintaining a list of
non-acceptable or forbidden (taboo) solutions/costs, called Tabu list or Short-Term
Memory (STM). We have found many papers discussing different implementations
of TS, amongst them references [9] [10] [11] [12] [13]. Other papers in literature
suggest some hybrid or generic implementation of the initial heuristic procedure, as
in reference [14]-[19], while keeping focus on the problem being tackled.

Advanced TS algorithms suggest that some of the best solutions found so far
be saved for search diversification in a list called Long-Term Memory (LTM).

The use of these memory lists bring to light the fact that the updating process
of the current and best solution does ignore those that were marked in the lists,
which grow and shrink per iteration. Occasionally, moving the current solution
to a “forbidden” one is allowed given a certain “aspiration” criteria, usually in-
volving an improvement in cost from the current one.

As opposed to other algorithms, the current solution of the inner loop next itera-
tion is selected from a set of N neighbor solutions, deduced from the actual current
one by perturbing it N times. This solution will be overwritten if, at the beginning

of the next iteration, a better solution was previously acknowledged in memory.
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Figure 1. Standard Tabu search general flow diagram.

As shown in Figure 1, the standard algorithm starts from an initial solution and
set of parameters then repeatedly, until a certain stopping condition is satisfied,
creates a candidate list of solutions called neighbors, evaluates and chooses the best
admissible one among them, updates the STM and acquisition components with

the selection, then replace the current solution with the one newly selected.

3. Proposed Algorithm

The main idea behind Tabu Search algorithm was to simulate placing solution as
Tabu, when their evaluation will be more costly to the algorithm in further itera-
tions, thus avoiding using them as potential neighbor. However, most literature
about the standard algorithm don’t mention any approach to avoid getting stuck
in a local optimum area, since that best solution is not going to be moved to Ta-
bu. Because of this gap in literature, we decided in our algorithm to give the op-
portunity to remember a previously best fit solution as a potential optimum in-
stead of the best one, into a long-term memory. Adding more memories into the
algorithm came supported by the procedure that the human brain follows to
shift selected information from its STM (also known as daily memory) into its
LTM (mostly storing/recalling experiences from the past).

The steps of our proposed algorithm are almost very similar to those of the
basic standard algorithm, with the difference that some of them, highlighted in
blue, offer the possibility to later on trace back each execution and allow bet-
ter analysis, thus resulting in eventual update of initial parameters. The words/
fragments highlighted in green are more of structure and/or behavior enhance-
ments that try to bridge the gap between the initial annealing process and our

simulated annealing algorithm.

3.1. Main Procedure

Inputs. Initial Solution &%,  Number of Iterations numliterations,
Number of Neighbors numNeighbors,
Precondition: numlterations > 0 numNeightbors > 0
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Outputs: Optimal Solution Bests,
Algorithm:
Assign to “CurS” the value of the initial solution “S0”
Compute estimate of “CurS” into “CurEstimate”
Assign “CurS” and estimate to {“BestS”, “BestEstimate”}
Create a dynamic list “L7M/” of solutions and estimates
Initialize index “i” to 1
While Truedo
If stopLoop( ) or i>numlterations then
Exit While
Update LTM with current and/or best solutions
Reset the STM memory
{{Current Solution and Estimate are selected}}
4 from LTM first if possible}}
Select best fit between LTM and STM into “CurS’
Compute estimate of “CurS” into ( CurEstimate )
Save in history “CurrS”  {{history # memory}}
Add to STM values of “CurS” and “CurEstimate”
Generate a list of “Neighbors” from “CurS ”

« »

For “/" from 1 to “numNeighbors’ do

Assign to “Sol” neighbor solution at “/”
Compute estimate of “So/” into “So/Estimate’
{{If neighbor is NOT tabu OR tabu}}
{{ but aspires to be better than CurS}}
{{Otherwise, consider the neighbor as Tabu}}
If NOT {isTabu(Sol)} Or aspiration(Sol,CurS)  Then
Assign “Sol” and “SolEstimate” to current
{{Update best solution so far}}
{{ ifneighbor aspires to be the best}}
If aspiration(Sol,CurS) Then
Assign “Sol” and “SolEstimate” to best
Else-If NOT {isTabu(Sol)} And NOT {aspiration(Sol,CurS)}
Then
Add to STM value of “ SolEstimate ”
Save in history {“BestS”, “BestEtimate”, “CurS”, “CurEstimate”
“Neighbors”, “LTM”, “STM”}
Increment the index “i” by 1
The proposed algorithm, discussed in the main steps mentioned above and in
Figure 2, differs from the standard one mainly by the introduction two update
steps before and after checking the stopping/iterating condition: first applies on
the two running (current and best) solutions, while the other one modifying the
different memory components is applied initially and after the condition check.

Note that after updating those components, the algorithm will be able to switch
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Figure 2. Advanced Tabu search general flow diagram.

Terminate
Return Best Solution

the current solution with a best fit previously evaluated and selected as a poten-

tial optimal solution.

3.2. Object-Oriented Design

In order to implement the algorithm steps in Figure 2, we designed our ob-
ject-oriented components in a simple way as shown below in Figure 3 with sug-
gested classes representing some problems in Figure 4, since the flexibility we
are offering is much more in the steps themselves. In order to simplify the sug-
gested algorithm, we considered the memory components as lists of solutions,
and the selection and/or memorization of solutions as procedures to be handled
directly by the algorithm’s main steps.

The main component “TSProblem”, on the upper-right, is intended to hold
properties managing the different parameters, components and methods the al-
gorithm will need while executing its steps, whether generic and/or purpose-
specific, as for ex: the ability to create a new solution or get a new neighbor.

The class “I'SSolution”, just at its left, is intended to hold properties managing
the different values encapsulated in each solution handled during execution,
mainly those related to the evaluation process.

Last but not least, the “TabuSearch” base algorithm with its two base/super
classes, show the main components being handled and functionalities being ex-
ecuted per iteration. The reason behind splitting them into three classes was to
set the ground for potential use of some methodologies with other algorithms
that might find some common grounds, and benefit from Object-Oriented de-
velopment as much as possible.

In order to prove that our implementation is generic enough, we designed some
basic problems, where we can have results to compare with those of the algorithm,
in a simple way. For simplicity and efficiency, we chose to work with simple
math formula “Formula” fed with values of radix {2, 8, 10 or 16}. We also have im-

plemented each radix-related problem as both minimization and maximization.
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Figure 3. Suggested TS components class diagram.
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In this implementation, only the estimates are moved to the STM list, instead
of the whole solution’s properties. Therefore, evaluating if a solution is tabu be-
comes as simple as evaluating its penalty. The aspiration method implemented
relies on finding the minimal or maximal solution estimate.

If the Tabu Search algorithm deals with minimization, the estimate of a solu-
tion should be the result of the evaluation function, mentioned in a previous
chapter, and multiplied by -1 otherwise. For both approaches, the result of the
neighbor function for a given solution is, in other words, a set of results of the
perturbation of this solution.

The fact that TS may deal, with either minimization or maximization, yields
the obligation to implement, consequently, a method used during the aspiration,
and that returns the best solution between 2 solutions fed as parameters.

In order to illustrate the generic implementations applied on these problems,
we have developed a quick straight forward windows application, in which we
dynamically modified the parameters a default algorithm based on the suggested
generic implementation, instead of writing many versions inheriting for our

main implementation.
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Figure 4. Some supporting problem implementations.
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Figure 5 shows the first step in running the algorithm, which is the problem
selection. In our windows application, we populated this drop-down dynamical-
ly from a folder containing problems included in our package.

Next step, shown in Figure 6 and Figure 7, is about parametrization of the
algorithm run, whether concerning properties of the problem (environment) it-
self or the execution’s methods. Even though default values were given to those
parameters, we advise to modify them to be able to view effective results, and/or
test different cooling schedules.

The third and final step, as shown in Figure 8, is to simply run the algorithm.
In the above screenshot, we are showing the generated result of an execution on
problem Pb001, along with the actual value corresponding to the last current

solution compared to the cost evaluated during the last iteration of the algorithm.

o Stepsalgarithrns (58, SimE, StacE, TS, .0 — O X

Algorithm Types |TabuSealch i

Problerns | KE{=0i)

Saluions | -Pb032
.Ph041
Cument Cost / Evaluation |-Pb042
FPTH

Best Solution |-FETHI
.PPTH2

Best Cost / Evaluation

Show Steps
Show Graph
Figure 5. Win App, TS execution—problem selection.
02! StepsAlgatithms (58, SimE, StocE, TS, ..) - ] *
Algorithm Types |TahuSearch w |
Prablems [.PhODT ~]
Froblem ~ [~] ] Setvalue
“Heuisticy Mumber o
Run Clear
Solutiong ~
Current Cost / Evaluation
Best Solution
Best Cost / Evaluation
Show Steps
Show Graph

Figure 6. Win App, TS exec.—problem parameterization.
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Algorithm ~ | | ‘v [ Set Valug
Data Filzname | \Heuristic: Iritial Solution Use Enhanced “eighted Fitch Algo.
Nurnber of lterations
Murber of Meighbars Clear
Decode Salutions w
Current Cost / Evaluation
Best Solution
Best Cost / Evaluation
Show Steps
Decode Optimal Solution into Parsimony Tree Show Graph

Figure 7. Win App, TS exec.—algorithm parameterization.

o Stepsilgorithms (S8, SimE, Stock, T5, .. — [m] x
Algorithm Types |Tabu55&rch v|
Problems | PbD1 ~]
|Algonlhm v‘ ‘Numbel of Meighbors v| |? | Set Yaluz
Data Filename | SHeuristics1-00006. kst Uze Enhanced Weighted Fitch Alga
] Fiun i Clear
Decode Solutions |{El, 1.1 “

Current Cost / Evaluation 4
Best Solution {0, 0,1}

Best Cost / Evaluation 0

Show Steps

Decode Optimal Salution inte Parsimany Tree Show Giaph

Figure 8. Win App, TS execution—sample run.

! Show Steps - - *
Step Index: (0->9) :
StepCurrent Solution |{8, 0,377 |
StepCurrent Evaluation |3450301 76 |
StepBest Solution |{8, 0,377 |
StepBest Evaluation |54503U1 76 |
StepTime |El |
Steplteration

Figure 9. TS Tracing functionality—initial iteration.
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The next section of the screen shows the optimal solution it was able to detect
with a cost of 0, which is mathematically the actual best cost. For more complex
problems, running the algorithm for more time will most probably change the
best cost value converging towards a more suitable optimum.

Tracing back the execution of the execution mentioned we can see in Figure 9
that the algorithm reached 80377 as the best solution at the end of the initial
step.

4. Conclusion

This research can be developed by trying to design and implement solutions to
the below issues raised during our research:

» Fixed Input Parameters:

o “Tabu Search” explores the search space for a given number of iterations, and

a number of neighbors per iteration.

Y

Applying benchmarks for more accurate analysis and validation of the alter-
natives

Use benchmarks for different problem encodings have to be applied.
Randomness doesn’t handle potentially repetitions:

In Neighbor method

Initial solution may be far from the optimal one, thus the algorithm will take

VvV © Vv O

more time.

» Moving a solution to and from Tabu lists is not dynamically efficient, as it
doesn’t really account or take into consideration the potential effect of the
values of some fields or variables induced by previous moves.

» Inspired by references [10] [11] [14] and [16] amongst others, more efforts
can be put into making more use of the LTM and possible introduction of
other types of memory.

» Another future work idea would be work on the memory components by
making them more self-manageable through encapsulating the updating and
selection procedure, then enriching the system with other types of memory
components that would allow potential intensification and diversification
during the algorithm run. This idea is further supported by references [20] to
[28].

» A second future work could be to allow the main procedure of generating
neighbors and selecting from memories “smart” enough to gain time and search

further more.
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