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Abstract— A novel agent-based approach to Meta-Heuristics In the first, there is only one apprentice involyedth the
self-configuration is proposed in this work. Meta-leuristics are  objective to learn about the environment to impravaet of
examples of algorithms where parameters need to tset up as agents. In concurrent learning, there are multyplerentices
efficient as possible in order to unsure its perfanance. This trying to improve parts from the team.

paper presents a learning module for self-parametézration of Since MH parameterization revealed to be a hark, tas

Meta-heuristics (MHs) in a Multi-Agent System (MAS) for - . . .
resolution of scheduling problems. The learning idased on which requires expertise knowledge about the doraaith

Case-based Reasoning (CBR) and two different integtion ~ What techniques and parameters should be useds it i

approaches are proposed. A computational study is ade for ~ important to make systems capable of autonomously

comparing the two CBR integration perspectives. Irthe end,  parameterize themselves. To validate this self-
some conclusions are reached and future work outled. parameterization, we use learning about past expesi

) . with Case-based Reasoning (CBR) revealing to be a

Keywords- ~Casebased Reasoning, Learning, Meta-  nromising approach. Using CBR, systems can remember
heuristics, Multi-Agent Sysiems, Scheduling previous solve cases and automatically decide wMeh
and parameters to use for the resolution of newila&im

l. INTRODUCTION problems.
Scheduling problem can be defined as "the defimitd The paper is organized as follows: section Il dessrthe
start and completion times and the allocation sbueces to  dynamic scheduling problem used in this work. CBR
each task of a given set, according to varioustcaings of ~ €xplained along section Il and some applications t

resources and/or tasks" [2], and several approabhge Scheduling problem resolution are presented. ItigedV,
been developed to its resolution. However, manshose the implemented prototype is described detailing MAS
approaches are impractical in real manufacturingdnd the different perspectives of CBR integratidine
environments, which are inherently dynamic whenmglex ~ computational study is presented in section V dimally,
constraints exist and a variety of unexpected gigmns in section VI some conclusions and some future wierk
occur. In most real-world environments, schedulinga presented.
progressive reactive process where the preseneabfime

information requires continuous reconsideration endew Il.  DYNAMIC SCHEDULING PROBLEM

of the pre-established plans. Research on scheduia not The scheduling problem treated in this work is néme
fully considered this dynamic issue, mostly focgsom the  Extended Job-Shop Scheduling Problem (EJSSP) [8] an
optimization of static scheduling plans [3]. has some major extensions and differences comparexa

In spite of all research made so far, the schegulinclassic Job-Shop Scheduling Problem (JSSP).
problem is still known to be NP-complete, even fatis JSSP have a set of tasks processing in a set dfineac

environments. This fact presents severe challeriges Wwith each task having an ordered list of operati@ash one
conventional algorithms and stimulate researchess tcharacterized by the respective processing timenzahine
explore new directions. Multi-Agent technology haeen  where is processed [10].

considered an important approach for developingistiéhl The main elements of EJSSP problem are:

distributed systems [4][5][6] motivating its usetins work. » a set of multi-operation jobs,J.,J, to be scheduled
Learning is a crucial component of autonomy and pro on a set of machinesM..,Mp,

activeness which must be a study target of agemdMAS * g represents the due date of jgb J

[7]. Panait and Luke [8] described two differenpegaches * t represents the initial processing time of jpb J

of learning in MAS: team learning and concurreirifgng. » rjrepresents the release time of jpb J



EJSSP problems consist
additional restrictions, with the objective to leettepresent
reality [9]. Some of those restrictions are:

« Different release and due dates for each task;

« Different priorities for each task;

« Possibility that not every machines are used fbr al

tasks;

« A task can have more than one operation bein

processed in the same machine;

< Two or more operations of the same task can b

processed simultaneously;

e Possibility of existence of alternatives machines,

identical or not, for operations’ processing.

Scheduling Problem is included in NP-hard combinato
optimization problems. The methods for their redotucan
be divided in exact and approximation algorithimis [® the
first, it is made an exhaustive solutions spacecbeand it is
ensured the optimal solution. In the other
approximation algorithms [11], including heuristiesd MH,
do not guarantee the optimal solution but haveotijective
to find a good solution in an acceptable periodirok. For
this reason, they are used in this work togethér MiAS.

[ll.  CASE-BASED REASONING
Case-Based Reasoning (CBR) is an Atrtificial Inggltice

in JSSP problems with 4)

hand

3) Revise the proposed solution;
Retain the revised solution to be useful for future

problem solving.
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methodology aiming to solve new problems by using

information about previous similar problems resoluf12].
CBR operates under the premise that similar problean
require similar solutions [13].

CBR roots are found in the work of Roger Schankuabo

Figure 1. The CBR cycle [18]

The initial description of a problem (new case)js&d to
retrieve a case from the casebase. In the Reusiagepthe

dynamic memory and how the memory of previoustetrieved case is analyzed in order suggest aisoldor

situations can affect problems' resolution and riegy

new case's resolution. In the Revising phase,stinigested

processes [14]There are also references about the study ofolution is tested, for example, by executing ittie system,

analogical reasoning [15].

CYRUS system, developed by Janet Kolodner [12hés
first known CBR system. It was based in Schankisaghyic
memory model [14] and it was a question-answeresyst
with knowledge about the different travels and rmggt of
USA ex-Secretary of State, Cyrus VancBPROTOS,
developed by Bruce Porter and his group [16], wasther
of the first systems to use CBR, dealing with dfasgion
problem.

A. CBR Cycle

In CBR, previous solved cases and their solutiors a
memorized as cases, stored in a repository (casghas
order to be reused in the future [13]. Instead effring a
set of rules or general lines, a CBR system solvemw
problem by reusing similar cases that were prelyous
solved [17].

The CBR cycle (known as the ‘4 RESs’ cycle) is disamt
in Figure 1 and consists in four main phases [H][1

1) Retrieve the most similar case or cases;

2) Reuse the retrieved information and knowledge;

and repaired if it fails. In the Retaining phadee useful
experience is retained for future use, and thebzsee is
updated with the new learned case (or by modif\gome
existing cases).

B. Applications to Scheduling problem resolution

Burke et al. [19] have referred that CBR is an ahlé
approach for scheduling systems endowed with eiggert
knowledge, and emphasize a research potential nardic
scheduling.

In general, CBR applications to scheduling resotutian
be classified in three categories [17]: algorithmesise,
operators reuse, and solutions reuse.

In CBR scheduling systems reusing algorithms it is
assumed that an effective approach for a spemifiblem’s
resolution will also be effective in the resolutioha similar
problem. In these systems, a case consists in
representation of the problem and in a known dffect
algorithm for its resolutionSome applications in algorithms
reuse can be found in [20], [21] and [22].

a



CBR scheduling systems in the second category biese
operators for the resolution of the new probleni.[EOcase
describes a context in which a useful scheduliraplem is
used for repairing/adapting a scheduling plan tprowe its
quality, in terms of constraints satisfaction [1ome
applications to scheduling problem resolution drg] [and
[19].

In CBR scheduling systems reusing solutions itgedu
the whole or part of previous problems' solutiors t
construct the solution of the new problem. A casetains
the description of a problem and its solution, airtpof
solution. This method was used for the resolutidn o
manufacturing scheduling problems [23][24][25] and
university courses timetabling [19][26]. It wasalssed for
constructing MH’ initial solutions, as Genetic Akifbms
[27][29] and Simulated Annealing [28].

V.

Meta-heuristics are very useful obtaining good tohs
in reasonable execution times, and sometimes thepn e
obtain optimal solutions. But, to be possible ttiace
optimal or near-optimal solutions, it is requirdte tmost
appropriate tuning of MH parameters, which hasated
to be a hard task, since it requires some expetiseledge
from the MH to use and from the problem to solv@][3

Given this, the proposed system must adopt andigeov
self-parameterization of MHs respectively to thelppem to
be solved through CBR, with the possibility thatgraeters
can change in run-time. According to the curretiiagion
being treated, the system must be able to defiriehwiiH
must be used and also define the respective pagesnétis
even possible to change from one MH to anothegraiatg
to current state and previous information, throlegrning
and experience.

IMPLEMENTED PROTOTYPE

In the proposed MAS, there are agents representingie best

jobs/tasks and agents representing resources/neschiie
system is able to find optimal or near optimal tohs
through the use of MHs, deal with dynamism (argviof
new jobs, cancelled jobs, changing jobs attributds,),
change/adapt the parameters of the algorithm aicaptd
the current situation, switch from one MH to aneothend
perform a coordination between agents through aaioa
or negotiation mechanisms.

Since it is impossible to predict each problenréat, the
system should be capable of learning about its réxpee
during lifetime, as humans do. To perform this héag
mechanism, it is proposed the use of CBR.

market models (if using negotiation), as definedHuyling
and Lesser [31]. It is composed by three kindsgends as
shown in Figure 2.

» Ul Agent

Job Agent 2 Job Agent 3 Job Agent n

Job Agent 1
Resource Resource Resource Resource
Agent 1 Agent 2 Agent 3 Agent n

Figure 2. Multi-Agent Scheduling System

In order to allow a consistent communication wikie t
user, a User Interface Agent (Ul Agent) was impleted.
This agent is responsible for the user interfadmitien and
also for the dynamic generation of the necessaby alal
Resource agents, according to the number of tafissgnd
machines comprising the scheduling problem. It Isoa
responsible for assigning each task to the respeciob
Agent and, in the end, applying the repair mecharasid
starting the coordination mechanisms.

Job agents process the necessary information dbeut
respective job. They are responsible for the geiveraof
the earliest and latest processing times on theotise job
and automatically separate each job’s operation tier
respective Resource Agent.

Resource agents are responsible for scheduling the
operations that require processing in the machipersised
by the agent. These agents implement MH in orddintb
possible single-machine schedules/plans of
operations and communicate those solutions to tenJl
for later feasibility check.

B. Global CBR perspective

In this system, CBR can be used in two different
approaches. The first one consists in retrieving thost
similar case to the new problem, regardless thetbidse.
With this, the case containing the MH and respectiv
parameters to use is retrieved. The second apprmaddists
in first choosing the MH and then retrieving the sho
similar case, with the parameters to use for thidt M

Both approaches represent a Solution Reuse, biirshe

The next three subsections describe the implementeshe s more appropriate to the Scheduling problem
MAS and also the two different perspectives of CBRyegqiution, since it is important that the systeavehthe

integration on the MAS.
A. Multi-Agent Scheduling System

capacity to decide which MH to use and defining the
respective parameters, because not all MH areteféefor

The developed MAS for Scheduling problem resolutiontn€ resolution of every type of problem.

is a hybrid autonomous architecture
hierarchical and team models (if using cooperation)

represented b

In a global perspective of CBR integration on thstem
igure 3), there is an external module (agentpaesible

F



for executing the CBR. This module communicate wit
Agent in order to suggest a MH to use and confighee
respective parameters. This communication occutsr af
loading the problem to solve and before communigati
with Job and Resource agents.

In this perspective, it is possible to assume it
system performs a team learning approach, sinceCBre

module performs self-parameterization for the whole

system.
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Figure 3. CBR global integration
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Figure 4. CBR Resource agents' integration

The CBR cycle has the same structure of global
perspective, working in the same way, like previpus
described.

V.

The objective of this computational study is to lgpa
the CBR integration and reach some conclusions tabou
which perspective is better, comparing with presiou

COMPUTATIONAL STUDY

Like previously described in Figure 1, every newogptained results (without the integration of CBR)da

problem, or perturbations occurred, leads to a nase in
the system, with the previous most similar casesgbe
retrieved from the casebase. After that, the betsse is
reused, becoming a suggested solution. After thatisn
revision, the case is executed in the MAS. Thigsien is
made to be possible to escape from local optimlaitisos
and stagnation, since it is used some disturbancthe
parameters of the proposed solution. After the kmnen of
the MAS execution, the case is confirmed as a gohation,
being retained on the database as a new learned foais
future use.

C. Resource agents' CBR perpective

Another possible approach of CBR integration isain
resource agents' perspective, where a concurrantig is

comparing the two perspectives together.

For the computational study, it were used all insés
from OR-Library Job-Shop Scheduling problems [33] (
total of 82 instances), proposed by Adams, Balad an
Zawack [10], Fisher and Thompson [34], Lawrence,
Applegate and Cook [36], Storer, Wu and Vaccari,[8nRd
Yamada and Nakano [38]. These instances cover grabl
with 10, 20, 30, and 50 jobs, processed by 5, &0ahd 20
machines. All instances were executed five timesfofte
and after CBR integration)

The machine used for the computational study isPa H
Z400 Workstation, with the following main charad¢sécs:
Intel® Xeon® CPU W3565 @ 3.20 GHz, 6GB RAM,
Samsung HD103SJ disk with 1TB, and Windows 7 64-bit

made, since each resource agent has his own CBRIenod A. Global application

for performing the self-parameterization of MHs. iSTh
perspective is shown in Figure 4.

In this perspective, the problem is quite differesihce
each resource/machine has to solve his own Singlehie
Scheduling Problem, instead of EJSSP.

The comparison between previous obtained results
(before the introduction of CBR in the system) ahobal
perspective's obtained results is shown in Figure 5

Analyzing this figure, average obtained results ever
improved by 22% and best obtained results were orgat

However, in this concurrent approach, each resourcgy 269%. We consider it a very good evolution of tegults,
agent, through CBR module, uses his own and ind&ren since the previous obtained results were consaéetvery

technique with self-tuned parameters. This is apoitant
different opposing with global perspective, sincacte

good.



Average value

Best value

Figure 5. Percentage of obtained results improvement on §loba
perspective

B. Resource agents' application

The comparison of obtained results before
introduction of CBR in the system with resource rdge
perspective is shown in Figure 6.

50% -| -

205

Average value T

Bestvalue

Figure 6. Percentage of obtained results improvement on res@gents’
perspective

Analyzing this figure, we conclude that the improment
of results was very poor, since average resultse wert
improved at all and best results were improved @yiyY%.

It is a sign that this perspective is not adequfatethe
system.

C. Global perspectiv vs Resource agents' perspective

Comparing the two perspectives, it will be possitie
know which one has more merit to integrate theesyst

Figure 7 compares the average obtained resultsekatw
perspectives. The average obtained results fronbaglo
perspective were all better when comparing wittouese
agents' perspective.

the

B Global perspective

B Resource agents’
perspective

= Equal

Figure 7. Comparison of average obtained results betweep@eiges

2%

B Global perspective

B Resource agents'
perspective

m Equal

Figure 8. Comparison of best obtained results between petrepsc

Comparing the best obtained results (Figure 8)isit
possible to conclude that best results from global
perspective were 87% better and only 11% were betien
executing resource agents' perspective. The olotasslts
were the same in 2% of instances.

With this obtained results it is possible to coudethat
global perspective, where the learning processagedt in
one apprentice, is better for integrating the systend, for
this system, a team learning approach revealedrbetsults
than a concurrent learning approach.

VI.  CONCLUSIONS ANDFUTURE WORK

The paper addressed the use of CBR to self-parszeste
MHs for the resolution of Scheduling problems, gntged
on a MAS. With CBR, the system is able to choosd an
parameterize MH autonomously, for the resolutiorstatic
or dynamic Scheduling problems.

Two perspectives of CBR integration were propo3éa.
first one was based on a team learning approadh, @BR
being integrated in a global perspective, choosind self-
parameterizing the same MH for every resource agefihe
second perspective was based on a concurrent rgarni
approach, where every resource agent has his owR CB
module, choosing and parameterizing MHSs for thelut®n
of his own local SMSP problem.



possible to conclude that global perspective rexkaletter
results when comparing with resource agents' petispe
With this, we conclude that, in our system, a tdaamning
approach is better than a concurrent learning.

techniques, to compare with CBR.
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