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ABSTRACT: The current market trends, characterized by a greahpetitiveness with more and more complex and
contradictory constraints, make the researchertheffield conceive an adaptive control system mdy able to react
effectively, but also have more and more abilityadapt to the fast evolution of demand and at fizest. This is by
using resources available as well as possible ttiindpe this adaptation (efficiency). This paperegents our step to
work out a heterarchical system which is more itghainsofar as we respect much kind of performanetsctiveness
and efficiency. With this intention, we use a madfent system of which the decisions taken byytsters are the result
of agents group work. These agents ensure in thee ¢eme a continuously improvement of effectiveandsefficiency
performances thanks to the reinforcement learnedhmnique and particularly SARSA-Multi objectiveaaithm which
was introduced to them. This technique of learmirakes it possible to agents to learn the best hetain their vari-
ous roles (answer the requests, self-organizafiem...) without attenuating the on-line system. fpoter implemen-
tation and experimentation of this model are preddn this paper to demonstrate the contributiowwf approach.

KEYWORDS: effectiveness and efficiency performances, dynastgbeduling, reinforcement learning,

manufacturing system modeling, multi-agents system

1. INTRODUCTION

The current market trends, characterized by a g@at

petitiveness with more and more complex and coitrad

tory constraints, make the researchers of the field-
ceive an adaptive control system not only ableetact
effectively, but also have more and more abliliyatlapt
to the fast evolution of demand and at fixed c@his is
by using available resources as well as possibiiynip
ing this adaptation. In Bousbia and TrentesauxQ220
an analysis of the whole of these points was chroigt
and in particular highlighted the interest to adaptap-
proach of self-organized and heterarchical congy-

tem. The heterarchy term describes a relation ketwe

the same hierarchical level entities (Duffie andtu,
1996), initially, proposed in the medical biologield

(McCulloch 1945) then experimented in several domai
(Maione and Naso, 2003; Prabhu, 2003; Haruno and

Kawato, 2006). This term is relatively close to tmn-
cept of "distribution" in the multi-agent field &fibuted
systems). However, from our point of view, the cepic
of distribution of the decision capacities does ma&an
which multi-agent system is organized in a hetédrart
way (even if it is often the case). However ithe tas-

sumption that we wish to make in this paper. Fram o

point of view, this assumption is justified by ttignam-
ics and the volatility of information which madesthp-
proach purely hierarchical and partially unsuitadthie

objective previously announced (Bousbia and Trente-

saux, 2002).

The objective is thus to obtain not only an effestop-
eration (reactivity) but also efficient in the diton
where the real potentialities of production resesrare
taken into account. This is in order to improve toun
ously the already effective solutions. AccordingSene-
chal (2004) definitions of performances, the effext
ness is the adequacy of results and objectivebearry
often evaluated thanks to quality indicators. Arfti-e
ciency is the adequacy of the means and ressdtslel
with the system output. This performance is pritgari
judged during system run phase. It generates dootro
management decision. Few works were interested
efficiency (Butalaand and Sluga, 2002; Denkemaal.
2006) and even less the combination of both ofquerf
ances effectiveness/efficiency particularly in teecand
flexible manufacturing systemsowever, the relation-
ship of influence may exist between some effectgsn
and efficiency indicators.
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In this paper we will focus on effectiveness afffit e 1.2 Reinforcement learning to improve perform-
ciency performances in an adaptive system based on ances
reactive scheduling approach.

These last decades, the researchers in scheduéng w
We will start first of all introducing the problems inspired by the artificial intelligence after theethods
Following the state of the art analysis, we wilbgent used were exclusively based on operation resedgoh a
the adopted modelling approach and the learningrithms with exponential complexity. Taking into acot
technique which we used. We will then propose our several types of performances (effectiveness afid ef
system model. Lastly, we will present our models, ciency) which means optimization of several craexiill
implementation and an experimentation, from whioch a increase even more the problem complexity. Thdi-arti
analysis will be carried out. Then, a conclusion cial intelligence has allowed to solve these proisidoy
summarizes our contribution and presents a certaingiving satisfactory solutions even if not always sino

number of prospects.
2. BACKGROUND

In this part we propose an analysis of the stathefart

in the field of scheduling problems in order to ooty
propose an effective solution (having a minimakleof
performances) but also efficient (able to improbés t
constant level with means) and highlight some oint
that can converge. The importance of machine legrni
integration in the scheduling of production will bigh-
lighted

1.1 Dynamic scheduling

In manufacturing control, scheduling constitutde t
most important function. And, in this paper, weds®n
dynamic scheduling.

Csaji and Monostori (2006) classify dynamic schiadyl
into three categories:

If the solution aims at generating the resourcecation
off-line in advance, then it is callepredictive Thus,
predictive solutions assume a deterministic envirent.
When it is an unforeseeable environment there amges
data (e.g., the actual durations) that will only deil-
able during the plan execution. According to thagesof
this information, two basic types of solution teitjues
will be identified. A solution which will considegnvi-
ronment uncertainties is callgaroactive A proactive
solution allocates the operations to resourcesdafides
the orders of the operations without precise stgrti
times, because the durations are uncertain. Thid &f
technique can be applied when only the durationthef
operations are stochastic, but, the states ofdabeurces
are known perfectly (e.g. stochastic job-shop salieg)
(Bidot et al. 2007).

Finally, On-line scheduling is callettactive The re-
source allocation process actually evolves so niore
formation becomes available in order to make deuisi
in real-time (Trentesawet al. 2001; Pujo and Brun-
Picard, 2002; Csaji and Monostori, 2006; Aissenal.
2008). Naturally, a reactive solution is not a dienpb-
jective function, but instead a resource allocatioticy
(a mapping from states to actions) which contrbks t
process. In this paper we focus on reactive saiatio
only.

optimal.

Maione and Naso, (2003) used genetic algorithms to
adapt the decision strategies of autonomous cdentsol
The control agents use pre-assigned decision nnibs
for a limited amount of time, and obey a rule repka
ment policy propagating the most successful ruethe
subsequent populations of concurrently operatirentsy
It can not be a solution for reactive scheduling, ®e
need to integrate a reactive technique which allosvio
control system in real time. Reinforcement learnimay
be a suitable technique for giving quasi-real-tisodu-
tions and improve them over time.

Reinforcement learning is learning to act by tréeld
error. In this paradigm, an agent can perceivestitte
and perform actions. After each action, a numenieal
ward is given. The goal of the agent is to maxintlz
total reward it receives over time.

Katalinic and Kordic (2004) used reinforcement teag

in the optimization of the resources use in a \&yen-
sive production of electric motors. These Systems a
characterized by their varieties of products (pomal
upon request) that require a great flexibility awthpta-
bility. Consequently, the units of assembly must be
autonomous and modular, from where the difficulfy o
performance control and development. Katalinic and
Kordic (2004) considered these units as a colonin-of
sects able to organize themselves to carry owtka Tahis
can reduce the number of used resources, to saive m
easily the problems involved in production risks.

The most used reinforcement learning algorithm is Q
learning, Wei and Zhao (2005), extended it by using
reward function based on scheduling criteria EMIRe
Estimated Mean LaTeness) which is an effectiveqat
without taking care about efficiency. Aydin and &z
(2000) proposed an intelligent agent-based schagluli
system. They employed Q-Ill to dynamically seleist-d
patching rules. Their state determination critedasist

of the mean slack time of the queue and the bsitay

of the machine. They take advantage of domain knowl
edge and experience in the learning process. Tdreref
the principal learning mechanism of RL (Reinforceine
Learning) is omitted.
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Almost of those works resolve resource allocatiatiss
fying criteria which are related to effectivenessl @amit
efficiency. In this paper, Our approach deals wibth of ;;. N
effectiveness and efficiency performances by depietp Al
a system which gives an optimal scheduling solution s exper
using in best all resources and minimizing thecraiion
of job requests.

In the next section, we will present our systenhiec-
ture.

Sensors
Manufacturing System

2 THE PROPOSED CONTROL SYSTEM : _

ORGANISATION Figure 2. SPART architecture
A multi-agent system is a distributed system wiball-
ized decision-making and, usually, localized stera@n
agent is basically an autonomous entity with itsnow
value system and a means to communicate with other
such objects. For a general survey on the appmicaif
multi-agent systems in manufacturing, see (Aissail.
2008). Our step aims at working out a system widch
more powerful insofar as we respect effectiveness a
efficiency performance: The decisions taken by shs-
tem are the result of an agents group work in arbet
chical organisation in first. Our approach consists
equipping the agents of our control system
"SPART/MCSRR" (System dePilotage parApprentis-
sage pamRenforcement ermemps reel/Manufacturing
Control System usingReinforcement learning ifiReal
time) proposed in (Aissargt al. 2008) with a reactive
multi objectives learning module as shown in figlire

The general idea underlying this approach is tcsictan
both resources and physical parts as active etitind,
according to Alaadin modelization (Ferber and
'Gutknecht 1998), those agents haRale They must
have initially knowledge on their capacities: tteme of
the resource, names of their realizable operatams
their properties, the list of these proper to8lperties
and the vicinity which represents the resourceskvhre
directly connected to this resouregroup (according to
the cell fitting). And moreover, we equipped theiithva
Learning module Where a system state is cod&t) by
the Perception module, agent chose an actifh,) to
execute by théction module and according to what this
action will generate, the agent perceives a nurakric
reward which can be positive or negat{({®) To reward
or punish the executed actionis a given instant (see
Figure 3).

SPART agents learning Multi objectives and reactive learning
module techniques

€)  SystemAgeni N

Local Clock  prope ties (the resaurce Mame, characteristics .. )
Role {(machine, conveyar ...} Group

Learning
module

[Selected

EFFICIENT AND EFFECTIVE —_— Reward R, Action A

REACTIVE SCHEDULING Stat S, Decision

Perception Action
Figure 1. Integration of multi objectives and réaet \ [P Iij/

learning techniques in SPART agent for an efficem el Adion o
effective reactive scheduling

2.1 The SPART modelling ENVIRONNEMENT

211 The SPART architecture Figure 3. SPART/MCSRR generic architecture

SPART architecture is based on resources agents (ma Observer agent has a total sight on the systertitte

variables which it observes is the indicators diciefnt
g;nnes...), parts agents and an observer agent {geeeF and effective performances. This agent observedealt

sion making centre.
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2.1.2 Adopted Reinforcement lear ning technique

We propose to use a reactive and multi objectiaenle
ing technique to propose efficient and effectivheshul-
ing solution in quasi-real-time and which improveen
the time.

2.1.3 Markov Decision Process

T transition function, R Reward.™\WUtility value of the
state according tha Policy. y Rate of calculation, posi-

tive constant lower than 1 used to give more wetght
the current reward than that of the future. Thigagipn
shows also the relation between the value of & statl
that of its successors. It is this equation whidh give
rise to thereafter the Q function of GM-SARSA(0).

To learn optimal policy in Markov environment, wher

A manufacturing system is regarded as a dubious, dy goal is known (to produce as soon as possibledifte

namic and unforeseeable environment, becausesithis
ject to internal stresses (production risks...) axigraal
constraints (forced market, unforeseeable ordgrs.he
decision in such environment is a Markov decisioocp
ess MDP according to Russell and Norvig, (1995).
Markov decision process model is composed of tvge di
tinct elements: on the one hand, a Markov proces$ m
elling the environment which progress in time like
probabilistic automat and other share an elememitaio

ler which examines the current system state to shem
action to execute in order to maximize the rewaat it
can obtain. A reasoning containing MDP can brintht®
following speech: "I know that | am Buch situatiorand

if | make such actiorthere are so many chances so that |
find myself in this new_situationby obtaining such

profit."

In a Markov decision (see Figure. 4): in a percgisgs-
tem state (or environment sta§ the agent executes the
action A; which according to the transition functidn
leads the system to the st&e, and the agent receives
anR; reward where is a given moment.

Decision2

I

Airq Rlivq

\/, O/

Figure 4. Markov Decisional Model

Decision1

/T

The policy of actionTlin a Markov decision process is
a probability of choosing the actien(] A whereA is
the whole of the actions in the sta&& S whereS is
the whole of the states.

n:SxA - [0g]

m:(s,a)=P(as)

A policy in a MDP is a kind of probabilistic plaBell-
man (1957) established a value function to estirtizte

utility of a state according to a reward which d@ncob-
tain by executing an action:

V7(s)=> n(s,a)> T(sa, s’)[R(s, a,s)+ W ”(s’)J

alA sOs

ness) and with lower cost by assuring no machite id
(efficiency)) and where learning parameters are not
known: we do not have base of example beforehand co
ceived and when we cannot model the environment, i.
when we do not have the transition function whiabdm
els the system passage from states to states.eSmy 1o
proceed by test - error and we speak then abont rei
forcement learning (Russell and Norvig, 1995).

2.1.3.1 Multiple goal SARSA learning for an effi-
cient and effective scheduling

Sprague and Ballard (2003) proposed the most deitab
learning algorithm for multi-agent system where the
agent must discover an interleaved policy that adesdy
satisfies an ensemble of unordered sub goals wieze t
are multiple reward signals. Sprague and Ballard
(2003)’s approach replaces Q-learning with an dicpo
learning algorithm Sarsa(0) (Singh and Sutton, 1996
which have the following update rule:

Q(s, d=1-a)Q(s, 3+a(irty QS 9

(Where Q is theQ value for modulé and S is the ob-
served stat for module, athe selected action f§y,

a' the selected action f&f which is the new observed
stat, ) Rate of calculation, positive constant lower than

1 used to give more weight to the current rewamahth
that of the future andr a learning rate) Which replace
the maxover Q-values with the Q-value of the state ac-
tion pair that is actually observed on the nexp s&ince
updates are based on the actions that are actaiby,
rather than on the best possible action, Sarse{6¢d
modules discover Q-values that are closer to the tr
expected return under the composite policy. Andtlier
composite policyGreatestMassSarsa(0) is used, the
suggestion is to generate an overall Q-value dmples
sum of the Q-values of the individual modules:

QAsd=> Qs 3

The action with the maximum summed value is then
chosen to execute.

This approach is based on modular architectureKgpe
ureb)
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Figure 5. Modular MDP architecture

E

INPUTE

with the machines state. So, we defina Subset of in-
puts correspondingmodule

s={4 S i) b

S can be thought of as an abstraction of the glolaéds
space and in machine learning, it is typically nefd to
as hidden state. However, sometimes hidden stabean
useful to an agent, eliminating irrelevant detedlni the
stat description; Agre (1988) described this caspas-
sive abstraction.

2.1.3.4 Reward function

In a single MDP, the reward function will simplysén
no reward to most states and some positive rewasal t

Thus the agent receives inputs from environment andgoal state. In a complex MDP composed of multiplle-s

executes actions to change the environment stat- Ho
ever, the inputs are separated into modules wthieh t
learn in much smaller state-spaces. So, we define f
each modula: m; a selection function which selects in
the state representation of the part which reltdethe
module in questionRk; is a reward function related to this
module goalQ; is a Q-function called aldocal function
that estimates expected reward from the module newa
function. Arbiter contains theglobal Q-function

Q=>Q
2.1.3.2 Modules definition

We have defined two modules for each agent, tts fir
one deal with Effectiveness, guide the system tdsvar
complete execution of all the jobs within the shett
times and minimize reiteration of job reque&the sec-
ond one, deals with efficiency, guides the system t
wards the minimization of the machines downtime.

2.1.3.3 Selection function

. . wi
The agent’s inputs determine all the system stat

modules, the reward function might consist of some
combination of several reward functions evaluating
different sub-tasks. The total reward of the agent

R(9 = z R(mM( ¥ wheren is the number of modules
i=1

For the effectiveness module, a reward is compinted

the parts stat.

1 if &, =Launched
0 i .S'},_r =in progress
-1 if &, =standby

Rqﬂ’ess =

where R s the reward function for effectiveness,

Slq is thep stat.

While, for the efficiency module a reward functide-
pends on the resources employment particularlyréhe
sources stats.

1 i &, =started
0 if A&, =working
-1

e T
if &, =stopped

here R, is the reward function for effectiveness,

S={s1,s2,...,sn}, but each MDP module should receive Sn is them stat.

the data which concern him, So, the selection fanct
makes the agent to be able to identify what in@uts
relevant to which module. In production environment
the inputs are: current tim&l 0...T and the inventory
of productsp;... p, and their statéSp;... Sp, (in pro-
gress, stand by...) on resourdds... M, and their state
Smy...Sm, (Working, stopped...) with the duration of
production @p;...dp) as well as the downtimes of the
machines i@l;...idl). The sub-tasks correspond to
reaching one of the goals: minimization of the pod
tion duration (make span) and minimization of tha-m
chines downtime. Therefore, for the effectivenesslm
ule the relevant inputs are: current time, the meogy of
products and their state on machine and the duaratio
production, and for the efficiency module the relet
inputs are: current time, the inventory of produots

machine and the duration of the machines downtime

2.1.35 Sarsalearning Function

Each module has its own state-space and its owarcew
function, and is thus equipped to learn its suk-tasng
Sarsa(0) previously introduced. We can thus witite t
update formula for the local Sarsa Q-function asan
tension of the formula (1):

Qeffessl eﬁc;(m effess eﬁ(ys! 3 =
(1_ a)Qeffessl effcy(m effess eﬁgys)’ a)+
0'( Reffess! effcy( m effess eﬁgyS) +

erffess! effc;(m effess efé)ré)’ é-))
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Therefore, after the various MDP functions presona
we can give a general diagram of the learning @®gr
sion in Figure 6

S agiss, |
apess; |/ O

= gffass,
R@jj’"@ss J *
Selected Oy
action . =
\‘ Seﬂcy;- | ()
l" > oty
affty |

Figure 6. The modular learning progress

3.1 EffectivenessCriteria

1- The Makespan of productigd@max which is the Max
of the production time. The most relevant schedulin
criteria
2- The percentageSuccof tasks carried out successfully
NTsucc

x100

(without deadlines)pSucc=

Where: NTSuccis the number of tasks carried out suc-
cessfully andNT is the total number of tasks. Inspired by
Chartonet al (2003)

This two criteria deal with scheduling solution tya

The modular Sarsa algorithm proceeds along the sameninimizing the production time and the part waiting

lines as the regular Sarsa algorithm (see Figurdiffe-
ring only in how the policy is updated and the attio
execute is selected. In the first phase of theralgo
called exploration, decisions that are for us the place-
ment of jobs on resources is done randomly accgridin
the Boltzmann probability (corresponding to the icho
made in (Aissanét al 2008)) in order to try all opportu-
nities, while in the second phase callegploitation

placement is based on the Q value which have more

meaning in this phase.

1- In the current stat s, select the action to execute which the @
value is raised and according to a probability by respectng a
Boltzmann probability distribution

2- Execute selected action 4, leading to the new stat 5

3- Update each module according to the update formula (2)

4- Repeat, with s'set to the current state (go to (1))

Figure 7. Modular Sarsa algorithm

However, it is important to note that it is mordfidult
to model the system as a MDP and to determine dhe p
rameters of learning: the representation of theesys

time.
3.2 Efficiency Criteria

The efficiency performance deals with the manner in
which the resources are used to achieve an aimw&o,
use the average of machines downtaidie

Nm
> ldle,

aldle="=2——

Nm
Wherei is the machine antiim is the number of ma-
chinesldle;
By defining these criteria, we can see that theit2ra
can be in relationCmax and aldle because normally
there is a correlation between minimizing makespath
increasing machine utilization. So, effectivenesw a
efficiency can have some goals that converge.

3.3 Experiencesand investigation

As an experimental test base we used Hurink et al.
(1994) set of data which was developed by Dauzére-
Péres and Paulli, (1997), this Benchmark is congbose
of: edata, rdata, sdatandvdatasets of data and where
files areFile M x P (file of M resources and P parts prob-
lem). LO1 is 5x%10, L10 is 5x15 L20 is 10x10 and LS80

state can be very complex and the Development-of re 10x20,edataare the original problems (from Hurink et

ward function can be difficult when the indices par-
formance are more complex.

3 SIMULATION AND EXPERIMENTS

This simulation was implemented on Borland JBuilder
because it offers very great possibilities of comioa-
tion as it facilitates the threads programming asgde-
cially because we used MADKIT platform of J Ferber
for the SMAs development (Madkit).

The reinforcement-learning algorithms advantagénas
they allow an evaluation during learning. To caowt
this evaluation, we conceive the following criteria

al. (1994) andddams et al. (1988))Each seM; is equal
to the machine to which operation i is assignedhi
original problem, plus any of the other machinethvei
given probability. Depending on this probability ik

et al. generated three sets of test probledata, rdata
andvdata The first seedatacontains the problems with
the least amount of flexibility (close to the origl job-
shop scheduling problems), whereas the averageosize
M; is equal to 2 imdataand m/2 invdata For more de-
tails, see Hurink et al. (1994).

3.4 Improvement of performances
Firstly, we used m06 fronedatato see how our ap-
proach can improve scheduling solution quality @t

of effectiveness and efficiency with wire of time/ b
learning.
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mO6 is 6x6 (6 machines and 6 jobs with one opamati
on each machine). The first graph (Figure 8) shthes
CmaxandpSuccevolution. What is interesting to notice,
is that at 5000 and 6000 iterations the schedudig-
tions are given with a larg€max up to 83, in rein-
forcement learning. This phase is called an exptmma
phase where actions are carried out by chance dingor
to Boltzmann probability; while the solutions sugtgsl
towards and after the 10000 iteratio@snaxis very in-

where the choice of actions is based on Q valubs. T
light width of the interval [59,47] is explained bye fact
that our approach deals with several objectivesreth
fore, in certain decision making for example: thaim
mization of resources down time got a better reward
than the minimization o€maxso, selected action is that
dictated by the first goalpSuccis closely related to
Cmaxby nature, bu€maxis small as well as the Jobs
do not make latency as well as th8uccis large and

teresting 47 we compared this Cmax with the maximum screw-poured. It is whypSuccin exploration phase

the times

Task_ nbr

(maxz-""{ >  Run_Tim¢)/ p})

sum  of job  running Miax

which is 47 here. Moreover, we notice a convergence

because the interval of the suggested solut@msixsis
[59,47]. This phase is called an exploitation phase

reached 20%, but in exploitation phas8uccreached
55% within [55%,35%] interval.

Effictiveness

pSuce & Cmax
EaBRB8EABRERER

omo0onoon

e TR A e e N S S R

2 500 5 0oo 7 500

10 000

12 500 15 000 17 500

Iteration MNb

| —— pSucc

— L:maxl

Figure 8. The pSucc and Cmax for the m06 set & dat

Efficiency

a0
5.5 |
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as4 |
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3.0

2.5

2.0

1.5

1.0

0.5
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Figure 9. Graph of aldle for the m06 set of data

Cmax pSuccandaldle converge to their optimum after
many learning iteration, so, scheduling solutioiver in
exploitation phase are more optimized in term d¢ef
tiveness and efficiency (translated 8ynax pSuccand
aldle) than the given one in exploration phase, for exam
ple in time of 1910 iteratio@maxof the given solution

is 67 and th@Succis 30% and efficiency criterialdle is

5, However, in 11950 iteration they have improved a
Cmaxdecrease to 4pSuccmprove to 55% andldle is
2,15 units of time.

We notice that we obtained these results in 28md4s
a CPU Mobility 1,73Ghz and a memory of 512Mb. This
is a very good performance; it is the advantageiof

forcement learning, it offers solutions at any tieued
converges very quickly towards best solutions.

The improvement of effectiveness and efficiency- per
formances can be illustrated by showing the diffeee
between a scheduling suggested after 245 iteratiens
with the beginning of learning and the other ong-su
gested after 12450 iterations in a 3x3 problem [sma
sized instance for graphical readability) (Figut€sand
11)
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Figure 10. Scheduling solution in the beginnindeain-

ing
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Figure 11. Scheduling solution after many learrfagp-

tion
The Makespan in the first solution (36) is muchgeig
than the given one (16) in the second one. Moredker
machine down time (27 on average) is more impoitant
the first solution than the second (10 on averaghis
proves that there is an improvement in the givdrede

uling solutions by learning in terms of effectiveaeand
efficiency emphasizing the relationship that maysex
between the two.

We carried out an experiment by exploitiegploration
and exploitationstages; we caused the same disturbance
(broken down of all machines) twice at 180eration
and 10000.

We noticed in figure 12, that in the exploitatiotage,
the disturbance is quickly deadened and the sys&em
brought back to its most significant perform-
ancesC max= BestCmax.

Lastly, these results show that our system is tblearn
an optimal policy of control which is in continuoire-
provement while trying to reduce the attempts toyca
out right tasks within their times.

Effictiveness

o0 4 T O Diasturbance at
85 | 1000 iteration
80
75 Disturbance at
70 / 10000 iteration
es
60 1§

. 551

£ so

L as 4
“0
35 1
s0 | N\ VA
25 Y Y_
20 ; —
s Exploration Exploitation
10
(-3
o

5 000 7 500

10 D00

12 500 15 00O 17 500 20 000

Iteration Nb

Figure 12. Obtained results with caused disturbs(€max)

3.5 Resultscomparison

We observe our system on 25000 iterations; itemasa

andvdata. It should be noted that BestCmax in our ap-
proach is obtained by comparing all Cmaxs on 25000
iterations, but nothing tells us that this is threstbsolu-

new launch to the scheduling problem. The following tion we can get, except that we are assuming thistlisa

table shows all experiments resulBest Cmax Calcu-
lated according to our approa@est Cmax of H and D
Calculated by Hurink et al. (1994) et Dauzere-Paras
Paulli, (1997) « Tabu reaserchMax; : Total execution
time without any waiting timeltération Nbr: The num-
ber of iterations in which we gained our
Best pSucc Calculated according to our approaktéra-

tion Nbr: The number of iterations in which we gained

our Best pSuccBest adle Calculated according to our
approach;ltération Nbr: The number of iterations in
which we gained our Best aldlRuning time for 25000
iteration : The time to execute iteration 25000.

Best Cmax

stage learner agent reaches the maturity to fiadribst
optimal scheduling. WherCmax is compared to the
Mayx; the average of this difference is 293 wéithataand
124 with rdata, sdataand 135 withvdata The same
thing for aldle, the average is 10 witedatg 4 with
rdata, 5 with sdataand 2 withvdata pSuccincreases
most of time with the flexibility increase, tipsuccaver-
age withedatais 74% and is 51% withdata, 98% with
sdataand 31% withvdata Our approach is based on a
multi-agent system; the number of agents’ increasts
the configuration complexity generating density in
communication which can explain this disturbance in
performances, but most of time the increase ofuess
number which are able to execute a job provideghile

The above table 1 shows these experiments resylts bity in the placement of jobs. Nevertheless, ournége

using the Benchmark previously represented, Finsgy
can see that the results obtained wittataare less good
then the obtained results witbata which are less good
then the obtained witbdataandvdats, it can be ex

plained by the flexibility (increase of resourcasmber
which are able to execute a job) increasalata, sdata

give very good results in term of Makespan compaoed
the best solutions given by Hurink et al. (19944 an
Dauzére-Pérés and Paulli, (1997), the boldfaCetax
shows the best solution within our approach sohstio
and the above ones. Our approach gives 6 bestawut
in term ofCmaxon 24 experiments, which is very prom-
ising.
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Effectiveness Efficiency
Max
Running
Best Cmax Sotine.of time for
Best Cmax B My job [teration nb1 Best pSucc [teration nby Best aldle [teration nbj
of Hand D g 13000
production Cterati
tine My iteration
edata
rdata
sdata
lat: 30mn17s
v 32mns0
BE0 655 B55 40% 20102 4 20102 18mn10s 1

Tablel. The experiments results

3.6 Multi criteria satisfaction

The dotted lines in Table 1 represent solutions itieet
two criteria at the same time, for example, expegein
edata/LOlin 11817 iteration gives a solution with the
bestpSucc84% and the bestldle 0O, therefore, it is a
solution which is effective and efficient. Theseds of
solution, which belong to the pareto frontier reyermst
50% of the generated solutions (experiments). Tdrk d
lines represent solutions that meet all the cetexnd
these solutions are 21% of solutions. And only 28R
the solutions are not effective and efficient a game
time with the best results (as we are looking festb
Cmax bestpSuccand bestaldle). This is the strong
point of our approach; it creates scheduling sohgithat
can be effective and efficient at the same timakbhao
the multi-objective learning algorithm in light die ex-
periences gained on the benchmark presented above.

4 CONCLUSION AND FUTURE WORK

This paper has shown how to apply reinforcemennlea

is an improvement in the given solution performanice
term of effectiveness and efficiency. We note dlse
correlation that can connect some of effectiverarss
efficiency criteria. By comparing th€&€max of our
scheduling solutions with those obtained by lingigo-
rithms, the results were very promisingind last, we
saw that the solutions obtained by our approach con
verge to scheduling that meets the efficiency difete
tiveness criteria at the same time in 50% of cases.

In the future we plan to extend the learning aldoni by
using modular and monolithic system (Karlsson, 3997
to more optimize the solution. We expect also teta
account of the market variation as constraintsafind
the reward function. In other words, arrivals dateor-
ders, volume and promised delivery times. And wik wi
compare our results with those of approaches based
artificial intelligence as genetic programming. Aadg
our system is a multi-agent system at the basehin&
involve more other decision-making entities as sieci
support systems (DS#)at will be an additional learning
centre. Then we will try to apply our approach éalf
world examplesand other types of workshops, in other

ing and especially Sarsa-multi-objective to jobshop Words: benchmarks.

scheduling problems by formulating them as two MDP
modules, one concerning the effectiveness and dhe s
ond efficiency. The paper has also presented hodeto
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