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ABSTRACT: The current market trends, characterized by a great competitiveness with more and more complex and 
contradictory constraints, make the researchers of the field conceive an adaptive control system not only able to react 
effectively, but also have more and more ability to adapt to the fast evolution of demand and at fixed cost. This is by 
using resources available as well as possible to optimize this adaptation (efficiency). This paper, presents our step to 
work out a heterarchical system which is more reliable insofar as we respect much kind of performances: effectiveness 
and efficiency. With this intention, we use a multi-agent system of which the decisions taken by the system are the result 
of agents group work. These agents ensure in the same time a continuously improvement of effectiveness and efficiency 
performances thanks to the reinforcement learning technique and particularly SARSA-Multi objective algorithm which 
was introduced to them. This technique of learning makes it possible to agents to learn the best behaviour in their vari-
ous roles (answer the requests, self-organization, plan…) without attenuating the on-line system. A computer implemen-
tation and experimentation of this model are provided in this paper to demonstrate the contribution of our approach. 
 
 
KEYWORDS: effectiveness and efficiency performances, dynamic scheduling, reinforcement learning, 
manufacturing system modeling, multi-agents system 
 
 
1.  INTRODUCTION 
 
The current market trends, characterized by a great com-
petitiveness with more and more complex and contradic-
tory constraints, make the researchers of the field con-
ceive an adaptive control system not only able to react 
effectively, but also have more and more ablility to adapt 
to the fast evolution of demand and at fixed cost. This is 
by using available resources as well as possibly optimiz-
ing this adaptation. In Bousbia and Trentesaux, (2002) 
an analysis of the whole of these points was carried out 
and in particular highlighted the interest to adopt an ap-
proach of self-organized and heterarchical control sys-
tem. The heterarchy term describes a relation between 
the same hierarchical level entities (Duffie and Prabhu, 
1996), initially, proposed in the medical biology field 
(McCulloch 1945) then experimented in several domains 
(Maione and Naso, 2003; Prabhu, 2003; Haruno and 
Kawato, 2006). This term is relatively close to the con-
cept of "distribution" in the multi-agent field (distributed 
systems). However, from our point of view, the concept 
of distribution of the decision capacities does not mean 
which multi-agent system is organized in a heterarchical 
way (even if it is often the case). However it is the as-
sumption that we wish to make in this paper. From our 

point of view, this assumption is justified by the dynam-
ics and the volatility of information which made the ap-
proach purely hierarchical and partially unsuited in the 
objective previously announced (Bousbia and Trente-
saux, 2002). 
 
The objective is thus to obtain not only an effective op-
eration (reactivity) but also efficient in the direction 
where the real potentialities of production resources are 
taken into account. This is in order to improve continu-
ously the already effective solutions. According to Sene-
chal (2004) definitions of performances, the effective-
ness is the adequacy of results and objectives can be very 
often evaluated thanks to quality indicators. And effi-
ciency is the adequacy of the means and results, its deal 
with the system output. This performance is primarily 
judged during system run phase. It generates control or 
management decision. Few works were interested in 
efficiency (Butalaand and Sluga, 2002; Denkena et al. 
2006) and even less the combination of both of perform-
ances effectiveness/efficiency particularly in reactive and 
flexible manufacturing systems. However, the relation-
ship of influence may exist between some effectiveness 
and efficiency indicators. 
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 In this paper we will focus on effectiveness and effi-
ciency performances in an adaptive system based on 
reactive scheduling approach. 
 
We will start first of all introducing the problems. 
Following the state of the art analysis, we will present 
the adopted modelling approach and the learning 
technique which we used. We will then propose our 
system model. Lastly, we will present our models, 
implementation and an experimentation, from which an 
analysis will be carried out.  Then, a conclusion 
summarizes our contribution and presents a certain 
number of prospects. 
 
2.  BACKGROUND 
 
In this part we propose an analysis of the state of the art 
in the field of scheduling problems in order to not only  
propose an effective solution (having a minimal level of 
performances) but also efficient (able to improve this 
constant level with means) and highlight some points 
that can converge. The importance of machine learning 
integration in the scheduling of production will be high-
lighted 

1.1 Dynamic scheduling 

 In manufacturing control, scheduling constitutes the 
most important function. And, in this paper, we focus on 
dynamic scheduling. 
 
Csaji and Monostori (2006) classify dynamic scheduling 
into three categories: 
If the solution aims at generating the resource allocation 
off-line in advance, then it is called predictive. Thus, 
predictive solutions assume a deterministic environment. 
When it is an unforeseeable environment there are some 
data (e.g., the actual durations) that will only be avail-
able during the plan execution. According to the usage of 
this information, two basic types of solution techniques 
will be identified. A solution which will consider envi-
ronment uncertainties is called proactive. A proactive 
solution allocates the operations to resources and defines 
the orders of the operations without precise starting 
times, because the durations are uncertain. This kind of 
technique can be applied when only the durations of the 
operations are stochastic, but, the states of the resources 
are known perfectly (e.g. stochastic job-shop scheduling) 
(Bidot et al. 2007).  
 
Finally, On-line scheduling is called reactive. The re-
source allocation process actually evolves so more in-
formation becomes available in order to make decision 
in real-time (Trentesaux et al. 2001; Pujo and Brun-
Picard, 2002; Csaji and Monostori, 2006; Aissani et al. 
2008). Naturally, a reactive solution is not a simple ob-
jective function, but instead a resource allocation policy 
(a mapping from states to actions) which controls the 
process. In this paper we focus on reactive solutions 
only. 

1.2 Reinforcement learning to improve perform-
ances 

These last decades, the researchers in scheduling were 
inspired by the artificial intelligence after the methods 
used were exclusively based on operation research algo-
rithms with exponential complexity. Taking into account 
several types of performances (effectiveness and effi-
ciency) which means optimization of several criteria will 
increase even more the problem complexity. The artifi-
cial intelligence has allowed to solve these problems by 
giving satisfactory solutions even if not always most 
optimal.  
 
Maione and Naso, (2003) used genetic algorithms to 
adapt the decision strategies of autonomous controllers. 
The control agents use pre-assigned decision rules only 
for a limited amount of time, and obey a rule replace-
ment policy propagating the most successful rules to the 
subsequent populations of concurrently operating agents. 
It can not be a solution for reactive scheduling. So, we 
need to integrate a reactive technique which allows us to 
control system in real time. Reinforcement learning may 
be a suitable technique for giving quasi-real-time solu-
tions and improve them over time.  
 
Reinforcement learning is learning to act by trial and 
error. In this paradigm, an agent can perceive its state 
and perform actions. After each action, a numerical re-
ward is given. The goal of the agent is to maximize the 
total reward it receives over time. 
 
Katalinic and Kordic (2004) used reinforcement learning 
in the optimization of the resources use in a very expen-
sive production of electric motors. These Systems are 
characterized by their varieties of products (produced 
upon request) that require a great flexibility and adapta-
bility. Consequently, the units of assembly must be 
autonomous and modular, from where the difficulty of  
performance control and development. Katalinic and 
Kordic (2004) considered these units as a colony of in-
sects able to organize themselves to carry out a task. This 
can reduce the number of used resources, to solve more 
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 EMLT (The 
Estimated Mean LaTeness) which is an effective criteria 
without taking care about efficiency. Aydin and Özteme 
(2000) proposed an intelligent agent-based scheduling 
system. They employed Q-III to dynamically select dis-
patching rules. Their state determination criteria consist 
of the mean slack time of the queue and the buffer size 
of the machine. They take advantage of domain knowl-
edge and experience in the learning process. Therefore, 
the principal learning mechanism of RL (Reinforcement 
Learning) is omitted.  
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Almost of those works resolve resource allocation satis-
fying criteria which are related to effectiveness and omit 
efficiency. In this paper, Our approach deals with both of 
effectiveness and efficiency performances by developing 
a system which gives an optimal scheduling solution 
using in best all resources and minimizing the reiteration 
of job requests. 
 
In the next section, we will present our system architec-
ture. 

2 THE PROPOSED CONTROL SYSTEM 
ORGANISATION 

A multi-agent system is a distributed system with local-
ized decision-making and, usually, localized storage. An 
agent is basically an autonomous entity with its own 
value system and a means to communicate with other 
such objects. For a general survey on the application of 
multi-agent systems in manufacturing, see (Aissani et al. 
2008). Our step aims at working out a system which is 
more powerful insofar as we respect effectiveness and 
efficiency performance: The decisions taken by the sys-
tem are the result of an agents group work in a heterar-
chical organisation in first. Our approach consists in 
equipping the agents of our control system 
"SPART/MCSRR" (System de Pilotage par Apprentis-
sage par Renforcement en Temps reel/ Manufacturing 
Control System using Reinforcement learning in Real 
time) proposed in (Aissani et al. 2008) with a reactive 
multi objectives learning module as shown in figure 1. 
 

 
 

Figure 1. Integration of multi objectives and reactive 
learning techniques in SPART agent for an efficient and 

effective reactive scheduling 

2.1 The SPART modelling 

2.1.1 The SPART architecture 

SPART architecture is based on resources agents (ma-
chines…), parts agents and an observer agent (see Figure 
2) 

 
Figure 2. SPART architecture 

 
The general idea underlying this approach is to consider 
both resources and physical parts as active entities. And, 
according to Alaadin modelization (Ferber and 
Gutknecht 1998), those agents have: Role, They must 
have initially knowledge on their capacities: the name of 
the resource, names of their realizable operations and 
their properties, the list of these proper tools: Properties, 
and the vicinity which represents the resources which are 
directly connected to this resource: Group (according to 
the cell fitting). And moreover, we equipped them with a 
Learning module. Where a system state is coded (St) by 
the Perception module, agent chose an action (At) to 
execute by the Action module and according to what this 
action will generate, the agent perceives a numerical 
reward which can be positive or negative (Rt) To reward 
or punish the executed action. t is a given instant (see 
Figure 3). 
 

 
Figure 3. SPART/MCSRR generic architecture 

 
Observer agent has a total sight on the system, the state 
variables which it observes is the indicators of efficient 
and effective performances. This agent observes all deci-
sion making centre. 

Learning 

module 
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2.1.2 Adopted Reinforcement learning technique 

We propose to use a reactive and multi objective learn-
ing technique to propose efficient and effective schedul-
ing solution in quasi-real-time and which improve over 
the time. 

2.1.3 Markov Decision Process 

A manufacturing system is regarded as a dubious, dy-
namic and unforeseeable environment, because it is sub-
ject to internal stresses (production risks…) and external 
constraints (forced market, unforeseeable orders…). The 
decision in such environment is a Markov decision proc-
ess MDP according to Russell and Norvig, (1995). 
Markov decision process model is composed of two dis-
tinct elements: on the one hand, a Markov process mod-
elling the environment which progress in time like a 
probabilistic automat and other share an element control-
ler which examines the current system state to choose an 
action to execute in order to maximize the reward that it 
can obtain. A reasoning containing MDP can bring to the 
following speech: "I know that I am in such situation and 
if I make such action there are so many chances so that I 
find myself in this new situation by obtaining such 
profit." 
 
In a Markov decision (see Figure. 4): in a perceived sys-
tem state (or environment stat)  Si the agent executes the 
action Ai which according to the transition function T 
leads the system to the state Si +1 and the agent receives 
an Ri reward where i is a given moment. 

 

 
Figure 4. Markov Decisional Model  

 

The policy of action  π in a Markov decision process is 

a probability of choosing the action a ∈ A where A is 

the whole of the actions in the state s ∈ S where S is 
the whole of the states. 

[ ]1;0: →× ASπ  

( ) )(,: saPas =π  

A policy in a MDP is a kind of probabilistic plan. Bell-
man (1957) established a value function to estimate the 
utility of a state according to a reward which it can ob-
tain by executing an action: 
 

[ ]∑ ∑
∈ ∈′

′+′′=
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T transition function, R Reward. Vπ Utility value of the 
state according the π Policy.γ  Rate of calculation, posi-

tive constant lower than 1 used to give more weight to 
the current reward than that of the future. This equation 
shows also the relation between the value of a state and 
that of its successors. It is this equation which will give 
rise to thereafter the Q function of GM-SARSA(0). 
 
To learn optimal policy in Markov environment, where 
goal is known (to produce as soon as possible (effective-
ness) and with lower cost by assuring no machine idle 
(efficiency)) and where learning parameters are not 
known: we do not have base of example beforehand con-
ceived and when we cannot model the environment, i.e., 
when we do not have the transition function which mod-
els the system passage from states to states. So, we try to 
proceed by test - error and we speak then about rein-
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 suitable 
learning algorithm for multi-agent system where the 
agent must discover an interleaved policy that adequately 
satisfies an ensemble of unordered sub goals when there 
are multiple reward signals. Sprague and Ballard 
(2003)’s approach replaces Q-learning with an on-policy 
learning algorithm Sarsa(0) (Singh and Sutton, 1996) 
which have the following update rule: 
 

( , ) (1 ) ( , ) ( ( , ))i i i i i i iQ s a Q s a r Q s aα α γ ′ ′= − + +  (1) 

 

(Where iQ is the Q value for module i and is is the ob-

served stat for module i , a the selected action foris , 

a′ the selected action foris′ which is the new observed 

stat, γ  Rate of calculation, positive constant lower than 

1 used to give more weight to the current reward than 
that of the future and α  a learning rate) Which replace 
the max over Q-values with the Q-value of the state ac-
tion pair that is actually observed on the next step. Since 
updates are based on the actions that are actually taken, 
rather than on the best possible action, Sarsa(0) based 
modules discover Q-values that are closer to the true 
expected return under the composite policy. And for the 
composite policy Greatest Mass-Sarsa(0) is used, the 
suggestion is to generate an overall Q-value as a simple 
sum of the Q-values of the individual modules: 

1

( , ) ( , )
n

i i
i

Q s a Q s a
=

=∑   

The action with the maximum summed value is then 
chosen to execute. 
 
This approach is based on modular architecture (see Fig-
ure5) 



MOSIM’08 – du 31 mars  au 2 avril 2008 – Paris- France 

 
Figure 5. Modular MDP architecture 

 
Thus the agent receives inputs from environment and 
executes actions to change the environment stat. How-
ever, the inputs are separated into modules which then 
learn in much smaller state-spaces. So, we define for 
each module i:  mi a selection function which selects in 
the state representation of the part which relates to the 
module in question; Ri is a reward function related to this 
module goal; Qi is a Q-function called also local function 
that estimates expected reward from the module reward 
function. Arbiter contains the global Q-function 

iQ Q=∑  

2.1.3.2 Modules definition 

We have defined two modules for each agent, the first 
one deal with Effectiveness, guide the system towards a 
complete execution of all the jobs within the shortest 
times and minimize reiteration of job requests. The sec-
ond one, deals with efficiency, guides the system to-
wards the minimization of the machines downtime. 

2.1.3.3 Selection function  

The agent’s inputs determine all the system stat            
S= {s1,s2,…,sn}, but each MDP module should receive 
the data which concern him, So, the selection function 
makes the agent to be able to identify what inputs are 
relevant to which module. In production environment, 
the inputs are: current time t∈  0…T and the inventory 
of products p1… pn and their state Sp1… Spn (in pro-
gress, stand by…) on resources M1… Mm and their state 
Sm1…Smm (Working, stopped…) with the duration of 
production (dp1…dp) as well as the downtimes of the 
machines (idl1…idlm). The sub-tasks correspond to 
reaching one of the goals: minimization of the produc-
tion duration (make span) and minimization of the ma-
chines downtime. Therefore, for the effectiveness mod-
ule the relevant inputs are: current time, the inventory of 
products and their state on machine and the duration of 
production, and for the efficiency module the relevant 
inputs are: current time, the inventory of products on 
machine and the duration of the machines downtime 

with the machines state. So, we define Si a subset of in-
puts corresponding i module 

{ }, ( )i i iS s s S m s s= ∈ =  

Si can be thought of as an abstraction of the global state-
space and in machine learning, it is typically referred to 
as hidden state. However, sometimes hidden stat can be 
useful to an agent, eliminating irrelevant detail from the 
stat description; Agre (1988) described this case as pas-
sive abstraction. 

2.1.3.4 Reward function 

In a single MDP, the reward function will simply assign 
no reward to most states and some positive reward to a 
goal state. In a complex MDP composed of multiple sub-
modules, the reward function might consist of some 
combination of several reward functions evaluating the 
different sub-tasks. The total reward of the agent is: 

1

( ) ( ( ))
n

i i
i

R s R m s
=

=∑  where n is the number of modules 

For the effectiveness module, a reward is computed from 
the parts stat. 

  
where effessR is the reward function for effectiveness, 

ipS  is the pi stat. 

While, for the efficiency module a reward function de-
pends on the resources employment particularly the re-
sources stats. 

 
where effcyR is the reward function for effectiveness, 

imS is the mi stat. 

2.1.3.5 Sarsa Learning Function 

Each module has its own state-space and its own reward 
function, and is thus equipped to learn its sub-task using 
Sarsa(0) previously introduced. We can thus write the 
update formula for the local Sarsa Q-function as an ex-
tension of the formula (1): 

/ /( ( ), )effess effcy effess effcyQ m s a =  

/ /(1 ) ( ( ), )effess effcy effess effcyQ m s aα− +  

/ /( ( ( ))effess effcy effess effcyR m sα +  

/ /( ( ), ))effess effcy effess effcyQ m s aγ ′ ′      (2) 
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Therefore, after the various MDP functions presentation, 
we can give a general diagram of the learning progres-
sion in Figure 6 

 
Figure 6. The modular learning progress 

 
The modular Sarsa algorithm proceeds along the same 
lines as the regular Sarsa algorithm (see Figure 7), diffe-
ring only in how the policy is updated and the action to 
execute is selected. In the first phase of the algorithm 
called exploration, decisions that are for us the place-
ment of jobs on resources is done randomly according to 
the Boltzmann probability (corresponding to the choice 
made in (Aissani et al. 2008)) in order to try all opportu-
nities, while in the second phase called exploitation 
placement is based on the Q value which have more 
meaning in this phase. 
 

 
Figure 7. Modular Sarsa algorithm 

 
However, it is important to note that it is more difficult 
to model the system as a MDP and to determine the pa-
rameters of learning: the representation of the system 
state can be very complex and the Development of re-
ward function can be difficult when the indices of per-
formance are more complex. 

3 SIMULATION AND EXPERIMENTS 

This simulation was implemented on Borland JBuilder 
because it offers very great possibilities of communica-
tion as it facilitates the threads programming and espe-
cially because we used MADKIT platform of J Ferber 
for the SMAs development (Madkit). 
 
The reinforcement-learning algorithms advantage is that 
they allow an evaluation during learning. To carry out 
this evaluation, we conceive the following criteria. 

3.1 Effectiveness Criteria 

1- The Makespan of production Cmax which is the Max 
of the production time. The most relevant scheduling 
criteria 
2- The percentage pSucc of tasks carried out successfully 

(without deadlines). 100
NT

NTsucc
pSucc ×=  

Where:  NTSucc is the number of tasks carried out suc-
cessfully and NT is the total number of tasks. Inspired by 
Charton et al. (2003) 
 
This two criteria deal with scheduling solution quality, 
minimizing the production time and the part waiting 
time. 

3.2 Efficiency Criteria 

The efficiency performance deals with the manner in 
which the resources are used to achieve an aim. So, we 
use the average of machines downtime aIdle  

1

Nm

i
i

Idle
aIdle

Nm
==
∑

 

Where i is the machine and Nm is the number of ma-
chines Idlei 

By defining these criteria, we can see that the 2 criteria 
can be in relation: Cmax and aIdle because normally 
there is a correlation between minimizing makespan and 
increasing machine utilization. So, effectiveness and 
efficiency can have some goals that converge. 

3.3 Experiences and investigation 

As an experimental test base we used Hurink et al. 
(1994) set of data which was developed by Dauzère-
Pérès and Paulli, (1997), this Benchmark is composed 
of: edata, rdata, sdata and vdata sets of data and where 
files are File M x P (file of M resources and P parts prob-
lem). L01 is 5×10, L10 is 5×15 L20 is 10×10 and L30 is 
10×20, edata are the original problems (from Hurink et 
al. (1994) and Adams et al. (1988)). Each set Mi is equal 
to the machine to which operation i is assigned in the 
original problem, plus any of the other machines with a 
given probability. Depending on this probability Hurink 
et al. generated three sets of test problems: edata, rdata, 
and vdata. The first set edata contains the problems with 
the least amount of flexibility (close to the original job-
shop scheduling problems), whereas the average size of 
Mi is equal to 2 in rdata and m/2 in vdata. For more de-
tails, see Hurink et al. (1994).  

3.4 Improvement of performances 

Firstly, we used m06 from edata to see how our ap-
proach can improve scheduling solution quality in term 
of effectiveness and efficiency with wire of time by 
learning.  
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m06 is 6x6 (6 machines and 6 jobs  with one operation 
on each machine). The first graph (Figure 8) shows the 
Cmax and pSucc evolution. What is interesting to notice, 
is that at 5000 and 6000 iterations the scheduling solu-
tions are given with a large Cmax, up to 83, in rein-
forcement learning. This phase is called an exploration 
phase where actions are carried out by chance according 
to Boltzmann probability; while the solutions suggested 
towards and after the 10000 iterations, Cmax is very in-
teresting 47 we compared this Cmax with the maximum 
sum of the job running times Maxjt 

(
_

_
0

0

max { _ ( ) / }
Task nbr

Part nbr
j j

i

Run Time i p=
=
∑ )  

which is 47 here. Moreover, we notice a convergence 
because the interval of the suggested solutions Cmaxs is 
[59,47]. This phase is called an exploitation phase, 

where the choice of actions is based on Q values. The 
light width of the interval [59,47] is explained by the fact 
that our approach deals with several objectives, there-
fore, in certain decision making for example: the mini-
mization of resources down time got a better rewards 
than the minimization of Cmax so, selected action is that 
dictated by the first goal. pSucc is closely related to 
Cmax by nature, bus Cmax is small as well as the Jobs 
do not make latency as well as the pSucc is large and 
screw-poured. It is why, pSucc in exploration phase 
reached 20%, but in exploitation phase pSucc reached 
55% within [55%,35%] interval. 
 

 

 
Figure 8. The pSucc and Cmax for the m06 set of data 

 

 
Figure 9. Graph of aIdle for the m06 set of data 

 
Cmax, pSucc and aIdle converge to their optimum after 
many learning iteration, so, scheduling solutions given in 
exploitation phase are more optimized in term of effec-
tiveness and efficiency (translated by Cmax, pSucc and 
aIdle) than the given one in exploration phase, for exam-
ple in time of 1910 iteration Cmax of the given solution 
is 67 and the pSucc is 30% and efficiency criteria aIdle is 
5, However, in 11950 iteration they have improved as 
Cmax decrease to 49, pSucc improve to 55% and aIdle is 
2,15 units of time. 
 
We notice that we obtained these results in 28mn34s on 
a CPU Mobility 1,73Ghz and a memory of 512Mb. This 
is a very good performance; it is the advantage of rein- 

 
forcement learning, it offers solutions at any time and 
converges very quickly towards best solutions. 
 
The improvement of effectiveness and efficiency per-
formances can be illustrated by showing the difference 
between a scheduling suggested after 245 iterations i.e. 
with the beginning of learning and the other one sug-
gested after 12450 iterations in a 3x3 problem (small 
sized instance for graphical readability) (Figures 10 and 
11) 
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Figure 10. Scheduling solution in the beginning of learn-

ing 
 

 
Figure 11. Scheduling solution after many learning itera-

tion 
The Makespan in the first solution (36) is much bigger 
than the given one (16) in the second one. Moreover, the 
machine down time (27 on average) is more important in 
the first solution than the second (10 on average). This 
proves that there is an improvement in the given sched-

uling solutions by learning in terms of effectiveness and 
efficiency emphasizing the relationship that may exist 
between the two. 
We carried out an experiment by exploiting exploration 
and exploitation stages; we caused the same disturbance 
(broken down of all machines) twice at 1000th iteration 
and 10000th. 
We noticed in figure 12, that in the exploitation stage, 
the disturbance is quickly deadened and the system is 
brought back to its most significant perform-
ances: max maxC BestC≈ . 
 
Lastly, these results show that our system is able to learn 
an optimal policy of control which is in continuous im-
provement while trying to reduce the attempts to carry 
out right tasks within their times. 

 

Figure 12. Obtained results with caused disturbances (Cmax) 

3.5 Results comparison 

We observe our system on 25000 iterations; iteration is a 
new launch to the scheduling problem. The following 
table shows all experiments results. Best Cmax : Calcu-
lated according to our approach; Best Cmax of H and D :  
Calculated by Hurink et al. (1994) et Dauzère-Pérès and 
Paulli, (1997) « Tabu reaserch »; Maxjt : Total execution 
time without any waiting time; Itération Nbr : The num-
ber of iterations in which we gained our  Best Cmax; 
Best pSucc : Calculated according to our approach; Itéra-
tion Nbr : The number of iterations in which we gained 
our  Best pSucc; Best adle: Calculated according to our 
approach; Itération Nbr : The number of iterations in 
which we gained our  Best aIdle; Runing time for 25000 
iteration : The time to execute iteration 25000. 
 
The above table 1 shows these experiments results by 
using the Benchmark previously represented, Firstly we 
can see that the results obtained with edata are less good 
then the obtained results with rdata which are less good 
then the obtained with sdata and vdata, it can be ex 
 
 
plained by the flexibility (increase of resources number 
which are able to execute a job) increase in rdata, sdata 

 
and vdata. 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 the best solu-
tion we can get, except that we are assuming that at this 
stage learner agent reaches the maturity to find the most 
optimal scheduling. When Cmax is compared to the 
Maxjt the average of this difference is 293 with edata and 
124 with rdata, sdata and 135 with vdata. The same 
thing for aIdle, the average is 10 with edata, 4 with 
rdata, 5 with sdata and 2 with vdata. pSucc increases 
most of time with the flexibility increase, the psucc aver-
age with edata is 74% and is 51% with rdata, 98% with 
sdata and 31% with vdata. Our approach is based on a 
multi-agent system; the number of agents’ increases with 
the configuration complexity generating density in 
communication which can explain this disturbance in 
performances, but most of time the increase of resources 
number which are able to execute a job provides flexibil-
ity in the placement of jobs. Nevertheless, our agents 
give very good results in term of Makespan compared to 
the best solutions given by Hurink et al. (1994) and 
Dauzère-Pérès and Paulli, (1997), the boldfaced Cmax 
shows the best solution within our approach solutions 
and the above ones. Our approach gives 6 best solutions 
in term of Cmax on 24 experiments, which is very prom-
ising. 
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Table1. The experiments results 

 

3.6 Multi criteria satisfaction 

The dotted lines in Table 1 represent solutions that meet 
two criteria at the same time, for example, experience in 
edata/L01 in 11817 iteration gives a solution with the 
best pSucc 84% and the best aIdle 0, therefore, it is a 
solution which is effective and efficient. These kinds of 
solution, which belong to the pareto frontier represent 
50% of the generated solutions (experiments). The dark 
lines represent solutions that meet all the criteria and 
these solutions are 21% of solutions. And only 29% of 
the solutions are not effective and efficient at the same 
time with the best results (as we are looking for best 
Cmax, best pSucc and best aIdle). This is the strong 
point of our approach; it creates scheduling solutions that 
can be effective and efficient at the same time thanks to 
the multi-objective learning algorithm in light of the ex-
periences gained on the benchmark presented above. 

4 CONCLUSION AND FUTURE WORK 

This paper has shown how to apply reinforcement learn-
ing and especially Sarsa-multi-objective to jobshop 
scheduling problems by formulating them as two MDP 
modules, one concerning the effectiveness and the sec-
ond efficiency. The paper has also presented how to de-
sign manufacturing system as a multi-agent learning 
system (according to Aissani et al. 2008) using Alaadin 
concepts and MadKit plateform. Finally, we have pre-
sented simulation results on a benchmark for a variety of 
flexible workshops. Those experiences prove that there 

is an improvement in the given solution performances in 
term of effectiveness and efficiency. We note also the 
correlation that can connect some of effectiveness and 
efficiency criteria. By comparing the Cmax of our 
scheduling solutions with those obtained by linear algo-
rithms, the results were very promising. And last, we 
saw that the solutions obtained by our approach con-
verge to scheduling that meets the efficiency and effec-
tiveness criteria at the same time in 50% of cases. 
 
In the future we plan to extend the learning algorithm by 
using modular and monolithic system (Karlsson, 1997) 
to more optimize the solution. We expect also to take 
account of the market variation as constraints to define 
the reward function. In other words, arrivals date of or-
ders, volume and promised delivery times. And we will 
compare our results with those of approaches based on 
artificial intelligence as genetic programming. And as 
our system is a multi-agent system at the base, we think 
involve more other decision-making entities as decision 
support systems (DSS) that will be an additional learning 
centre. Then we will try to apply our approach to real-
world examples and other types of workshops, in other 
words: benchmarks. 
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