
 
ABSTRACT 

This paper proposes an approach combining Evolutionary 
Computation and Simulation: An extended problem repre-
sentation as well as solution manipulation concepts for 
Evolution Strategies are proposed with the aim to fulfill the 
needs of input parameter optimization of simulation mod-
els; moreover, this approach is not restricted to real-valued 
parameters. The usage of a parallel infrastructure is also 
proposed and planned to be realized based on the Heuris-
ticLab framework for heuristic optimization. 

 
 

1. INTRODUCTION 

 
Due to the continuously increasing availability of comput-
ing power, combinations of simulation and heuristic opti-
mization become more and more attractive and also more 
and more practicable in various areas of application. An 
approach that is frequently used in this area is to use simu-
lation models for heuristic optimization in order to obtain a 
quality measure for potential solution candidates in cases 
where the quality of a solution cannot be obtained analyti-
cally. In other words, the fitness evaluation is done by 
simulation instead of computation which is usually much 
more time consuming but indispensable in some cases. 

 
In that sense (Brady and McGarvey 1998) for example use 
a computer simulation model to generate output responses 
for Simulated Annealing, Tabu Search, Genetic Program-
ming, and a novel frequency based heuristic approach. 
(Stoecher et al. 2007) utilize a simulation model for esti-
mating the quality of complex priority rules for production 
planning optimization whereas the optimization of the pri-
ority rules is done by means of Genetic Programming.  

The field of Simulation Optimization on the other 
hand deals with the optimization of simulation models, i.e. 
to find out which of possibly many sets of model specifica-
tions given in terms of input parameters and/or structural 

assumptions lead to optimal performance. A comprehen-
sive overview of Simulation Optimization including sev-
eral typical applications is given in (April et al 2004), 
(Azadivar 1999), (Brady and McGarvey 1998), (Fu and 
Glover 2005) or (Bowden and Hall 1998). 

 
A very essential aspect in all combinations of simulation 
and heuristic optimization is efficiency. On the one hand, 
modern and capable meta-heuristics rely on the evaluation 
of a huge amount (usually millions) of potential solution 
candidates; the evaluation of a simulation model on the 
other hand requires much more computational effort than 
the evaluation of a mathematical function. Therefore, the 
efficiency of the simulation model is a bottleneck in all of 
these approaches. The only solution to this problem is of-
ten the application of parallel and grid computing (e.g. 
Stoecher et al 2007). Parallelization is especially efficient 
and easy to implement in combination with population-
based meta-heuristics; a Java framework for distributed 
simulation optimization is given in (Gehlsen 2001), e.g. 

One of the central aims of the approach proposed in 
this paper is to model, adapt and combine various solution 
manipulation concepts from the theory of heuristic optimi-
zation so that these can be utilized in the optimization of 
input parameters of simulation models. This is to be done 
in such a generic way that more or less arbitrary simulation 
models can define their respective interfaces for the input 
parameters which are to be optimized. Furthermore, we are 
planning to use HeuristicLab (Wagner and Affenzeller 
2005), a paradigm-independent and extensible environment 
for heuristic optimization, as optimization framework. The 
input parameters of the simulation model may be binary, 
integer, real-valued, or even a decision situation in that 
sense that from i to j elements are to be chosen out of a set 
of n possible values where 0 ≤ i ≤ j ≤ n.  

 
As concrete heuristic optimization algorithm we aim to use 
Evolution Strategies (ES) with self adaptive mutation step-
width as ES are considered one of the most capable heuris-
tic optimization techniques for parameter optimization 
purposes (as is described in Section 3). The adaptation of 
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mutation step-width is additionally carried out independ-
ently for each dimension of the parameter vector which is 
another strong argument for our purposes.  
 
The rest of the paper is organized as follows: Section 2 
gives a brief overview about Evolutionary Computation in 
general whereas Section 3 addresses Evolution Strategies 
(ES) which is the heuristic optimization method on which 
the simulation parameter optimization discussed in the pre-
sent paper is based upon. Sections 4 and 5 focus on the 
limitations of conventional ES-problem representations 
and the according solution manipulation operators when it 
comes to practical parameter optimization problems in-
cluding mixed-discrete constrained parameter optimization 
as it is the case when tuning the input parameters of simu-
lation models. Finally, Section 6 and Section 7 describe the 
algorithmic framework intended to be used for the de-
scribed approach and end up with some concluding re-
marks, respectively. 

 
 

2. EVOLUTIONARY COMPUTATION 

 
Evolutionary Algorithms use the principles of natural 

evolution to solve complex optimization problems. In suc-
cessive iterations of the simulated evolution, good indi-
viduals of a population of solution candidates are selected 
for interbreeding and the generation of new solution candi-
dates with the goal to generate better solutions candidates. 
The first Evolutionary Algorithms described were Genetic 
Algorithms (Holland 1975) and Evolution Strategies (Re-
chenberg 1971). Traditionally, Genetic Algorithms used 
bitstrings to encode solution candidates and concentrated 
on recombination as a means to create better solution can-
didates while Evolution Strategies used a vector of real-
valued parameters to encode a solution candidate and con-
centrated on mutation to tune the parameter vector. How-
ever nowadays Genetic Algorithms also use more sophisti-
cated solution representations and Evolution Strategies also 
include recombination operators. 

Genetic Programming (Koza 1992) is mainly based on 
Genetic Algorithms; the main difference is that complete 
computer programs or mathematical functions are evolved 
instead of parameter vectors. Typically, the individuals are 
represented by a tree structure known from functional pro-
gramming languages like LISP to allow simple definitions 
of recombination operators (e.g. the exchange of subtrees). 

 
Since ES was originally developed for continuous parame-
ter optimization, we are convinced that is also well suited 
for the optimization of simulation models. Various exten-
sions for ES have also been developed that are especially 

tuned for parameter optimization; relevant extensions are 
described in more detail in the next section. 
 
 

3. EVOLUTION STRATEGIES (ES) 

 
The first Evolution Strategy described used a popula-

tion of one parent and one offspring typically denoted as 
(1+1)-ES. Starting from a randomly initialized parent, mu-
tation adds Gaussian distributed noise to each value of the 
parameter vector. The mutated parameter-vector is evalu-
ated and replaces the old parent if it is better than the par-
ent; if not, the new solution is discarded. 

This algorithm was later extended to the (µ + 1)-ES 
that selects uniformly from µ parents to generate and mu-
tate a new individual and then keeps the µ best individuals 
from the parents and the new child. 

Schwefel (Schwefel 1987) soon came up with the gen-
eral (µ + λ)-ES where λ new individuals are generated for 
the next replacement phase. This (µ + λ)-ES is effectively 
an elitist algorithm because it selects the parents for the 
next mutation from the old parents and its offspring. This 
means that a disproportionately good individual will stay in 
the population for a long time which could lead to the 
negative effect of premature convergence. An alternative 
scheme called ‘comma-strategy’ tries to lessen this effect 
by using the µ best individuals only from the offspring not 
considering the old parents. This is denoted by (µ, λ)-ES. 

 
The random noise added to each element of the parameter 
vector is normally distributed with parameters (0, σ). Re-
chenberg observed for the (1+1)-ES that adapting σ in the 
course of the evolution leads to better results; based on this 
observation he formulated the “1/5 success rule” that 
adapts σ based on the average success of the last n muta-
tions with the goal of generating on average 1/5 successful 
mutations. When the ratio of successful mutations is 
greater than 1/5, the standard deviation should be increased 
while it should be decreased when the ratio of successful 
mutations is less than 1/5. 
 
Schwefel and Bäck further improved ES by the introduc-
tion of self adaptive mutation (Back and Schwefel 1993). 
For self adaptive mutation the length of the real-valued 
vector that represents an solution candidate is doubled 
where the second part holds the variance σi for each indi-
vidual element xi of the original parameter vector. The self 
adaptive mutation uses the corresponding variance σi to 
mutate each parameter xi individually while the variance 
values at the end of the vector are subject to traditional mu-
tation with constant or adaptive variance. The effect of this 
scheme is that the ES optimizes the step size for each di-



 
 
mension individually leading to a well balanced search in 
each dimension. 
 
The idea of applying Evolution Strategies for the search for 
optimal parameters is not new and dates back to the late 
seventies (Schwefel 1979). However, in this contribution 
Schwefel considered just real-valued input parameters and 
also adaptive steering of mutation step width was not 
available at those days. A more recent article dealing with 
use of ES integrated with a simulation model is given by 
(Hall and Bowden 1996) which describes the use of ES to 
solve the kanban sizing problem. 
 

Conventional ES are indeed restricted to real-valued 
vectors. However, in some cases solution candidates for an 
optimization problem cannot be represented in this way. 
Typical examples for such values are boolean switches or 
discrete values which are also common parameters in 
simulation models. The next section describes extensions 
to the representation of solution candidates that make it 
possible to optimize such parameters with ES as well. 

 
 

4. EXTENDED ES-PROBLEM-REPRESENTATION 
FOR MIXED-DISCRETE PARAMETER 
OPTIMIZATION 

 
In the previous section we have stated that the repre-

sentation of solution candidates in standard ES is not suited 
for the optimization of simulation models because parame-
ters of simulation models are typically not limited to real 
values. 

ES with self adaptive mutation length uses real-valued 
vectors ),,,( pdxa rrrrr σ=  to represent solution candidates 
where nRx∈r  is the object variable for optimization and 
σr  holds the self adaptive standard deviations. The fitness 
of an individual depends only on the object variable xr . 
The mutation operator first mutates each element of σr  in-
dependently and then uses the new standard deviations to 
mutate each element of xr : 
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where τ  is an exogenous parameter that controls the 

step size for mutating the standard deviations. 
For the optimization of  simulation models we have to 

extend the standard representation to following parameter 
types: 

Integer parameters and continuous parameters 
with restricted search spaces are realized by means of con-

straint functions of the form RR:c n
i → . We distinguish 

between three kinds of constraints: Equality constraints, 
inequality constraints and integer constraints with respec-
tive index sets 21 I,I and 3I : 
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Discrete parameters for which no distinct order rela-

tion can be formulated are also to be considered. An exam-
ple in the context of manufacturing simulation models is 
the choice of a dispatching strategy for orders or the choice 
of lot sizing policies. Since such parameters cannot be de-
scribed properly by means of constraint functions we ex-
tend the definition of the search space to MR×=Ω  
where i

m
i MM ⊗=  and iM  denotes an arbitrary disor-

dered set with a finite number of elements that represent 
the possible choices for this parameter. 

The representation is now extended to 
)p,,d,x(a rrrrr σ=  where nRx∈r  denotes the vector of con-

tinuous objective values, Md ∈
r

 the discrete objective 
values, nR∈σr  the standard deviations for mutation and 

[ ]nd,p 10∈
r  the mutation probabilities for the discrete val-

ues. The mutation for the real-valued part of the objective 
values remains unchanged. The discrete part of the objec-
tive values and the mutation probabilities for the discrete 
variables are mutated as proposed in (Back and Schutz 
1995): 
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where the uniformly distributed variables ),(Uu 10⊂  

and )M(UD ⊂  are sampled for each dimension inde-
pendently and γ is an exogenous parameter which is op-
tionally automatically adapted by the ES. In other words, 
the mutation operator changes each discrete parameter with 
a given probability where a change means that it selects 
one element of the set of possible values for this parameter 
based on a uniform distribution.  

 
 



 
 
5. USING EXTENDED ES-CONCEPTS FOR THE 
OPTIMIZATION OF INPUT PARAMETERS OF 
SIMULATION MODELS 

 
Simulation can be used to analyze the behavior of 

complex systems by means of a computer model. Simula-
tion models can be formulated in various ways of which 
the most common are system dynamics, discrete event 
driven or agent based systems. However, for the approach 
discussed in this paper the language used to define the 
model is irrelevant; all simulation models simply have to 
have in common that there are a number of input parame-
ters which influence the behavior of the system and a num-
ber of variables that describe the effects or outputs of the 
system. Typically, the values of the variables are non-
deterministic and it is impossible to predict the values of 
the output variables based on the parameter settings. 

 
One main intention of simulation is to find good or even 
optimal parameter settings for the system that lead to the 
best output. When the number of parameters and the search 
space is relatively small one can try to find the best settings 
manually by observing the effects of successive parameter 
changes on the output variables. However the limit of this 
approach is reached very easily and it is hopeless to find 
optimal settings for models that are reasonably interesting. 
Therefore heuristic optimization methods are necessary for 
the optimization of simulation models. We suggest that ES 
could be easily and effectively used for this kind of optimi-
zation problem. 
 
Simulation models can have different kinds of parameters: 

 
• Real-valued parameters, 
• discrete parameters, 
• boolean parameters: single choice, and 
• set parameters: multiple choice 
 

In the extended ES model described in the previous section 
each of these parameter types can be represented in solu-
tion candidates. 
 
A further aspect that may come along with the tuning of 
input parameters of simulation models is the fact that there 
is often more than one objective that should be optimized 
by the simulation model which leads to the theory of multi-
objective optimization. For this purpose we plan to opti-
mize the weighted sum of functions of the multi objective 
problem as 
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where it is up to the user to choose appropriate weights. 

Also it is quite easy to show that the minimizer of this 
combined function is Pareto optimal. 

 
One further problem of simulation optimization is that 

a single simulation might take several seconds or even 
minutes for very complex problems. To be able to optimize  
the model it is necessary to run multiple simulations this 
leads to very long runtimes. However since ES are inher-
ently parallel it is possible to run many simulations concur-
rently on a relatively cheap and simple cluster. This makes 
it possible to find good solutions to the problem in reason-
able runtime. 

 
 

6. THE BASIC ARCHITECTURE OF A GENERIC 
FRAMEWORK  

 
Careful consideration is necessary in the design phase 

of a generic framework that implements the optimization 
method described in this paper. In order to achieve maxi-
mal effectiveness the implementation has to be compatible 
to various simulation environments as many commercial 
simulation environments provide a convenient interface to 
database management systems. Therefore the proposed 
implementation will use a common database (DB) to ex-
change data between the simulation model and the ES. 
This design makes it possible to combine optimization and 
simulation with only minimal changes in the simulation 
models which can be implemented in any possible pro-
gramming language or simulation environment that sup-
ports DB connections. 

 
The proposed architecture has three distinct components: 
the optimization component that executes the ES, a central 
DB that stores solution candidates and simulation results, 
and a simulation client that polls the DB for new solution 
candidates, simulates the model with the supplied parame-
ters and writes the results of the simulation back into the 
DB. 
 
Since each simulation model has different parameters and 
results it is necessary to define a custom ES representation 
for each simulation model that holds the names and possi-
ble values for each possible parameter and that can evalu-
ate the quality of a solution based on the result values from 
the simulation. The fields of this representation can be di-
rectly mapped to database tables for the parameters and re-
sults of the simulation.  

Another benefit of this architecture is that it is possible 
to start multiple simulation clients in a global paralleliza-
tion scheme for the evaluation of solution candidates. This 
is especially profitable when the simulation time is longer 
than just a few seconds. 



 
 

Of course a large overhead is generated by the com-
munication with the DB; however, we are confident that 
the flexibility of this approach outweighs the costs by far. 

 
 

7.CONCLUSION AND FUTURE PERSPECTIVES  

 
In this article we have described a conceptual frame-

work for the optimization of input parameters for simula-
tion models. The next goal is the implementation of these 
concepts in a generic environment in order to allow further 
experiments and analyses of the optimization methods. The 
requirements for this implementation include the support 
of various kinds of simulation models from diverse prob-
lem domains as well as a mechanism for a comfortable ex-
change of these models. Therefore, a generic interface for 
control and communication with simulation models is nec-
essary that allows to set parameters of the model, execute 
simulation runs and retrieve values of the target variables 
for the optimization process. A pragmatic way to imple-
ment this interface is to use a database management system 
to store the model parameters and simulation results. The 
use of a DBMS brings along the advantageous conse-
quences that simulation and optimization are completely 
independent from each other and that it is easy to run mul-
tiple simulations with different parameter settings concur-
rently. 

We plan to integrate the implementation of this ge-
neric optimization environment for simulation models into 
HeuristicLab (http://www.heuristiclab.com), a paradigm-
independent environment for heuristic optimization which 
already provides implementations of various heuristic op-
timization methods. 
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