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Abstract—Model Driven Engineering is a revolutionary 
paradigm in Software Engineering, which reduces the complexity 
of development process by increasing the level of abstraction. 
Model transformation is a soul of MDE, being widely used to 
map one or more source model(s) into one or more target 
model(s). Finding an optimal result among a very large search 
space of possible output transformation models is an important 
issue in the community. In this paper a unified process for 
handling the large search space of model transformation results 
is presented. The process combines model transformation 
techniques and the genetic algorithm as a search based software 
engineering (SBSE) technique. The applicability and benefits of 
the approach is demonstrated using Class Responsibility 
Assignment (CRA) case study. 

Keywords—Model Driven Engineering, Model Transformation, 
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I.  INTRODUCTION 
Model plays a major role in all engineering areas, including 

Model Driven Engineering (MDE) [1]. MDE focuses the 
attention of the developers from low level of implementation to 
the high level of modelling. Model confirms to its metamodel, 
which describes the structure and relations between the 
components of a model. MDE is used in various software 
development phases such as analysis, design, implementation, 
deployment, and maintenance [2].  

Model transformation is the core of the MDE, applies to 
various input models and generates appropriate output models 
[3]. Transformation is specified in different styles, including 
declarative, imperative and hybrid. There is a large number of 
transformation languages in the MDE community. The most 
common languages, which follow the declarative style are ATL 
[4], ETL [5], and QVTR [6]. Model transformation applies for 
different purposes such as refinement, simplification, re-
expression, enhancement and forward engineering [7]. 

Search-based software engineering (SBSE) [8] is one of the 
most important areas of software engineering, which has 
recently been introduced in MDE. Search-based optimization 
techniques applies metaheuristic search techniques such as the 
genetic algorithm, for various aspects of engineering, including 

transformation, evaluation, analysis, and model testing [9]. 
Additionally, SBSE develops automated and semi-automated 
solutions for the big and complex state spaces [10]. There are 
different optimization problems in the real world seeking to 
find a solution for the conflicting qualitative criteria to create 
an appropriate trade-off between them. SBSE addresses these 
problems in the form of search problems and uses different 
algorithms to solve them. 

It is also possible to apply SBSE techniques in MDE to find 
optimal solutions for problems with various quantitative 
criteria in large state spaces [11]. For instance, in model 
transformation it is not convenient to find the appropriate rule 
orchestration for generating the most optimal output model. 
MDE does not provide a solution for selecting optimal model 
in the large search space. However, the SBSE techniques can 
be used in model transformation to solve this problem by 
discovering the most consistent combination of rules through 
searching. One of the most common techniques in SBSE is the 
genetic algorithm. This algorithm enables parallel manipulation 
of different solutions, while reducing the probability of getting 
stuck in local optima [12]. Local optima is an optimal solution 
in a limited range of state spaces, however it is not the best 
solution among all possible results. 

To examine the effectiveness of the proposed approach, a 
common-used case study of Class Responsibility Assignment 
(CRA) [13] is used. In this case study attributes and methods 
should be assigned to the classes to create a high-quality class 
diagram with the highest cohesion and the least coupling 
degree. Cohesion refers to the dependencies between classes in 
a class diagram, and coupling determines the degree of external 
dependencies for each class. The input model for this case 
study is a model that includes attributes, methods, and 
dependencies among them, and the output is a class diagram, 
which contains classes with appropriate properties and 
methods. The class responsibility assignment is a complex 
optimization problem with large and even infinite 
transformation space. Different algorithms have been 
developed in transformation languages to solve this problem. 
However, none of the algorithms in the previous solutions are 
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provided a definite optimal solution, and most of them are 
getting stuck in local optima [14].  

In this study, a systematic procedure is proposed for 
applying the genetic algorithm in model transformation in 
order to find an optimal result for the class responsibility 
assignment case study. In this process, an intermediate 
chromosome model has been proposed based on the input 
model and various parts of the genetic algorithm, such as initial 
population generation, crossover and mutation are 
implemented using the rule-oriented language of ATL. The 
Java programming language is used to implement some parts 
of the algorithm, which are not easily implementable in ATL. 
The application of case study to the CRA problem has reported 
an efficient and optimal result in comparison to other solutions. 
Additionally, it has a high level of abstraction and is applicable 
to other similar optimization problems.  

This paper is organized as follows: Section II places this 
research in the context of previous studies of SBSE in model 
transformation. Section III illustrates the details of the 
proposed process. Section IV, describes the case study of class 
responsibility assignment and demonstrates the practicality of 
proposal. Evaluation of the proposal approach is presented in 
section V and section VI summarizes our approach and 
identifies interesting future work on the subject. 

II. RELATED WORK 
There has been a lot of researches on the application of 

SBSE in model transformation problems in recent years. In this 
section the most important problems in this area are 
highlighted and important solution to these problems are 
presented. 

A. The problem of identifying changes and model evolution 
It is a complex task to diagnose and analyze the required 

changes of a model to achieve a new simplified version. In this 
kind of problem, a list of possible simplification rules are 
introduced. The rules apply to the input model to produce an 
evolved and optimized model. This problem creates an infinite 
search space and a heuristic method can be used to find the best 
solution. To solve this problem, Fleck et al. [9] presented the 
MOMOT tool in 2015. The tool enables to create models 
satisfying a few limitations. Using these models, MOMOT 
tries to produce the optimal model based on the specified 
criteria. In fact, the tool converts the transformation problems 
to the search problems and then solves them by using heuristic 
search algorithms. However, this tool is limited to the graph-
based transformations, such as Henshin [15] transformation 
language. 

B. Rule orchestration problem 
One of the most important problems in model 

transformation area, is orchestrating the transformation rules 
for specifying the order of their execution. This orchestration 

could be done either implicitly or explicitly, and its purpose is 
finding the best order of execution and orchestration of the 
transformation rules. Fleck et al. [10] describe this issue as a 
search problem and then generate the best order of 
transformation rules by applying search algorithms to achieve 
the optimal result model. In this study transformation rules are 
described as graph patterns. However, the proposed solution 
reduces efficiency and has high memory consumption. 

C. Clustering problem 
 Clustering problem is one of the most significant problems 

in software engineering and model transformation. Class 
diagram modularization is an example of clustering problem. A 
class diagram consisting of some classes and internal 
dependencies is required to be encapsulated in a module in this 
case, such that the cohesion increases and the coupling 
decreases. Search algorithms might be used to find the best 
clustering. To solve this problem, Fleck et al. [9], in MOMOT 
tool, have identified optimal clustering by considering specific 
criteria to find models with the highest degree of internal 
cohesion and the least degree of coupling. In this tool, the 
optimal clustering process is performed by using the NSGAIII 
algorithm. 

D. The problem of the model transformation by examples 
Generation of transformation rules from corresponding 

source and target models is an interesting problem in MDE. 
Kessentini et al. [16] presented an approach for automating the 
production of model transformation by applying heuristic 
search in the set of existing rules and examples. Following that, 
the transformation rules for implementing the existing 
problems can be reused for further application. 

E. The problem of class responsibility assignment 
Class responsibility assignment is one of the most 

important problems in object-oriented software engineering, 
which has recently discussed in model transformation area. In 
this case, the goal is to allocate the attributes and methods to 
the classes of a class diagram, while achieving the highest 
cohesion and the least coupling degree. Different solutions 
have been provided to tackle this problem, and some of the 
most important solutions will be discussed further.  

Lano et al. [17] presented a solution to solve this problem 
using the UML-RSDS transformation tool. In this approach, 
the genetic algorithm as a SBSE technique is combined with 
model transformation techniques. Following that, 
simplification operations are applied to the input data, and 
empty classes are removed. The genetic algorithm is applied to 
the simplified data to find the ones that have the greatest 
connection with each other and then encapsulates them in the 
same class. In this solution model transformation design 
patterns are used to pre-process or post-process the data [18]. 
However, the generated output in this solution is not optimal 
and has a high execution time compared to other approaches. 
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Nagy et al. [19] used the VIATRA-DSE framework and the 
NSGA algorithm to solve this problem. VIATRA is a rule-
based framework, which selects the best candidate by using 
graph rules. However the solution has low functionality and 
gets stuck in local optima. 

Johnsen et al. [20] presented a solution based on ATL and 
JAVA languages. This approach provides an automated 
solution by using the simulated annealing algorithm. The ATL 
language is used to generate new diagrams, while Java is used 
to evaluate the generated models. The approach does not 
manage large scale models and has the potential of getting 
stuck in local optima. 

In order to solve the encountered problems in these 
solutions, a process is presented for applying the genetic 
algorithm by using ATL and Java in this research. In section IV 
evaluation of this approach with other solutions is provided. 

III. PROPOSED PROCESS 
The existence of a large and complex state space in some 

problems in model transformation context makes it difficult to 
find the optimal model. Therefore, SBSE techniques are 
required to tackle these issues. An example of these problems 
is a selection of an optimal output model from different output 
models. In this study, a general process is presented which 

provides an optimal output model for a model transformation. 

The proposed process is presented in Fig. 1 as a 
combination of the genetic algorithm and MDE concepts for 
generating an optimal target model in model transformation. 
The Genetic Algorithm is one of the SBSE techniques for 
solving optimization problems with an iterative structure. In 
the first phase of the process in Fig. 1, the source model is 
received and the ATL transformation code is executed. The 
initial population is then generated randomly. Each member of 
the initial population is an example of the target model, which 
is considered as a chromosome model. The chromosome 
preserves the maintenance structure of an element in the 
genetic algorithm. In this approach, it is essential to maintain 
the required information from the target model in addition of 
requirements for performing operations in the genetic 
algorithm, such as computing fitness, crossover, and mutation. 

To do this, a two-dimensional structure is proposed for the 
chromosome model as shown in Fig. 2, which separates the 
features in the target model from the effective criteria in 
computing fitness and place them in a single dimension. In this 
state, each feature of a chromosome is assigned to a single row. 
Additionally, in each row only a column which is related to the 
satisfied criterion is considered to be one, while other columns 
are zero. 

 

Fig. 1. The proposed process 
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Fig. 2. Chromosome model structure 

After generating an initial population that includes several 
randomized chromosome models, a few chromosomes will be 
selected to begin the iterative cycle of the genetic algorithm. 
This selection is performed through calculating the fitness 
function for each model and the preferred models will be 
known as parent populations. Computation of fitness could be 
performed in Java or using ATL transformation codes. 
Through selecting a parent population, the chromosomes in this 
population will be randomly paired and, with the probability of 
Pc, the crossover operation will be performed. The crossover 
has been implemented using the ATL transformation language. 
There are various types of implementation for the crossover. 
An example of crossover implementation is presented in Fig. 3. 
In this example, the features in two chromosome models are 
alternately interchanged in order to create two new 
chromosomes. Consequently, a new generation will be 
produced as the children population. 

 
Fig. 3. An example of Crossover 

 
Fig. 4. An example of Mutation 

Some of the chromosomes are mutated among the children 
population with the probability of Pm, and one or more related 
rows may be changed. In particular, according to Fig. 4, in a 
row of mutated chromosomes, a criterion of 1 may be altered 
and a different criterion might be valued as 1 instead. This 
action could be performed through executing the mutation 
transformation, which has written in ATL language for each 
chromosome.  

Upon completion of this step, the children population 
includes the crossover's output chromosomes and some of 
which are mutated. These chromosome models are placed next 
to several parent population chromosome models that are 
randomly selected. After evaluating them according to the 
fitness function, the parent population is selected for 
subsequent replication. At this stage and before starting the 
next replication, the stopping criterion must be checked. If it is 
satisfied, the process of the genetic algorithm replication would 
be over. In this situation, the best chromosome models in the 
new parent population is transferred to the output as the target 
model, and if the stopping criterion is not satisfied, the next 
generation in the genetic algorithm would be repeated. 

The proposed skeleton of the solution could be 
implemented with any general programming languages. Java is 
selected for this study. This skeleton must allow for 
comparison of the fitness value for each chromosome model, 
while supporting the selection of optimal chromosomes from a 
set of chromosomes. Additionally, checking the stop criterion 
and finding the best chromosome model to return it as the 
target model is implemented in Java. 

In addition, calls for transformation of initial population 
generation, crossover and mutation operations need to be 
implemented in Java. However, each of these three operations 
are implemented in ATL. Also, the fitness value could be 
calculated using Java or transformation codes.  Finally, for 
determining the structure of the chromosome model, it is 
required to translate the metamodel into Ecore modeling 
language. 

In order to solve these kind of problems, such as Class 
Modularization it is adequate to modify some parts of the 
chromosome metamodel. Additionally, transformation for 
creating initial population and the fitness function of the 
chromosome model is needed to be changed.  Importantly, 
70% of the performed implementations are reusable. Thus, the 
proposed process in this paper, provides a solution for finding 
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the optimal target model in a complex transformation with 
wide state space. Additionally, the level of abstraction in 
solving these problems is reduced through defining the 
structure of chromosome. 

The application of the proposed process in this paper to a 
case study is presented in the following section. 

IV. CASE STUDY 
In this section, CRA case study as a common example in 

this area is used to evaluate the proposed process. 

The target model is not unique in some of the model 
transformation problems, and various target models are 
produced depending on the decisions made at the 
transformation time. Additionally, a process based on the 
genetic algorithm has proposed in Section III, allows to select 
an optimal target model in a large and complex state space, and 
increases the level of abstraction. 

A. Process customization for the assignment problem 
As previously stated, the class responsibility assignment 

case in model transformation has a very wide range of target 
models and there are 1382958545 different states for assigning 
15 attributes to the non-empty classes. In this case, the goal is 
to properly assign the attributes and methods to the classes of a 
class diagram, such that the output diagram has the highest 
cohesion and the least degree of coupling. In order to find the 
optimal class diagram in this approach, the chromosome 
structure, the fitness function and the first transformation for 
generating the initial random population need to be 
customized. However, no changes are required in other parts of 
the implementation process. The three customized parts will be 
further examined for the class responsibility assignment case. 

1. Structure of the chromosome model 
In the proposed approach, a two-dimensional structure has 

been provided for the chromosome model. It was mentioned 
that the attributes of the target model are placed in the first 

dimension of this structure, while the goal criteria and 
attributes are included in the second dimension. Therefore, for 
class responsibility assignment, each row in the first dimension 
of the chromosome includes one of the methods or attributes, 
and the second dimension will be a list of classes. In the worst 
case, any method and attributes will be in the same Class, and 
the maximum number of classes is equal to the sum of the 
methods and attributes. Fig. 6 presents the two-dimensional 
structure of chromosome. In each row only one of the elements 
has a value of 1, which signifies the method or attribute of that 
row in that specific class. In this structure, classes without 
value of 1 in their columns will not be considered. The 
metamodel which describes this process is shown in Fig. 5. 

Note that for other similar problems, the same chromosome 
model might also be used. A Class Modularization Case Study 
is an example of a clustering problem. In this case, the goal is 
to increase the quality of the models by categorizing the 
classes. The proposed two-dimensional structure of the 
chromosome model for this problem is represented in Fig. 7. 
The rows give the names of the classes and columns represent 
the names of the modules, while the maximum number of 
modules is equal to the number of classes. Additionally, the 
value of 1 means that the class is located in the modules related 
column. 

 
Fig. 7. Chromosome of Class Modularization 

 
Fig. 6. Chromosome of Class Responsibility Assignment 

 
Fig. 5.  Metamodel of Class Responsibility Assignment Chromosome 
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2. Fitness Function 
In the genetic algorithm it is required to compare and select 

the best chromosome. In the proposed process, the evaluation 
criteria and its calculation method must be implemented. To do 
this, for each problem, it is required to re-write a fitness 
function based on the evaluation criterion. The class 
responsibility assignment case uses the CRA-index for 
comparison. This criteria uses the coupling and cohesion ratios.  
A higher CRA-Index relates to a higher quality of the class 
diagram [13]. 

3. Transformation for Random Generation of Population 
The last transformation of the proposed process is used to 

generate the initial random population. It is essential to be 
customized for each specific problem. The transformation is 
implemented in ATL and generates the chromosome model 
based on the input model. In CRA case, this transformation 
receives the input model with set of methods and attributes, 
which is an RDG, and then generates a model of chromosome. 
In this transformation, each method and attribute in RDG is 
transmitted to the chromosome model after their random 
classification. The ATL transformation of this operation is 
presented in Listing. 1. 

rule att2att{ 
 from  
     ft : architectureCRA!Attribute 
 to  
     ch : chromosomeCRA!Attribute( 
  name <- ft.name, 
  classname <- 'class' +  
                  thisModule.testRand(fSize) 
 ) 
   } 
 
   rule method2method{ 
 from  
     cm : architectureCRA!Method 
 to  
     ch : chromosomeCRA!Method( 
  name <- cm.name, 
  functionalDependency <-  

           cm.functionalDependency, 
  dataDependency <-  
                  cm.dataDependency, 
  classname <- 'class' +  
                  thisModule.testRand(fSize) 
 ) 
   } 

Listing. 1. ATL Transformation for Randoum Generation of Population 

B. Results for the class responsibility assignment problem 
The last stage of the process is the calculation of the optimal 
output model for the input models proposed in TTC 2016 [13]. 

The results show that all the generated output models are 
correct and complete. Additionally, the average CRA-index 
and implementation time for 52 times implementation of the 

process of each input model are shown in TABLE I. All 
performances are done on a system with a 3.6GHz processor 
and 8 Gigabytes of RAM. 

TABLE I.         EXAMPLE TEST RESULTS 

E D C B A Output from 

1.25 0.465 0.851 3.6 3.0 CRA-Index 

1814 298 98 43 22 Execution Time 
(ms) 

V. EVALUATION 
The proposed process in this paper is compared with three 

other strategies that provided similar solutions for the CRA 
problem. The results of this comparison is shown in TABLE II, 
which either uses the genetic algorithm or ATL transformation 
to solve the problem. 

TABLE II.          EXAMPLE TEST RESULTS COMPARISON 

E D C B A Output from 

1.25 0.465 0.851 3.6 3.0 Our Approach 

C
R

A
-I

nd
ex

 

4.765 3.381 2.073 3.791 3.0 VIATRA  [19] 

-12.77 0.369 0.494 2.75 3.0 UML-RSDS [17] 

-84.61 -15.72 -1.258 3.5 3.0 Java & ATL [20] 

1814 298 98 43 22 Our Approach 

E
xe

cu
tio

n 
T

im
e 

(m
s)

 

2202 322 127 56 21 VIATRA  [19] 

2327 484 87 40 62 UML-RSDS [17] 

1927 586 186 74 37 Java & ATL [20] 

 

The first approach [20], implemented a simulated annealing 
algorithm with ATL and Java. However, despite the 
appropriate execution time for each input, its average CRA-
Index is lower in comparison to our approach. The second 
approach [17] is presented in the UML-RSDS tool in which the 
genetic algorithm is implemented to generate the optimal 
model. Although the transformation is written with less lines of 
code and have a high level of abstraction, it takes more 
implementation time and its average CRA-Index is lower than 
our approach.  

Finally, in the third approach [19], which is reported as the 
best strategy in TTC 2016, the genetic algorithm is used to 
solve this problem. It takes more time for the execution of 
input model than the proposed strategy in this paper. However 
a good CRA-Index is reported for this approach. This approach 
is based on VIATRA [21] framework, and is highly code-
oriented.  More than 2000 lines of code of Java have been 
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written for implementing this case study, which is very large 
compared to 500 lines of code written in JAVA and ATL to 
implement our approach. Additionally, in this approach we 
focus on modeling instead of coding, by expressing the 
structure of the chromosome model in metamodel level, and 
increasing the level of abstraction. Therefore, it can be argued 
that the proposed approach in this paper has a higher level of 
abstraction than the third strategy.           

VI. CONCLUSION 
Model is a crucial element in MDE, and therefore it is 

important to optimize models to have better results for 
different purposes. Model transformation is applied through 
different stages of software lifecycle. Importantly, it can be 
used for optimization of models. In this paper a process based 
on the genetic algorithm is developed for selecting an optimal 
result from the possible output models. The process is applied 
to the CRA case study. It has been reported that the 
development time for this approach is lower in comparison to 
other solutions. The process is in a high level of abstraction 
and is applicable to similar searched-based problems with 
slight changes. 

In future a unified metamodel will be developed to cover 
all the SBSE problems in MDE. This will satisfy the need to 
define the specific chromosome structure for each specific 
problem and no customize changes is required in the process. 
Alternatively, we aim to implement other optimization SBSE 
algorithms, including the Ant colony algorithm, and then 
compare the performance results with other approaches to find 
the optimal output model. 
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