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Abstract. Models play the leading role in Model Driven Engineering (MDE).
They are used in many contexts: validate Domain Specific Modelling Languages
(DMSL), execute a Model Transformation or run an eXecutable DSML. For more
usefulness and efficiency, all the previous operations require a large amount of
models. Models are either hand-crafted or automatically generated. In both cases,
they have to be as different as possible, and they must cover a large scope of their
domain. In this paper, we propose COMODI, a tool that analyses sets of models, and ensures the good coverage of the space of possible solutions. COMODI
performs model comparison using well-known or custom distance functions. It
produces statistics and graphical visualisations, for evaluating the diversity of
models.
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Introduction

Models play the key role in Model Driven Engineering (MDE). They are widely
used for many purpose. For example, we can use models in order to validate
meta-models and modelling languages, execute and test a model transformation, or run and check the behaviour of an eXecutable DSML. While performing
the previous operations, it is more convenient to use a large amount of models.
This helps to obtain more accurate results. Models are either hand-crafted (small
size) or automatically generated, using model generation tools such as GRIMM
[1], PRAMANA [2], EMFtoCSP [3], etc. However, the set of models is not arbitrary. To ensure a reasonable efficiency, it must respect the important criterion of
diversity. It means that models should be as different as possible. So they cover
the biggest area of the space of possible solutions.
In this paper, we propose a method and a tool, called COMODI whom the
purpose is to evaluate the diversity of a set of models. COMODI compares pairs
of models using famous distance functions (hamming, Levenshtein, cosine and
centrality). COMODI has three main objectives:
– Provide a graphical representation of the concept of diversity, for a given set
of models. The user can then make decisions using this representation.

– Automate the previous step by selecting the most representative models of
a given set.
– Automatically detect clone models.
– Provide statistics about the diversity of a set of models: average distance,
closest models, most different models, etc.
The rest of the paper is organized as follows: section 2 explains how two
models are compared using distance functions. Section 3 gives more details
about the functioning and the output of the tool. Section 4 concludes the paper.
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Comparing Models

The contribution of this paper is based on model comparison or model differences counting. It consists on the comparison of two models by the application
of a distance function d:
d : M×M →
R
(m1 , m2 ) 7→ d(m1 , m2 )
A distance function has three important characteristics:
– ∀(a, b) ∈ M 2 , d(a, b) = 0 ⇒ a = b (separation).
– ∀(a, b) ∈ M 2 , d(a, b) = d(b, a) (symmetry).
– ∀(a, b, c) ∈ M 3 , d(a, c) ≤ d(a, b) + d(b, c) (triangular inequality).
In this paper we propose 4 different distance functions based on well-known
functions and adapted to MDE.
2.1

Hamming distance

Hamming distance compares two vectors. It was introduced by Richard Hamming in 1952 [4] and was originally used for fault detection and code correction.
Hamming distance counts the number of differing coefficients between two vectors.
The models to compare are transformed into vectors, then we compare the
coefficients of vectors to find the distance between both models:
a

= (5, 4, 0, 2, 4, 3, 6, 1)

b

= (6, 5, 3, 3, 4, 7, 0, 1)

d(a,b) = 1+ 1+ 1+ 1+ 0+ 1+ 1+ 0
=

6
8

Cosine distance Cosine similarity is a geometric measure of similarity between
two vectors, ranging from -1 to 1: two similar vectors have a similarity that
equals 1 and two diametrically opposite vectors have a cosine similarity of −1.
Cosine similarity of two vectors a and b is given by the following formula:
n
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After a vectorization of models, cosine similarity is then used to compute a
normalized cosine distance over two vectors [5]:
CD (a, b) =
2.2

1 −CS (a, b)
2

Levenshtein distance

Levenshtein distance [6] (named after Vladimir Levenshtein) is a string metric
used to compare two sequences of characters. To summarise the original idea,
a comparison algorithm counts the minimal number of single-character edits
needed to jump from a first string to a second one. There exist three character
edit operations: addition, deletion and substitution.
Our customized Levenshtein distance is based on the vectorial representation of a model. Each character in original distance is replaced by a class
instance of the model. So, we count the minimal cost of class instance edit operations (addition, deletion or substitution) to jump from the first model to the
second one.
2.3

Centrality distance

Centrality is a real function that associates a value to each node of a graph [7].
This value indicates how much a node is central in this graph, according to a
chosen criterion. For example, in a tree, the highest value of centrality is given
to the root of the tree, whereas the smallest values are associated to the leaves.
A centrality function C is defined by:
C : E → R+
v 7→ C(v)
Many usual centrality functions exist. The simplest one, the degree centrality, associates to each node its degree. Among the well-known centrality

functions, we can cite: betweenness centrality, closeness centrality, harmonic
centrality, etc.
In this paper, we propose a novel centrality function adapted for MDE and
based on eigenvector centrality. This centrality was also used in the first published version of PageRank algorithm of the Google search engine [8]. In PageRank,
eigenvector centrality is used to rank the web pages taken as nodes of the same
graph.
More details on the previous distance functions can be found in [9] and [10].
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Comodi tool

This sections presents our main contribution, COMODI tool (COunting MOdel
DI fferences). COMODI is a tool that is used for analysing sets of models. The
main objective of the tool is to automatically evaluate the diversity of the models. Given a set of models, COMODI prints statistics and graphics, to help the
user to select only the representative elements of the set.

Fig. 1. Steps of process for COMODI tool

As shown in figure 1, the tool consists in two main modules:
1. Distance calculator is used to compare models using well-known distance
functions. The comparison is first performed for each pair of models. Then
a distance matrix is produced.

2. Statistics and graphics generator consists in analysing the previous distance
matrix in order to evaluate the diversity of the set of models. Diagrams and
statistics are automatically generated.
3.1

Distance calculator

Programming language: Java
This module is coded in java and implements the distance functions that
are briefly presented in 2. Those functions are adapted versions of well-known
functions for comparing vectors, string or graphs. Our tool supports four different distances: Hamming [4], Levenshtein [6], Cosine [5] and Centrality [7].
All details about used distance functions, and how they are adapted to models in MDE can be found in [9] and [10].
3.2

Statistics and graphics generator
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Programming languages: Bash & R.
This module is written in Bash & R. It uses many R packages [11] to perform
matrix clustring and to print result diagrams. The distance matrix that has been
produced in the previous step, is used here to print the results.
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Fig. 2. Clustering tree computed for 10 models using Hamming distance.

Figure 2 shows a clustering tree for a set of 10 models. Using a threshold of
80% of difference, we obtain three clusters. So three representative models are
selected by COMODI.
Figures 3 and 4 show two produced voronoi diagrams that show two drastically different sets of 100 models. The first set has a very bad coverage of the

Fig. 3. A voronoi diagram showing a set of 100 models with a bad coverage.

Fig. 4. A voronoi diagram showing a set of 100 models with a good coverage.

space of solutions, whereas the coverage of the second set is almost perfect.
Again, using our tool, a user can easily identify a bad set of models and avoid
its use.
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Conclusion

In this paper we presented COMODI, a tool for comparing models in Model
Driven Engineering. The main objective of COMODI is to evaluate the diversity
of a given set of models. Models are first compared pair by pair using distance
functions. In our work, we used famous functions such as: hamming and Levenshtein functions. All the distance functions we used are adapted to MDE. After
producing a distance matrix, we apply clustering algorithms in order to produce
statistics and graphical representations of the diversity. We propose two different
graphical representations: voronoi diagrams and hierarchical clustering trees.
COMODI is a free and open source software that can be coupled with any
model generation tool. It take two different formats for input models: xmi and
dot.grimm format. It requires the installation of specific R packages for the clustering part. The tool is available for downloading on github1 .
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