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Model finders can build instances of declarative specifications that satisfy a set of 
correctness constraints. Some model finders ensure some degree of diversity among 
the instances they compute. Nevertheless, each model finder uses its own definition of 
diversity, that may or may not match designer intent.
In this paper, we propose a procedure that enables designers to capture the desired notion 
of diversity they are looking for. Using a simple domain-specific language, they can specify 
what elements in the specification are relevant when comparing the differences between 
two instances. This information can then be used to make any model finder diversity-aware 
while using it as a black box. As a proof of concept, this approach has been implemented 
on top of the Alloy Analyzer.

© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the 
CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

The structure and behavior of a software system can be described by means of software models, using notations such 
as Alloy [1], graph-based formalisms [2] or UML/OCL [3]. These notations describe software systems at a high level of 
abstraction, hiding implementation details while preserving its salient features. Analyzing these models can reveal complex 
faults in the underlying systems.

In this analysis, the key assets for checking the correctness of software models are model finders [4], tools capable of com-
puting instances of a model that satisfy or violate a set of constraints and properties of interest. Each model finder targets 
a particular modeling notation and uses a different reasoning engine, such as theorem provers [5], search-based algorithms 
[6,7], query containment [8], term rewriting [9], or constraint solvers, such as satisfiability (SAT) [10,11], satisfiability mod-
ulo theories (SMT) [12,13,7] or constraint programming (CP) [14]. Among other applications, the generated instances can be 
employed for verification (“is the system correct according to some criteria?”), validation (“does the system meet the intent 
of the designers?”) or testing (“does the system behave as expected in a particular scenario?”).

For verification purposes, it is usually enough to check the existence or absence of an instance which either proves or 
disproves the property of interest, e.g., searching for a counterexample. However, for testing and validation purposes several 
instances are usually required to increase our confidence in the correctness of the model. It is highly desirable that those 
instances exhibit diversity, i.e., distinct configurations of the system and interesting corner cases [15]. Lack of diversity may 
make validation and testing more time consuming, as the analysis includes almost-duplicate instances that do not provide 
added value; and less effective, as the sample of instances may fail to include relevant scenarios.
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Nevertheless, most model finders focus on efficiency and expressiveness of the input modeling notation, so few of them 
ensure diversity of the generated instances [16,2,15,17,18]. In these few, diversity assurance is integrated into the solver: it 
guides the search process to look for diverse instances. However, this integration makes it harder to transfer the proposed 
methods to other solvers and notations. Thus, designers are limited in terms of expressiveness (e.g., no support for integer 
or string attributes [2,18,15] or dynamic properties [16,15,7,17]) and cannot benefit from additional features provided by 
others model finders (e.g., computation of minimal instances [19] or support for max-satisfiability [20]).

Another challenge is how diversity is defined within model finders. Deciding whether a set of instances is sufficiently 
diverse depends on the domain and the specific problem being solved. For example, an attribute “password” may be irrel-
evant when testing properties not related to security; and when testing password strength, having different passwords of 
the same length may not be enough, as we may be interested in covering passwords of different length.

This paper proposes a method for distilling diverse instances in the model finder output. Given a set of instances computed 
by a model finder, this approach aims to cluster them into categories according to their similarity. Selecting a representative 
instance from each category ensures diversity while reducing testing and validation time, as redundant instances can be 
safely discarded. As an advantage, the method is (1) solver- and notation independent and (2) supports defining a custom 
notion of similarity. As a drawback, this method does not force the model finder to look for diverse instances, it only distills 
the most diverse ones a posteriori.

Our approach uses a graph-based representation to encode relevant information about instances, i.e., their structure (the 
existing objects and the links between them), typing (the specific type of each object) and attribute values. A domain-
specific language (DSL) lets designers create diversity scripts which specify the information that should appear in these 
graphs, allowing an intuitive way to customize similarity and diversity. Then, graph similarity is measured using graph 
kernels [21,22], a family of methods for computing distances among graphs.

This paper extends our previous work in [23], which introduced the use of graph kernels and clustering to improve 
diversity. In particular, we provide the following contributions: (1) a mechanism to customize the notion of diversity; (2) its 
implementation on top of the Alloy Analyzer; (3) a description of how the approach can be applied to modeling notations 
other than Alloy; and (4) an extended discussion of related work in this area.

Similarity versus other notions of diversity. There is a fundamental difference between targeted diversity notions (e.g., 
guided by coverage) and the notion of similarity used in this paper.

Coverage is an external metric for specifying the desired diversity characteristics of the output of a model-finder. It 
requires an external source of information (e.g., an automaton, a constraint, an imperative program, . . . ) from which the 
degree of coverage can be measured. Such metric can guide the search process of the model finder, or establish that no 
more instances are required.

On the other hand, similarity is an internal metric for diversity in the output of the model finder: it only requires the 
instances themselves. No other external source of information is required (other than a diversity script) and similarity is 
measured in terms of connectivity patterns, types and attribute values of the instances. Thus, it is useful in scenarios where 
the goal is unknown or incompletely specified. For instance, for validation purposes we do not know a priori what type 
of information will be relevant to the designer. Similarly, in the case of testing, we may not know which methods will be 
tested using the instances that the model finder is generating. Therefore, in these scenarios we need to compute instances 
that are diverse per se rather than relying on an externally defined goal.

Paper organization. The remainder of the paper is structured as follows. Section 2 presents an overview of the method 
illustrated with a simple example. Then, we describe the four steps of our method: the default abstraction process for 
transforming instances into graphs (Section 3); the definition of custom diversity notions and its integration in our graph-
based representation (Section 4); graph kernels (Section 5), the framework for computing similarities among graphs; and 
clustering algorithms that can use this similarity to build groups of related instances (Section 6). Section 7 presents some 
experimental results of the application of this method. After that, Section 8 describes previous work on diversity and model 
finding. Finally, Section 9 outlines the conclusions and areas for future work.

2. Method overview

The overview of our approach for identifying diverse instances in model finder output is depicted in Fig. 1. Our input is 
a set of instances computed by a model finder. Optionally, we may also provide a definition of the type of diversity we are 
looking for. Then, our output is a set of clusters grouping those instances according to their similarity. From this output, it is 
possible to select a representative instance for each cluster, e.g., choosing the smallest instance according to a user-defined 
metric.

The method can be divided into four steps:

1. Graph encoding: First, each instance is abstracted as a labeled graph, where labels store type and attribute value 
information and the underlying graph captures the objects and the links among them.

2. Diversity refinement: The information in the labeled graph is filtered, aggregated and abstracted to meet the diversity 
specification provided by the user. This is an optional step: if no specification is given, the default graph encoding is 
not modified.
2
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Fig. 1. Overview of the method presented in this paper.
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Fig. 2. Motivating example: (a) UML/OCL class diagram; (b) Sample instance; (c) Encoding of the instance as a labeled graph; (d) Graph shapes of the three 
clusters.

3. Graph kernel: Then, the pairwise similarity among the n graphs is computed using a state-of-the-art labeled graph 
comparison technique. The result of this computation is a n × n symmetric matrix S where each cell Sij measures the 
similarity between graphs i and j. This notion of similarity measures repeated structures between the two graphs (i.e., 
matching labels and connectivity patterns). Thanks to our graph encoding, which stores type and attribute value infor-
mation as labels, this means that our similarity metric is implicitly considering types, values and topological information 
simultaneously.

4. Clustering: Finally, the similarity data is used by a clustering procedure to classify instances into groups of similar 
instances. The most suitable number of groups is determined by using clustering validity indices, which measure whether 
elements in the cluster are similar to each other and different from elements in other clusters.

To illustrate how the method works and the type of results it can achieve, we will use the UML class diagram in Fig. 2(a). 
This model describes the relationships between employees who work in or lead a department. There are two constraints 
regarding the salary, defined as OCL invariants: all salaries must be below a salary threshold and also below the salary of 
the department’s director.

To be usable in practice, this model should be strongly satisfiable [14]: it should have some instance where all integrity 
constraints are satisfied with each class having a non-empty population. In our example, the class diagram is satisfiable and 
3
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a potential solution is the instance shown in Fig. 2(b). Instances like this can then be used for validating and testing the 
UML/OCL model.

We have used the USE Model Validator [11] to generate 25 valid instances for this model. By manually inspecting these 
instances, we can easily realize that most of them are very similar, i.e., isomorphic graphs with the same connectivity 
pattern between objects. A designer would be interested in a smaller and more diverse set of instances that gives the same 
or even more information as the 25 original ones. We explain next how this can be achieved with our method.

Applying our method, each object diagram is abstracted as a labeled graph. As an example, Fig. 2(c) shows the abstrac-
tion for the object diagram in Fig. 2(b). As designers, we can customize our diversity analysis by deciding to focus only 
on objects and their relationships, abstracting away attribute values. That is, we may decide not to consider differences in 
salaries or maximum salaries when comparing different instances if for our purposes their values are irrelevant. In this way, 
we keep only the part of the graphs that is stored in red, which still provides information about the number of employees, 
departments and how they are related. We then apply hierarchical clustering to our 25 graphs using the similarity infor-
mation provided by a graph kernel algorithm. From the results, validity indices recommend choosing 3 clusters. Thus, we 
have discovered that out of the 25 instances, there are only 3 types of solutions worth considering. The common pattern in 
each cluster is depicted in Fig. 2(d). In particular, 21 of the 25 instances are isomorphic to the leftmost graph shape, only 
changing attribute values between them. Being aware of this redundancy greatly helps a modeler identify relevant instances 
without having to deal with almost-duplicates.

Notice that one cluster identified by our method (the middle one) highlights a potential problem in the model: a depart-
ment where the director works in another department. Considering our domain knowledge, directors usually belong to the 
department that they lead, specially considering that according to the class diagram, each employee can only work in one 
department. This is a corner case worth studying:

• From a testing perspective, we need to check that the implementation considers this special case correctly, and thus we 
need to consider this instance as a test case.

• From a validation perspective, the designer might have included this scenario by mistake. Showing this scenario to 
the designers is relevant to make sure that this instance is valid or help them restrict the class diagram to avoid it 
altogether.

The following sections describe the different phases of our approach in more detail: Section 3 focuses on the graph 
abstraction that transforms the instance into a labeled graph; Section 4 describes how users can customize the notion 
of diversity; Section 5 discusses the graph kernels used to measure the similarity among pairs of graphs; and Section 6
examines how the similarity information is used to compute clusters.

3. Graph encoding

Our method for improving diversity aims to support different modeling notations and model finders, as well as taking 
advantage of off-the-shelf graph comparison algorithms. Thus, in this section, we describe how we translate the instances 
generated by the model finders for a given modeling scenario into labeled undirected graphs.

Subsection 3.1 describes the different types of instances that can be produced by existing model finders and how each 
of them is encoded into a set of edges and labels in a graph representing it. Among them, Alloy is the one providing more 
complex instances. For this reason, the other subsections focus on describing Alloy models (Subsection 3.2), Alloy instances 
(Subsection 3.2) and how Alloy instances are encoded into graphs (Subsection 3.4). Finally, Subsection 3.5 describes how 
this graph encoding can also be applied to other type of instances (e.g., traces) produced by other formal method tools.

3.1. Instances of declarative models

Several modeling languages aim to provide clear and succinct descriptions of the structure of a software system. Depend-
ing on the modeling notation used to specify models and the model finder used in their analysis, the resulting instances 
will have a different structure.

For example, UML class diagrams annotated with invariants written in OCL (Object Constraint Language) can be analyzed 
using model finders such as PLEDGE [7], USE [11], UMLtoCSP [14] or AuRUS [8], among many others. The model finder 
would search for an instance of the class diagram that satisfies all OCL invariants and UML graphical constraints. This 
instance would be then returned back to the user in the form of an object diagram, a graphical representation describing a 
set of objects, each with concrete values for its attributes, and a set of links among these objects.

On the other hand, graph-based solvers such as VIATRA [24] compute labeled graphs where vertices represent objects, 
edges the links between them, and labels attach type information to vertices. This graph may or may not include attribute 
values [25].

Finally, the Alloy notation [1] allows the declarative specification of models using relational logic and their analysis using 
a tool (the Alloy Analyzer). Checking a property with Alloy yields a snapshot, a set of tuples for the different relations in our 
model that fulfill the property being checked (a more precise definition is provided later in this section).
4
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Instances produced by model finders contain some common features regardless of the modeling notation or the specific 
model finder. First, an instance is populated by individuals called objects (object diagram), atoms (Alloy) or vertices (graph-
based notations). Each individual has a type (signature in Alloy) and it can have attributes of a basic type that are given a 
value and relationships (object diagram) or edges (graph-based notations) to other individuals within the instance.

Intuitively, the vertices of the graph will describe the object elements in the instance, while the edges will describe the 
relationships among them. Labels are integer values assigned to vertices. Labels will be used to describe information such 
as the type of each element or the values of attributes.

The complexity of this graph encoding depends on the structure of the instances provided by the model finder. Our 
approach provides a specific solution for each type of output. As shown in Fig. 2, the abstraction of object diagrams is in 
many cases straightforward according to this pattern: objects and attributes become vertices, links become edges, and types 
and attribute values become labels. UML/OCL class diagrams may also include more complex features such as associative 
classes or n-ary associations. Nevertheless, without loss of generality, these features can be translated into classes, binary 
associations and additional OCL constraints [26]. Thus, it is sufficient to encode objects and links between pairs of classes.

Similarly, the mapping from instances in graph-based modeling notations is also trivial: the vertices and edges of the 
original graph are preserved while the type of each element is used as a label for the corresponding vertex. Nevertheless, 
the transformation from the relational notation used by Alloy is more involved. Thus, we devote the remainder of this 
Section to formalize the abstraction of Alloy instances.

3.2. Alloy models

An Alloy specification is defined as a collection of signatures and constraints, followed by a command.
Signatures (sig) describe the data in the model. Each signature has a unique name and represents a set of atoms, the 

base individuals in Alloy’s logic. Signatures can have fields which take values for each atom of the signature. These values 
can be basic data types like integers, other signatures or complex values like functions or sets. Internally, these values are 
managed as relations, collections of tuples with the same arity (number of elements).

It is possible to define a hierarchy among signatures (extends). Moreover, fields and signatures may have multiplicity 
constraints limiting their population, e.g., one (exactly one) or lone (at most one). In addition to user-defined signatures, 
Alloy provides some built-in signatures to describe common data types such as booleans, integers, strings or sequences.

Regarding constraints, there are different types: facts (fact) describe invariants that should always hold; assertions
(assert) state desired properties that should be checked; and predicates (pred) are reusable constraints where some 
elements are passed as parameters. Each constraint can be defined using a mixture of logical operators (e.g., and, not or
implies), relational operators (e.g., dot join or transpose) and quantifiers (e.g., all or some).

Finally, commands instruct the solver which constraint should be analyzed and the scope (number of atoms) that should 
be considered for each signature. Command check searches for a counterexample of an assertion, while command run
searches for an example of a predicate.

3.3. Alloy snapshots

Executing a command with the Alloy Analyzer may yield one of two outcomes: either no instance within the scope 
satisfies the constraints or an instance has been found. This search is exhaustive within the scope defined by the user, 
but the lack of an instance is a not proof of its absence in some larger scope. Instances are called snapshots in the Alloy 
terminology.

An Alloy snapshot is defined by the following elements:

• A list of signatures, including both built-in and user-defined signatures.
• A list of relations, each one with a fixed arity n.
• A list of free variables in the model, e.g., parameters of predicates and existentially quantified variables.
• For each signature, a set of atoms.
• For each relation with arity n, a set of tuples of n atoms.
• For each free variable with arity n, a witness, i.e., a set of tuples of n atoms.

That is, when checking for a property with existential quantifiers, Alloy not only answers whether it is satisfied or not: 
if it holds, it also provides an example of a specific value of the quantified variable (the witness) for which the property 
holds.

3.4. From snapshots to graphs

We need to define how to translate: (1) built-in signatures, (2) user-defined signatures and (3) relations. As witnesses 
are a special type of relation, we do not need to treat them separately.

Regarding built-in signatures, we need to make sure that each value will be given the same label in different snapshots: 
an integer like 7 and a string like “John” should be considered equal among different snapshots. Thus, the first step is 
5
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Fig. 3. Example of graph abstraction: (a) Alloy model; (b) Alloy snapshot in textual format; (c) Alloy snapshot depicted graphically; (d) Abstracted graph.

traversing the set of snapshots being abstracted to construct a vocabulary of values. In this way, we compute a unique label
for each value of a basic type.

1. Built-in signatures: We create a vertex for each atom in these signatures, plus a vertex for each built-in value (string, 
integer or sequence) used in the model. We label each vertex with the unique label for that built-in value.

2. User-defined signatures: We create a vertex for each atom. It is labeled with its signature, i.e., the innermost signature 
in the signature hierarchy to which it belongs.

3. Relations: We create a vertex v for each tuple, labeled with the name of the relation. Then, for each i-th element in 
the tuple, we create a vertex1 labeled with i connected to both v and the vertex of the corresponding value.

Fig. 3 shows an example of this abstraction process. The Alloy model in Fig. 3(a) describes a DNS server lookup process. 
We want to validate the potential scenarios in this process, for instance, whether two names may resolve to the same IP 
address. To do that, Alloy finds example instances, highlighting the offending names (n1 and n2) and DNS (d). Fig. 3(b) and 
(c) show one sample Alloy instance in textual and graphical format.2

The corresponding graph abstraction is depicted in Fig. 3(d). For clarity, vertices are depicted in a different shape accord-
ing to their origin: circles for atoms; rectangles for relations (white) and positions within relations (grayed); and hexagons 
for witnesses.

3.5. Beyond snapshots

While some formal method tools focus on the analysis of structural properties of a system, others are also concerned 
with dynamic properties. For instance, model checkers compute traces, i.e., sequences of system states that satisfy or fail to 
comply with a given temporal property. Even though the Alloy Analyzer provides model checking capabilities, the instances 
produced by other formal method tools may differ significantly from Alloy snapshots.

1 The intermediate vertex is omitted when the position i can be inferred: no other position in the relation has a compatible signature, i.e., with a 
common supertype.

2 Alloy’s instance viewer depicts atom IP0 as IP for brevity, given that there is only one atom in signature IP.
6
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one sig BTrace {
initial: one BState,
final: one BState
}
sig BState {
incoming: lone BTransition,
outgoing: lone BTransition

}
sig BTransition {
name: one BOperation,
parameters: set BValue,
returnValues: set BValue,
src: one BState,
tgt: one BState

}
sig BOperation {}
abstract sig BValue {}
sig BInteger { value: Int }
sig BSet { value: set BValue }

assert { no BTrace.initial.incoming }
assert { no BTrace.final.outgoing }
assert { all s: BState | (s != BTrace.initial) implies some s.incoming }
assert { all s: BState | (s != BTrace.final) implies some s.outgoing }
assert { all t: BTransition | t.src.outgoing = t and t.tgt.incoming = t }

Fig. 4. Alloy specification of B traces.

In this section, we discuss a general strategy that enables designers to apply the method proposed in this paper to a large 
variety of formal method tools. Let us consider a target formal methods tool, which computes instances or traces in a given 
output formalism. Taking advantage of the expressiveness of the Alloy language, we propose to define an embedding [27]
of this output formalism in the Alloy language. That is, we will define an Alloy specification (spec) that describes the 
output formalism. Then, each trace of the target tool can be translated into the corresponding snapshot of spec, an Alloy 
specification. This makes it possible to apply the graph encoding for Alloy snapshots described in subsection 3.4 to the 
instances of our target tool.

Traces in ProB. ProB [28] is an animator and model checker for the B-Method [29] and many other formalisms such as Z, 
CSP or Promela. For instance, in B specifications ProB can compute traces that lead to an error state where an invariant is 
not satisfied or a deadlock is reached.

Let us consider the language of ProB traces for specifications written in B [30]. A trace is a finite and non-empty sequence 
of states starting from an initial state. Between each pair of states there is a transition representing the execution of an 
operation. Each transition is labeled with: the name of the operation being invoked; the (possibly empty) finite list of 
parameter values passed to the operation; and the (possibly empty) finite list of return values.

For the sake of simplicity, we will restrict the types of values that we consider to integers (INT) and sets. In this scenario, 
the Alloy specification in Fig. 4 can be used to describe B traces. The proposed translation is a deep embedding, given that 
each element in the B trace language is modeled explicitly using Alloy constructs. A much simpler shallow embedding would 
also be possible.

Using an embedding such as this one, a formal method tool can translate its output instances into an Alloy snapshot (a 
text file). Then, our method can be applied directly, encoding the Alloy snapshot into a graph.

To conclude, we do not claim that this deep embedding process produces optimal graph encodings. It is possible to 
define more compact encodings for a particular tool. This section only intends to illustrate the degree of generality of the 
proposed approach.

4. Customizing diversity

The graph encoding defined in Section 3 transforms each instance into a graph that captures its type, value and topo-
logical information. Nevertheless, this mapping assumes that all elements in the specification are relevant from the point of 
view of diversity. As we have seen, this is not always desirable, given the different ways in which the instances produced 
by the model finder can be used.

Some approaches aimed at achieving diversity use uniform sampling [31–34] as their goal: achieving a uniform distribu-
tion among solutions. Nevertheless, the desired notion of diversity may be more complex (a target probability distribution, 
a partition into meaningful classes), and specific to a domain or even a particular problem [7,17]. The most precise way 
to control diversity would be to allow designers to define the distance function to be used when comparing two instances. 
Nevertheless, writing an ad hoc distance function is not a trivial task, as it needs to compute and combine information 
about types, attribute values and the structure of the instance.

In this Section, we propose a domain-specific language that designers can use to select and refine the model features 
that are important for them when determining the level of diversity. Using this DSL, designers can specify the submodel 
7
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of interest or aggregate some properties of the elements in the model. Any information from the instance outside this 
submodel is still generated by the model finder, but it is filtered out when it comes to measuring and enforcing diversity 
among instances.

This DSL aims to be concise, usable and expressive. It offers high-level concepts that will be familiar to designers rather 
than implementation details such as the distance function being used. The language comprises a set of modeling primitives 
in order to:

1. Define the signatures, relations and attributes that are relevant from a diversity perspective, i.e., all others can be 
ignored.

2. Identify the fields whose values can be abstracted, i.e., it is not necessary to consider their specific individual value. 
Instead, we would like that value to satisfy a diversity of properties of interest or to fall within different categories 
according to some criteria.

3. Specify the information in a relation that is only relevant in an aggregate form, e.g., count the number of objects 
participating in the relation or compute the sum/min/max of a numeric attribute.

4.1. Relevant elements

To reduce verbosity, the DSL provides two ways of defining the submodel of interest: default relevant (unless oth-
erwise noted, everything is relevant) and default irrelevant (unless otherwise noted, everything can be hidden). It is 
also possible to highlight that all model elements of a certain type (e.g., witnesses or fields) are always considered relevant, 
e.g., default witness irrelevant. If the designer does not make an explicit choice, we will assume relevance by 
default.

After defining the default behavior, the designer only needs to list the elements that deviate from this default 
behavior. For instance, if the default is irrelevant we could say relevant <ListOfElements>, where the
<ListOfElements> is a comma-separated list of signatures, fields or witnesses (specified as sig-name.* for all fields 
of a signature or using sig-name.field-name for a specific field). Note that it is possible for a signature to be relevant 
while its attributes are irrelevant, but the opposite is not possible: attributes in an irrelevant signature are also irrelevant.

Example 1. Going back to our example on employees and departments from Fig. 1, a diversity script stating that attribute 
maxSalary in class Department can be defined as irrelevant would be:

default relevant
irrelevant Department.maxSalary

If we wanted to abstract the two attributes in our example (salary and maxSalary), we could do it as follows:

default relevant
irrelevant Department.maxSalary, Employee.salary

Example 2. Assuming we are only interested in diversity among workers and their salaries, we can specify that as:

default relevant
irrelevant Department

4.2. Abstracting values

We denote that the concrete value of a field will be replaced by a more abstract value using the following syntax:

abstract <Field> with <Function>

where <Field> is defined using the sig-name.field-name syntax and <Function> is the name of a function that 
abstracts the value of a parameter as an integer value. We consider the following types of abstractions:

• Boolean properties about the value of the field that return 0 (false) or 1 (true), e.g., the predicate isZero() that checks 
whether a numeric field is equal to zero.

• Functions computing a metric or assigning a discrete category to the value of a field. For instance, sign(), that returns 
−1, 0 or 1 according to the sign of a numeric field or length(), that computes the length of a String field.

In addition to predefined functions like the previously mentioned ones, we support invoking user-defined functions from 
the Alloy specification. These functions should have a single argument (a value of this field) and produce an Int value as a 
result. This feature allows a lot of flexibility to this DSL by allowing the definition of custom problem-specific abstractions.
8
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script ::= /* empty */ | statement script
statement ::= default_stmt | relevance_stmt

| abstract_stmt | aggregate_stmt
default_stmt ::= DEFAULT feature relevance
feature ::= /* empty */ | ATTRIBUTE | WITNESS | RELATION
relevance ::= RELEVANT | IRRELEVANT
relevance_stmt ::= relevance name_list
name_list ::= name | name , name_list
name ::= IDENT | IDENT . * | IDENT . IDENT
abstract_stmt ::= ABSTRACT IDENT . IDENT WITH IDENT ( )
aggregate_stmt ::= AGGREGATE IDENT . IDENT WITH IDENT ( IDENT )

Fig. 5. Syntax of the proposed DSL.

Example 3. Consider that for diversity purposes we want to select instances that distinguish regular companies from non-
profit organizations where some workers do not receive any compensation. To target this notion of diversity, we can abstract 
salary in this way:

abstract Employee.salary with isZero()

4.3. Aggregating relations

Finally, we denote that a relationship can be abstracted by considering an aggregation of data from the participants in 
the relation in the following way:

aggregate <Relation> with <Operation>(<Argument?>)

where <Relation> is the name of the field where we are performing the aggregation; <Operation> can be either 
count, min, max or sum; and the optional <Argument> is the name of the target field whose value will be aggregated 
(for min/max/sum operations), which is not required for the count operation (where we only count the population).

Example 4. A diversity script that abstracts employees’ details replacing them with the number of employees in each de-
partment would be the following:

aggregate Employee.WorksIn with count()
irrelevant Employee, Employee.*

Example 5. Consider that the user is looking for diversity in the total payroll of departments. The following script could be 
used:

default irrelevant
relevant Department
aggregate Department.WorksIn with sum(salary)

A similar script can be used to consider only the salary of the director of a department:

default irrelevant
relevant Department
aggregate Department.Leads with sum(salary)

4.4. Implementation of the DSL

The DSL is implemented as a parser written in JFlex (lexer) and CUP (syntax and semantics). The parser reads the 
diversity specification file and stores the settings: which signatures and fields are relevant, which fields are abstracted and 
with which predicate, which relationships are aggregated, . . . Later, when instances are encoded as labeled graphs, these 
settings are used to control how the graph encoding is generated.

Fig. 5 describes the complete syntax of the DSL using the BNF notation. The identifiers appearing in the grammar can 
refer to either signature names (before the dot symbol), field names (after the dot symbol) or operation names (before 
opening parenthesis).

Meanwhile, the pseudocode in Algorithms 1 and 2 describes the semantics of the DSL by showing how it governs the 
graph encoding process. For the sake of clarity, we have hidden some parts of the graph encoding, such as the encoding of 
positions in relations, the encoding of witnesses or the encoding of aggregations. Looking more closely at the pseudocode 
in Algorithm 2, relevance dictates which elements are encoded in the graph: in lines 10 and 21, irrelevant signatures are 
not included in the graph; in line 22, irrelevant fields are also removed. Meanwhile, lines 25–26 take care of the abstraction 
of field values: if the designer has defined any operation for abstracting a field, the operation is applied to the value of the 
field and the resulting value is used instead.
9
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1 Function EncodeSnapshotSet(dsl, A S)
input : dsl: A DSL file; A S: a set of Alloy snapshots
output : A set of labeled undirected graphs, one per snapshot in S

2 // Parse diversity script
3 // The settings record which signatures and fields are relevant, which fields
4 // should be abstracted and which relationship should be aggregated
5 settings ← parse(dsl);

6 // Build a dictionary that maps entities to unique integer labels
7 // Values shared between two or more snapshots will be given the same label
8 dict ← ∅;
9 foreach snapshot as ∈ A S do

10 foreach constant atom c ∈ as do
11 // If c ∈ dict, return previously assigned integer label
12 // If c /∈ dict, add c to the dictionary and assign new label
13 dict.findOrAdd(c);

14 // Encode each snapshot separately
15 G ← ∅;
16 foreach snapshot as ∈ A S do
17 G ← G ∪ EncodeSnapshot(s, settings, dict));
18 return G;

Algorithm 1: Preparation of the graph encoding process.

1 Function EncodeSnapshot(as, settings, dict)
input : as: an Alloy snapshot; settings: diversity settings from the DSL; dict: label map
output : A labeled undirected graph encoding the types, values and topology of as

2 // Start with an empty undirected graph G = (V , E)

3 G ← (∅, ∅);

4 // Encode constants
5 foreach constant atom c ∈ as do
6 label ← dict.findOrAdd(c) ; // Retrieve label for constant c
7 V (G) ← V (G) ∪ { newVertex(label, c)}; // Add vertex for constant c

8 // Encode atoms in signatures
9 foreach signature s ∈ as do

10 if settings.isRelevant(s) then // DSL: signature relevance
11 label ← dict.findOrAdd(s); // Retrieve label for signature s
12 foreach atom a ∈ s do
13 V (G) ← V (G) ∪ {newVertex(label, a)} ; // Add vertex for atom a

14 // Encode relations
15 foreach relation r ∈ as do
16 label ← dict.findOrAdd(r) ; // Retrieve label for relation r
17 foreach tuple t ∈ r do
18 v1 ← newVertex(label,t); // Add vertex for tuple t
19 V (G) ← V (G) ∪ {v1};
20 foreach field f ∈ t do
21 if settings.isRelevant(signature(f))
22 and settings.isRelevant(f) then // DSL: field relevance
23 a ← t[ f ]; // Atom a in field f of tuple t
24 if a is a constant atom then
25 op ← settings.abstractFieldOp( f ); // DSL: field abstraction
26 value ← op (a); // Apply field abstraction
27 // operation (if any)
28 v2 ← findVertex(value, V (G)); // Recover vertex for value
29 if not found then // New constant value
30 label ← dict.findOrAdd(value); // Assign new label
31 v2 ← newVertex(label, value); // Add new vertex
32 V (G) ← V (G) ∪ {v2}
33 else
34 v2 ← findVertex(a, V (G)); // Recover vertex for atom a
35 E(G) ← E(G) ∪ (v1, v2);

36 return G;

Algorithm 2: Graph encoding for a single Alloy instance.

4.5. Discussion

In order to illustrate the capabilities of this DSL, we revisit the example specification on DNS server lookup presented in 
Fig. 3. Starting from the instance from Fig. 3(d), we define three diversity scripts and present their impact in Fig. 6.

The first script (top of Fig. 6) removes the witnesses from the graph encoding, in case the user is not interested in 
this information. The second (middle of Fig. 6) removes the lookup relation, keeping the remaining information about 
the signatures and atoms that participated in the relation. Finally, the last script (bottom of Fig. 6) only considers the 
information from the model that concerns the DNS server. To this end, it hides most information within the instance but 
10
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DNS0 parent DNS1

Name0 Name1

lookup lookup

IP0

1 2

Ignore diversity among witnesses
default irrelevant witness

DNS0 parent DNS1

Name0 Name1

IP0

n1n2

d1 2

Ignore diversity in lookup
irrelevant DNS.lookup

DNS0 parent DNS1 20 1 2

Look for diversity in DNS (parent, number of lookups)
default irrelevant
relevant DNS, DNS.parent
aggregate DNS.lookup with count()

Fig. 6. Sample customizations of the graph encoding from Fig. 3.

also adds new information to it: the number of name-to-IP lookups in which the server is involved, a metric which was 
previously implicit in the underlying structure of the graph.

The application of the diversity scripts enables the designer to define different views of the same instances. Using these 
different views, it is possible to consider two instances similar from one point of view but dissimilar from another. For 
instance, considering the bottom script, this diversity notion prioritizes having diverse hierarchies of DNS servers, while the 
number of IP addresses will not be taken into account when comparing two instances. Using this view focused on the DNS 
servers, our clustering would differ significantly3 from another one that, for instance, concentrated on the IP addresses and 
names. Clearly, there is no “best” diversity notion: which view works best will depend on the domain, the problem and the 
goals of the designer that is generating the instances.

Section 5 will discuss how we can use these graphs to compute the distance between instances, so that we can later 
classify them into groups according to their similarity.

5. Graph kernels

There are different ways to compare a pair of graphs and establish the degree of similarity between them. For instance, 
the edit distance measures the number of atomic changes required to transform one graph into the other. An alternative is 

3 There are some corner cases where the clustering would remain unchanged. For instance, if all instances are equal, the proposed clustering will be the 
same (group all instances into a single cluster) regardless of the diversity script.
11



R. Clarisó and J. Cabot Science of Computer Programming 215 (2022) 102745
Table 1
Examples of graph kernels.

Method Structure Efficiency

Random walks Walks (allows repetitions) O (n3) − O (n6)

Shortest paths Paths (no repetitions) O (n4)

Graphlets Subgraphs of size k O (nk)

Weisfeiler-Lehman Subtrees O (hm)

checking for isomorphism4 between the whole graphs or their subgraphs. However, these approaches have a high computa-
tional complexity and may be unsuitable for comparing large graphs or sizable collections of graphs.

An alternative approach is taken by graph kernels [21,22], a family of methods for measuring the (dis)similarity among 
pairs of graphs. Rather than computing an exact measure for similarity, kernels aim to provide an efficient approximation 
that can be computed efficiently but still captures relevant topological information about the graphs. A typical approach is 
counting the number of matching substructures within the graphs, like paths, subtrees or subgraphs.

Graph kernel catalog. Table 1 presents some typical kernels describing the structures they use and their complexity in 
terms of the number of vertices (n) and edges (m), as well as parameters of the analysis that can be tuned to select the 
proper trade-off between precision and efficiency (k and h).

The random walk kernel counts the number of walks (sequences of adjacent vertices) that match (i.e., exhibit the same 
sequence of labels) between two graphs.

The shortest paths kernel compares the list of shortest paths between two graphs, measuring similarity as the number 
of matches. Two paths match if they have the same distance between them and the same labels in the initial and final 
vertices.

The graphlet kernel [35] considers all possible graphs with k vertices (graphlets) and counts how many times each 
graphlet appears as a subgraph in the graphs being compared. Similar graphs will tend to have similar counts of each type 
of subgraph. The choice of k will provide a trade-off between a more precise measure of similarity (for larger values of k) 
and efficiency (for smaller values of k). In order to keep the number of graphlets manageable, the value used for k is usually 
small (e.g., between 3 and 5).

Obviously, the use of more complex graph substructures enables a more precise classification of graph connectivity 
patterns. Nevertheless, improving precision also increases the computational complexity of the kernel. The choice of the 
most suitable kernel for a particular domain is an open problem [35], with no theoretical framework to provide an objective 
selection criteria.

The Weisfeiler-Lehman kernel. In this work, we have used the Weisfeiler-Lehman kernel [36], as it is widely considered to 
be the state-of-the-art graph kernel [37] and has been shown to provide good precision with an efficient computation in a 
variety of domains [36,38] including linked data and software analysis [39,40].

Algorithm 3 describes the Weisfeiler-Lehman (WL) kernel. The procedure computes the distance between a pair of graphs 
G1 and G2 by counting the number of common subtrees up to height h. To avoid enumerating subtrees explicitly, a char-
acteristic label is computed for each subtree. This label is constructed iteratively: each iteration i computes the label for 
the tree of height i rooted in each node v (label(i, v)). Iteration 0 (line 11) uses the original labels in the graph. Then, 
each iteration i (lines 14-21) assigns a label to each vertex v by combining the labels of v and its adjacent vertices in 
iteration i − 1. Finally, the distance between the pair of graphs is computed by counting the original labels (line 12) and the 
labels for subtrees up to height h (line 22) and comparing their frequencies (lines 4-6). The complexity of this procedure is 
O (hm), with m being the number of edges in the graphs [36]. The parameter h allows us to control the trade-off between 
performance and precision.

Notice that thanks to how our graph abstraction process is defined (types and attribute values as labels), the similarity 
value computed by the kernel is implicitly taking advantage of topological, type and attribute value information from the 
instance.

6. Clustering

Clustering is one of the fundamental tasks in the field of Machine Learning (ML). Intuitively, it consists in the analysis of 
a collection of elements to identify groups of similar individuals, for a given definition of “similarity”.

6.1. Algorithm selection

Several algorithms have been proposed for this task [41]. There is no single “best” clustering algorithm: the most suitable 
one depends on the collection being analyzed. This is because the strategies for finding clusters can be very different. For 
example, means and medoids are different definitions of the “center” of a cluster, and algorithms like K -means and K -medoids

4 Graphs G1 = (V 1, E1) and G2 = (V 2, E2) are called isomorphic if there is a mapping f : V 1 → V 2 such that ∀x, y ∈ V 1 : (x, y) ∈ E1 iff ( f (x), f (y)) ∈ E2.
12
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1 Function WLKernel(G1, G2, h) // Weisfeiler-Lehman graph kernel
input : G1, G2: a pair of labeled undirected graphs; h: an integer (the tree height)
output : A distance measure between G1 and G2

2 freq1 ← WLTest(G1 , h); // frequency of each label in G1
3 freq2 ← WLTest(G2 , h); // frequency of each label in G2
4 distance ← 0; // distance = difference among frequencies
5 foreach label lab do
6 distance ← distance + |freq1[lab] − freq2[lab]|;
7 return distance;

8 Function WLTest(G, h) // Weisfeiler-Lehman isomorphism test
input : G: a labeled undirected graph G = (V , E); h: an integer (the tree height)
output : A map counting the frequency of labels in G

9 // Initially all labels x have frequency[x] = 0
10 foreach vertex v ∈ V (G) do
11 label(0,v) ← label of v in G;
12 frequency[label(0,v)] ← frequency[label(0,v)] + 1
13 for i ← 1 to h do
14 foreach vertex v ∈ V (G) do
15 adjacentLabels ← labels(i-1, neighbours(v, G));
16 // signature = my label + sorted labels of adjacent vertices
17 signature ← append(label(i-1,v), sort(adjacentLabels));
18 // Assign an integer label that summarizes signature
19 // Two equal signature should always receive the same label
20 // Compressed labels not reused in the next iterations
21 label(i, v) ← compressLabels(signature) ;
22 frequency[label(i,v)] ← frequency[label(i,v)] + 1
23 return frequency;

Algorithm 3: Pseudocode for the Weisfeiler-Lehman graph kernel [36].

aim to find the best location for those centers. On the other hand, methods like hierarchical clustering initially consider each 
element as a cluster and then iteratively merge the two nearest clusters.

In order to select which clustering algorithm should be used, the required input information should be considered:

• Feature versus Kernel methods: Some algorithms like K -means require each element to be described by a vector of 
features (relevant characteristics) of a fixed length. Meanwhile, other techniques like hierarchical clustering only require 
a distance (or similarity) measure among pairs of elements.

• Target number of clusters: Algorithms like K -means or K -medoids require knowing the target number of clusters a 
priori. Conversely, algorithms like hierarchical clustering do not require this information beforehand.

In our context, the elements we are trying to cluster are labeled graphs5 abstracting the outputs of a model finder. The 
number of target clusters is unknown a priori. Moreover, the graphs to be clustered are not described as a feature vector: 
instead, the similarity metric provided by the Weisfeiler-Lehman graph kernel is used to compare them. The lack of a feature 
motivates us to select a hierarchical clustering method.

Hierarchical clustering [43] is a family of clustering techniques that build a hierarchy, with each element in a different 
cluster at the bottom and a single cluster at the top. This hierarchy can be built using a bottom-up or agglomerative strategy 
(by merging the two most similar clusters in the current level) or a top-down or divisive strategy (by splitting the elements 
in a cluster into two disjoint groups).

Agglomerative algorithms differ in the strategy used to decide which two clusters should be merged next, that is, how 
we decide which two clusters are the most similar. The two most popular methods are complete linkage and average linkage, 
which define the distance between two clusters c1 and c2 as the highest / average distance between elements of c1 and c2. 
Both of these approaches provides more compact clusterings than using single linkage (minimum distance between elements) 
and are the technique of choice in most works. After checking that both approaches yielded comparable results, we settled 
with the average linkage approach.

6.2. Choice of number of clusters

The output of hierarchical clustering is a dendrogram, a tree that describes the order in which clusters should be merged 
according to their similarity. A clustering is obtained when we decide where (in which level of the tree) the merging should 
stop. In order to decide that, we can use cluster validity indices, metrics that measure the quality of a clustering. In a good 
clustering, elements within a cluster should be very similar and very dissimilar to elements in other clusters. The metric is 
evaluated in each level of the tree and the clustering providing the optimal value is selected.

5 In the ML literature, the term graph clustering is used with two different meanings [42]: finding densely connected subgraphs within a large graph; and 
grouping a collection of graphs according to their similarity. In this work we consider the latter.
13
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Table 2
Summary of the models verified using the Alloy analyzer.

Model Domain Sig Field Fact Pred

chord-bug-model Distributed hashtable lookup protocol 4 8 3 15
file-system Generic file system 7 4 0 3
firewire Leader election (Firewire protocol) 15 16 2 15
flip-flop Flip-flop state machine 6 8 1 2
genealogy Genealogical relationships 5 2 4 1
grandpa “I am my own grandfather” puzzle 3 3 3 2
philosophers Dining philosophers problem 3 5 1 2
railway Train safety in a railway system 4 5 3 6
reset-flip-flop Evolution of a flip-flop 7 8 1 2

In this work, we have used the silhouette coefficient [44], a classical metric that measures the average distance to elements 
in the same cluster compared to the minimum of the average distances to elements in other clusters. It provides a value in 
the [−1, 1] range (higher is better), where values below 0.5 signal a bad fit in the clustering. As mentioned previously, the 
clustering achieving the highest average silhouette width is selected as our output.

7. Experimental results

In order to assess the computational effort of the proposed method and the usefulness of its output, we have performed 
several experiments. These experiments aim to answer the following research questions:

RQ1. How does the execution time of the method compare to model finding?
RQ2. Do the resulting clusters provide a concise yet diverse summary of the model finder output?

Experiment design. We have analyzed a collection of Alloy models provided in the Alloy GitHub model repository.6 Among 
them, we have chosen examples dealing with the generation of examples or counterexamples, rather than proving their 
absence. These types of models could be used for validation and testing, and thus they are the target of the proposed 
method. For these models, we have used the Alloy Analyzer to generate up to 100 instances (less if there are not enough 
valid instances available). Table 2 provides information about the size and complexity of these models: the number of 
signatures (Sig), fields (Fields), facts (Fact) and predicates (Pred) in each Alloy model.

Implementation. We have implemented our method as two separate components. First, we have developed a Java program 
that calls the latest version of the Alloy API (5.0.0) to compute a collection of instances and generate their graph encoding. 
This program also receives as input a DSL script (parsed using JFlex/CUP) in order to adapt the graph encoding to the desired 
notion of diversity. The output of this tool is stored as a set of files in GML format. Then, a R script reads the GML files, 
computes the graph kernel and performs the clustering. This script takes advantage of existing libraries for representing 
graphs (the igraph package7), similarity analysis among graphs (the graphkernels package8 [45]) and clustering (the
cluster package9).

The experiments have been performed on a quad-core Intel i5-760 2.8 GHz with 4 GB of RAM. On the software side, we 
have used Java 9.0.4 64 bits and R 3.50 64 bits. With respect to the settings, Alloy has used MiniSat as the SAT solver back-
end with the highest amount of symmetry breaking (symmetry = 20). Regarding the graph kernel, the Weisfeiler-Lehman 
graph kernel has been used with the default number of iterations (h = 5).

Execution times have been measured in each step of the computation: the Alloy analysis, the graph abstraction phase 
and the kernel and clustering phases.

Results and discussion. Table 3 shows, for each experiment, the scope used in the analysis (Scope) and the number of 
computed instances (Inst). Notice that for two models there were less than 100 satisfying instances. Then, we describe 
the time (in milliseconds) required by Alloy to compute the instances (Model finding), compared to the time taken by the 
different steps of our method: graph abstraction (Abst), graph kernel (Kern) and clustering (Clust). The total time for the 
three steps is reported as well. Then, Table 4 lists the optimal number of clusters (# Cl) identified by our method and the 
silhouette coefficient (Sil). As mentioned in Section 6, the silhouette is a value in the [−1, +1] range that estimates the 
quality of the clustering (higher is better).

Considering these results, regarding RQ1 (efficiency) the execution time of the method is always below 0.5 seconds 
and less than the time required by Alloy to compute the instances. This was somewhat expected, as the computational 
effort of our approach depends on the number of instances and their size, but it is unaffected by the hardness of finding 

6 https://github .com /AlloyTools /models.
7 https://igraph .org.
8 https://cran .r-project .org /package =graphkernels.
9 https://cran .r-project .org /package =cluster.
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Table 3
Experimental results: efficiency.

Model Analysis Model 
finding

Execution time

Scope Inst Abst Kern Clust Total

chord-bug-model 2 52 498 ms 169 ms 90 ms 30 ms 289 ms
file-system 5 100 825 ms 165 ms 180 ms 30 ms 375 ms
firewire 2-7 100 1474 ms 209 ms 180 ms 40 ms 429 ms
flip-flop 10 100 652 ms 203 ms 180 ms 50 ms 433 ms
genealogy 6 100 830 ms 129 ms 140 ms 50 ms 319 ms
grandpa 4 48 554 ms 88 ms 70 ms 40 ms 198 ms
life 3-6 100 1681 ms 283 ms 180 ms 40 ms 503 ms
philosophers 4 100 1539 ms 157 ms 160 ms 40 ms 357 ms
railway 1-4 100 735 ms 179 ms 170 ms 30 ms 379 ms
reset-flip-flop 10 100 672 ms 250 ms 160 ms 40 ms 450 ms

Table 4
Experimental results: clustering and diversity customization.

Model Default Abstraction Aggregation

# Cl Sil # Cl Sil # Cl Sil

chord-bug-model 5 0.31 6 0.75 5 0.28
file-system 3 0.99 3 0.99 3 0.99
firewire 3 0.76 3 0.81 3 0.79
flip-flop 2 0.04 55 0.07 – –
genealogy 33 0.45 32 0.72 – –
grandpa 2 0.96 2 0.96 2 0.96
life 14 0.30 14 0.30 2 0.67
philosophers 2 0.30 10 0.37 – –
railway 50 0.46 50 0.46 2 0.24
reset-flip-flop 14 0.48 14 0.48 – –

Diversity notions: Default: Default graph encoding, Abstraction: Abstracting selected fields and signatures, Ag-
gregation: Aggregating selected relations using count (population).

instances, the decisive factor in Alloy’s execution time. Therefore, we can conclude that using our approach does not incur 
in a significant overhead with respect to using the model finder.

With respect to the scalability of our approach, let us consider the computational complexity of our method. We consider 
two parameters in this analysis: n, the number of instances that will be computed by the model finder; and m, the size 
(number of atoms, tuples in the relation and witnesses) of an instance. Graph abstraction performs a traversal of the 
instance, requiring O (m) time. The graph kernel takes O (m) time for each comparison and performs O (n2) comparisons, so 
in total it requires O (m · n2). Finally, clustering requires O (n3) time, so the overall complexity is O (m · n2 + n3). In terms 
of space complexity, we require O (m · n) to store the n graphs, O (n2) to store the similarity matrix and perform clustering, 
that is, O (m · n + n2) in total.

Regarding RQ2 (quality of the output), in Table 4 we have considered three different scenarios: one where we use the 
default encoding; one where we abstract some of the fields and signatures of the model according to the characteristics of 
the problem; and one where we aggregate selected relations using the count operation, i.e., instead of keeping the specific 
tuples in the relation, we record the number of tuples associated with each atom.10 We can see that the proposed number 
of clusters varies significantly from one model to another, and so does the silhouette coefficient:

• Models with a high silhouette (e.g., file-system and grandpa) exhibit some sort of symmetry that is not being detected 
by the Alloy Analyzer. For instance, in file-system there is a symmetry between directory names, so in practice, it is as 
if Alloy was only returning the same 3 effective instances all the time. Models like this one are the scenarios where our 
approach is most effective.

• Models with a low number of clusters and a low silhouette (e.g., flip-flop) highlight scenarios where all instances are 
very similar. For instance, in flip-flop the instance models 10 steps of a trace in the evolution of a flip-flop. All these 
traces are very similar, so no salient features can be used to classify them. Diversity can only be slightly improved for 
these scenarios.

• Models with a high number of clusters (e.g., genealogy or railway) describe scenarios where the instances produced by 
the solver are already very dissimilar among them. In this case, the output of the solver was already diverse before 
applying our method.

• The rest of models, with an average silhouette between (0.4-0.7) illustrate a middle ground: some instances share 
similarities but the boundaries between each group may overlap or be hard to establish. Choosing a representative from 

10 Specifications where a count aggregation does not make sense, either because the specification involves a single relation or only basic signatures and 
fields with multiplicity one, are marked with a dash “–”.
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Table 5
Summary of related work considering diversity in model finding.

User-defined goal Redundancy avoidance

� Increases and enforces diversity � Increases and enforces diversity
� Requires domain knowledge � Solver-specific

• Partial instance [10,2,19]
• Target instance [46] or model [47]
• Classifying terms [48]
• Properties [12], patterns or metrics [49] of interest
• Probability distribution [50,16]
• Realistic traits [51,24]

• Minimality [19,52]
• Symmetry breaking [10,14]
• Distance measures [53,52,54]
• Graph shape analysis [55,2]
• Randomness [53,52,54]
• Randomized partitioning [15]

Clustering of instances Clustering of meta-models

� Notation-specific (object diagrams) � Used to compare class diagrams
� Does not consider structure, types (not applicable to instances)

and attribute values simultaneously

• COMODI [56,17] • Feature vector & K-means [57]
• n-grams & Hierarch. cluster. [58,59]

each cluster ensures diversity, but there is the risk (higher for lower silhouette values) of discarding relevant instances. 
To reduce this risk, it would be possible to select a higher number of representatives per cluster.

With respect to the customization of diversity, choosing a suitable notion of diversity may introduce changes in the pro-
posed clustering. The changes affect both the choice of clusters and the number of clusters to be used. In some examples 
like genealogy and chord-bug-model, abstracting fields results in a clustering that provides a better fit for the avail-
able instances, while in others it does not improve with respect to the default one. With respect to aggregating relations, 
there are significant changes in some examples like life and railway. In these examples, instead of keeping track of the 
elements that belong to set of live states and closed gates, respectively, after the aggregation we only record the number
of live states and closed gates. In this way, this aggregation removes details that may be unnecessary (depending on our 
goals) and helped us identify more concise clustering candidates for these two examples. Obviously, deciding how diversity 
should be customized for a particular specification will depend on the goals of user. Nevertheless, these examples show that 
diversity scripts have an impact on the output clustering and, thus, they can help the designer guide the choice of clusters 
and representative instances.

To sum up, our method can reduce the number of instances to consider while preserving diversity. Furthermore, this 
method provides an estimate of the quality of its result that helps designers deciding when and how to employ it.

8. Related work

Several works have considered how to improve the diversity in the output of model finders, e.g., [16,2,15,17,18,48]. As 
shown in Table 5, we classify them into four groups: (i) methods for guiding model finding and customizing diversity; (ii) 
methods for redundancy avoidance in model finding; (iii) clustering methods for classifying instances; and (iv) other types 
of clustering applied to declarative specifications.

8.1. User-defined goal

Some works require the user to guide the model finder by setting a goal, i.e., a description of what type of solution is 
expected. The definition of this goal can take several forms:

• The solution should include a partial instance. This partial instance should be completed by adding (not removing) 
elements [10] and it may include unknown elements which may belong to the solution or not [2].

• The solution should be as close as possible to a target instance [46] or any instance of a target model [47].
• Different solutions should cover different partitions of values defined by the designer using predicates called classifying 

terms [48]. For instance, for a given class the designer may only be interested in how many objects exist for that class. 
That partition could also be defined as: satisfying or failing to satisfy a property of interest [12]; the existence of relevant 
patterns within the instance [49]; or the value of certain metrics [49].

• The values and shape of the solution should follow a probability distribution defined by the designer [50,16]. In particular, 
some methods aim to find solutions that are realistic. That is, the solution should exhibit traits, properties and values 
for relevant metrics that are similar to those of an existing dataset of real instances [51,24].
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By contrast, other methods such as [15,18] do not require any input from the designer: diversity is defined implicitly by 
ensuring non-equivalence or enforcing some distance metric between the output instances. However, this notion of diversity 
is predefined and static so it cannot be customized for particular problems.

Our solution proposes the use of a DSL to identify the submodel of interest that should be considered in terms of diversity. 
The language is intended to be simple, far from more complex graph query [60] or graph transformation [61,62] languages that 
allow the definition of graph patterns and navigational expressions. Nevertheless it is sufficient to take into account both 
the type information, attributes values and the structure of the instance. We believe it is sufficient to characterize relevant 
diversity notions without requiring (a) significant designer effort to craft complex patterns or expressions of interest; (b) 
deep knowledge about the domain or the problem; or (c) the availability of a dataset of realistic instances. Moreover, the 
DSL can be used to tune diversity for particular problems but it is not required: unless other approaches where the diversity 
goal is required, our method can produce diverse instances without a DSL specification.

On the other hand, most approaches using a diversity goal guide the model finder during search for instances, i.e., 
diversity is enforced during the search. Instead, our approach does not guide the search but distills diverse instances among 
a set of solutions. Nevertheless, this mode of operation allows it to be very flexible: it is not tied to a particular algorithm 
or solver, so it can be applied on top of any existing model finder, using it as black box without requiring any modification. 
This means that it can extend existing model finders to make them diversity-aware.

8.2. Redundancy avoidance

Some methods operate inside the model finder, reducing the number of instances being computed by detecting equiva-
lent instances or discarding instances that are too similar to previous solutions.

We exclude from this discussion methods designed for general-purpose solvers [63,33,32], as (1) they have not been used 
within model finders and (2) they consider diversity at a lower level of abstraction (e.g., assignments to a boolean formula) 
where some model-level similarities may be lost (e.g., isomorphic instances may have different bit-vector representations 
but they are still equivalent). For instance, a related software engineering problem that relies on low-level constraint solvers 
is finding valid configurations in a software product line. In this context, it has been shown [31] that SAT solvers designed 
for uniform sampling (i.e., computing satisfying assignments that are distributed as close as possible to a uniform distribution) 
do not achieve a uniform distribution in the set of computed configurations.

Some techniques aim to automatically detect equivalent solutions during the analysis in order to avoid exploring them. 
In the context of boolean satisfiability (SAT), SAT-Modulo Theories (SMT) and Constraint Programming (CP) this notion is 
called symmetry breaking [10,14] and it is achieved by including additional constraints. A different approach to enforce some 
degree of canonicity is requiring the solution to be minimal, either because removing any element makes the solution invalid 
[19] or because one of the goals of our objective function is minimizing the size of the solution [52,54].

In search-based methods like genetic algorithms [53,54] or simulated annealing [52], similarity among solutions can be 
detected through a distance measure: neighbors that are too close to previously explored solutions can be ignored. Similarly, 
in graph solvers graph shape analysis [55,2] can detect equivalent or similar graphs. However, even though some graph solvers 
provide support for attributes during model finding [25], they do not include attribute values in the diversity analysis and 
do not support other features (e.g., relations and witnesses) like the approach presented in this paper.

Finally, model finders can introduce randomness [50], such as random selection of the next value to be explored or ran-
dom restarts that can help explore different areas of the search space. Another take on randomness, randomized partitioning
[15], shares the goal of classifying terms (partitioning the solution space) but generates the partitions by randomly splitting 
the domains of model elements. While this approach may be successful in problems with simple and local constraints, it is 
ineffective when dealing with complex constraints.

While all these methods somehow force the finder to generate more diverse instances by itself, they are specific to 
particular notations and solvers and thus are less flexible than our approach.

8.3. Clustering of instances

The COMODI tool [56,17] provides several techniques for clustering the object diagrams produced by a UML/OCL model 
finder. First, it defines a feature vector encoding for object diagrams that captures, for each object, information about at-
tribute values and adjacent objects. And second, it defines a centrality metric (similar to the pagerank algorithm of search 
engines) that measures the importance of each object within the object diagram.

Compared to our method, this approach is specific for object diagrams: it cannot deal with complex features from other 
modeling notations, such as Alloy’s relations or witnesses. Furthermore, the proposed similarity metrics do not consider 
information about types, structure and attribute values simultaneously: the centrality metric omits attribute values entirely; 
and the feature vector approach requires defining an ordering for vertices a priori (with results that are very sensitive to 
this ordering) and does not consider complex topological information about the structure of the object diagram.

8.4. Clustering of meta-models

The last group of works deal with the analysis of meta-model repositories [64,58,65,59]. The methods used by [64,
58,65] represent each model as a feature vector. Model elements are compared using their identifiers (name) [65], and 
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the relationships between model elements are described using n-grams (paths of n elements inside the model, e.g., pairs 
of elements for n = 2) [64,58,57]. The resulting feature vector can be used to perform group models using hierarchical 
clustering. Another tool [59] proposes two alternative strategies to compare class diagrams: use the string distance between 
the textual representations of the serialized models (e.g., in XMI format); or use dedicated tools for model comparison such 
as EMF Compare.11

However, these approaches are intended for analyzing structural diagrams such as class diagrams. Thus, when comparing 
models they consider features like the names of the class or its number of attributes, rather than the values of those 
attributes as it happens at the instance level. Therefore, they are not suitable for analyzing instances from a model finder, 
as they do not support features like attribute values, relations or witnesses.

9. Conclusions

We have presented a method for addressing the lack of diversity among the instances computed by a model finder. Our 
approach uses clustering to group instances according to their similarity, using information both about topology, types and 
attribute. The method is solver- and notation-agnostic: it can be applied to model finders using different types of solvers 
(e.g., SAT, SMT or CP) and even targeting different modeling notations (e.g., UML/OCL or Alloy). An added benefit of this 
approach is the ability to customize the notion of diversity that should be considered.

This approach is capable of computing meaningful clusters and has an execution time that is negligible with respect to 
that of the model finder itself. Still, as our diversity computation is an a posteriori procedure, it is intended for validation 
and testing scenarios where model finders are able to find instance solutions with relative ease. In this sense, our approach 
does not increase the diversity of the model finder output. However, it maximizes diversity by selecting, on behalf of the 
user, the widest possible variation among the output set.

As future work, we will study the automatic generation of (part of) the diversity configuration directly from the declar-
ative specification. To this end, we can use several heuristics obtained from an analysis of the structure of the model. For 
instance, we can assume that model elements that are more constrained in the model are also more relevant in terms of 
diversity than those that are unconstrained. Moreover, we will work on extending the capabilities of the DSL in order to 
describe relevant diversity properties (e.g., tailored to a particular domain) in a usable and succinct way.
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