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Abstract

Models play a significant role for analyzing requirements and exploring
designs of software systems. Good models should focus on key aspects of
the target system while abstracting from numerous details. The joint use
of multiple modeling languages allows analysts to capture complementary
system views in a complete, precise, and consistent way. Such models prove
difficult to build in practice. Techniques and tools are therefore required for
supporting analysts in this task.

Model synthesis techniques may help in building models systematically
from various sources of knowledge about the target system. Such techniques
may integrate dedicated checks on the models being built. Early errors can
thereby be detected and fixed. Model synthesis can also produce missing
model fragments, support documentation, or generate code fragments for
specific software components.

The thesis proposes tool-supported synthesis techniques for multi-view
models involving scenarios, state machines, processes, and goals.

A formal trace semantics is provided for process models together with
algorithms for deriving state machines from them. This enables a variety
of checks on processes, including the verification that they satisfy desired
properties.

An interactive technique is then presented for synthesizing behavior mod-
els from scenarios. A grammar induction framework is extended to general-
ize examples of desired behavior under the control of counterexamples and
goals to be met by the system. The induction process interacts with the end-
user who needs to classify additional scenarios generated by the synthesizer
as positive or negative examples of desired system behavior.

The proposed techniques are implemented by a toolset, whose architec-
ture is briefly described. Our inductive synthesizer has been evaluated in
depth on various case studies and on synthetic datasets. These evaluations
resulted in an online protocol and platform for evaluating inductive synthesis
techniques.
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Chapter 1

Introduction

This chapter introduces the context, motivations, objectives and contribu-
tions of the thesis.

Section 1.1 discusses the role of models in software system development.
Section 1.2 discusses specific requirements on modeling languages for auto-
mated support. Section 1.3 discusses the role of model synthesis in such
support. Section 1.4 introduces the contributions of the thesis. Section 1.5
presents the structure of the dissertation.

1.1 Models and their use in software system de-
velopment

Models are increasingly recognized as an effective means for elaborating
requirements and exploring designs of software systems. A model is an
abstract representation of the target system, where key features are high-
lighted, specified and inter-related to each other [van09]. Models are widely
used at different steps of the software development process and for different
software-related purposes.

Requirements engineering, in particular, aims at precisely determining
what the system should do and why it should do so. This has been shown
to be the hardest part of software development [Bro87]. Using models for
exploring, analyzing and specifying requirements has multiple benefits:

• Models force stakeholders and analysts to be more precise in their
formulations.

• They allow them to abstract from multiple details in order to focus on
key system aspects.

• They provide a basis for early detection and fixing of errors.

1
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Model-oriented approaches to requirements elaboration include KAOS [van09]
and NFR/i∗ [Myl92, Yu,93]. The models there capture how system goals
may be refined in lower-level goals and how the latter are operationalized
in operations and constraints. Goals in such frameworks capture prescrip-
tive statements of intent to be satisfied by the agents forming the system.
KAOS puts emphasis more on semi-formal and formal reasoning about be-
havioral goals. These are goals prescribing system behaviors declaratively.
In NFR/i∗, the emphasis is more on qualitative reasoning on soft goals; these
are goals that cannot be established in a clear-cut sense.

Software design may be driven by Model Driven Engineering approaches
(MDE), often based on UML models [Obj04] or Domain Specific Languages
[van00a, Mar10]. Such approaches model the application domain rather than
the computing elements. The use of models for software design has multiple
benefits too:

• Models enforce the separation between abstract domain concepts and
their concrete implementation. They allow engineers to focus on each
aspect at the adequate level of abstraction.

• Code fragments can often be generated from models; this appears
less error-prone and time consuming than manually translating models
to code. In case of domain-specific languages, models may even be
already executable.

• Design models also yield a natural documentation for the software and
the underlying design decisions.

On another hand, work processes may be captured by graphical models.
Such models take various forms, e.g., flowchart-style models such as Activ-
ity Diagrams [Obj04], YAWL [Van05] or diagrams in the Business Process
Modeling Notation (BPMN) [Obj08] or task trees, e.g. Little-Jil [Cla08].
Modeling here proves useful too.

• Process models may be analyzed and verified before translating them
to work organization on the field. Early errors and bottlenecks may
thereby be detected.

• Model analysis may also result in restructuring work organization for
better performance.

• Process models may be partly or fully enacted to trigger the execu-
tion of necessary tasks, issue reminders to process actors, control the
automated scheduling and processing of tasks.
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1.2 Requirements on modeling languages

Complex systems are better described through multiple views. Different
models focus on different facets of the system along its intentional, struc-
tural, operational and behavioral dimensions [Rum91, Fin92, van09].

Scenarios, for example, may illustrate typical interactions among agent
instances whereas state machines capture a complete specification of agent
behaviors. A process model may describe the operational decomposition of
a complex work into smaller tasks. Goals may make the system objectives
precise and articulate them from high-level concerns to fine-grained details.

Building high-quality models in such multi-view approaches is far from
easy. Suitable modeling languages, tools and techniques are therefore re-
quired to help analysts in this task. To play a significant role, a good multi-
view modeling language should meet the following requirements [van09]:

• Multi-level : the system should be captured at different levels of ab-
straction and precision to enable stepwise elaboration and validation;

• Analyzable: the modeling abstractions should be accurate enough to
support useful forms of analysis.

In addition, a modeling language should support stakeholders and an-
alysts in building high-quality models. A “good” multi-view model should
meet the following requirements:

• Adequate: the models should adequately represent the essence of the
target system while abstracting from unnecessary details;

• Complete: the models should capture all pertinent facets of the system
along the why-, what- and how- dimensions;

• Precise: the models should be accurate enough to capture system
descriptions with as little ambiguity as possible;

• Consistent : the models should agree on their overlapping descriptions
of the system;

• Comprehensible: the models should be easy enough to understand by
the people who need to use them.

Formal modeling approaches help meeting the above requirements. The
semantics of a formal modeling language provides precise rules of interpreta-
tion that allow many of the problems with natural language to be overcome.
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Formal specifications may also be manipulated by automated tools for a
wide variety of purposes.

In a disciplined approach, model analysis and model synthesis are inter-
twined activities aimed at reaching high-quality models, especially towards
increased completeness, consistency and precision.

This thesis investigates model synthesis. A companion thesis by Christo-
phe Damas investigates model analysis more specifically [Dam11].

1.3 Synthesis as a promising approach for multi-
view model building

Model synthesis can be roughly defined as the systematic construction of
models from various sources of knowledge about the target system.

Common sources of knowledge for model building include early system
descriptions, interviews with stakeholders, software prototypes, etc. For an
in-depth description of requirements elicitation and system modeling from
such sources see, e.g., [van09].

Multi-view modeling frameworks offer new opportunities for effectively
supporting the incremental building of models. In particular, they often
come with precise rules of consistency between the models involved. These
rules are used for automating consistency checks. The same rules can also be
used the other way round, to semi-automatically synthesize model fragments
using the information already available in other views.

The use of synthesis techniques may be motivated by various needs. As
a consequence, the term “model synthesis” may cover a broad spectrum of
techniques and practices.

In this thesis, we will focus on two particular and complementary forms
of synthesis:

Horizontal synthesis is aimed at completing a multi-view model of the
target system. A synthesis technique is used here to build model frag-
ments missing from a multi-view framework or to complete existing
ones.

Vertical synthesis is aimed at deriving lower-level models from higher-
level ones. It thereby provides an operational semantics for high-level
models and makes model-checking tools available to them.

These two forms of model synthesis will be seen to be fairly different in
the thesis.
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• In vertical synthesis, the synthesized models are defined at a lower
level of abstraction than the source models they come from; this is not
necessarily the case in horizontal synthesis.

• The analyses enabled by vertical synthesis are performed on models
having a shorter lifetime – generally limited to the analysis itself. In
horizontal synthesis, the resulting models are often kept as software
documentation or for requirements traceability.

• Vertical synthesis is derivational by nature whereas horizontal synthe-
sis may be inductive.

• In vertical synthesis, models are generally kept hidden from the user;
the latter has a passive role in the synthesis process. In horizontal
synthesis, the produced models must generally be validated by the
end-user. The latter may even play an active role in the synthesis
process itself.

The core chapters of this thesis will cover those two forms of model
synthesis.

• A technique will be presented for synthesizing agent behavior models
from scenarios. The language of Message Sequence Charts (MSCs)
will be chosen for describing scenarios of agent interactions. Agent
behaviors will be modeled with LTS state machines. The semantic
links between MSC scenarios and LTS state machines is borrowed
from [Uch03].

The proposed synthesis will rely on grammar induction [Onc92, Lan98].
Our inductive synthesis techniques will take scenarios as examples and
counterexamples of desired system behavior; user interactions will be
added to accept or reject scenarios generated by the technique. More-
over, domain knowledge such as goals or models of legacy components
will be taken into account to ensure the consistency of the synthe-
sized models while speeding-up the induction process and reducing
the number of user interactions.

• Guarded high-level Message Sequence Charts (g-hMSC) are intro-
duced in [Dam10, Dam11] to model critical processes such as the ones
involved in medical workflows. Such models take the form of flowcharts
of tasks and decision nodes with outgoing guarded transitions labeled
with Boolean expressions on process variables.

In the thesis, a precise trace semantics for g-hMSC will be defined in
terms of labeled transition systems (LTS) [Kel76, MK99]. To achieve
this, a guarded flavor of LTS is introduced as an intermediate model.
Synthesis algorithms from g-hMSC to guarded LTS (g-LTS) to LTS
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will be described. These algorithms make LTS-based model checking
available to g-hMSC process models though slight adaptations of a
technique borrowed from [Gia03].

1.4 Overview of contributions

This section summarizes the main contributions of the thesis. Section 1.4.1
lists contributions related to grammar induction. They provide a basis for
the inductive synthesis of state machines from scenarios. The contributions
along this horizontal axis of model synthesis are summarized in Section 1.4.2.
Section 1.4.3 lists those related to the vertical synthesis of LTS behavior
models from process models.

1.4.1 Extended techniques for grammar induction

• The thesis presents a new induction algorithm called Query-Driven
State Merging (QSM). This algorithm is an interactive extension of
state-of-the-art algorithms in grammar induction, namely RPNI and
Blue-fringe [Onc92, Lan98]. QSM extends those algorithms with an
oracle – typically, an end-user. The oracle interacts with the induc-
tion process by answering so-called “membership queries”, that is, by
classifying generated strings as positive or negative elements of the
induced regular language.

• The thesis presents the Automaton State Merging (ASM) algorithm as
an additional induction technique. This algorithm allows generalizing
a positive language as opposed to a positive sample – that is, a finite
set of induction strings. The generalization process is made under the
control of a negative sample.

• The thesis describes a new protocol for evaluating grammar induction
algorithms, called Stamina. This protocol is an alternative to the ex-
isting Abbadingo procedure [Lan98]; it has been designed for samples
defined on larger alphabets and obtained from the target automaton
itself. Samples and automata considered in Stamina are more repre-
sentative of the scenarios and state machines encountered in software
engineering models.

1.4.2 Horizontal synthesis of behavior models

• The thesis provides algorithms for inductively synthesizing state ma-
chines models from MSC scenarios and high-level MSCs. These al-
gorithms rely on QSM and ASM to generalize the system behaviors
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illustrated in scenarios. QSM is used to synthesize state machines from
collections of MSCs; the end-user interacts with the synthesis process
by classifying generated scenario questions as examples or counterex-
amples of desired system behavior. ASM is used to synthesize state
machines from high-level MSCs.

• The thesis shows how various sources of knowledge about the target
system can be incorporated to constrain the synthesis process so as
to ensure the consistency of the synthesized state machines with that
knowledge. A general constraint mechanism is instantiated to inject
knowledge about state variables, goals, and domain properties, and be-
havior models of legacy components. The injection of such knowledge
prunes the induction search space, thereby speeding-up the synthesis
process and reducing the number of user interactions.

• The thesis provides in-depth evaluations of QSM, ASM, and our result-
ing inductive synthesis techniques. The evaluations were conducted
on common case studies from the literature and complemented with
experiments on synthetic datasets. The benefits of introducing user
interactions through scenario questions and of injecting system knowl-
edge in the induction process are illustrated and quantified in both
cases.

• A tool supporting our inductive synthesis approach is also described.
This tool was successfully used for the evaluation of our approach on
case studies.

1.4.3 Vertical synthesis of formal process models

• The thesis provides a formal trace semantics for the g-hMSC process
language described in [Dam11]. This trace semantics is defined in
terms of guarded LTS; it supports the model-checking of process mod-
els thanks to a trace-based model checker adapted from LTSA [MK99].

• The thesis extends LTS state machines with guarded transitions de-
fined on fluents. It provides a declarative trace semantics for such
guarded LTS. It also proposes a composition operator for them to-
gether with an algorithm for capturing their semantics as pure LTS.

• The thesis describes the implementation of a compositional model
checker for g-hMSC and g-LTS models. It also describes key aspects
in the implementation of a toolset aimed at supporting the modeling
of guarded processes and the analysis of such models.
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1.5 Organization of the thesis

The thesis is structured as follows.

Chapter 2 sets the background picture for the thesis as a guided tour of
the multi-view modeling framework considered. It describes the for-
malisms used for capturing scenarios, state machines, goals and process
models. The chapter also states important consistency rules between
these specific views.

Chapter 3 describes our technique for vertical synthesis of labeled transi-
tion system from process models. A trace semantics for process mod-
els is defined together with algorithms for deriving lower-level models.
The first algorithm maps process models into guarded LTS; the second
algorithm maps the latter into pure event-based LTS.

Chapter 4 describes our inductive techniques for horizontal synthesis of
state machines from scenarios, based on interactive grammar induc-
tion. From a minimal problem statement, constraints on the synthesis
process are gradually added and the algorithms are incrementally en-
hanced to meet these constraints.

Chapter 5 discusses how our inductive synthesis technique has been eval-
uated. It covers both evaluations on case studies and evaluations on
synthetic datasets.

Chapter 6 discusses Stamina, our online platform for evaluating inductive
synthesis techniques. Stamina first ran as a formal competition whose
results are also briefly summarized.

Chapter 7 discusses the toolset developed to support the proposed tech-
niques, namely, a model checker for g-hMSC process models, an in-
teractive synthesizer of state machines from scenarios, and a tool for
modeling and analyzing process models for critical applications such
as complex medical workflows.

Chapter 8 reviews related work, discussing how other synthesis techniques
complement and/or differ from those proposed in the thesis.

Chapter 9 concludes the thesis and discusses open issues, perspectives,
and future work.



Chapter 2

A Multi-view Framework for
System Modeling

This chapter introduces the necessary background on modeling formalisms
and techniques used in the thesis. It is organized as follows. The running ex-
amples used throughout the thesis are briefly presented in the next section.
Section 2.2 then provides a general overview of the modeling framework,
its main hypotheses, and how multiple models fit together. The models
and their semantics are then detailed in subsequent sections. Section 2.3
introduces the class of state machines considered. Scenarios and related
constructs are defined in Section 2.4. To integrate event-based and state-
based specifications, fluents are introduced in Section 2.5. The fluent-based
specification of goals and domain properties is discussed in Section 2.6. Sec-
tion 2.7 introduces guarded process models.

2.1 Running examples

This section introduces the two running examples that will be used through-
out the thesis. Section 2.1.1 introduces a simple train control system. Sec-
tion 2.1.2 introduces a meeting scheduler system [Fea97].

2.1.1 A simple train control system

A simplified train control system will be used as a running example for
illustrating behavioral model concepts and techniques throughout the thesis.

The system is composed of a software train controller, actuators for doors
and train acceleration, sensors and passengers. Through the actuators, the
software controller controls operations like starting or stopping the train,
opening or closing doors, and so on. A safety goal requires train doors to

9
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remain closed while the train is moving. If the train is not moving and
the passenger presses the alarm button, the controller must open the doors
immediately. If the train is moving and the passenger presses the alarm
button, the controller must stop the train first and then open the doors.

The latter situation is illustrated with a scenario in Fig. 2.1, where hori-
zontal arrows denote interaction events among agent instances. The precise
semantics of such scenario will be made clear in the following sections.

Figure 2.1: A scenario illustrating train stopping in emergency when an
alarm is pressed.

2.1.2 The meeting scheduler

For illustrating process models and associated techniques, we will focus on
the following episode of a meeting scheduling process [Fea97].

A meeting initiator issues a meeting request, specifying the expected
participants and the date range within which the meeting should take place.
The scheduler then sends an electronic invitation to each participant, re-
questing them to provide their date constraints.

A date conflict occurs when no date can be found that fits all participant
constraints. In such case, the initiator may extend the date range or request
some participants to weaken their constraints; a new scheduling cycle is
then required. Otherwise, the meeting is planned at a date meeting all
constraints.

A soft goal requires meetings to be scheduled as quickly as possible
once initiated; another one requires interactions with participants to be
minimized. In the simplified version considered here, only two scheduling
cycles are allowed; the meeting is automatically planned after that. In
such case, we will assume that the best date is chosen so as to maximize
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the number of participants attending. We also ignore features like meeting
cancellations, meeting locations, and so on.

Figure 2.2: A process model for a meeting scheduling process.

This meeting scheduling process is illustrated in Fig. 2.2, where boxes
denote tasks. The precise semantics of such model will be detailed in Chap-
ter 3.

2.2 Framework overview

Modeling software systems calls for rich models that cover the structural, in-
tentional and behavioral dimensions of the system [van00b]. Our framework
integrates these co-related dimensions with an emphasis on the behavioral
one. We start with a guided tour along those dimensions before discussing
how multiple models actually fit together in a coherent way.

2.2.1 Capturing multiple views of the system

The structural view – A system is commonly seen as being made of active
components, called agents, that behave and interact so as to fulfill system
goals; they need to restrict their behavior so as to ensure the goals they are
responsible for [Fea87]. Some of them are human agents (e.g. passenger
in Fig.2.1); others are physical or electronic devices (e.g. train doors and
actuators); others are software components (the software controller).
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In addition to the notion of system, that encompasses all agents, the
literature makes use of specific terms to distinguish between certain agents
and/or agent aggregations. In [van09] for example, the software-to-be de-
notes software agent(s) that need to be developed (the automated controller,
for example) while the other agents compose its environment. Another
boundary consists in distinguishing the software together with its input
and output devices from the other agents. This boundary, depicted with
a dashed line in Fig. 2.1, corresponds to the distinction between the world
and the machine [Jac95].

The thesis sticks to very basic notions of structural modeling. The in-
terfaces among the agents composing the system consist of messages, called
events, that the agents can send or receive (see the behavioral dimension be-
low). For sake of simplicity we assume that event labels uniquely determine
agent interactions. We do not consider specific abstractions for modeling
agent interfaces and boundaries, like context diagrams [Jac95] and events
structured in terms of attributes.

As illustrated by the Machine boundary in Fig. 2.1, a set of agents can
be aggregated into a new one of coarser granularity. Events can then be
partitioned among internal, boundary and external events. The boundary
events form the new agent’s interface. The surrounding box can be seen
as a white or a black-box dependent on whether internal events are shown
or hidden, respectively. The composition and hiding operators on state
machines support such structural mechanisms on the behavioral side (see
Section 2.3). For a more precise description of structural models that nicely
fit our framework the reader can refer to [Mag95].

The behavioral view – Behaviors capture the dynamic interactions among
the agents forming the system; they will be modeled as sequences of events.
In an interaction, an event is synchronously sent by a source agent and
received by a target agent. The same event can in fact be received by
several agents at once; a form of broadcasting is thus supported.

Typical examples and counterexamples of system behavior are specified
through positive and negative scenarios involving agent instances, like the
one in Fig. 2.1. The Message Sequence Charts (MSC) notation will be used
to capture scenarios [ITU96]. Higher-level scenarios will be supported by
introducing sequences and loops in such descriptions.

In addition to the partial behavior description linking agent instances,
the complete behavior of each agent will be modeled at class level through
a form of state machine known as labeled transition systems (LTS) [Kel76,
Mil89]. The behavior of the entire system is obtained by parallel compo-
sition [Hoa85] of the agent LTSs. Behavior projection on specific agents is
also supported, in order to get the zoom-in/zoom-out facilities as suggested
before.
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This thesis will focus on determinate agents [Eng85]; these are agents
whose observable behavior can be captured with the sole use of deterministic
transition systems (see Section 2.3).

• This restriction results in a simple and intuitive framework, for easier
accessibility to stakeholders involved in the early phases of system
design.

• It also allows us to formalize behaviors with standard trace theory
[Hoa85] and stick ourselves to the simplest notion of behavior equiva-
lence, namely trace equivalence [Eng85].

• Agent and system behaviors can then be captured by the class of
prefix-closed regular languages, a subclass of the well-studied regular
languages [Hop79, Aho86]. Further to enabling the reuse of standard
results from automaton theory, this paves the way to the use of gram-
mar inference [Gol78] for behavior model synthesis (see Chapter 4).

The intentional view – This view is aimed at capturing why the system
is needed. A goal is a prescriptive statement of intent whose satisfaction
requires the collaboration of system agents. Unlike goals, domain properties
are descriptive statement about the environment – such as physical laws,
organizational rules, etc. Goal models are AND/OR graphs that capture
how functional and non-functional goals contribute positively or negatively
to each other [van00b, van04].

The thesis will focus on behavioral goals. A behavioral goal implicitly
defines a maximal set of admissible system behaviors. Unlike soft goals,
behavioral goals can be established in a clear-sense (see [van09] for a tax-
onomy of goals). For model synthesis the thesis will only consider goals
and domain properties that can be formalized as safety properties in lin-
ear temporal logic (LTL) [Man92]. A safety property stipulates that some
“bad thing” may never happen. If such a “bad thing” happens in an in-
finite sequence, then it must also do so after some finite prefix and must
be irremediable [Alp86, Gia99]. Interestingly, the class of system behav-
iors satisfying safety properties can be expressed through labeled transition
systems [Gia03]; behavioral goals and domain properties can therefore be
integrated in our framework without much additional machinery.

For the modeler, goals are best captured through state-based abstrac-
tions (e.g. “the train may be moving only if the doors are closed”). In
contrast, the formal behavioral view is event-based (e.g. “the controller
issues a start command after having issued a close-doors command”).

Fluents will be used as an effective means for reconciling these two
para-digms [Mil02]; they capture state-based propositions in terms of the
occurrence of events (see Section 2.5). Behavioral goals will therefore be



14 A Multi-view Framework for System Modeling

formalized in Fluent Linear Temporal Logic (FLTL) [Gia03], a flavor of lin-
ear temporal logic where atomic propositions are fluents. The structuring of
goals in goal graphs and their assignment to agents will not be considered
in the thesis.

The operational view – This view aims at capturing processes which
agents are involved in. Processes will be made of tasks and decisions. A
task is a unit of work to be performed by collaboration of the agents. A
decision is a condition on the process state which drives which tasks are to
be performed next.

The guarded high-level Message Sequence Charts (g-hMSC) notation will
be used to capture processes [Dam09, Dam11]. Tasks in a g-hMSC are either
MSC scenarios or finer-grained g-hMSCs. Decision nodes capture conditions
on the process state in terms of fluents. The semantics of g-hMSC will be
defined in Chapter 3.

2.2.2 On the double use of labeled transition systems

Figure 2.3: Formal framework outline.

The multi-view framework is depicted in Fig. 2.3. This figure provides a key
for reading the rest of this chapter. As we put more emphasis on behavior
modeling, all models will be grounded on standard trace theory [Hoa85].
Traces are finite sequences of event labels. They will be used to capture
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the system behaviors described in a MSC scenario, those admitted by a
behavioral goal, and so on. Labeled transition systems (LTS) will allow
us to capture and manipulate sets of traces. A trace-based semantics will
provide precise answers to questions such as:

• What agent and system traces does this scenario cover?

• Is this trace accepted by this state machine?

• Does this sequence of events violate this behavioral goal?

Note that labeled transition systems appear twice in the figure as we will
make two different uses of them:

• They provide a representation for the sets of traces that capture the
model semantics.

• They are also chosen as a particular representation for agent state
machines1.

This double use of LTS illustrates the two different perspectives on be-
havior model synthesis considered in the thesis:

• In Chapter 3, LTS synthesis is used to capture the semantics of process
models and make the latter analyzable;

• In Chapter 4, LTS synthesis is used to infer the state machines of
system agents from scenarios illustrating interactions among them.

2.3 State machines as labeled transition systems

In our framework, the behavior of an agent will be modeled by a specific
kind of finite state machine called labeled transition system (LTS). This
formalism, initially introduced by Keller for reasoning about parallel pro-
grams [Kel76], has been intensively used for specifying and analyzing con-
current systems, e.g. in [Mil89, Cla89, Mag97].

A LTS is made of a set of states and a set of transitions between them
(see Fig. 2.4). Each transition has an event label – sometimes called symbol
or action label. A state is labeled with a unique number to distinguish it
from other states. An initial state is denoted graphically by an incoming
arrow with no source state (e.g. state 0 in Fig. 2.4).

1Even though one could argue that such representation is too low-level to be accessible
to stakeholders.
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Figure 2.4: A Labeled Transition System for an Engine agent.

Definition 2.1 (Labeled Transition System). A LTS is defined as a 4-tuple
(Q,Σ, δ, qinit) where

• Q is a finite set of states,

• Σ is a set of labels called its alphabet,

• δ is a transition relation Q× Σ ∪ {τ} ×Q,

• qinit ∈ Q is the initial state.

The alphabet Σ captures the notion of agent interface as a set of event
labels that an agent recognizes. These are the events in which the agent
engages in synchronous communications with its environment. For example,
the LTS in Fig. 2.4 has an alphabet Σ = {start, stop}.

The set of finite sequences over an alphabet Σ will be denoted by Σ∗.

The label τ in the above definition of a LTS is used to denote so-called
non-observable transitions. Such transitions allow us to model agent state
changes that cannot be monitored by its environment. In the sequel, we will
denote Σ ∪ {τ} by Στ , referring then to an alphabet augmented with the τ
label.

Note that LTS do not distinguish between sent and received events. Such
distinction may be required when connecting state machines with scenarios.
We will assume this structural information to be available elsewhere, typi-
cally from a context or architecture diagram [War85, Mag95]. We will also
assume that an event label uniquely determines the interacting agents; an
event may however be received by more than one of them.

Definition 2.2 (Trace). Given an alphabet Σ, a trace is an element of Σ∗,
that is, a finite sequence of event labels w = <l0, . . . , ln> with li ∈ Σ. We
will sometimes use the notation vw to denote the concatenation of a trace v
with another trace w.

Definition 2.3 (Deterministic LTS). A LTS is deterministic if a trace al-
ways uniquely determines the reached state; otherwise it is non-deterministic.
A deterministic LTS may therefore not have τ transitions; neither does it
have a state with two outgoing transitions sharing the same label, that is,

(q, l, q1) ∈ δ ∧ (q, l, q2) ∈ δ =⇒ q1 = q2
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Definition 2.4 (Terminating LTS). A state is terminating if it has no
outgoing transition; otherwise it is non-terminating. A terminating LTS
has at least one terminating state; otherwise it is non-terminating.

Note that the above definition does not allow distinguishing between ter-
minating states that capture successful termination (where an agent stops
running intentionally) and non-successful termination (e.g., an agent com-
posed from finer-grained agents deadlocks unintentionally). Deadlock anal-
ysis will be left outside the scope of the thesis.

A trace semantics is used in this thesis for capturing agent behaviors, in
terms of the set of traces that they accept [Hoa85]. Additional definitions
are needed here.

Definition 2.5 (LTS execution). A LTS execution is a finite sequence of
states separated by labels:

w = <q0, l0, . . . , qn−1, ln−1, qn>

with qi ∈ Q and li ∈ Στ .

The projection of an execution w over an alphabet Σ, denoted by w|Σ,
is the result of keeping from w only those event labels that belong to Σ – in
other words, qi states and τ labels have been eliminated. The projection of
an execution yields a trace.

Definition 2.6 (Valid LTS execution). An execution is valid for a LTS if
it denotes a path from the initial state in the corresponding graph:

q0 = qinit and (qi, li, qi+1) ∈ δ for 0 ≤ i < n.

Definition 2.7 (Accepted trace). A trace t is accepted by a LTS if there
exists a valid execution w such that w|Σ = t.

In other words, a trace is accepted by a LTS if it denotes an existing
path in the corresponding graph from the initial state, possibly with silent
moves offered by τ transitions in the non-deterministic case. In the latter
case, observe that a trace may actually denote more that one existing path.

As a consequence of this definition, a prefix of an accepted trace is an
accepted trace as well; the empty trace λ is always accepted.

For example, the LTS in Fig. 2.4 accepts the trace <start stop start>,
the trace <start stop>, but not the trace <start start>.

Definition 2.8 (Language of a LTS). The set of traces accepted by a LTS
P is called its language; it is denoted by L(P ).
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For example, the language of the LTS shown in Fig. 2.4 is

L(Engine) = {λ, <start>, <start stop>, <start stop start>, . . . }

Behavioral equivalence is an important notion when designing and an-
alyzing concurrent systems. This notion actually drives the behavioral se-
mantics by answering questions such as “are agents Ag1 and Ag2 the same
in terms of their observable behavior?”. Many different notions of behav-
ioral equivalence exist in the literature, like strong and observational equiv-
alences [Mil89], bisimilarity [Par81], or failure equivalence [Hoa85].

In this thesis, we assume determinate agents, that is, agents whose ob-
servable behavior can be captured with the sole use of a deterministic tran-
sition system [Eng85]. This allows us to stick to the weakest and simplest
notion of LTS equivalence, namely trace equivalence [Hoa85, Eng85].

Definition 2.9 (Trace equivalence). Two LTS P and Q are trace-equivalent
if they accept the same set of traces:

P ≡tr Q if and only if L(P ) = L(Q)

Under trace equivalence, LTS inherit operators and properties from their
connection with regular languages. Some important results are summarized
in the next section.

2.3.1 Labeled transition systems and regular languages

Labeled transition systems are actually a subclass of finite automata [Hop79].

Definition 2.10 (Finite automaton). A finite automaton is a 5-tuple
(Q,Σ, δ, qinit, F ) where

• Q is a finite set of states,

• Σ is an alphabet,

• δ is a transition relation Q× Σ ∪ {τ} ×Q,

• qinit is the initial state, and

• F is a subset of Q identifying the accepting states.

The only difference between LTS and finite automata is that the latter
distinguish between accepting states (F ⊆ Q) and non-accepting ones (Q \
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F ). Accepting states will be depicted with double circles. Unlike LTS, only
traces that end in an accepting state are accepted by a finite automaton.

A finite automaton is shown in Fig. 2.5. State 0 is accepting whereas
state 1 is non-accepting. As a consequence, this automaton accepts the trace
<a b b> but not the trace <a b>.

0

a

1
b
b

a

Figure 2.5: A finite automaton.

A LTS is a standard automaton in which all states are accepting, that
is F = Q. Our choice of trace equivalence allows us to make use of many
results from standard automata theory. In particular,

• Standard automata, both deterministic and non-deterministic, capture
the well-studied class of regular languages [Hop79]. As they only have
accepting states, LTS capture the subclass of prefix-closed regular lan-
guages. The term “prefix-closed” means that all prefixes of accepted
traces are also accepted traces:

prefixes(L(P )) = L(P)

• For any regular language L, there exists a canonical automaton A(L).
This automaton is the minimal deterministic automaton accepting L;
it is known to be unique up to state renumbering [Hop79].

Without loss of generality, we may therefore assume that the behav-
ior of any agent is modeled by a canonical LTS. Moreover, we may use
non-deterministic constructions, τ transitions in particular, without contra-
dicting the assumption of determinate agents.

Given a LTS P , deterministic or not, we will denote by P∆ its canonical
and deterministic equivalent. In the latter notation, P can actually be
a LTS expression, that is, a LTS obtained by the application of the LTS
operators introduced in the next sections. Standard automaton algorithms
from [Hop79] can be used to compute P∆. This typically involves removing τ
transitions, determinizing and minimizing the LTS under trace equivalence.

As languages capture sets of traces, it is sometimes convenient to reason
in terms of standard operators on sets. In the following sections, we will
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often make use of notations for the union of two languages (∪), their inter-
section (∩), subset (⊆), proper subset (⊂) and equality (=). Techniques and
algorithms for implementing these operators for the general case of standard
automata can be found in [Hop79, Aho86].

For a given language L, mt(L) will denote the set of maximal traces
of L, that is, traces that cannot be extended by a suffix within the same
language. In the case of a deterministic LTS, they simply correspond to
traces reaching a terminating state (see Def. 2.4).

The next two sections define two additional operators on LTS, namely
composition and hiding. They support reasoning about behaviors in presence
of multiple agents with different alphabets.

2.3.2 Systems as agent compositions

A system is composed of active agents whose behavior is explicitly mod-
eled by a LTS. The behavior of the system itself is defined through parallel
composition [Hoa85]. In this setting, agents execute asynchronously but
synchronize on shared events. A system made of n agents is defined as:

System = Ag1 ‖ . . . ‖ Agn (2.1)

As we are mostly interested in agent behaviors, for parallel composition
we will use the binary composition operator ‖ defined on LTS [Gia99, MK99].

The trace semantics of a system composed of n agents whose behavior
is modeled with LTSs Ag1 . . . Agn will then be captured by:

L(System) = L(Ag1 ‖ . . . ‖ Agn) (2.2)

The LTS composition operator computes the interleaving of all traces
accepted by the two LTS under the constraint that they synchronize on
shared labels. This operator is both commutative and associative, allowing
us to write (2.1) and (2.2) without ambiguity.

Definition 2.11 (LTS composition). Let P = (S1,Σ1, δ1, q1) and Q =
(S2,Σ2, δ2, q2) denote two LTS. Their composition define the following LTS:

P ‖ Q = (S1 × S2,Σ1 ∪ Σ2, δ, (q1, q2))

where δ is the smallest relation satisfying the following rules [Gia99]:

P
l−→ P ′

P ‖ Q l−→ P ′ ‖ Q
l /∈ Σ2

Q
l−→ Q′

P ‖ Q l−→ P ‖ Q′
l /∈ Σ1

P
l−→ P ′, Q

l−→ Q′

P ‖ Q l−→ P ′ ‖ Q′
l 6= τ
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The notation X
l−→ X ′ means that the LTS X = (S,Σ, δ, q0) may transit

into another LTS X ′ = (S,Σ, δ, q1) through the event label l, provided that
(q0, l, q1) ∈ δ.

P ‖ Q is thus defined on the Cartesian product of the sets of states of
P and Q; its initial state is the pair (q1, q2). The above rules define the
possible transitions from such a state.

• The first two rules are symmetric; they encode the fact that, on non-
shared labels, one LTS may transit while the other stays in its previous
state. Those rules also allow individual LTS to move along their τ
transitions.

• The last rule forces the two LTS to transit together on all shared labels
but τ .

A composed LTS can be easily computed in a constructive way by explor-
ing the state space from its initial state until no new state pair is discovered.

Note the following relation between the traces accepted by the composi-
tion of two LTS P = (S1,Σ1, δ1, q1) and Q = (S2,Σ2, δ2, q2) and the traces
accepted by each of them individually:

∀s ∈ L(P ‖ Q), s|Σ1 ∈ L(P ) and s|Σ2 ∈ L(Q)

In other words, projecting the traces accepted by a composed LTS on
the respective alphabets of its two components yields traces accepted by the
latter. It follows that the composition operator computes the intersection
of accepted traces when the two LTS operands share the same alphabet:

L(P ‖ Q) = L(P ) ∩ L(Q) if Σ1 = Σ2

2.3.3 Black-box behavior through event hiding

It is sometimes useful to consider the composition of a subset of agents that
together define an interesting boundary in the system considered.

Consider the agents depicted in the scenario of Fig. 2.1, for example.
The machine boundary can simply be modeled as follows:

Machine = Controller ‖ Actuators ‖ Sensors
World = Passenger ‖ Doors ‖ Engine
System = Machine ‖World

Following Definition 2.11 of LTS composition, the alphabet of the Ma-
chine agent above is ΣController ∪ ΣActuators ∪ ΣSensors. The alphabet
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captures the sets of events in which the agent engages and is therefore too
large here. A black-box version of the Machine behavior might be more
suitable; it is a LTS whose interface is restricted to those events crossing
the depicted boundary. The hiding operator will be used to restrict agent
interfaces in such cases.

Definition 2.12 (LTS hiding). The hiding of a set of labels I in a LTS
P = (Q,Σ, δ, qinit) defines the LTS:

P \ I = (Q,Σ \ I, δhidden, qinit)

where δhidden is the smallest relation satisfying the following rules [Gia99]:

P
l−→ P ′

P \ I l−→ P ′ \ I
l /∈ I P

l−→ P ′

P \ I τ−→ P ′ \ I
l ∈ I

The hiding operator thus makes a set of labels invisible to the envi-
ronment by replacing them by τ transitions. The resulting LTS is thus
non-deterministic. However, a minimal and deterministic LTS that is trace
equivalent is guaranteed to exist (see Section 2.3.1).

In our example, a suitable LTS for the black-box machine is given by:

Machine’ = (Machine \ Internals)∆ ,

where Machine is the composition between the controller, actuators and
sensors given previously, and Internals is the set of events internal to the ma-
chine – here, {start-signal, stop-signal, open-signal, . . .} (see Fig. 2.1).

Given a LTS P = (Q,Σ, δ, qinit) and a set of labels I, the relation between
the languages of P and P \ I is defined as follows:

L(P \ I) = {t′ | ∃t ∈ L(P ) such that t′ = t|Σ\I}

That is, the traces accepted by P \I are the projections on Σ\I of those
accepted by P .

2.4 Scenarios as message sequence charts

Labeled transition systems may capture the behaviors of a single agent class.
Scenarios illustrate admissible interactions among multiple agent instances.
The scenarios we use in this thesis are specified in a syntactic subset of
Message Sequence Charts (MSC) [ITU96], see Fig. 2.1 for an example.
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Figure 2.6: LTS capturing the traces of the MSC in Fig. 2.1 from the local
perspective of the Controller agent.

To keep scenario specifications accessible to end-users, we will consider
only a small subset of their features. In its simplest form, a MSC is com-
posed of vertical lines representing timelines associated with agent instances
and horizontal arrows representing interactions events among them. Ac-
cording to the previous section, events are synchronously sent and received
by interacting agents (we will also use the terms controlled and monitored
events, respectively). We assume that an event label uniquely determines
the latter agents.

We consider positive scenarios, that are examples of behaviors that the
system should exhibit (see Section 2.4.1), and negative scenarios that are
counterexample behaviors that the system must avoid (see Section 2.4.2).
Sections 2.4.3 and 2.4.4 will discuss ways of managing multiple positive and
negative scenarios. The consistency of the scenarios and state machines
views is discussed in Section 2.4.5.

2.4.1 Positive scenarios

As in [Uch04], MSCs are given a trace semantics. We will consider that a
MSC defines a set of traces; the latter are expressed through a LTS. Two
kinds of traces are considered: those from the local perspective of a single
timeline and those from the global perspective of the complete MSC. We
discuss each of these views in turn.

As time in a MSC evolves from top to bottom, the order in which events
are sent and received along a particular timeline defines a total order. There-
fore, from the perspective of a single agent, a MSC defines one simple trace;
such trace is a maximal trace in that it includes all events in which the agent
participates. This trace and all its prefixes can be captured by a LTS. Given
a MSC M and an agent Ag, we will denote such LTS by M↓Ag.

For example, the traces defined by the timeline of the Controller in the
MSC of Fig. 2.1 are precisely captured by the LTS in Fig. 2.6.

When looking at traces from the perspective of the whole MSC, two
possibilities might be envisaged.

Total event ordering – One might consider that a MSC defines a simple
maximal trace where all events appear according to the graphical top-down
ordering. In the example of Fig. 2.1, such trace would be
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<start-signal, start, alarm-pressed, ..., open>

A MSC would then define a total order among all events. This leads to
a straightforward but limited trace semantics for MSCs.

Partial event ordering – When considering concurrent systems, a partial
ordering among events appears more adequate [ITU96, Uch03].

Consider for example the events start-signal and alarm-pressed at
the beginning of the MSC shown in Fig. 2.1. These two events capture
unrelated message passing between different agents; therefore, they cannot
be considered strictly ordered over time – e.g. the passenger might push the
alarm button when the start-signal is already sent but before start has
been propagated; or maybe even before start-signal; and so on.

To account for such situations, we need to consider that the traces defined
by a MSC are linearizations of the partial order among MSC events [Alu00].
In other words, linearizations capture all possible sequences of events that
respect the total ordering defined by the timelines. We do not formalize
the structure of Message Sequence Charts and their linearizations here, and
refer to [Uch03] for such mathematical characterization.

Let M denote a MSC. The set of traces it defines from the local and
global perspectives are related as follows:

Ltotal(M) ⊆ Lpartial(M) (2.3)

Lpartial(M) = L(M↓Ag1 ‖ . . . ‖M↓Agn) (2.4)

• Relation (2.3) states that the set of traces under a partial ordering
includes those under a total ordering. Clearly, the model with par-
tial ordering is more general than the one with total ordering. This
means that everything that is true for the former is also true for the
latter. Unless stated otherwise, we will therefore assume the general
framework with partial ordering. In particular, we will no longer make
the partial and total subscripting explicit when stating other language
relations in the following sections.

• Relation (2.4) provides a way of computing all linearizations of a MSC
as an acyclic transition system through LTS composition. Such LTS is
illustrated in Fig. 2.7 for the MSC in Fig.2.1. As shown there, the latter
accepts six different linearizations due to the possible interleavings of
its first four events. By construction, such LTS has only one initial
state (the leftmost one) and only one terminating state (the rightmost
one).

Note that the number of linearizations of a MSC is exponential in the
number of events in the worst case. This is representative of distributed
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Figure 2.7: LTS capturing all event linearizations of the MSC in Fig. 2.1.
Here, alarm-pressed is abbreviated as a-pressed and sig. stands for
signal.

Figure 2.8: A negative scenario illustrating that the controller may not open
doors after having started.

systems where agents generally behave asynchronously. Linearizations cap-
ture all possible interleavings of events in exactly the same way as LTS
composition in Section 2.3.2. In the worst case where agents do not syn-
chronize at all, the number of interleavings is exponential. In practice, as
they specifically illustrate agent interactions, MSCs often have only a few
linearizations.

2.4.2 Negative scenarios

Positive MSCs capture examples of behavior that the system is expected to
exhibit. In addition, it is often convenient to specify examples of behav-
ior that the system may not exhibit. Proscribed behaviors are illustrated
through negative MSCs [Uch02, Uch04]. A negative MSC is a scenario whose
last event is prohibited, as depicted by a crossed arrow below a dashed line.
Fig. 2.8 shows a negative scenario where the Controller may not open
doors immediately after having started the train.

More precisely, a negative MSC is a pair (P, e) where P is a positive
MSC and e is a single event label. The positive scenario prefix P is called
the precondition and e the prohibited event. The intuitive semantics is that,
once the precondition has occurred from the system’s initial state, e may
not be the very next event in the system.

We now make the trace semantics of negative MSCs precise. First, the
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Figure 2.9: Negative traces for the negative MSC of Fig. 2.8, captured with
a LTS extended with an error state

precondition of a negative MSC N = (P, e) is a positive MSC; it therefore
defines a set of positive traces L+:

L+(N) = L(P ) (2.5)

In accordance with the previous section, we implicitly assume the general
framework with partial ordering here.

A negative MSC N = (P, e) defines a set of negative traces L−:

L−(N) = { we | w ∈ mt(L(P )) } (2.6)

where mt(L) was seen to denote the set of maximal traces of the language
L (see Section 2.3.1).

Negative traces are thus maximal traces of the precondition concatenated
with the label of the proscribed event. Note that the precondition must
occur completely for the prohibited event to be taken into account. In
other words, partial orderings between the prohibited event and those in
the precondition are not considered. This is the intended meaning of the
dashed line separating them [Uch04].

Note that the negative language of a negative MSC cannot be captured
through a pure LTS. This is because L−(N) is not prefix-closed (see Sec-
tion 2.3.1). Negative scenarios are sometimes captured by a LTS extended
with an error state, see Fig. 2.9 where the error state is depicted in black.
Alternatively, we may use a standard automaton that makes a distinction
between accepting and non-accepting states.

2.4.3 Scenario collections

Systems are generally illustrated through multiple positive and negative sce-
narios. We will therefore consider scenario collections Sc = (S+, S−) where
S+ and S− are finite, possibly empty, sets of positive MSCs and negative
MSCs, respectively.

A common assumption when using scenario collections is that all sce-
narios, positive or negative, start in the same system state. In section 2.4.4
we will show how this assumption can be removed.

Under this assumption, the trace semantics of a scenario collection is
captured via the union operator on languages. A scenario collection Sc =
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(S+, S−) defines a positive and a negative language. For the former, the
definition below takes into account the fact that negative scenarios define
positive traces in addition to negative ones:

L+(Sc) =
⋃

P∈S+

L(P ) ∪
⋃

N∈S−
L+(N)

L−(Sc) =
⋃

N∈S−
L−(N)

2.4.4 Flowcharting scenarios in high-level message sequence
charts

A high-level Message Sequence Chart (hMSC) is a directed graph where
each node refers to a MSC or a finer grained hMSC [ITU96]. The MSCs are
then called basic MSCs, bMSCs for short. The outgoing edges from a node
capture possible continuations, allowing the user to introduce sequences,
alternatives and loops; to reuse small MSC fragments; and so on. A hMSC
has an initial starting point that indicates the initial system state. Fig. 2.10
shows a hMSC for our running example.

Figure 2.10: A high-level Message Sequence Chart for the train system.

The two following sections define the trace semantics of hMSCs. We
first restrict to hMSCs composed of bMSCs only before taking finer-grained
hMSCs into account.
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hMSCs composed from bMSCs only

A trace semantics for hMSCs provides an answer to the question: what
traces are captured by a hMSC? This apparently simple question has a fairly
complex answer. The reasons are manifold; we slightly extend the charac-
terization provided in [Uch04].

Bounding hMSCs – As explained in [Hen00], some hMSCs do not define
regular languages. In that case, they have sets of traces that cannot be
captured by a LTS. Our framework must therefore be restricted to regular
hMSCs. Under a total ordering of events inside bMSCs, hMSCs are regular.
Under a partial ordering, a sufficient condition for a hMSC to be regular is
that it does not contain a cycle in which two disjoint sets of agents inter-
act independently of each other. We will make the assumption of bounded
hMSCs in the sequel.

Composing bMSCs – In addition to the partial or total ordering of events
in bMSCs, two possibilities arise as to how a system evolves from a bMSC to
another inside a hMSC. The first one, called strong sequential composition,
assumes that all agents wait until all events of a bMSC have occurred before
moving to the next one. This means that there is an implicit synchronization
scheme used by the agents to know when a scenario has been completed.
The other one, called weak sequential composition, allows an agent to move
from a bMSC to another one without having to synchronize with the other
agents.

In view of the independence between the assumptions of partial/total
event ordering and weak/strong sequential composition, four combinations
actually exist. To keep things simple enough and avoid bizarre concur-
rency models2, we do not consider partial (resp. total) ordering with strong
(resp. weak) sequential composition. In the sequel, therefore, strong (resp.
weak) sequential composition will entail total (resp. partial) ordering of
MSC events. In the sequel, we will refer to this as the stable composition
hypothesis.

Trace semantics – Under the assumption of bounded hMSC with stable
composition, the trace analysis for hMSCs is very similar to MSCs. It leads
to language relations similar to the ones given for the latter in Section 2.4.1
– see (2.3) and (2.4) in particular:

Lstrong(H) ⊆ Lweak(H) (2.7)

Lweak(H) ⊆ L(H↓Ag1 ‖ . . . ‖ H↓Agn) (2.8)

2In particular, such models are very sensitive to the decomposition of a hMSC into
bMSCs. For example splitting a bMSC node into smaller bMSCs might change the set of
accepted traces of the hMSC.
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The sets of traces Lstrong(H) and Lweak(H) result from the scenarios
that can be “produced” by the hMSC under strong and weak sequential
composition, respectively. Such “production” simply results from the con-
catenation of bMSCs along paths admissible by the hMSC.

For example, concatenating the bMSCs Starting train, Pressing alarm
and Stopping & Opening the doors in the hMSC of Fig. 2.10 leads to the
MSC of Fig. 2.1.

Such MSC M defines the set of traces Ltotal(M) and Lpartial(M), see
Section 2.4.1. The trace semantics of a hMSC H is defined in terms of all
possible MSCs that it produces:

Lstrong(H) =
⋃
M∈H

Ltotal(M)

Lweak(H) =
⋃
M∈H

Lpartial(M)

where M ∈ H means “the MSC M can be produced by a path in H”.
The language Lweak corresponds to the notion of trace model of a hMSC
in [Uch04].

Another way of defining the set of traces of a hMSC consists in consider-
ing the local perspective of the agent timelines. This is similar to what has
been done for MSCs in relation (2.4) and leads to the right term in (2.8).
There, hMSC traces are computed as the composition of local agent traces
H↓Agi (see below). The composition of such LTS for each agent corresponds
to the notion of minimal architecture model in [Uch04]. We denote it by
Larch(H):

Larch(H) = L(H↓Ag1 ‖ . . . ‖ H↓Agn) (2.9)

To sum up, defining the trace semantics of a hMSC H leads to con-
sidering three sets of traces, namely Lstrong(H), Lweak(H) and Larch(H).
The first two sets consider the global perspective of the hMSC whereas
the third set considers the local perspective of agent timelines. Moreover,
Lstrong(H) assumes a strong sequential composition of bMSC nodes with
total event ordering whereas Lweak(H) and Larch(H) both assume weak se-
quential composition and partial ordering. These three languages are related
as follows:

Lstrong(H) ⊆ Lweak(H) ⊆ Larch(H)

In practice, compositional algorithms allow capturing these three lan-
guages through LTS:
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• An algorithm for synthesizing a LTS for Larch(H) may be found in
[Uch03]. For a given agent Agi, the LTS H↓Agi is synthesized by
connecting the LTSs M↓Agi corresponding to each bMSC M with τ
transitions, according to their possible continuations given by hMSC
edges.

This construction is illustrated in Fig. 2.11 for the hMSC in Fig. 2.10
and the Controller agent. The resulting LTS can be further simplified
by removing τ transitions and minimizing the result.

Figure 2.11: Synthesis of the Controller LTS from the hMSC of Fig. 2.10.

• Thanks to the simplicity of the model with strong sequential compo-
sition, Lstrong(H) can be captured in a similar way. The linear event
trace defined by each MSC is used instead of M↓Agi in the algorithm
above.

• The synthesis of a LTS for Lweak(H) is more complex because the
sequencing and synchronization of bMSCs must be constrained to fit
the semantics. A synthesis algorithm can be found in [Uch04].

An important difference should be noted among the relations between
MSC languages and those on hMSC languages. For similarity with hMSCs,
let Larch(M) denote an architecture model for MSCs:

Larch(M) = L(M↓Ag1 ‖ . . . ‖M↓Agn)

For a MSC M and a hMSC H the language relations are, respectively:

Ltotal(M) ⊆ Lpartial(M) = Larch(M) (2.10)

Lstrong(H) ⊆ Lweak(H) ⊆ Larch(H) (2.11)
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Note the equality between Lpartial(M) and Larch(M) in (2.10) and the
set inclusion between Lweak(H) and Larch(H) in (2.11).

The traces in Larch(H)\Lweak(H) capture the set of implied scenarios of
a hMSC specification [Alu00, Uch04]. Implied scenarios occur when a sys-
tem is designed globally while implemented component-wise. They capture
traces that follow different paths in the hMSC when projected on individual
agent timelines. Implied scenarios will be mostly ignored in the thesis; we
will however discuss their impact on our inductive technique in Section 4.6.

hMSCs composed from finer-grained hMSCs

A hMSC node may refer to a finer-grained hMSC instead of a bMSC. To
take this into account in the trace semantics given previously, we must decide
how a sub-hMSC is to be “connected” with its father. To keep a consistent
framework in terms of synchronization hypotheses, we require such sub-
hMSC to have, in addition to its initial state, a terminating state to which
at least one node is connected. For simplicity, we forbid nodes with no
outgoing transition.

Under those assumptions, it is fairly easy to unfold a compound hMSC
into another where all refined nodes are basic MSCs. The trace semantics
remains unchanged and is defined in terms of the latter “flat” hMSC.

In practice, this flat hMSC must not be explicitly constructed when the
LTS for Larch is synthesized. Under our assumptions, the LTSs capturing
the traces of finer-grained hMSCs have only one initial state and only one
terminating state. Therefore, they can connected with τ transitions in the
same way as the LTSs M↓Agi in the synthesis algorithm of previous section.
A similar argument applies for Lstrong.

2.4.5 Consistency between the scenario and state machine
views

The trace semantics of scenarios can be explicitly related to the trace seman-
tics of agent and system state machines. This section defines consistency
rules between those two views, thereby explaining the similarity between
relations (2.2), (2.4) and (2.8).

Positive MSCs

Consider a system composed of n agents whose behavior is modeled by S =
(Ag1 ‖ . . . ‖ Agn). Let M denote a positive MSC illustrating interactions
among them. M and S are said to be consistent if the following conditions
hold:
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Structural consistency – This condition requires M and S to agree on
the set of agents and their respective interfaces. The MSC may actually
illustrate interactions among a proper subset of system agents. However,
labels along a timeline must be a subset of the alphabet of the corresponding
agent.

Consistent agent view – This condition states that the traces defined by
a timeline in the MSC must be traces accepted in the LTS modeling the
behavior of the corresponding agent. For each agent Agi, we must have:

L(M↓Agi) ⊆ L(Agi). (2.12)

Consistent system view – This third condition states that all lineariza-
tions of the MSC must be accepted traces in the LTS modeling the behavior
of the composed system:

L(M) ⊆ L(S), (2.13)

where L(M) = L(M↓Ag1 ‖ . . . ‖M↓Agn)

Negative MSCs

A negative MSC N = (P, e) and a system S = (Ag1 ‖ . . . ‖ Agn) are said to
be consistent if the following conditions hold:

• N and S are structurally consistent, in a similar sense to what has
been said for positive MSCs,

• the precondition P and S are consistent; this requires conditions (2.12)
and (2.13) to hold for P ,

• the system may not exhibit any trace captured by the negative MSC,
that is,

L−(N) ∩ L(S) = ∅ , (2.14)

which provides the negative counterpart of (2.13).

Scenario collections

A scenario collection Sc = (S+, S−) and a system S are said to be consistent
if and only if each positive and each negative MSC of the collection is itself
consistent with S.
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Conditions (2.13) and (2.14) can be formulated in terms of the positive
and negative languages of the scenario collection as follows:

L+(Sc) ⊆ L(S) (2.15)

L−(Sc) ∩ L(S) = ∅ (2.16)

Note that a scenario collection may only be consistent if all its scenarios,
positive or negative, start in the same system state.

A set S+ of positive scenarios and a set S− of negative scenarios are
consistent with each other if there exists a system which is consistent with
them taken as a collection Sc = (S+, S−).

A necessary condition for a scenario collection Sc = (S+, S−) to be
consistent is the disjointness of positive and negative traces:

L+(Sc) ∩ L−(Sc) = ∅ (2.17)

This condition is not sufficient, however, as structural consistency is not
guaranteed.

High-level MSCs

A hMSC H and a system S = (Ag1 ‖ . . . ‖ Agn) are said to be consistent if
the following conditions hold:

• H and S are structurally consistent,

• L(H↓Agi) ⊆ L(Agi) for each agent Agi,

• Larch(H) ⊆ L(S),

where Larch(H) = L(H↓Ag1 ‖ . . . ‖ H↓Agn)

These conditions are the counterpart of those given previously for MSCs.
They have a similar interpretation, mutatis mutandis.

It is sometimes convenient to distinguish between a hMSC that describes
all behaviors of a system and one that only illustrates a subset of them. This
leads to the notion of hMSC completeness.

A hMSC H is complete for a system S = (Ag1 ‖ . . . ‖ Agn) if it is
consistent with it and defines the same language, that is, if the following
condition holds:

Larch(H) = L(S) (2.18)
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2.5 State-based assertions on fluents

Miller and Shanahan define fluents as “time-varying properties of the world
that are true at particular time-points if they have been initiated by an event
occurrence at some earlier time-point, and not terminated by another event
occurrence in the meantime. Similarly, a fluent is false at a particular time-
point if it has been previously terminated and not initiated in the mean-
time” [Mil02].

Fluents will allow us to integrate event-based and state-based specifica-
tion styles within a simple framework [Gia03].

A fluent Fl is a proposition defined by a set InitFl of initiating events,
a set TermFl of terminating events, and an initial value InitiallyFl that
can be true or false. The sets of initiating and terminating events must be
disjoint. The concrete syntax for fluent definitions is the following [Gia03]:

fluent Fl = <InitFl, T ermFl> initially InitiallyFl

In our train example, the safety goal “Doors shall remain closed

while the train is moving ” suggests two fluents defined as follows:

fluent Moving = <{start}, {stop}> initially false
fluent DoorsClosed = <{close}, {open}> initially true

2.5.1 Fluent values along single traces

In terms of our trace semantics, a fluent Fl will be true after a finite trace
s if and only if one of the following conditions hold [Gia03]:

1. Fl holds initially and no terminating event has occurred in s.

2. Some initiating event has occurred in s with no terminating event
occurring since then.

As sets of initiating and terminating events are disjoint, the value of a
fluent after a given trace is deterministic.

For example, the fluent Moving is true after the trace <start stop

start>, but not after the empty trace λ nor after <start stop>.

As prefixes of traces are also traces, we may also think in terms of fluent
values along traces. This is illustrated in Fig. 2.12 where the values of the
two fluents introduced above are shown in the states of a LTS capturing a
typical event trace for the train system.
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Figure 2.12: LTS annotated with fluent values along a single trace (Closed
is an abbreviate for DoorsClosed).

As the example suggests, for a set of fluents Φ, an event trace yields an
interpretation over 2Φ, that is, an assignment of a Boolean value to each
fluent in Φ. We will call it fluent value assignment throughout the thesis.

For example, the maximal trace <start alarm stop open> in Fig. 2.12
yields the following fluent value assignment:

{Moving = false, DoorsClosed = false}

2.5.2 Fluent values along multiple traces

We can similarly annotate the states of any LTS. The generalization consists
in considering that a LTS state may be reached by a set of traces instead of
a single one. Annotations therefore become sets of fluent assignments, that
is elements of the powerset P(2Φ) over 2Φ.

In particular, a state might be reached by a trace yielding a fluent true,
while another trace reaching it would yield the same fluent false. Note that
even in presence of a possibly infinite number of traces, the set of all possible
annotations is itself finite.

P(2Φ) actually coincides with the set of propositional formulas over flu-
ents. In fact, it appears convenient to consider state annotations as such
formulas, where false then corresponds to an empty set of fluent assignments
(i.e. an unreachable state) and true corresponds to the set of all possible
assignments. Such state annotations will be called state invariants; they
encode assertions that always hold when the LTS state is visited.

Fig. 2.13 shows an example of LTS annotated with state invariants.
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Figure 2.13: Fluent values along multiple traces (Closed is an abbreviate
for DoorsClosed).

A fixpoint algorithm for decorating LTS with fluent value assignments
appeared in [Dam05]. This algorithm was generalized for generating weakest
state invariants in [Dam09, Dam11]. Very roughly, it consists in annotating
the LTS initial state with an initial invariant according to fluent initial
values; invariants are then propagated along LTS transitions, according to
fluent definitions, and accumulated in states through Boolean disjunction,
until a fixpoint is reached.

Binary decision diagrams [Bry86] can be used for concisely encoding and
efficiently manipulating Boolean formulas (see Chapter 7). This algorithm
has been further generalized [Dam11] into a fully generic version whose
instantiations support other kinds of decorations beside state invariants.

2.5.3 Integrating fluents in multi-view models

Fluents provide a general mechanism for integrating event-based and state-
based specifications. We will use them for integrating agents, their state
machines, and scenarios. The next section extends such integration by in-
troducing fluent-based goals and domain properties.

Our use of fluents will be restricted to the ones that are monitorable and
controllable by the agents forming the system [Let02].

A fluent is monitorable by an agent if all its initiating and terminating
events can be either sent or received by this agent. It is controllable if all
initiating and terminating events can be sent by the agent.

Our restriction to fluents that are monitorable or controllable by system
agents is motivated by the need for specifications to be realizable by the
agents involved in them [Let02].
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2.6 Declarative goals and domain properties

A goal is a prescriptive statement of intent whose satisfaction requires the
collaboration of agents forming the system. Unlike goals, domain properties
are descriptive statement about the environment – such as physical laws, or-
ganizational rules, etc. Goals are structured in AND/OR refinement graphs
that show how they contribute to each other [van00b].

Section 2.6.1 formalizes goals and domain properties in fluent linear tem-
poral logic (FLTL). Their integration with state machines and scenarios is
discussed in Section 2.6.2. Section 2.6.3 then presents how all system traces
satisfying (resp. violating) a goal can be specified through a property (resp.
a tester) automaton, provided that the goal captures a safety property.

2.6.1 Properties as FLTL assertions

Goals and domain properties can be formalized in Linear Temporal Logic
(LTL). Admissible system histories are thereby specified in a declarative and
implicit way [van09]. We will focus on propositional LTL here. In addition
to the usual propositional constructs, LTL provides connectives for temporal
referencing [Man92]:

• ◦ (at the next smallest time unit),

• � (some time in the future),

• � (always in the future),

• → (implies in the current state),

• ⇒ (always implies),

• U (always in the future until),

• W (always in the future unless)

A system history is commonly seen in LTL as a temporal sequence of
system states. Atomic LTL propositions then refer to state formulas (as, e.g.
in the SPIN model-checker [Hol97]). In our event-based setting, a system
history will be seen as a trace, that is, a temporal sequence of events.

To integrate the state-based and event-based paradigms, we will use
a flavor of LTL known as Fluent Linear Temporal Logic (FLTL), where
atomic propositions are fluents [Gia03]. FLTL proves convenient for speci-
fying state-based temporal logic properties over the event-based operational
model given by scenarios and state machines.
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For example, the safety goal “Doors shall remain closed while the train is
moving” of our running example can be formalized in terms of the Moving
and DoorsClosed fluents defined in the previous section:

Maintain[DoorsClosed While Moving] = �(Moving → DoorsClosed)

Properties formalized in temporal logic are commonly classified as live-
ness or safety properties [Alp86, Lam94]. Liveness refers to “something good
will eventually happen” whereas safety refers to “something bad may never
happen”. The thesis will focus on safety properties for the following reasons:

• Reasoning about liveness requires considering the acceptance of infinite
execution traces; this is outside the expressiveness of our LTS charac-
terization and regular languages in general. In contrast, if “something
bad” happens it must do so after a finite sequence of events, and is
irremediable [Alp86, Gia99].

• The thesis focusses on requirements engineering models. To be realiz-
able by agents, the properties assigned to them must be bounded as
maintain or bounded achieve specifications [Let02]; these correspond
to safety properties.

2.6.2 Consistency between the behavioral and intentional
views

Consider a safety property G and a system S = (Ag1 ‖ . . . ‖ Agn). Let
L−(G) denote the set of event traces violating the property and L+(G)
those satisfying it. We discuss how these languages can be captured through
automata in the following section.

The system S and the property G are consistent if and only if the fol-
lowing condition holds:

L(Ag1 ‖ . . . ‖ Agn) ∩ L−(G) = ∅ (2.19)

The above relation requires the system to exclude any trace violating
the property. This relation is the one commonly used in model checking,
provided that L−(G) actually amounts to L+(¬G) [Cla89]. In other words,
L−(G) actually captures the set of traces satisfying the negation of the safety
property.

We will also consider the following consistency rules between goals and
scenarios:

• Behaviors illustrated in positive scenarios may not violate safety prop-
erties. A more formal expression of this depends on the concrete form
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Figure 2.14: Tester (L− at left) and property (L+ at right) automata for
Maintain[DoorsClosed While Moving], as complements of each other.

of scenario specification (scenario collection or hMSC) and on hypothe-
ses about event ordering and weak or strong bMSC synchronization.
It is similar to relation (2.19), mutatis mutandis.

• A negative scenario N illustrates the violation of a safety property,
say G, if the following condition holds:

L−(N) ⊆ L−(G) (2.20)

that is, if the negative traces it defines are among those prescribed by
the safety property.

2.6.3 Property and tester automata

For a safety property G, the sets of traces L+(G) and L−(G) are complement
of each other, that is,

L+(G) = Σ∗ \ L−(G) (2.21)

Both languages can be specified through standard automata. The one
for L+(G) will be called property automaton [Let05] whereas the one for
L−(G) will be called tester automaton [Gia03]. Unlike those references, our
characterization here makes use of standard automata instead of LTS.

An example of tester and property automata is given in Fig. 2.14 for the
safety goal requiring the doors to remain closed while the train is moving.

A procedure for computing tester automata in the case of safety prop-
erties is given in [Gia03]. It consists in building a Büchi automaton that
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recognizes all infinite event-based traces violating the state-based FLTL
property. Given a pure safety property, a canonical form for this automaton
can been found; the latter is deterministic, has a complete transition func-
tion, and a unique sink accepting state reached by all traces violating the
property [Gia03].

As tester and property automata are complements of each other, it suf-
fices to flip accepting and non-accepting states of one automaton to obtain
the other [Hop79]. A necessary condition, guaranteed by [Gia03], is that
they have complete transition functions.

A few remarks are in order here.

• In the LTSA toolset [MK99] and related literature, notably [Gia03], a
tester LTS with an error state is used instead of the tester automaton
presented here. Similarly, the property LTS is sometimes built by
removing the error state of the tester LTS [Let08].

Our automata variants are better suited to our context in view of the
formalization of inter-model consistency rules expressed in terms of
set-theoretic operators on languages.

• The tester and property automata, together with the procedure for
computing them, are always defined “up to a given alphabet” or “un-
der the assumption of a given agent or system”. This is the intended
meaning of the transitions labeled “{...}” in Fig. 2.14. The reason
is that some temporal properties, in particular those referring to the
FLTL next operator, are not closed under stuttering [Lam94]. This
means that their satisfaction may be affected by the insertion or re-
moval of unobservable events. Which events are relevant may depend
on additional hypotheses about how goals relate to agent behaviors
– e.g, whether they are under the responsibility of a single agent or
are properties to be met by the global system. Fixing those “rele-
vant events” by filling the “{...}” placeholder is required for meeting
the temporal logic semantics when composing tester and property au-
tomata.

For simplicity in the thesis, we will consider that safety properties
must be met by the global system. Therefore, the relevant events are
the alphabet of the whole system, say Σ. A placeholder then must
be replaced by a transition for each event in Σ except those already
labeling an outgoing transition from the same state.
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2.7 Process models as guarded high-level message
sequence charts

Process models capture tasks performed by agents together with their con-
trol flow. The aim here is to model work processes for effective software
support [Dvt05]. A process lifecycle typically includes process modeling
[Obj04, Obj08, Cla08, Dam09]; process enactment [Man02, Buh05, Sa06];
process monitoring [Mue00]; and process restructuring based on monitored
data.

Process models considered in the thesis will be formalized as guarded
high-level message sequence charts (g-hMSC), an extension of hMSCs with
guards on fluents [Dam09]. Guarded hMSCs capture decision-based pro-
cesses where decisions relying on the state of the process environment reg-
ulate the nature of the subsequent tasks and their composition.

An example of g-hMSC is given in Fig. 2.2 for the meeting scheduling
case study. Such processes are frequently found in medical therapies, for
example.

A task is a unit of work to be performed by collaboration of agents involved
in the process.

Task nodes in a g-hMSC may be refined either by a MSC or by a finer-
grained g-hMSC. For example, the InitiateMeeting task in Fig. 2.2
is refined into a MSC illustrating interactions between the initiator,
the scheduler and participants.

A g-hMSC defines a strong sequential composition of task nodes; a
total ordering of all events also applies inside MSCs (see Section 2.4.4).
This assumes an implicit synchronization scheme used by the agents
to know when tasks are starting and terminating. Automated process
enactment typically provides such support through agent worklists,
reminders sent to them, and the like.

Such synchronization is kept implicit in the process model. However,
for reasoning about timing of tasks and manipulating the traces that
a g-hMSC accepts (see Chapter 3), it proves convenient to associate
with a task special events for denoting its start and end. For a task
T such events will be denoted by Tstart and Tend, respectively. They
correspond to broadcasting interactions, which implies that all agents
are supposed to monitor them.

A decision node states specific conditions for the tasks along outgoing
branches to be performed. Each outgoing branch is labeled by a
Boolean expression on fluents, called guard. A guard must be eval-
uated to true for the corresponding branch to be followed. It captures
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a condition under which the subsequent task flow may and/or may
not be performed. g-hMSC do not provide abstractions for captur-
ing an obligation to perform a task, that is, when the latter must be
performed.

For example, the guards in Fig. 2.2 refer to the three fluents: sec-
ond cycle, date conflict and resolve by weakening. The former is de-
fined as below; the two others are to be defined in terms of events
introduced in refinements of other tasks.

fluent second cycle =
<{ExtendDateRangeend,WeakenConstraintsend},

{InitiateMeetingend}>

Instead of initial values for fluents, a g-hMSC is given an initial con-
dition that constrains the acceptable initial fluent values. This allows
processes to be modelled where different instances can start in differ-
ent states; initial values for fluents can then be defined at instance
level rather than at class level. The initial condition will be denoted
by C0. In our example, it might be defined as follows:

C0 = ¬second cycle ∧ ¬date conflict ∧ ¬resolve by weakening

The trace semantics of guarded hMSCs will be defined in Chapter 3
together with synthesis techniques to derive them as state machines for
automated reasoning.

Summary

This chapter described the multi-view formal framework used for system
modeling in the thesis. This framework is composed of scenarios, state ma-
chines, goals and process models. All models are semantically grounded in
trace theory. Fluents are used for capturing agent and process state vari-
ables; they allow integrating event-based and state-based models. Formal
rules have been defined that capture consistency conditions between the
different views of the system modeled.



Chapter 3

Derivation of State Machine
Models from Process Models

This chapter shows how LTS state machines can be synthesized from g-
hMSC process models. Section 3.1 motivates such derivation and outlines
the approach. Section 3.2 introduces guarded labeled transition systems (g-
LTS) as an intermediate formalism between guarded hMSCs and LTS state
machines. Algorithms for transforming process models into guarded and
then guard-free transition systems are detailed in Section 3.3.

3.1 Motivation and approach

Building adequate, complete and consistent process models is not necessar-
ily an easy task. Flawed models can have dreadful consequences in safety-
critical areas. The recent usage of process modeling to improve medical
safety provides a good example of such area [Cla08, Gra09, Dam11]; mod-
els there should be as error-free as possible. Techniques should therefore
be available to support model construction and analysis, in particular for
systematically detecting and fixing severe flaws.

A typical analysis technique coming to mind is model checking [Cla89].
Model-checking would allow us to verify that a given safety property is sat-
isfied in all process instances. Other kinds of analysis on process models are
discussed in [Dam11], including checking the completeness, disjointness and
satisfiability of guards at decision points; verifying that timing requirements
are met; detecting inadequate process decisions; and so on. This kind of
check should be performed ahead of process enactment.

Verification techniques require a formal semantics for process models. As
our guarded hMSCs are an extension of hMSCs, a trace semantics appears
natural. This choice also fits the intuition: an event trace can roughly be

43
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Figure 3.1: Guarded LTS as an intermediate level between g-hMSC and
LTS.

rephrased in terms of temporal occurrences of tasks. Moreover, a trace
semantics for g-hMSCs enables the reuse of LTS-based tools and techniques
[MK99, Gia03].

We will only consider the traces of a process globally, that is, as sequences
of events seen by an external observer. In other words, in spite of a multi-
agent view through message sequence charts, we will not consider agent state
machines in isolation. The aim of process modeling is not to specify valid
executions of the agents themselves, but to capture the control flow of their
tasks.

As a consequence, we will assume a strong sequential composition of
g-hMSC nodes and a total ordering of all events inside MSCs (see Sec-
tion 2.4.4). In other words, we will assume that agents synchronize with
each other when tasks are started and completed.

To delimit task boundaries in event traces and reason about execution
time, each task T will be associated with special events Tstart and Tend.
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These events are assumed to be monitored by all agents; thus, they allow
explicitly capturing the required synchronization scheme.

Instead of transforming a guarded hMSC into a LTS directly, we will
generate an intermediate form called guarded labeled transition system (g-
LTS). Roughly, a g-LTS is a transition system with guards or events on
transitions. It is a structured form of LTS aimed at avoiding state explosion
in their representation. This intermediate form is therefore easier to under-
stand. More importantly, g-LTS support a variety of analyses at a more
abstract level (e.g. checking guards against completeness, disjointess and
satisfiability or checking the adequacy of decisions [Dam11]). It may also
facilitate code generation for process enactment.

Figure 3.1 illustrates the three abstraction levels provided by g-hMSC,
g-LTS and LTS, respectively. As just said, the analyses about guards, timing
requirements and the like are performed at the g-LTS level. They rely on a
generalization of the symbolic execution algorithm used to decorate a LTS
with assertions on fluents (see Section 2.5). For details about such analyses
at the g-LTS level, see [Dam11]. Trace-based model-checking is performed
at the LTS level using slight adaptations of existing tools such as LTSA
[MK99] (see Section 7.1).

Our two derivation algorithms for transforming a guarded hMSC to a
guarded LTS then to a LTS are detailed in Section 3.3. Section 3.2 first
introduces guarded LTS formally; it also provides a few operators for ma-
nipulating them.

3.2 Guarded transition systems

This section introduces guarded LTS (g-LTS) as an intermediate formalism
between guarded hMSCs and LTS. This formalism provides a convenient
milestone on the way from a guarded hMSC to the corresponding LTS, in
particular, for determining the set of traces accepted by the guarded hMSC.

Definition 3.1 (Guarded LTS). A guarded LTS is defined as a structure
(Q,Σ,Φ, δ, q0, C0) where

• Q is a finite set of states,

• Σ is a set of event labels,

• Φ is a set of fluents defined on Σ,

• δ is a transition relation Q× L×Q,

• q0 ∈ Q is the initial state,
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• C0 ∈ P(2Φ) is an initial condition on fluents,

where the set of transition labels is defined as L = Σ ∪ {τ} ∪ P(2Φ)

In a guarded LTS, transitions are labeled either by a guard, an event,
or τ . As with LTS, τ -transitions are non-observable from the environment
(see Section 2.3). In the sequel, Στ will denote Σ ∪ {τ}.

A guard is a propositional formula over fluents in Φ. The set of such
formula is denoted by P(2Φ), as in Section 2.5. Intuitively, the guard must
evaluate to true for its transition to be activated. This is made more precise
is the next section.

The condition C0 plays the same role as in guarded hMSCs. It is a
Boolean formula that constrains the acceptable initial values of fluents.

3.2.1 Trace semantics

The semantics of g-LTS is defined in terms of event traces involving no
guards at all.

Definition 3.2 (g-LTS execution). An execution of a g-LTS G = (Q,Σ,Φ,
δ, q0, C0) from q0 is a pair (Init,<l0, . . . , ln>), where

• Init ∈ 2Φ is an initial fluent value assignment mapping every fluent
in Φ to true or false,

• <l0, . . . , ln> is an finite sequence of labels li ∈ Στ ∪ P(2Φ), each of
them being either an event label, τ , or a guard.

In the presence of guards, only specific executions are to be considered
valid from the initial state of the g-LTS. This is captured by the following
definition.

Definition 3.3 (Valid g-LTS execution). An execution S = (Init,<l0, . . . ,
ln>) of a g-LTS (Q,Σ,Φ, δ, q0, C0) is valid from its initial state q0 iff the
following acceptance conditions are met for every i (0 6 i < n):

trace inclusion: ∃qi+1 ∈ Q such that (qi, li, qi+1) ∈ δ
admissible start: Init |= C0

guard satisfaction: Si |= li if li ∈ P(2Φ),

where Si is the fluent value assignment after the i-th event in the trace, with
S0 = Init.

The trace inclusion condition states that the label sequence must de-
note an existing path in the automaton.
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The admissible start condition states that the initial fluent value as-
signment must meet the initial condition C0.

The guard satisfaction condition ensures that all guards are met along
the sequence. The fluent value assignment Si is determined from fluent
definitions, as explained in Section 2.5.1.

As with LTS, the trace semantics of g-LTS is defined in terms of accepted
event traces. Roughly, it consists of all valid executions where τ labels as
well as guards are removed. This is precisely captured by the the following
definitions.

Definition 3.4 (g-LTS trace). A g-LTS trace is a pair (Init,<e0, . . . , en>)
where

• Init ∈ 2Φ is an initial fluent value assignment mapping every fluent
in Φ to true or false,

• <e0, . . . , en> is an finite sequence of event labels, with ei ∈ Σ.

Unlike an execution, a g-LTS trace only contains event labels, without
τ labels nor guards. Such trace still includes a fluent assignment Init that
associates a truth-value to each fluent in the initial state.

Definition 3.5 (Valid g-LTS traces). The set of g-LTS traces accepted by
a g-LTS G = (Q,Σ,Φ, δ, q0, C0) is defined as:

{ (Init, s) | ∃ (Init, w) a valid execution of G such that s = w|Σ },

where w|Σ denotes the projection of w over the alphabet Σ (see Section 2.3).

In other words, the set of valid g-LTS traces corresponds to valid execu-
tions where τ and guards have been removed.

The traces considered in the definition above are g-LTS traces, that is,
they explicitly define an initial fluent assignment Init. The set of pure event
traces can be defined through existential quantification over such a fluent
assignment:

Definition 3.6 (Trace semantics of g-LTS). The set of pure event traces
accepted by a g-LTS G is defined as:

{ s | ∃ Init such that (Init, s) is a valid g-LTS trace for G }
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In the definitions above, g-LTS traces are used as a convenient milestone
between g-LTS executions and pure event traces. Indeed, the explicit initial
fluent assignment Init proves useful for user feedback when model-checking
g-hMSC and g-LTS (see Section 7.1).

The next section introduces hiding and composition operators for g-LTS
in a way similar to those defined on LTS in Section 2.3.

3.2.2 Hiding and composition in the presence of guards

The hiding operator on g-LTS is very similar to the one on LTS defined in
Section 2.3.3.

Definition 3.7 (g-LTS hiding). The hiding of a set of labels L in a g-LTS
G = (Q,Σ,Φ, δ, q0, C0) yields the g-LTS

G \ L = (Q,Σ \ L,Φ, δhidden, q0, C0),

where δhidden is the smallest relation satisfying the following rules:

G
l−→ G′

G \ L l−→ G′ \ L
l /∈ L G

l−→ G′

G \ L τ−→ G′ \ L
l ∈ L,

where G
l−→ G′ means that the g-LTS G = (Q,Σ,Φ, δ, q0, C0) may transit

into a g-LTS G′ = (Q,Σ,Φ, δ, q1, C0) through a transition labeled l from its
initial state, provided that (q0, l, q1) ∈ δ.

As with LTS, the hiding operator makes a set of labels invisible by re-
placing them by τ transitions. Note that the definition here allows hiding
both guards and events.

The special case where L = P(2Φ) yields a g-LTS with no guard remain-
ing. We will then consider that the hiding operator actually returns the LTS
defined as follows:

G \ P(2Φ) = (Q,Σ, δhidden, q0)

Definition 3.8 (g-LTS composition). Let G = (Q1,Σ1,Φ1, δ1, q1, C1) and
H = (Q2,Σ2,Φ2, δ2, q2, C2) denote two g-LTS. Their composition is the
following g-LTS:

G ‖ H = (S1 × S2,Σ1 ∪ Σ2,Φ1 ∪ Φ2, δ, (q1, q2), C1 ∧ C2),

where δ is the smallest relation satisfying the following rules:
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G
l−→ G′

G ‖ H l−→ G′ ‖ H
l /∈ P(2Φ), l /∈ Σ2

H
l−→ H ′

G ‖ H l−→ G ‖ H ′
l /∈ P(2Φ), l /∈ Σ1

G
l−→ G′, H

l−→ H ′

G ‖ H l−→ G′ ‖ H ′
l /∈ P(2Φ), l 6= τ

G
g−→ G′, H

h−→ H ′

G ‖ H g∧h−→ G′ ‖ H ′
g ∈ P(2Φ1), h ∈ P(2Φ2), g ∧ h 2 false

The first three rules are the same as the LTS composition ones (see
Section 2.3.2); here, they explicitly exclude guards. The last rule states
that the two LTSs must transit on guards together, provided that the guard
conjunction is satisfiable. The resulting transition is then labeled with this
conjunction.

3.3 From guarded hMSC to pure LTS

This section presents algorithms for explicitly capturing the traces of a g-
hMSC through a pure LTS. Section 3.3.1 provides an algorithm for trans-
forming a g-hMSC into a g-LTS. Section 3.3.2 then shows that the set of
event traces admitted by a g-LTS can be captured through a LTS.

3.3.1 From guarded hMSC to guarded LTS

A g-hMSC can be transformed into an equivalent g-LTS. The latter abstracts
from the agents and captures the set of global behaviors covered by the g-
hMSC. The transformation algorithm extends the technique introduced in
Section 2.4.4 to synthesize a LTS capturing hMSC traces [Uch04].

Handling nodes – Every g-hMSC node yields a behaviorally equivalent
sub-LTS (see dashed rectangles at bottom of Fig 3.2).

(a) A terminal MSC node is transformed into a sub-LTS collecting the linear
event sequence from the scenario. For a MSC M , the LTS captures the
set of traces Ltotal(M) defined in Section 2.4.1.

(b) For a node expanded into a finer-grained g-hMSC, the procedure is
applied recursively to obtain the corresponding sub-LTS.

(c) A decision node is rewritten as a sub-LTS reduced to one simple state
and no event. The same applies to the start and end nodes of the
g-hMSC.
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In cases (a) and (b), the special events Task start and Taskend are added
as first and last events of the corresponding sub-LTS, respectively.

Figure 3.2: Transforming a g-hMSC (top) into a g-LTS (bottom): the meet-
ing scheduler example

Handling edges – The edges in the g-hMSC yield transitions between the
terminal and initial states of the sub-LTS corresponding to their source and
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target nodes, respectively.

• An outgoing edge of a decision node is further labeled by the corre-
sponding guard to yield a guarded transition in the g-LTS.

• Any other edge is simply converted to a τ transition.

Fig. 3.2 illustrates the transformation on the meeting scheduling process.
The g-hMSC on top yields the g-LTS at the bottom.

• In the g-LTS, task “boundaries” are kept visible through dashed rect-
angles surrounding the different sub-LTS. Similarly, dashed diamonds
show which g-LTS states come from decision nodes.

• The task Initiate Meeting is converted into a sub-LTS capturing the
linear event sequence defined by its MSC. This sequence is extended
with the special events InitiateMeetingstart and InitiateMeetingend.

• Converting the other tasks is similar, the algorithm being applied re-
cursively on finer-grained g-hMSC. The figure shows that start and
end events are introduced for each of those tasks as well.

• Last, outgoing edges of decision nodes lead to guarded transitions in
the g-LTS whereas other edges of the g-hMSC yield τ transitions.

The resulting g-LTS can be further optimized by coalescing states sep-
arated by τ transitions, provided the target state has no other incoming
transition. The g-LTS state space is thereby reduced; this will speed up
the synthesis of a trace-equivalent LTS and the model-checking procedure
described in Section 7.1.

3.3.2 From guarded LTS to pure LTS

The set of traces accepted by a g-LTS G may now be captured by a trace-
equivalent LTS. There are two steps.

(1) First, a parallel composition of g-LTSs is computed so as to meet the
various acceptance conditions from Definition 3.3 (valid g-LTS execu-
tion).

• The first automaton in this composition is a super g-LTS built
from G to initially meet the trace inclusion and admissible start
conditions. This g-LTS actually covers a superset of all admissible
event traces and will therefore be pruned.
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• To meet the guard satisfaction condition, the set of traces of the su-
per g-LTS is pruned further by composing it with fluent automata,
one for each fluent.

(2) By construction, all paths admitted by the g-LTS resulting from step (1)
yield valid executions for the initial g-LTS G. Therefore, guards and τ -
transitions can be safely hidden to obtain a pure LTS; the latter captures
all event traces of the trace semantics given in Definition 3.6.

Let us make each g-LTS in the composition further precise. In the sequel,
G = (Q,Σ,Φ, δ, q0, C0) will denote the input g-LTS which is transformed to
a pure LTS, e.g. the one of Fig. 3.2.

Super g-LTS

By definition, the input g-LTSG already meets the trace inclusion condition:
the latter simply requires executions to correspond to existing paths in the
g-LTS.

In order to meet the admissible start condition, G is extended by con-
verting its initial condition C0 into an explicit guard from a new initial state.
More precisely, the super g-LTS is defined by:

Super LTS = (Q ∪ {qstart},Σ,Φ, δ ∪ {(qstart, C0, q0)}, qstart, true)

Figure 3.3: The super g-LTS

The super g-LTS is illustrated in Fig 3.3. The cloud at there simply
denotes the g-LTS G taken as input. A guarded transition labeled by C0

reaches its initial state q0 from a newly introduced one qstart.

During composition, the introduced guarded transition will synchronize
with similar guarded transitions in the fluent automata introduced hereafter.
Doing so will prune initial fluent assignments that do not satisfy C0. This
will guarantee the satisfaction of the admissible start condition in a way
similar to the satisfaction of guards (see below).
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Fluent g-LTS

The guard satisfaction condition is enforced by pruning all traces violating
guards in the super g-LTS. For this, the super g-LTS is composed with
fluent automata that keep track of current fluent values and constrain guards
accordingly. Recall that fluents have undertermined initial values; process
models and guarded LTS have an initial condition C0 that constrains their
values in the initial state.

Every fluent Fl = <InitFl, T ermFl> yields a g-LTS (Q,Σ,Φ, δ, q0, C0)
where:

Q = {qu, qt, qf}
Σ = InitFl ∪ TermFl

Φ = {Fl}
δ = { (qf , e, qt) | e ∈ InitFl } ∪ { (qt, e, qt) | e ∈ InitFl }
∪ { (qt, e, qf ) | e ∈ TermFl } ∪ { (qf , e, qf ) | e ∈ TermFl }
∪ { (qu, [Fl], qt), (qu, [¬Fl], qf ) }
∪ { (qt, [Fl], qt), (qf , [¬Fl], qf ) }

q0 = qu

C0 = true

In this definition, qu, qt and qf denote g-LTS states where the fluent is
unassigned, true and false, respectively (see Fig. 3.4).

• The unassigned state qu is the initial g-LTS state. From there, the
true and false states may be reached through guarded transitions that
force the fluent to an initial value consistent with the reached state.
These guards will synchronize with the transition labeled by C0 in the
super g-LTS, thereby meeting the admissible start condition.

• A fluent g-LTS may transit from its false state qf to its true state qt
with the occurrence of events belonging to InitFl and vice-versa, with
events belonging to TermFl. In Fig. 3.4, a transition labeled with
a set between brackets is a shortcut denoting one transition for each
element of the set.

• In each state qf and qt, a self-looping guard constrains the fluent value
to the one denoted by the corresponding state. The conjunction of
such guards with the ones of the super g-LTS will force the resulting
composition to meet the guard satisfaction condition. Indeed, the g-
LTS composition operator prunes the conjunctions of guards that are
unsatisfiable (see Definition 3.8).
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Figure 3.4: A generic fluent g-LTS

Figure 3.5: Fluent g-LTS for second cycle

• The remaining self-looping transitions labeled with InitFl (resp.
TermFl) from states qt (resp. qf ) is added to avoid over-constraining
the composition. That is, initiating (resp. terminating) events may
occur even when the fluent is already true (resp. false).

For example, consider the following fluent for the meeting scheduler ex-
emplar:

fluent second cycle =
<{ExtendDateRangeend,WeakenConstraintsend},

{InitiateMeetingend}>

The corresponding fluent automaton is shown in Fig. 3.5.

Composition automata and hiding guard/τ labels

Putting pieces together, the trace-equivalent LTS of a g-LTS is obtained
through the following computation:

Composition = (Super LTS ‖ Fl1 ‖ . . . ‖ Fln)

Traces = Composition \ P(2Φ),
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Figure 3.6: Principle of the composition algorithm for computing the valid
traces of a g-LTS.

where Fli denotes the fluent automaton of the i-th fluent.

The first step simply computes the parallel composition of the Super
LTS with fluent automata. All guards are then removed from the results
through g-LTS hiding, yielding a pure LTS (see Definition 3.7). This LTS
may be further simplified by removing τ transitions and minimizing it under
trace equivalence (see Section 2.3).

Correctness of the synthesis

The principle of the synthesis algorithm is illustrated in Fig. 3.6, showing
the g-LTS obtained when composing the super g-LTS with fluent automata:

• From the compound initial state, up to 2|Φ| guarded transitions may
appear. They actually correspond to all possible fluent assignments
satisfying C0. Unsatisfiable conjunctions are automatically pruned by
the g-LTS composition operator (see Definition 3.8).

• Each of these transitions leads to a new compound state, namely q0 on
the super g-LTS side and qt or qf for each fluent automaton, according
to the initial fluent assignment reaching the compound state.
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• From every such state, the input g-LTS G is systematically explored;
unsatisfiable guards are pruned according to the current fluent values.
The latter are tracked by fluent automata that transit from qf to qt
with the occurrence of initiating and terminating events.

Admissible paths from the initial state of such automaton yield sequences
of transition labels of the following form:

<g0 l0 l1 l2 l3 . . . ln>

where g0 is a guard and li is either a guard or an event label. By construction,
g0 actually reduces to a fluent value assignment, that is, a Boolean guard
with only one admissible value assignment. Therefore, such sequences denote
g-LTS executions (see Definition 3.2).

We can now show that these executions are valid g-LTS executions for
the input g-LTS G (see Definition 3.3):

• The trace inclusion condition is met since the sub-sequence<l0 . . . ln>
denotes an existing path in G. In particular, fluent automata can only
prune guards; they could not add behaviors to those already admissible
by the input g-LTS.

• The admissible start condition is also met since g0 has been shown to
satisfy C0.

• The admissible guards condition is met since unsatisfiable guards are
systematically pruned during composition.

The hiding step removes all guards, yielding a pure LTS that precisely
captures the trace semantics from Definition 3.6.

In practice, it is convenient to enhance the hiding step so as to preserve
the initial fluent value assignments g0 labeling the transitions issued of the
initial g-LTS state. This amounts capturing the set of valid g-LTS traces
from Definition 3.5. Doing so allows providing the user with a better feed-
back when using the synthesis algorithm for model-checking g-hMSC and
g-LTS (see Section 7.1).

Example

Figure 3.7 shows the resulting LTS obtained on the meeting scheduling ex-
ample from Fig. 3.2. The task refinements are not entirely unfolded there;
only events used in fluent definitions were kept.

• The no remaining solution event, for example, denotes an initiating
event of the date conflict fluent; it belongs to the refinement of the
AcquireConstraints task.
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• The events click extend and click weaken suggest buttons allowing the
meeting initiator to select resolution heuristics when a conflict occurs.
They appear in the definition of the fluent resolve by weakening.

• A transition labeled with ‘. . .’ denotes a sequence of events not shown
for readability.

Unlike the original g-hMSC and its g-LTS reformulation, this LTS does
not contain any loop. This happens because the second cycle fluent prevents
indefinite meeting arbitration. In other words, in our example the technique
unfolds the process models into three possible scenarios.

• In the rightmost one, no date conflict arises and the meeting is sched-
uled immediately after having acquired the constraints.

• In the middle one, a conflict occurs and is resolved by weakening the
participant constraints.

• In the leftmost one, the resolution consists in extending the date range
and collecting constraints one again.

• In the last two cases, even if the absence of an optimal solution triggers
a new date conflict, the meeting is scheduled.

A note on temporal complexity

By construction, our composition technique always considers 2|Φ| initial flu-
ent assignments, pruning those that do not satisfy C0. In practice, certain
fluents have a specific initial value; in this case, the corresponding fluent
automaton can be optimized by removing a transition from its initial state.
This allows avoiding to compute some of the unsatisfiable conjunctions on
the compound initial state.

The approach might even be improved so as to consider only fluent ini-
tializations satisfying C0. If such optimization speeds up the computation in
practice, the exponential blow of the resulting trace LTS remains unavoid-
able. It naturally results from the ability of models with guards to cover
numerous behaviors in an implicit, compact way.

Summary

This chapter has shown how state machines can be derived from process
models captured in the g-hMSC language. The main objective of this trans-
formation is to make such processes amenable to analysis such as model-
checking. For this, a trace-based semantics for g-hMSC has been defined.
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Figure 3.7: Trace-equivalent LTS for the meeting scheduling example from
Fig. 2.2.
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This semantics is defined in terms of labeled transition systems. A guarded
flavor of LTS has been introduced as a powerful intermediate form in the
transformation from guarded hMSC to pure LTS; g-LTS are a structured
form of LTS avoiding state explosion; they enable a variety of symbolic anal-
yses involving guards [Dam09, Dam11]. Synthesis algorithms from g-hMSC
to g-LTS to LTS have been discussed.
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Chapter 4

Inductive Synthesis of State
Machines from Scenarios

This chapter presents an inductive approach for synthesizing state machines
from scenarios. Section 4.1 characterizes the problem, discusses a few re-
quirements and provides an overview of our solution. Section 4.2 provides
some required background on grammar induction, the inductive framework
on which our techniques are rooted [Gol78]. Section 4.3 describes a tech-
nique for learning LTS models from collections of MSCs. This technique is
interactive; the end-user is expected to classify additional scenarios gener-
ated by the technique as positive or negative examples of system behavior.
In Section 4.4, fluent, goals and domain properties are injected in the pro-
cess to enforce inter-model consistency and prune the inductive search space
for better performance. Section 4.5 discusses how hMSCs can be used as
richer input of the synthesis process. Section 4.6 discusses the correctness
of our approach.

4.1 Objectives and approach

This section provides a characterization of the synthesis problem and an
overview of our solution. Section 4.1.1 makes this problem more precise in
terms of the models from Chapter 2. Section 4.1.2 states additional require-
ments on the synthesis approach; the problem statement can be strengthened
to take each of them into account. Section 4.1.3 presents an overview of our
inductive approach in the light of these requirements.

61
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4.1.1 Problem statement

In its simplest form, the problem of synthesizing LTS state machines from
MSC scenarios can be stated as follows:

Given a consistent MSC collection showing typical examples and
counterexamples of system behavior:

Sc = (S+, S−),

synthesize the system as a composition of agent LTSs:

System = (Ag1 ‖ . . . ‖ Agn),

such that Sc and System are consistent.

In accordance with our framework hypotheses in Chapter 2, we implic-
itly assume that the synthesized system is represented through a minimal
state machine. The consistency condition covers the three following criteria,
discussed in Section 2.4.5.

Structural consistency: the state machine and scenario views must be
structurally consistent, that is, they must agree on the agent decom-
position and their respective interface.

Consistent agent view: each timeline of the positive scenarios in S+ must
specify an existing path in the corresponding agent state machine.
Similarly, each timeline of the positive precondition of a negative sce-
nario in S− must specify an existing path in the corresponding agent
state machine.

Consistent system view: the system state machine must cover all pos-
itive scenarios and the preconditions of all negatives ones; it must
also exclude all negative scenarios. The precise conditions from Sec-
tion 2.4.5 are:

L+(Sc) ⊆ L(System) (4.1)

L−(Sc) ∩ L(System) = ∅, (4.2)

where L+(Sc) and L−(Sc) encode the scenario collection in terms of
positive and negative event traces, respectively. We implicitly assume
here the most general case where a partial ordering among MSC events
is used.
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4.1.2 Requirements on the synthesis approach

The above characterization provides a precise and minimal statement in
terms of the formal models of Chapter 2. It may be further completed with
the following requirements.

Behavior generalization – Scenarios provide only examples of system be-
haviors; they are thus incomplete. The synthesized state machines
should cover more behaviors than those provided as input.

Covering more behaviors is allowed by our formal statement but not
enforced. The consistent system view condition states an upper bound
on behavior generalization by requiring negative scenarios to be ex-
cluded. This upper bound needs to be refined if other models are to
be taken into account (see below).

Incremental synthesis – Rather than requiring the whole scenario col-
lection to be available at the beginning, the synthesis should accom-
modate new scenario examples and counterexamples incrementally as
they arise during the synthesis process.

• End-users are most likely unable to provide a comprehensive set
of scenarios from the beginning, possibly including state asser-
tions along scenario episodes or flowcharts on such episodes. The
synthesis approach should therefore work even if only a few sce-
narios are available when the synthesis starts.

• Both positive and negative scenarios should be taken into ac-
count. Negative scenarios appear fairly common in the material
provided by stakeholders. They naturally illustrate violations of
implicit goals in a way that might be easier to specify.

• In an interactive approach, a more comprehensive set of scenarios
is likely to be eventually available. The synthesis should smoothly
accommodate new scenarios and further information arising in
the later phases of the synthesis. For example, the synthesis
should be able to take a hMSC as input.

Multi-view synthesis – The possibility of “richer” input specifications
should be taken into account in the synthesis process, including for
example fluent definitions or goal specifications. Such specifications
are not required as input; they may however improve the synthesis
when available.

Our problem statement must therefore be strengthened:

• All models used as input at some stage or another of the synthesis
are required to be consistent with each other.
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Figure 4.1: Inductive LTS synthesis from MSCs: overview

• The synthesized output system itself must be consistent with all
such models. In particular, the synthesized system may not vio-
late goals if the latter are provided as input.

The incremental integration of those requirements in our approach will
drive the structure of this chapter. The next section provides an overview
of the synthesis process.

4.1.3 Overview of our inductive approach to synthesis

Figure 4.1 shows the two main steps of our approach for the simple case
where a scenario collection is taken as input.
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The generalization step

This step extends grammar induction techniques developed in [Onc92] to
synthesize a system LTS covering all positive traces and excluding all nega-
tive ones. The generalization strategy is borrowed from the RPNI algorithm
(RPNI stands for Regular Positive and Negative Inference) developed in the
context of grammar induction [Onc92], see Section 4.2 hereafter. Roughly,
it proceeds as follows.

An initial LTS A0 is built as a first solution; it has the shape of a tree
that accepts all positive scenario traces but does not generalize behaviors.
Next, to achieve such generalization, this initial LTS is incrementally refined
into automata A1, . . . , An by merging well-chosen state pairs (see Fig. 4.4
on page 76 for an illustration of this process).

This process is such that the two relations below hold. Relation (4.3)
states that the initial LTS A0 is a valid solution when it comes to accepting
all positive traces. Relation (4.4) states that the generalization process is
monotonic in that the behaviors accepted by an intermediate solution will
remain accepted by every of its successors, up to the final LTS An.

L+(Sc) = L(A0) (4.3)

L(A0) ⊆ L(A1) ⊆ . . . ⊆ L(An) (4.4)

To avoid overgeneralization, this process is performed under the control
of the negative traces from L−(Sc). Every intermediate solution Ai has
to meet the consistent system view condition; the latter provides a useful
algorithm invariant, namely,

L+(Sc) ⊆ L(Ai) (4.5)

L−(Sc) ∩ L(Ai) = ∅ (4.6)

This invariant provides a proof argument when compared to relations
(4.1) and (4.2). Correctness arguments will be detailed in Section 4.6.

The decomposition step

In this second step, a LTS for each agent is computed by projecting the
system LTS onto their respective alphabet. For an agent Ag the projection
of the system LTS S is given by:

(S \ Σc
Ag)

∆ (4.7)

where Σc
Ag denotes the set of all system events excluding those of Ag’s

interface.

The above formula makes use of the hiding, determinization and mini-
mization operators on LTS discussed in Section 2.3.
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Meeting additional requirements

As we just mentioned it, the generalization step is driven by RPNI; Sec-
tion 4.2 provides some background on this grammar induction approach.
However, this is just a first milestone toward an inductive LTS synthesis
approach that meets all requirements in Section 4.1.2.

• Scenario behaviors are generalized without requiring additional state
or flowchart information.

• RPNI does not support incremental system synthesis; multi-model
consistency is not guaranteed either.

Section 4.3 will therefore introduce the Query-driven State Merging
(QSM) algorithm that extends RPNI with features for user interaction and
incremental generalization. QSM supports the elicitation of additional, “in-
teresting” scenarios that were not originally supplied by the end-user. The
original collection of scenarios is completed by asking the user scenario
queries that are generated during synthesis. A scenario query consists of
showing the user a specific scenario, asking her to classify it as positive or
negative. Answers to such queries guide the generalization process towards
more accurate state machines while incrementally enriching the initial sce-
nario collection.

Our multi-view synthesis requirement is tackled in Section 4.4. QSM is
extended there so as to allow the injection of additional information that
constrains the induction and prunes the inductive search space for better
performance. Such additional information may include global definitions of
fluents; declarative domain properties; behavior models of external compo-
nents; and goals that the system is expected to satisfy. The extended QSM
thereby guarantees the consistency of synthesized state machines with all
other models.

Managing the consistency of a large scenario collection is challenging;
hMSCs partly address this through a structured form of scenarios (see Sec-
tion 2.4.4). Section 4.5 shows how hMSCs can be added to scenario col-
lections as input of the generalization process. In this setting, negative
scenarios and other models can still be used to constrain induction so as to
achieve multi-view consistency. Accepting hMSCs as input also allows us
to remove the requirement stating that all input scenarios start in the same
system state.

4.2 Grammar induction for LTS synthesis

Inductive learning aims at finding a theory that generalizes a set of observed
examples. In grammar induction, the theory to be learned is a formal lan-
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guage; the set of positive examples is made of strings defined on a specific
alphabet. A negative sample corresponds to a set of strings not belonging
to the target language. When the target language is regular and the learned
language is represented by a deterministic finite state automaton (DFA),
the problem is known as DFA induction. For a regular language L, A(L)
will denote its canonical automaton, that is the DFA having the smallest
number of states that accepts L. We know from [Hop79] that A(L) is unique
up to a renumbering of its states.

4.2.1 DFA identification in the limit

Identification in the limit is a learning framework in which an increasing
sequence of strings is presented to the learning algorithm [Gol67]. The
strings are randomly taken and correctly labeled as positive or negative.
Learning is successful if the algorithm infers the target language in finite time
after having seen finite samples. This framework explains why successful
DFA learning needs both positive and negative strings. Gold showed that
the class of regular languages cannot be identified in the limit from positive
strings only [Gol67]. In practice, convergence in finite time towards an exact
solution is often bargained with reasonably fast convergence towards a good
approximate solution [Lan92].

4.2.2 The search space of DFA induction

We will use the common notations from formal language theory. Let Σ
denote a finite alphabet; a, b, c denote elements of Σ, sometimes called
symbols; u, v, w denote strings over Σ and λ denotes the empty string. A
string u is a prefix of v if there exists a string w such that uw = v. A
language L is any subset of the set Σ∗ of strings over Σ.

Symbols here correspond to event labels in Chapter 2 whereas strings
correspond to traces. The definition of finite automaton is recalled hereafter;
remember that a LTS is a special case of finite automaton where all states
are accepting states. Section 4.2.4 will discuss the reduction of LTS synthesis
to DFA induction in more detail.

Definition 4.1 (Finite automaton). A finite automaton is a 5-tuple (Q,Σ,
δ, q0, F ) where Q is a finite set of states, Σ is an alphabet, δ is a transition
function mapping Q×Σ to 2Q, q0 is the initial state, and F is a subset of Q
identifying the accepting states. The automaton is called a DFA if for any
q in Q and any e in Σ, δ(q, e) has at most one element.

Generalizing a positive sample S+ can be performed by merging states
from an initial automaton that only accepts it. This initial automaton is
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Figure 4.2: PTA(S+) where S+ = {λ, a, bb, bba, baab, baaaba} is a struc-
turally complete sample for the canonical automaton A(L) shown at the
bottom. A(L) = PTA(S+)/π with π = {{0, 1, 4, 6, 8, 10}, {2, 3, 5, 7, 9}}.

called a prefix tree acceptor; it is denoted by PTA(S+). It is the largest
DFA1 exactly accepting S+ (see Fig. 4.2). The generalization operation is
formally defined through the concept of quotient automaton.

Definition 4.2 (Quotient automaton [Dup94]). Given an automaton A and
a partition π defined on its state set, the quotient automaton A/π is obtained
by merging all states q belonging to the same partition subset B(q, π). A state
B(q, π) in A/π thus corresponds to a subset of states in A.

A state B(q, π) is accepting in A/π if and only if at least one state of
B(q, π) is accepting in A. Similarly, there is a transition on the symbol a
from state B(q, π) to state B(q′, π) in A/π if and only if there is a transition
on a from at least one state of B(q, π) to at least one state of B(q′, π) in A.

By construction of a quotient automaton, any accepting path in A is
also an accepting path in A/π. Therefore, for any partition π of the state
set of A, L(A) ⊆ L(A/π). Merging states in an automaton thus generalizes
the accepted language.

A regular language can be learnt if S+ is representative enough of the
unknown language L and if an adequate space of possible generalizations is
searched through. These notions are stated precisely hereafter.

Definition 4.3 (Structural completeness [Dup94]). A positive sample S+

of a language L is structurally complete with respect to an automaton A
accepting L if, when generating S+ from A, every transition of A is used

1More precisely, the largest trimmed DFA, that is, a DFA in which all states are
reachable from the initial state.
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at least once and every final state is used as accepting state of at least one
string.

Rather than a requirement on the sample, structural completeness should
be considered as a limit on the possible generalizations allowed from a sam-
ple. If a proposed solution is an automaton in which some transition is never
used while parsing the positive sample, no evidence supports the existence
of this transition; this solution should therefore be discarded.

Theorem 4.1 (DFA search space [Dup94]). If a positive sample S+ is struc-
turally complete with respect to a canonical automaton A(L), there exists a
partition of the state set of PTA(S+) such that PTA(S+)/π = A(L).

This theorem defines the search space of the DFA induction problem
as the set of all automata that can be obtained by merging states of the
PTA. Some automata in this space are not deterministic; an efficient de-
terminization process can however enforce the solution to be a DFA (see
Section 4.3).

Fig. 4.2 presents the prefix tree acceptor (top) built from the sample
S+ = {λ, a, bb, bba, baab, baaaba} which is structurally complete with respect
to the canonical automaton (bottom). This automaton is a quotient of the
PTA for the partition π = {{0, 1, 4, 6, 8, 10}, {2, 3, 5, 7, 9}} of its state set.

To summarize, learning a regular language L can be performed by iden-
tifying the canonical automaton A(L) of L from a positive sample S+. If
the sample is structurally complete with respect to this target automaton,
it can be derived by merging states of the PTA built from S+. A negative
sample S− is used to guide this search and avoid overgeneralization.

The size2 of this search space makes any enumeration algorithm unfeasi-
ble for any practical purpose. Moreover, finding a minimal consistent DFA
is known to be a NP-complete problem [Gol78, Ang78]. Interestingly, the
RPNI algorithm or the QSM algorithm described in Section 4.3 only search
through a fraction of this space.

4.2.3 Characteristic samples for the RPNI algorithm

The RPNI algorithm is not fully detailed here; the original version is a
particular case of our interactive QSM algorithm, see Section 4.3. The
convergence of RPNI towards the correct automaton A(L) is guaranteed

2Let n be the number of states of PTA(S+). Let ||S|| denote the sum of the lengths of
the strings in a sample S. By construction, n ∈ O(||S+||). The size of a search space is the
number of ways a set of n elements can be partitioned into nonempty subsets. This is called
a Bell number B(n). It can be defined through Dobinski’s formula: B(n) = 1

e

∑∞
k=0

kn

n!
.

This function grows much faster than 2n.
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when the algorithm receives an input sample that includes a characteristic
sample of the target language [Onc92]. A proof of convergence is presented
in [Onc93] in the more general case of transducer learning. Some further
notions are needed here.

Definition 4.4 (Short prefixes and suffixes). Let Pr(L) denote the set of
prefixes of L, with Pr(L) = {u|∃v, uv ∈ L}. The right-quotient of L by u,
or set of suffixes of u in L, is defined by L/u = {v|uv ∈ L}. The set of
short prefixes Sp(L) of L is defined by Sp(L) = {x ∈ Pr(L)|¬∃u ∈ Σ∗ with
L/u = L/x and u < x}.

In a canonical automaton A(L) of language L, the set of short prefixes is
the set of first strings in standard order3, each leading to a particular state of
the canonical automaton. As a consequence, there are as many short prefixes
as states in A(L). In other words, the short prefixes uniquely identify the
states of A(L). The set of short prefixes of the canonical automaton of
Fig. 4.2 is Sp(L) = {λ, b}.

Definition 4.5 (Language kernel). The kernel N(L) of language L is de-
fined as N(L) = {xa|x ∈ Sp(L), a ∈ Σ, xa ∈ Pr(L)} ∪ {λ}.

The kernel of a language is thus made of its short prefixes extended by
one symbol together with the empty string. By construction Sp(L) ⊆ N(L).
The kernel elements capture the transitions of the canonical automaton
A(L). Indeed, they are obtained by adding one symbol to the short pre-
fixes which capture its states. The kernel of the language defined by the
canonical automaton of Fig. 4.2 is N(L) = {λ, a, b, ba, bb}.

Definition 4.6 (Characteristic sample). A sample Sc = (Sc+, S
c
−) is charac-

teristic for the language L and the algorithm RPNI if it satisfies the following
conditions:

1. ∀x ∈ N(L): if x ∈ L then x ∈ Sc+ else ∃u ∈ Σ∗ such that xu ∈ Sc+.

2. ∀x ∈ Sp(L),∀y ∈ N(L): if L/x 6= L/y then ∃u ∈ Σ∗ such that
(xu ∈ Sc+ and yu ∈ Sc−) or (xu ∈ Sc− and yu ∈ Sc+).

Condition 1 states that each element of the kernel belongs to Sc+, if it
also belongs to the language, or is prefix of a string of Sc+ otherwise. This
condition implies the structural completeness of the sample Sc+ with respect
to A(L). In this case, Theorem 4.1 guarantees that the automaton A(L)
can be derived by merging states from PTA(Sc+).

3The standard order of strings on the alphabet Σ = {a, b} is λ < a < b < aa < ab <
ba < bb < aaa < . . .
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When an element x of the short prefixes and an element y of the kernel do
not have the same set of suffixes (L/x 6= L/y), they necessarily correspond
to distinct states in the canonical automaton. In this case, Condition 2 guar-
antees that a suffix u would distinguish them. In other words, the merging
of a state corresponding to a short prefix x in PTA(Sc+) with another state
corresponding to an element y of the kernel is made incompatible by the
existence of xu in Sc+ and yu in Sc−, or the converse.

To sum up, good examples for learning a canonical automaton A(L)
allow the merging of non-equivalent states q and q′ to be avoided. Such
good examples are the short prefixes of q and q′ concatenated with the same
suffix u to form a positive example from one state and a negative example
from the other.

There may exist several distinct characteristic samples for a given lan-
guage L as several suffixes u may satisfy Condition 1 or 2. If |Q| denotes the
number of states of the canonical automaton A(L), the set of short prefixes
contains |Q| elements and the kernel has O(|Q| · |Σ|) elements. Hence the
number of strings in a characteristic sample is given by

|Sc+| = O(|Q|2 · |Σ|)
|Sc−| = O(|Q|2 · |Σ|)

For the language accepted by the canonical automaton in Fig. 4.2, one
can check that S = (S+, S−), with S+ = {λ, a, bb, bba, baab, baaaba} and
S− = {b, ab, aba}, forms a characteristic sample

The definition of a characteristic sample given above may appear quite
strong. It is however the standard definition for the RPNI algorithm [Onc92,
Dup96]. The definition is based on a worst-case analysis that does not make
full use of the exact order in which state pairs are considered during the
merging process. It does not rely on a specific order between the symbols
of the alphabet. As observed in the experiments described in Chapter 5,
a fraction of such sample is often enough to produce approximate state
machines with a very high generalization accuracy for randomly generated
target DFAs. This observation is also consistent with the results reported
in [Lan98].

4.2.4 LTS synthesis as RPNI induction

The synthesis of a system LTS from MSC collections can be reduced to a
grammar induction problem as follows.

Consider a scenario collection Sc = (S+, S−). L+(Sc) denotes the set of
positive traces extracted from positive scenarios and from the preconditions
of the negative ones; L−(Sc) denotes the set of negative traces extracted
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from the negative scenarios (see Chapter 2). Both denote finite sets of finite
sequences over an alphabet Σ. This holds both under partial and total
ordering of MSC events. Also remember that L+(Sc) is prefix-closed, that
is, the prefixes of positive traces are positive traces as well.

L+(Sc) and L−(Sc) form valid samples for grammar induction. They
can be used as positive and negative input samples of the RPNI algorithm,
respectively. As L+(Sc) is prefix-closed, the regular language learned by
RPNI will be prefix-closed as well. Therefore the resulting DFA is a LTS; it
contains only accepting states.

This system LTS covers all positive traces from L+(Sc) and excludes all
negative ones from L−(Sc). In other words, it covers all positive scenarios
and rejects all negative scenarios from Sc. Therefore, the system LTS and
the scenario collection Sc are consistent.

The next section details this approach on QSM, our interactive variant
of the RPNI algorithm.

4.3 Interactive LTS synthesis from MSC collec-
tions

This section introduces QSM, a Query driven State-Merging synthesis tech-
nique. Its specification is as follows:

Given

• A consistent MSC collection showing typical examples and
counterexamples of system behavior:

Sc = (S+, S−)

• An oracle correctly classifying system traces as positive or
negative examples of desired system behavior,

synthesize a LTS capturing system behaviors,

System,

such that

• Sc is correctly extended with the answers to scenario ques-
tions by the oracle, and

• System is consistent with the extended scenario collection.
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The specification of QSM is similar to the synthesis problem statement
in Section 4.1.1. The main difference comes from the presence of the oracle
and the fact that the decomposition step is not implemented by QSM itself.
Moreover, remember from Section 2.4.5 that requiring the consistency of the
input scenario collection implies that all scenarios start in the same system
state.

Algorithm 1 gives the pseudo-code of the QSM algorithm. RPNI can be
seen as a particular instance without the inner-most while loop. Roughly, the
induction process starts by constructing an initial LTS covering all positive
scenarios only. The LTS is then successively generalized under the control
of the available negative scenarios and newly generated scenarios classified
by the end-user. This generalization is carried out by successively merging
well-selected state pairs from the initial LTS. The process is such that, at any
step, the current LTS is consistent with all positive scenarios and all negative
ones, including the interactively classified ones. This process terminates
when no state pairs can still be considered for merging.

In the sequel, two states will be said compatible for merging (resp. in-
compatible) if the quotient LTS resulting from their merging is consistent
(resp. inconsistent) with the current scenario collection.

Algorithm 1: QSM: interactive LTS synthesis based on an input
scenario sample and scenario queries

1A← Initialize(Sc)
2while (q, q′)← ChooseStatePair(A) do
3Anew ← Merge(A, q, q′)
4if Consistent(Anew, Sc) then
5while Query ← GenerateQuery(A,Anew) do
6if CheckWithEndUser(Query) then
7Sc← (S+ ∪ {Query}, S−)

8else
9Sc← (S+, S− ∪ {Query})

10return QSM(Sc)

11A← Anew

12return A, Sc

In Algorithm 1, the Initialize function returns an initial candidate
LTS built from the scenario collection. This function computes L+(Sc), the
set of positive scenario traces, according to the trace semantics defined in
Chapter 2. Those traces are captured through a PTA; as the positive sample
is prefix-closed, this PTA has all accepting states.
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Next, pairs of states are iteratively chosen from the current solution
according to the ChooseStatePair function4. The quotient automaton ob-
tained by merging such states, and possibly some additional states, is com-
puted by the Merge function. By construction, the obtained quotient au-
tomaton covers all positive scenarios (see Definition 4.2). Its consistency
with available negative scenarios is then checked by the Consistent func-
tion. The various functions are more precisely specified hereafter.

When consistent, new scenarios are generated through the GenerateQuery
function. These scenarios are submitted to the end-user for classification (see
Section 4.3.2). The scenario collection is then refined with these scenarios
according to their classification. If all generated scenarios are classified as
positive, the quotient automaton becomes the current candidate solution.
The process is iterated until no more pair of states can be considered for
merging. When a generated scenario is classified as negative, the algorithm
is recursively called on the extended scenario collection.

Section 4.3.1 describes the general process of merging compatible state
pairs while Section 4.3.2 focuses on the generation of queries submitted to the
end-user. Section 4.3.3 discusses an optimization of the search order imple-
mented in ChooseStatePair, known as the the Blue-Fringe strategy [Lan98].

4.3.1 Merging compatible state pairs

The various functions that control how merging is performed from an initial
automaton are specified hereafter.

Initialize The Initialize function returns the PTA built for L+(S). Re-
member that this set includes traces from both the positive scenarios
and the preconditions of the negative ones. The PTA built from the
initial scenario collection in Figure 4.3 is shown on top of Figure 4.4.
For simplicity, these scenarios define a total order on their events; in
other words, they admit one linearization only (see Section 2.4).

ChooseStatePair The candidate solution has to be refined by merging
well-selected state pairs. The ChooseStatePair function determines
what pairs to consider. It relies on the standard order on strings. Each
state of the PTA can be labeled by its unique prefix from the initial
state. Since prefixes can be sorted according to that order, the states
can be ranked accordingly. For example, the PTA states in Fig. 4.4 are

4The assignment in the corresponding while loop is assumed to be true whenever a
valid state pair is returned by ChooseStatePairs. When no more state pairs are considered
for merging, ChooseStatePairs returns (nil,nil) and the assignment is evaluated to false.
This abuse of notation in the pseudo-code allows to be more concise. A similar remark
also applies to the inner while loop of the QSM algorithm.
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Figure 4.3: Initial positive and negative scenarios for a train system.

labeled by their rank according to this order. The algorithm considers
states q of the PTA in increasing order. The state pairs considered for
merging only involve such state q and any state q′ of lower rank. The
q′ states are considered in increasing order as well. This particular
ordering is specific to the original RPNI algorithm.

Merge The Merge function merges the two selected states (q, q′) in order
to compute a quotient automaton, thereby generalizing the current set
of positive behaviors.

In the example of Fig. 4.4, we assume that states 0, 1, and 2 were
previously determined not to be compatible for merging. This infor-
mation typically comes from negative scenarios initially submitted or
generated scenarios that were rejected by the user.

Merging a candidate state pair may produce a non-deterministic LTS.
For example, after having merged q = 3 and q′ = 0 in the upper part
of Fig. 4.4, two transitions labeled start from state 0 lead to states 2
and 6, respectively. In such case, the Merge function will merge states
2 and 6 and, recursively, any further pair of states that introduces
non-determinism.

This recursive operation of removing non-determinism will be called
merging for determinization. This operation guarantees that the cur-
rent solution at any step is deterministic. As a result, it produces an
automaton which may accept a more general language than the one it
starts from. Therefore, it is not equivalent to the standard algorithm
for transforming a non-deterministic automaton into a deterministic
one accepting the same language [Hop79]. Notably, the time complex-
ity of merging for determinization is a linear function of the number
of states of the automaton it starts from. In contrast, standard de-
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terminization is exponential in the worst case. Furthermore, the re-
sulting automaton is still part of the same inductive search space (see
Section 4.2.2).

Figure 4.4: Induction step of the QSM algorithm; a.pres, a.prop, e.open,
e.stop stand for alarm pressed, alarm propagated, emergency open,

emergency stop, respectively.

When two states are merged, the rank of the resulting state is defined
as the lowest rank of the pair; in particular, the rank of the merged
state when merging q and q′ is defined as the rank of q′ by construc-
tion. If no compatible merging can be found between q and any of its
predecessor states according to string ordering, state q is said to be
consolidated. In the example, states 0, 1, and 2 are consolidated.

Consistent The Consistent function checks whether the automaton Anew
correctly rejects all negative scenarios. As seen in Algorithm 1, the
quotient automaton is discarded by QSM when it is detected not to
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be consistent.

4.3.2 Generating queries submitted to the end-user

This section describes how queries are generated in the QSM algorithm and
how the end-user answers are processed.

GenerateQuery When an intermediate solution is consistent with the
available scenarios, new scenarios are generated for classification by
the end-user as positive or negative. The aim is to avoid overgeneral-
ization by enriching the possibly limited collection of initial scenarios.
The notion of characteristic sample drives the identification of which
new scenarios should be generated as queries.

As we saw it in Section 4.2.3, a sample is characteristic of a regular
language L if it contains enough positive and negative information.
On the one hand, the required positive information is the set of short
prefixes Sp(L) which form the shortest histories leading to each state
of the canonical automaton A(L). This positive information must also
include all elements of the kernel N(L); they represent all system tran-
sitions, that is, all shortest histories followed by any admissible event.
If such positive information is available, A(L) can always be derived
from the PTA by an appropriate set of merging operations. On the
other hand, the negative traces provide the necessary information to
make incompatible the merging of states that should be kept distinct.
A negative trace which would exclude the merging of a state pair (q, q′)
can simply be made of the shortest history leading to q′ followed by
any continuation from state q, as detailed below.

Consider the current solution of our induction algorithm when a pair
of states (q, q′) is selected for merging (line 5 in Algorithm 1). By
construction, q′ is always a consolidated state at this step of the al-
gorithm; that is, q′ is considered to be in Sp(L). State q is always
both the root of a tree and the child of a consolidated state. In other
words, q is situated at one symbol of a consolidated state – that is, q
is considered to be in N(L). States q and q′ are compatible accord-
ing to the available negative scenarios; they would be merged by the
standard RPNI algorithm.

The QSM extension will first confirm or infirm the compatibility of q
and q′ by generating scenarios to be classified by the end-user. The
generated scenarios are constructed as follows.

Let A denote the current solution, L(A) the language generated by
A, and Anew the quotient automaton computed by the Merge function
at some given step. Let x ∈ Sp(L) and y ∈ N(L) denote the short
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Figure 4.5: A new scenario to be classified by the end-user.

prefixes of q′ and q in A, respectively. Let u ∈ L(A)/y denote a suffix
of q in A.

A generated scenario is built from a system trace xu such that xu ∈
L(Anew) \ L(A). It can be further decomposed as xvw such that
xv ∈ L(A). The trace xu is thus constructed as the short prefix of q′

concatenated with a suffix of q in the current solution, provided the
entire behavior is not yet accepted by A.

Such system trace can be converted in a MSC using the structural
information provided by a context diagram [Jac95]. The scenario is
made of two parts: the first part xv is an already accepted behav-
ior whereas the second part w provides a continuation to be checked
for acceptance by the end-user. When submitted to the end-user, the
generated scenario can always be rephrased as a question: “after hav-
ing executed the first episode (xv), can the system continue with the
second episode (w)?”.

Consider the example in Fig. 4.4 with selected state pair (q = 3, q′ =
0). As q′ is the root of the PTA, its short prefix is the empty trace λ.
The suffixes of q here yield a simple generated question (see Fig. 4.5),
which can be rephrased as follows: “when having started and stopped
the train, can the controller restart it?”. As we can see, the first
episode of this scenario in Fig. 4.4 is already accepted by A whereas
the entire behavior is accepted in Anew.

CheckWithEndUser Whenever a new scenario is generated, it is submit-
ted as a query to the end-user. If the end-user classifies the Query
as positive, it is added to the collection of positive scenarios. This
addition extends the search space as it extends S+ and consequently
the PTA. However, this extension is implicit as the new solution Anew
is, by construction, also a quotient automaton of this extended PTA.
When the Query is classified as negative, the induction process is re-
cursively started on the extended scenario collection.
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Figure 4.6: Consolidated states (also called “red states”) and states on the
fringe (“blue states”) in a temporary solution.

The QSM algorithm has a polynomial time complexity in the size of the
learning sample, see Section 4.3.4. When it receives a characteristic sample
in the initial scenario collection, no additional scenario can be classified as
negative. As a consequence, QSM will not be called recursively anymore; it
stops by returning the target model.

Chapter 5 will detail an experimental study of the actual sample size
required to observe the convergence of QSM and the number of queries
submitted to the end-user.

4.3.3 Reducing the number of queries: the blue-fringe opti-
mization

The order in which states are considered for merging by ChooseStatePair in
Section 4.3.1 follows from the implicit assumption that the current sample is
characteristic. Two states are considered compatible for merging if there is
no suffix to distinguish among them. This can lead to a significant number
of scenarios being generated to the end-user in case the initial sample is
sparse and actually not characteristic for the target system LTS.

To overcome this problem, an optimized strategy known as Blue-Fringe
[Lan98] can be used. The difference lies in the way state pairs are considered
for merging. The general idea is to detect incompatible state pairs early and,
subsequently, to first consider state pairs for which compatibility has the
highest chance to be confirmed by the user through positive classification.
The resulting “please confirm” interaction may also appear more appealing
to the user.

Fig. 4.6 gives a typical example of a temporary solution produced by the
original algorithm. Three state classes can be distinguished in this LTS. The
so-called “red” states are the consolidated ones (0, 1 and 2 in this example).
Outgoing transitions from red states lead to the “blue” states unless the
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latter have already been labeled as red. Blue states form the blue fringe (4
and 5 in this case). All other states are called the “white” states.

The original ChooseStatePair function in Section 4.3.1 considers the
lowest-rank blue state first (state 4 here) for merge with the lowest-rank
red state (0). When this choice leads to a compatible quotient automa-
ton, scenarios are generated to the end-user for classification – in this case,
a scenario equivalent to the trace <alarm propagated, emergency stop,

emergency open>.

The above strategy may lead to multiple queries being generated to
avoid overgeneralization. Moreover, such queries may be non-intuitive for
the user, e.g. the alarm propagated event is sent to the train controller
without having been fired by the alarm pressed event to the sensor.

To select a state pair for merging, the Blue-Fringe strategy evaluates all
(red, blue) state pairs first. The ChooseStatePair function will now call
the Merge and Consistent functions before selecting the next state pair.
If a blue state is found to be incompatible with all current red states, it is
immediately promoted to red; the blue fringe is updated accordingly and
the process of evaluating all (red, blue) pairs is iterated. When no blue
state is found to be incompatible with red states, the most compatible (red,
blue) pair is selected for merging. This is dictated by a scoring mechanism
implemented in the Consistent function (see below).

When implementing the Blue-Fringe strategy, it appears convenient to
adapt Initialize so as to build an augmented prefix tree acceptor. Such
PTA captures the negative traces in L−(Sc) in addition to the positive traces
in L+(Sc). States reached by a negative trace are tagged as error states;
they are depicted in black, as in Fig. 4.7.

The Consistent function is also updated to return a compatibility score
instead of a Boolean value. The score is defined as −∞ when merging
the current (red, blue) pair would lead to merging an accepting state and
an error state during merging for determinization5; this score indicates an
incompatible merging. Otherwise, the compatibility score measures how
many accepting states have been merged together. The (red, blue) pair
with the highest compatibility score is considered first.

The strategy can be further refined with a compatibility threshold α as
additional input parameter. Two states are considered to be compatible if
their compatibility score is above that threshold. This additional parameter
controls the level of generalization since increasing α decreases the number of
state pairs that are considered compatible for merging; it therefore decreases
the number of generated queries.

5in the case of a prefix-closed language, non-error states are all accepting; this is not
true for any regular language.
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Figure 4.7: Augmented PTA for the scenarios in Fig. 4.3.

Chapter 5 will detail experimental results about the effectiveness of using
QSM with and without the Blue-Fringe strategy.

4.3.4 Complexity analysis

The QSM algorithm has a polynomial time complexity in the size of the
learning sample. An upper bound on the time complexity can be derived as
follows.

• Let n ∈ O(||S+|| + ||S−||) denote the number of states of the PTA
built from the initial collection of scenarios.

• For a fixed collection of scenarios, there are O(n2) state pairs which
are considered for merging. The Merge and Consistent functions
have a time complexity linear in n. The GenerateQuery can be imple-
mented as a side product of the Merge function and does not change
its complexity.

• The function CheckWithEndUser is assumed to run in constant time.

For a fixed scenario collection, if we abstract from the recursive calls, the
time complexity is the same as for the RPNI algorithm; it is upper-bounded
by O(n3). This bound is obviously not very tight. It assumes that all pairs of
states considered by ChooseStatePairs appears to be incompatible, which
is a very pessimistic assumption. Practical experiments often show that the
actual complexity is much closer to the lower bound Ω(n).

The global complexity of QSM depends on the number of recursive
calls, that is, the number of times a new scenario submitted to the end-
user is classified as negative. The way new scenarios are generated by the
GenerateQuery function guarantees that the PTA built from the extended
scenario collection has at most O(n2) states. During the whole incremental
learning process, there is at most one query for each transition in this tree.
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Consequently, the number of queries is bounded by O(n2) and the global
QSM complexity by O(n5).

When QSM received a characteristic sample in the initial scenario col-
lection (or any scenario collection considered when calling it recursively), it
is guaranteed that no additional scenario can be classified as negative. It
follows that QSM will not be called recursively anymore and stops by re-
turning the target model. Note that the size of such a characteristic sample
is not necessarily reduced by the fact that any prefix of a positive scenario
is also a positive scenario, since the number of negative examples it must
contain is not affected by this property.

An experimental study of the actual sample size required to observe the
convergence of QSM and the number of queries submitted to the end-user
is detailed in Chapter 5.

4.4 Using constraints for multi-view consistency

The interactive QSM algorithm described in Section 4.3 provides a sys-
tem LTS consistent with all available positive and negative scenarios. The
Blue-Fringe strategy can also be applied to reduce the number of additional
scenarios submitted to the end-user. The latter strategy relies on two equiv-
alence classes partitioning the states of an augmented PTA. These classes
correspond to the accepting states and the error states, respectively. All
states belonging to the same class are not necessarily merged in the final
solution; however, the Consistent function guarantees that only states be-
longing to the same class can be merged.

This approach can be extended to achieve multi-view consistency by in-
corporating various sources of information. Such information refines the
equivalence partition and further constrains the compatible merging opera-
tions. Injecting knowledge-based constraints has many advantages:

• It ensures strong consistency of the system LTS with other views;

• It reduces the number of scenario queries in the interactive setting;

• It speeds up the search.

Section 4.4.1 shows how to incorporate domain knowledge such as fluent
definitions. Section 4.4.2 shows how goals can be used to constrain the
generalization.

The optimization techniques detailed hereafter are based on various
equivalence relations over system states. The term equivalence relation is
used here in its usual mathematical sense, namely, a symmetric, reflexive,
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and transitive binary relation over states. The general principle underlying
our techniques is the following:

Two states will be considered for merging if they agree according
to all considered equivalence relations.

4.4.1 Injecting domain knowledge

The domain knowledge used to constrain state merging comes from multiple
sources:

• Fluent definitions;

• Knowledge about components in the environment of the software-to-
be;

• Specifications of domain properties.

We discuss them successively.

Propagating fluents

Fluent definitions provide simple and easy-to-provide domain descriptions
to constrain induction. For example, the definition

fluent DoorsClosed = <{close doors},
{open doors, emergency open}> initially true

describes train door states as being either closed (DoorsClosed = true) or
open (DoorsClosed = false); it also states which event is responsible for
which state change.

Such descriptions can be effectively used to constrain the induction pro-
cess so that the synthesized System LTS conforms to them. The idea is to
decorate each state of the PTA with the value of every fluent. This can
be done using a symbolic execution algorithm [Dam06, Dam11] (see Sec-
tion 2.5).

The pruning rule for constraining the induction process here is to avoid
merging inconsistent states according to these decorations.

The specific equivalence relation is thus the set of state pairs where both
states have the same fluent value assignment. The decoration of the merged
state is simply inherited from the states being merged.

Two states will be considered for merging if they have the same
value for every fluent.



84 Inductive Synthesis of State Machines from Scenarios

Figure 4.8: Propagating fluents along the PTA to prune the inductive search
space (DC stands for DoorsClosed)

Figure 4.9: LTS model for an alarm sensor.

Fig. 4.8 shows the result of propagating the values of DoorsClosed along
the augmented PTA built from the scenarios described in Fig. 4.3.

Unfolding models of external components

Quite often the components being modeled need to interact with other com-
ponents in their environment - e.g., legacy components in a bigger existing
system, foreign components in an open system, etc. In such cases the be-
havior of external components is generally known - typically, through some
behavioral model [Hal04]. External components are assumed here to be
known by their LTS model.

For example, Fig. 4.9 shows the LTS for a legacy alarm sensor in our train
system. When the alarm button is pressed by a passenger, this component
propagates a corresponding signal to the train controller.

A LTS model of an external component can constrain the induction
process so that the synthesized system LTS conforms to it. The idea is to
decorate the PTA with states of the external LTS by unfolding the latter
onto the PTA. Such decoration is performed by jointly visiting the PTA and
the external LTS; the latter synchronizes on shared events and remains in
its current state on other events.

Fig. 4.10 shows the result of unfolding the alarm sensor LTS from Fig. 4.9
on the augmented PTA built from the scenarios described in Fig. 4.3. Each
state of the PTA is labeled with the number of corresponding states in the
alarm-sensor LTS.
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Figure 4.10: Unfolding the alarm sensor LTS onto the PTA; a.pres and
a.prop stand for alarm pressed and alarm propagated, respectively.

The pruning rule for constraining the induction process is now to avoid
merging states decorated with distinct states of the external component. The
specific equivalence relation used here is the set of states where both states
have the same external LTS state.

Two states will be considered for merging if they have the same
external LTS state.

Using declarative domain properties

Descriptive statements and assumptions about the domain can be expressed
declaratively in FLTL (see Section 2.6). For example, the physical law

�(HighSpeed→Moving)

excludes all negative traces where the train is running at high speed while
not moving.

The technique for constraining induction through descriptive or prescrip-
tive statements is the same; we discuss it hereafter.

4.4.2 Injecting goals

For reasons discussed in Section 2.6, we restrict our attention to goals and
domain properties that can be formalized as pure FLTL safety properties.
Remember that these properties refer to “something bad may never happen”.

Consider the following goal requiring train doors to remain closed while
the train is moving:

Maintain[DoorsClosed While Moving] = �(Moving → DoorsClosed)
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Figure 4.11: Tester LTS for the goal Maintain[DoorsClosed While

Moving].

Fig. 4.11 shows the tester automaton for this property (cfr. Section
2.6.3). The accepting state of this tester captures all traces violating the
safety property; any trace leading to it corresponds to an undesired system
behavior. In particular, the trace <start, open> corresponds to the initial
negative scenario in Fig. 4.3. As seen in Fig. 4.11, the tester provides many
more negative traces. Property testers can in fact provide potentially infinite
classes of negative scenarios.

The property tester is used to constrain the induction process in a way
similar to an external component LTS. The PTA and the tester are traversed
jointly in order to decorate each PTA state with the corresponding tester
state. Fig. 4.12 shows the PTA decorated using the tester of Fig. 4.11.

The pruning rule for constraining the induction process is now to avoid
merging states decorated with distinct states of the property tester. The
specific equivalence relation used here is the set of states where both states
correspond to the same state of the property tester.

Two states will be considered for merging if they have the same
property tester state.

This pruning technique guarantees the consistency between the synthe-
sized system LTS and the considered goals and domain properties. In other
words, for every goal or domain property G injected in the synthesis process,
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Figure 4.12: Augmented PTA decorated using the tester automaton from
Fig. 4.11.

the following consistency condition holds (see Section 2.6.2):

L−(G) ∩ L(System) = ∅,

where System here denotes the synthesized system LTS and L−(G) captures
all traces violating G.

Note that the guarantee given by the above condition is weaker than the
consistent system view condition (4.2) in Section 4.1.1. The latter requires
the consistency of the synthesized system S = (Ag1 ‖ . . . ‖ Agn) while the
above condition only applies to the system LTS. As with implied negative
scenarios, a goal could be satisfied by the synthesized System LTS while
being violated by the real distributed system. This issue is further discussed
in Section 4.7.

4.4.3 Discussion

The equivalence relations considered in the previous sections are all invariant
under state merging. In other words, a state derived by merging some
states simply inherits their relation. This allows each relation to be computed
only once on the initial PTA; the results of such pre-processing are kept as
annotations on PTA states.

Our implementation reuses the decoration algorithm from [Dam06] to
propagate fluent values on the PTA (see Section 2.5.2). Its generalization
in [Dam11] may be used as an effective means for unfolding models of legacy
components and tester automata on the PTA without additional develop-
ments.

The principle for constraining state merging through equivalence rela-
tions first appeared in [Cos98, Cos04]. It can be further instantiated to other
equivalence relations not considered here. In particular, it is not limited to
relations that are invariant under state merging.
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As an illustrative example, consider the following generalization of the
way fluent values are used to constrain the induction process. We know from
Section 2.5.2 that the states of any LTS can be annotated with invariants
defined on fluents. Let inv denote the function mapping each PTA state to
its state invariant; let also denote by Dom a domain property that must be
met in every state of the system LTS. Consider the following pruning rule:

Two states q and q′ will be considered for merging if
inv(q) ∧ inv(q′) |= Dom

The equivalence relation here is the set of state pairs whose conjunction
of invariants satisfies the domain property. This equivalence relation is not
invariant under state merging. The merging constraint can however be en-
forced; to achieve this, the compound state resulting from merging q and q′

has to be annotated by the conjunction of their state invariants; this new
invariant is then used in subsequent state merging.

In the general case of DFA induction, in contrast to LTS induction, a
similar mechanism is needed to implement the Blue-fringe optimization with
an augmented PTA. In that case, an error state may be merged with a non
accepting state provided the result is not merged later with an accepting
one. That is, the relation capturing the equivalence of states in terms of
their continuations is not invariant under state merging.

4.5 LTS synthesis from high-level MSCs

Section 4.1.3 discussed how system behaviors specified in collections of MSC
scenarios can be first generalized as a system LTS, then decomposed as a set
of agent LTSs. The QSM technique supports the incremental enrichment
of an initial scenario collection through scenario queries. It also takes other
models into account, such as goals, so as to preserve multi-view consistency.
Behavior generalization, incremental synthesis and multi-view consistency
were the three main requirements identified in Section 4.1.2.

When it is coupled with other synthesis techniques such as goal mining
from scenarios [Dam06], interactive LTS induction appears really effective;
starting from a small initial scenario collection, richer system models can be
synthesized through a few iterations only. Chapters 5 and 7 will illustrate
this claim through evaluations and discussion of tool support.

For non-toy systems, however, large scenario collections might become
unmanageable. In particular, the consistency of the collection might be diffi-
cult to guarantee without costly refactoring of scenarios. One notable reason
is that all scenarios of a collection are required to start in the same system
state, as discussed in Section 2.4.3. This may imply a lot of redundancy



4.5. LTS synthesis from high-level MSCs 89

Figure 4.13: Merging multiple hMSCs amounts to building a new hMSC
reaching finer-grained hMSCs from its initial state.

in the required input descriptions. Moreover, this constraint may appear
arbitrary for end-users who have to draw the scenarios in the first place.

One way to tackle this problem is to use hMSCs for structuring scenario
descriptions. As detailed in Section 2.4.4, hMSCs are directed graphs where
each node refers to a MSC or a finer grained hMSC (see Fig. 2.10). Scenarios
can then be structured by introducing scenario alternatives, sequencing and
loops.

A structured form of scenario helps specifying a large system with sce-
narios. It does not solve the problem of achieving a complete and consistent
view of agent behaviors:

• capturing all possible interleavings of a distributed system proves dif-
ficult with scenarios; a single hMSC is therefore hardly complete in
practice;

• complementary system features are to be specified in complementary
models; in addition to multiple system views, specifying system be-
haviors in multiple hMSCs makes sense.

A synthesis technique for merging and generalizing behaviors described
in hMSCs appears to be a convenient extension to the synthesis technique
described in Sections 4.3 and 4.4. To this end, the LTS synthesis statement
is first revisited in Section 4.5.1. Our inductive algorithm is then adapted
in Section 4.5.2.

4.5.1 Revisiting the LTS synthesis statement

Merging multiple hMSCsH1, . . . ,Hn with respect to trace behaviors amounts
to compute the union of their respective languages. This is equivalent to
building a new hMSC H reaching the finer-grained H1, . . . ,Hn from its ini-
tial state. Additional positive scenarios S+

1 , . . . , S
+
n , typically coming from

scenario queries, may be integrated in a similar way. This is illustrated in
Fig. 4.13.
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However, a hMSC only captures positive behavior examples. As ex-
plained in previous sections, negative information is needed for avoiding
overgeneralization. Negative scenarios, fluents, goals and the like provide a
source of negative knowledge that can be used to constrain the induction
process. The algorithmic adaptations introduced in the sequel remain com-
patible with the constraint mechanism based on equivalence relations on
system states. This will be detailed in Section 4.5.3.

To keep things simple enough, we may therefore assume that behaviors
are specified through one hMSC only, complemented with a scenario collec-
tion. The latter contains negative scenarios and answers to scenario queries.
Under these assumptions, the LTS synthesis statement is now restated as
follows.

Given a hMSC H and a scenario collection Sc = (S+, S−) con-
sistent with each other, that is,

[L+(Sc) ∪ L(H)] ∩ L−(Sc) = ∅,

synthesize the system as a composition of agent LTSs:

System = (Ag1 ‖ . . . ‖ Agn),

such that H, Sc and System are consistent with each other.

The selected hMSC trace semantics is not specified in the formulation
above. In other words, the set of behaviors captured by L(H) has to be de-
cided. Remember the relations between the three hMSC languages discussed
in Section 2.4.4:

Lstrong(H) ⊆ Lweak(H) ⊆ Larch(H) (4.8)

Lstrong(H) denotes the set of system behaviors with strong sequential
composition of hMSC nodes and total event ordering inside MSCs. It is the
simplest model. However, it assumes an implicit synchronization scheme to
be used by the agents. The latter is usually not available in real distributed
systems. Larch(H) is the most realistic one for such systems as it captures
all possible interleavings of agent behaviors. Lweak(H) is mainly used for
explaining and detecting implied scenarios in hMSC specifications [Uch03];
it is also the hardest to compute.

Making a choice of semantics is required for generalizing behaviors as
inductive synthesis needs a set of traces as input. From an algorithmic point
of view, however, the three hMSC languages require the same adaptations
of the inductive process, as explained in the next sections.
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4.5.2 Generalizing hMSC behaviors

Remember that learning a regular language L aims at generalizing a positive
sample S+ under the control of a negative sample S− such that the following
relation of language inclusions holds:

S+ ⊆ L ⊆ Σ∗ \ S− (4.9)

LTS synthesis from a scenario collection Sc reduces to grammar induc-
tion as the sets L+(Sc) and L−(Sc) are valid positive and negative samples,
respectively (see Section 4.2.4). In particular, they denote finite sets of
traces.

When considering the generalization of hMSC behaviors, the sets of pos-
itive and negative traces are L+(Sc) ∪ L(H) and L−(Sc), respectively. The
positive set is no longer a sample as L(H) might contain an infinite number
of traces. Therefore, the current problem statement no longer exactly fits
the identification-in-the-limit framework introduced in Section 4.2.

From a theoretical point of view, this means that generalizing hMSC
behaviors is a different problem than generalizing MSC behaviors; therefore,
further study would be needed to re-state the convergence criterion and the
notion of characteristic sample in particular.

From an algorithmic point of view, however, only a few adaptations of
RPNI and QSM appear necessary. They are detailed in the next section.

4.5.3 The Automaton State Merging algorithm

The algorithm for generalizing hMSC behaviors is our Algorithm 2, called
Automaton State Merging (ASM). As sketched below, its overall structure
is very similar to QSM in Section 4.3; the interactive feature is omitted here
as it raises a few issues that we discuss later. QSM itself being an interactive
extension to RPNI, Algorithm 2 is very similar to RPNI itself which might
appear surprising at first glance.

The main difference between RPNI/QSM on one side and ASM on the
other side lies in the initial automaton built by Initialize. RPNI and
QSM initially convert the input sample as a PTA, hence a tree, whereas
ASM converts the input language of the hMSC as a LTS, hence a graph.

More precisely, the adaptations required to the different functions of the
algorithm are the following:

Initialize This function is adapted to return a LTS instead of a PTA. This
LTS is built from two sources:
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Algorithm 2: ASM, a state-merging algorithm from high-level Mes-
sage Sequence Charts

Input: A high-level MSC H and a scenario collection Sc = (S+, S−)
Output: A System LTS, consistent with both H and Sc

1A← Initialize(H, Sc)
2while (q, q′)← ChooseStatePair(A) do
3Anew ← Merge(A, q, q′)
4if Consistent(Anew, S−) then
5A← Anew

6return A

• On one side, the positive traces from the input hMSC H are
captured through a LTS, assuming a suitable choice of hMSC se-
mantics. The choice of Larch(H) appears natural for distributed
systems; in that case, the synthesis algorithm from [Uch03], in-
troduced in Section 2.4.4, is used to synthesize the LTS from the
hMSC.

• On the other side, the scenario collection is captured through a
PTA, as in RPNI and QSM.

The standard algorithm for capturing the union of regular languages
[Hop79] is then used to merge the LTS and the PTA as a single LTS;
the latter is returned by Initialize.

ChooseStatePair The main generalization loop in ASM does not fold up
a PTA anymore, but successively merges the states of an automaton,
which might be any graph6. In our current ASM implementation, the
ChoosenStatePair function is slightly adapted to preserve the RPNI
search order. ASM pre-computes the natural order among states of
the initial LTS solution returned by Initialize. A breadth-first search
is used; each state is numbered when visited.

Merge From a specification standpoint, the Merge function does not re-
quire specific adaptations. This results from the mathematical defini-
tion of a quotient automaton (see Definition 4.2). The function takes
an automaton and two states to merge as arguments; it returns the
quotient automaton resulting from this state merging.

From an implementation standpoint, the merging-for-determinization
process is often implemented under the assumption of a tree invariant
property [Lan98]. This property states that, when considering two

6Hence the “Automaton State Merging” name.
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states to be merged, at least one of them is the root of a tree. Such
property holds for RPNI and QSM, even when the Blue-Fringe opti-
mization is used. It is a sufficient condition for the determinization
process to be finite.

Even though it is convenient, the tree invariant property is not re-
quired [Lam08]. The main merging loop and the Merge function can
be implemented without the tree invariant property; indeed, the re-
cursive determinization process stops naturally when non-determinism
is completely reduced. In practice, an implementation of RPNI/QSM
may require changing some data structures and associated algorithms
to be converted to ASM.

Consistent This function does not require specific adaptations either; it is
the same as in RPNI or QSM (see Section 4.3.1).

Our current ASM implementation does not go beyond this: it is not
optimized with the Blue-fringe heuristics; it does not have the interactive
feature of QSM; it is not constrained with domain knowledge. Improvements
along these three directions are discussed below.

Blue-fringe heuristics

Adding the Blue-Fringe heuristic to ASM requires two main adaptations:

• The LTS returned by Initialize should be augmented with error states
encoding the negative strings captured by negative scenarios in the
collection. This requires a slight adaptation of the algorithm for com-
puting the union of regular language; this adaptation is needed to
handle the error states of an augmented PTA built from the scenario
collection.

• In a way similar to the Merge function, the distinction made by Blue-
fringe between red and blue states may be implemented with ChooseS-
tatePair under the assumption that the initial solution is a PTA (see
Section 4.3.3). In that case, another implementation approach might
be taken. From a specification standpoint, the characterization of a
intermediate automaton in terms of red, blue and white states does
not depend on a tree invariant.

Scenario questions

The interactive feature of QSM may be adapted and plugged into ASM. It
consists in replacing the main ASM loop by the one of QSM (see Algorithm 1
in Section 4.3). The GenerateQuery function is adapted as follows:
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GenerateQuery The generation of scenario queries relies on the tree in-
variant property mentioned above. When merging a state pair (q, q′),
a scenario query is built with the shortest trace leading to q concate-
nated with the suffixes of q′. A QSM invariant is that q′ is the root
of a tree; this invariant is used to generate finite suffixes for scenario
questions (see Section 4.3.2).

If the tree invariant property no longer holds, the GenerateQuery func-
tion must be extended with a procedure for extracting finite suffixes
from q′. This does not introduce any technical problem. For example,
pre-computing a spanning tree on the initial LTS associates finite suf-
fixes with each state. What forms a “good” suffix for convergence and
scenario classification by end-users remains however an open question.
As the adapted algorithm no longer fits the identification-in-the-limit
framework, the notion of a characteristic sample would need to be
adapted here.

Constraints based on domain knowledge

Even if not supported by our current implementation, the constraint mecha-
nism discussed in Section 4.4 is fully compatible with ASM. Remember that
it relies on the partitioning of PTA states according to equivalence relations
extracted from domain knowledge.

This partitioning can be performed in a similar way on the LTS returned
by Initialize in ASM. Unlike a PTA, however, such LTS may already con-
tain cycles. The preconditions of ASM must therefore be strengthened with
additional preconditions requiring the consistency between input scenarios
and available domain knowledge, such as fluents and models of legacy com-
ponents. Fluent definitions, for example, must yield a deterministic value
for each fluent in every state of the initial LTS returned by Initialize.

From an algorithmic standpoint, an effective solution for computing the
equivalence relations on the initial LTS relies on specific instantiations of the
generic LTS decoration algorithm discussed in [Dam11] (see Section 4.4.3).

4.6 Correctness

This section provides correctness arguments and proofs for the different set-
tings of our inductive approach to state machine synthesis. The simplest
approach with RPNI is first discussed; features are then gradually inte-
grated, such as scenario questions and the injection of domain knowledge.
A deeper analysis of the problem statement and an overview of this section
is first given in Section 4.6.1.
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Figure 4.14: Inductive synthesis steps and products.

4.6.1 Overview

In view of the initial problem statement in Section 4.1.1 and its successive
strengthening in subsequent sections, proving the correctness of our ap-
proach amounts to show that the composed system resulting from synthesis
is consistent with input scenarios and all injected domain knowledge.

Fig. 4.14 summarizes our synthesis approach. It shows the algorithms
used together with their input/output in terms of behavior models and as-
sociated languages. The figure can be read as follows:

• From scenarios, a system LTS is inferred using RPNI, QSM or ASM.

• LTS hiding and minimization is then used to obtain a canonical state
machine for each agent.

• From the system point of view, the result of our synthesis approach is
precisely captured by the composition of those state machines.

In this figure and in the following discussions,

• Sc = (S+, S−) denotes the input scenario collection; its positive and
negative languages are denoted by L+(Sc) and L−(Sc), respectively.

When considering ASM, Sc denotes both the input hMSC and the sce-
nario collection (see Section 4.5). The positive and negative languages
are updated accordingly.

• L(System) denotes the language captured by the inferred system LTS.

• L(Ag) denotes the language of an arbitrary agent Ag, as captured by
its LTS state machine.
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• L(Ag1 ‖ . . . ‖ Agn) denotes the language captured by the LTS resulting
of the composition of the individual agent LTSs.

Remember from Section 4.1.1 that, under the precondition that input
models are consistent, three conditions are required to hold on the synthe-
sized state machines:

• The structural consistency condition requires input scenarios and syn-
thesized agent state machines to agree on the respective agent inter-
faces.

In the case of QSM, structural consistency must also hold for answers
to scenario questions. In the case of ASM, this must be the case for
the input hMSC as well.

• The consistent agent view condition requires each synthesized agent
state machine to cover the positive behaviors along the corresponding
scenario timeline:

L+(Sc↓Ag) ⊆ L(Ag) for each agent Ag, (4.10)

where Sc↓Ag denotes the positive behaviors along Ag’s timeline in a
scenario collection Sc = (S+, S−):

L+(Sc↓Ag) =
⋃

P∈S+

L(P↓Ag) ∪
⋃

N∈S−
L+(N↓Ag) (4.11)

This is a a slight generalization of the concept of agent traces along
the timeline of a single scenario, see M↓Ag in Section 2.4. Observe that
L+(Sc↓Ag) takes both positive and negative scenarios into account.

In the case of QSM, (4.10) must hold even when Sc is assumed to
contain the answers to scenario questions. In the case of ASM, (4.10)
remains the same, but the projection of the input hMSC H has to be
considered in addition to the scenario collection in (4.11):

L+(Sc↓Ag) =
⋃

P∈S+

L(P↓Ag) ∪
⋃

N∈S−
L+(N↓Ag) ∪ L(H↓Ag) (4.12)

• The consistent system view requires the composed system to cover all
positive scenarios and reject all negative ones:

L+(Sc) ⊆ L(Ag1 ‖ . . . ‖ Agn) (4.13)

L−(Sc) ∩ L(Ag1 ‖ . . . ‖ Agn) = ∅ (4.14)

In the case of QSM, Sc is assumed to contain answers to scenario
questions. In the case of ASM, Sc denotes the input hMSC together
with the scenario collection.
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When goals are injected in the induction process, this postcondition
must be strengthened with the following condition requiring all traces
violating the goals to be rejected by the synthesized system:

L−(Goals) ∩ L(Ag1 ‖ . . . ‖ Agn) = ∅ (4.15)

where L−(Goals) denotes the union of all system traces violating at
least one known goal:

L−(Goals) = L−(G1) ∪ . . . ∪ L−(Gn) (4.16)

The following sections are organized as follows. Section 4.6.2 establishes
a first milestone by proving the consistency of the inferred system LTS with
scenarios in the case of RPNI. This result is then used in Section 4.6.3
to show that the decomposition step meets the “structural consistency”
and the “consistent agent view” conditions. The “consistent system view”
condition is further discussed in Section 4.6.4. The discussion is pursued
in the presence of scenario questions in Section 4.6.5 and with the injection
of goals in Section 4.6.6. Section 4.6.7 closes this section by discussing the
correctness of ASM.

4.6.2 Consistency of the system LTS

This section demonstrates that RPNI yields a system LTS consistent with
the input scenario collection. The pseudo code given in Algo. 1 is used; the
inner-most while loop related to scenario questions is ignored here (lines 5
to 10).

Theorem 4.2. The system LTS synthesized by RPNI covers all positive
scenarios and rejects all negative ones:

L+(Sc) ⊆ L(System)

L−(Sc) ∩ L(System) = ∅

Proof. This theorem is proven by induction using the following invariant:

L+(Sc) ⊆ L(Ai) (4.17)

L−(Sc) ∩ L(Ai) = ∅ (4.18)

Base: A0 denotes the PTA returned by Initialize.

The PTA is the largest DFA accepting exactly the positive language;
an algorithm precondition also states that input scenarios are consis-
tent. Therefore the following conditions hold, entailing the invariant:

L+(Sc) = L(A0)

L−(Sc) ∩ L(A0) = ∅
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Inductive step: Ai is the quotient automaton denoting the current solu-
tion at step i; (4.17) and (4.18) are assumed to hold on the candidate
automaton Ai.

From a solution Ai, the next solution Ai+1 is computed by the Merge
function (see line 3 in Algo. 1). The latter computes a quotient au-
tomaton of Ai. We prove the positive and negative parts of the invari-
ant in turn.

On one hand, Definition 4.2 guarantees that such quotient automaton
may only generalize the language of Ai. As the condition (4.17) is
assumed to hold for Ai, the following condition holds as well:

L+(Sc) ⊆ L(Ai) ⊆ L(Ai+1)

On the other hand, a candidate solution is only kept for the next
iteration if it is consistent with the negative scenarios (see lines 4 and
11). Therefore, the following condition holds when such solution is
kept (line 11):

L−(Sc) ∩ L(Ai+1) = ∅

When the algorithm terminates, it returns the last compatible quotient
automaton considered.

A detailed proof of the convergence of RPNI towards the canonical target
automaton when it receives a characteristic sample can be found in [Onc93]
in the more general case of transducer learning.

4.6.3 Structural consistency and consistent agent view

Given the consistency of the system LTS with the positive and negative
scenarios, the decomposition step guarantees that the structural consistency
and the consistent agent view both hold. We only sketch the structure of
such proofs here.

Structural consistency only requires the LTS hiding step to make use of
adequate agent alphabets, as induced from the scenarios themselves or given
by a (consistent) structural model. We do not discuss it further.

For each agent Ag, the “consistent agent view” condition (4.10) is derived
from (4.13) using the following derivations:

L(X) ⊆ L(Y ) =⇒ L(X \ I) ⊆ L(Y \ I) (4.19)

L+(Sc↓Ag) = L+(Sc \ Σc
Ag) (4.20)

L(Ag) = L(System \ Σc
Ag) (4.21)
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where Σc
Ag denotes the set of all system events excluding those of Ag’s

interface.

• (4.19) states that behavior inclusion is preserved under LTS hiding;
this property follows from material in Section 2.3.3.

• (4.20) rewrites the left term of (4.10) in terms of the hiding of scenario
behaviors7. For RPNI and QSM, it can be derived from (4.11) and
the definition of M↓Ag (see Section 2.4.1). For ASM, it can be derived
in a similar way from (4.12).

• (4.21) follows from the definition of the decomposition step itself (see
(4.7) in Section 4.1.3).

Theorem 4.2 establishing the consistency of the system LTS with input
scenarios, the following condition is established thanks to (4.19)

L+(Sc \ Σc
Ag) ⊆ L(System \ Σc

Ag) (4.22)

The “consistent agent view” condition (4.10) is established by substitut-
ing the right terms of (4.20) and (4.21) in (4.22).

4.6.4 Consistent system view: the problem of implied sce-
narios

This section discusses the correctness of the “consistent system view” condi-
tion in the case of RPNI. The conditions related to the positive and negative
scenarios are discussed in turn.

Theorem 4.3. When using the RPNI induction algorithm, the composed
system synthesized by the inductive approach covers all positive scenarios.

L+(Sc) ⊆ L(Ag1 ‖ . . . ‖ Agn)

Proof. This condition results from two main properties:

• Theorem 4.2 establishing the consistency of the inferred system LTS:

L+(Sc) ⊆ L(System)

7using an abuse of notation here as the hiding operator is defined on LTS, not on
scenarios collections.
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• Projecting the system LTS on agent alphabets and composing their
LTS afterwards does not restrict behaviors:

L(System) ⊆ L(Ag1 ‖ . . . ‖ Agn)

This latter condition can be derived from the definition of agent lan-
guages (4.21) and properties of LTS hiding and composition operators
(see Section 2.3).

Theorem 4.4 (Candidate). When using the RPNI induction algorithm, the
composed system synthesized by the inductive approach rejects all negative
scenarios.

L−(Sc) ∩ L(Ag1 ‖ . . . ‖ Agn) = ∅

Due to the potential presence of implied scenarios, our approach only
guarantees the weaker postcondition already given by Theorem 4.2, namely,

L−(Sc) ∩ L(System) = ∅

In other words, the induction algorithm ensures that the system LTS
excludes all negative scenarios. This property can however be lost after the
decomposition and recomposition steps leading to the composed system.

The reason has to be found in the possible occurrence of so-called implied
scenarios [Alu00, Uch04]. Remember from Section 2.4.4 that implied scenar-
ios may appear when a system is specified system-wide while implemented
component-wise.

In our case, the set of implied scenarios is precisely defined as:

L(Ag1 ‖ . . . ‖ Agn) \ L(System) (4.23)

that is, implied scenarios denote system behaviors that the system LTS
does not accept but which are exhibited by the composition of agent LTSs.
Implied scenarios appear when, once distributed, the agents lack monitoring
and controlling abilities to restrict their behavior so as to precisely match
the system LTS.

Three cases may arise here:

• The set of implied scenarios (4.23) is empty.

In this case, the inferred system LTS and the composed system coin-
cide. Therefore, Theorem 4.4 is a trivial consequence of Theorem 4.2.
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• The set of implied scenarios (4.23) only contains examples of desired
system behavior.

Theorem 4.4 is trivially proven as implied scenarios do not intersect
with negative scenarios.

In this case, the presence of implied scenarios is not problematic and
may be seen as the result of a second generalization step due to the
decomposition and recomposition of agent LTS. This second general-
ization step proves useful as it weakens the necessity of having a pure
structurally complete scenario collection in the first place.

• The set of implied scenarios (4.23) contains at least one counterexam-
ple of desired system behaviors.

This case is more problematic. In particular, a behavior trace t could
be such that the following conditions hold:

t ∈ L−(Sc) (4.24)

t /∈ L(System) (4.25)

t ∈ L(Ag1 ‖ . . . ‖ Agn) (4.26)

that is, (4.24) t denotes a system behavior explicitly rejected through
a negative scenario; it might be a question answered negatively; (4.25)
t is correctly rejected by the system LTS; (4.26) t is still be exhibited
by the composed system.

In such case, the candidate Theorem 4.4 is shown too strong. The
“consistent system view” condition is not met as (4.14) does not hold.
As with other scenario approaches, e.g. [Alu00, Uch04], our synthesis
technique fails to guarantee a consistent system view between scenarios
and state machines in presence of negative implied scenarios.

In order to detect such situations, the technique from [Uch04] could be
adapted to enumerate implied scenarios and submit them as additional
scenario questions to the user (see Section 8.2.3).

Note that, fixing implied scenario problems requires rethinking the
system decomposition into agents and/or refactoring their interfaces.
In other words, the root cause of implied scenarios problems has to
be found in the structural decomposition of the system, not in the
particular technique used to infer state machines from scenarios.

4.6.5 Correctness in the presence of scenario questions

The postcondition of our approach was strengthened in the presence of sce-
nario questions. This strengthening required the synthesized system to be
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consistent with all scenario questions in addition to the initial scenario col-
lection.

Provided a consistent system LTS is inferred with QSM, the correctness
arguments for the structural consistency and consistent agent view condi-
tions remain unchanged. The discussion about implied scenarios also takes
place here. Therefore, we only prove the consistency of the system LTS
induced by QSM when scenario questions are taken into account.

Theorem 4.5. The system LTS inferred by QSM is consistent with the
scenario collection extended with the answers to all scenario questions.

Proof. This theorem is proven by induction (cfr. Algo. 1):

Base: The base case captures a QSM run where all scenario questions are
answered positively.

In such case, QSM roughly reduces to RPNI, for which Theorem 4.2 is
known to hold. We still need to prove that all scenario questions are
accepted by the synthesized system LTS.

Observe that all scenarios accepted at line 7 are consistent with the
current solution Anew (line 4). The system LTS returned by QSM is a
quotient automaton of Anew; Definition 4.2 therefore ensures that the
system LTS accepts those scenarios as well.

Inductive step: The inductive step captures a run where a rejected sce-
nario yields a tail recursive call (line 10).

The discussion about positively accepted scenarios remains unchanged.
The scenario collection is correctly extended (see line 7).

Every time a scenario question is rejected by the oracle, the scenario
collection is correctly extended as well (see line 9). Provided the oracle
does not make classification errors, as required in preconditions, the
scenario collection remains consistent for the tail recursive call taking
place at line 10.

4.6.6 Consistency with goals and domain properties

The pre- and postconditions of our approach were strengthened in the pres-
ence of goals and domain properties. In precondition, scenarios and goals
are required to be consistent. In postcondition, the synthesized system may
not violate goals. In other words, provided the input scenarios and safety
properties are consistent, the following postcondition is required to hold:

L−(Goals) ∩ L(Ag1 ‖ . . . ‖ Agn) = ∅ (4.27)
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A weaker condition is proven in Theorem 4.6 as implied scenarios may
lead to goals being violated after the decomposition and recomposition steps.
A few simplifications are in order here:

• We consider here the case of RPNI; in the absence of classification
errors by the oracle, the injection of goals is independent of the scenario
questions.

• In accordance with the assumptions of the thesis we consider only
safety properties (see 2.6).

• Without lost of generality, we consider only one of such safety proper-
ties, G.

Lemma 4.1 provides a useful milestone.

Lemma 4.1. When two states q and q′ are considered for merging by QSM,
all their prefixes are traces leading to the same state in the tester automaton
capturing L−(G).

Proof. We assume the correctness of the joint traversal for annotating the
PTA states with their corresponding states in the tester automaton (see
Section 4.4.2). The induction algorithm will only consider the merging of
state pairs corresponding to the same state in the tester automaton. The
prefixes property thus holds for the first merge considered on the PTA; it is
trivially preserved under state merging and therefore holds for every state
pair considered from the successive quotient automata.

Theorem 4.6. Provided G denotes a safety property, the system LTS syn-
thesized by the constrained inductive algorithm is consistent with G.

L−(G) ∩ L(System) = ∅

Proof. The proof proceeds by induction on the following loop invariant:

L−(G) ∩ L(Ai) = ∅

Base: A0 denotes the PTA.

The invariant holds for A0 as (1) the preconditions require the scenar-
ios and the goals to be consistent and (2) the PTA does not generalize
the positive scenario language.

L−(G) ∩ L+(Sc) = ∅
L(A0) = L+(Sc)
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Inductive step: Let Ai denote a current solution considered by the algo-
rithm. Suppose the invariant holds for Ai. We show that the invariant
holds for Ai+1, the quotient automaton of Ai obtained by merging a
candidate state pair (q, q′).

By construction of the constraint mechanism based on equivalent state
classes, q and q′ correspond to the same state t in the tester automaton
capturing L−(G) (see Section 4.4.2).

The tester is known to be a canonical automaton, that is, it is minimal
and deterministic (see Section 2.6.3). A bijection thus exists between
states and accepted trace suffixes (residual languages) [Hop79].

Therefore, all accepted traces from q (resp. q′) in the current solution
Ai are rejected traces from t in the tester automaton. By Lemma 4.1
all prefixes of q in Ai (resp. q′) are prefixes of t in the tester. As the
invariant holds for Ai, their respective suffixes must be disjoint.

When q and q′ are merged, the same lemma guarantees that the suffixes
“gained” by q′ (resp. q) do not yield new traces in Ai+1 that would
violate the safety property G. In other words, the invariant holds for
Ai+1.

When the algorithm terminates, it returns the last compatible quotient
automaton considered.

4.6.7 Correctness in the presence of control information

The correctness proof for ASM follows the same reasoning as the one pre-
sented for RPNI in Theorem 4.2. Discussions about structural consistent,
consistent agent view and implied scenarios remain unchanged.

Theorem 4.7. The system LTS synthesized by ASM is consistent with the
hMSC and the scenario collection taken as input.

[L(H) ∪ L+(Sc)] ⊆ L(System)

L−(Sc) ∩ L(System) = ∅

Proof. The theorem is proven by induction, using the following invariant:

[L(H) ∪ L+(Sc)] ⊆ L(Ai)

L−(Sc) ∩ L(Ai) = ∅

Base: A0 denotes the automaton returned by Initialize.
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On one hand, the Initialize function implements the synthesis algo-
rithm detailed in [Uch03] which does not generalize hMSC behaviors.
On the other hand, the input hMSC and the positive scenarios are
required to be consistent with the negative scenarios. Therefore the
following condition holds, entailing the invariant:

[L(H) ∪ L+(Sc)] = L(A0)

L−(Sc) ∩ L(A0) = ∅

Inductive step: Ai denotes the current candidate solution. The invariant
is assumed to hold for Ai.

The main induction loop is similar to the one of RPNI. It considers
successive quotient automata, which generalize the language captured
by the current solution Ai. Therefore, the following condition holds:

[L(H) ∪ L+(Sc)] ⊆ L(Ai) ⊆ L(Ai+1)

As shown in Algo 2, quotient automata are not kept unless being
consistent with the negative scenarios (lines 3 and 4). Therefore, the
following condition holds in every case:

L−(Sc) ∩ L(Ai+1) = ∅

4.7 Discussion

Let us step back a little before closing this chapter. This section is aimed
at discussing two questions:

• What problem are we trying to solve?

• Why do we solve it in this way?

In addition to revisiting our synthesis technique and discussing some per-
spectives, answers to those questions will allow us to compare our approach
with alternative ones. Such comparisons will be made in Chapter 8.

Let us start with the former question, “what problem are we trying to
solve?”.

This chapter discussed an horizontal synthesis technique. Remember
from Section 1.3 that horizontal synthesis is aimed at providing automated
support for elaborating requirements and exploring system designs. It pro-
vides such support through the semi-automated building of missing model
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fragments in a multi-view framework; the completion of already available
views may be an objective as well.

Along this line, our state machine synthesis technique can be seen as a
building block in a broader vision of multi-view behavior modeling. This
problem can be stated as follows:

• There is an expected target system, composed of agents Ag1, . . . , Agn
whose behavior can be modeled through state machines. The behavior
of the system itself is defined through the composition of the agent
behaviors.

• A complete specification of the system behaviors is not available (yet).
Behavioral model fragments may however be available; those frag-
ments take various forms:

– Scenarios may describe examples and counterexamples of desired
system behavior.

– The behavior of some agents may be partially or completely spec-
ified through the definitions of agent state variables and/or state
machines.

– Some behavioral goals may specify restrictions on agent and sys-
tem behaviors so as to avoid undesired system histories.

• The problem to solve is to specify system behaviors more completely.
This roughly means completing all models in an incremental, consis-
tent and (hopefully) convergent way.

As just stated, solving the problem above presupposes an incremental
approach. Within iterations, system descriptions get more complete and be-
havior models get richer. Additional system features are added and modeled
when successful iterations complete; refactoring steps are conducted when
problems appear, such as undesired implied scenarios.

Our inductive state machine synthesis technique is thus only a building
block in an integrated approach along this line. Observe that the synthesis of
state machines from scenarios can be seen at least partially as a pretext for
conducting a broader exploration of the desired system. In the opinionated
vision of multi-view modeling above, the synthesis of state machine is seen as
equally important as the completion of the scenario collection with answers
to scenario questions; the same applies to the identification of behavior goals
triggered when some of those scenarios are rejected by the end-user.

The following sections revisit and discuss design choices of our synthesis
approach in the light of the multi-view modeling vision above.
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4.7.1 Agent behaviors or system behaviors?

The choice of tackling the synthesis of agent state machines through the in-
ference of a system state machine has not been much motivated so far. Why
not inferring one state machine by agent and composing them afterwards,
instead of going the other way round?

First, let us stress that such alternative approach makes perfect sense.
Our experience in exploring it even suggests that it might provide very good
results in terms of behavior generalization. That being said, a few points
would need to be adapted and/or taken into account to further explore it.

• Scenario questions would not be available for guiding the inductive
process in a per agent approach. The interactive feature might be
adapted but it would require the user to be able to classify agent
traces. This seems less convenient as it amounts to interact with the
end-user in a different language for each agent. Moreover, interactions
would not occur in the language used by the end-user for specifying
scenarios in the first place.

• Our definition of negative scenarios is borrowed from [Uch02]. Such
definition amounts to consider negative system traces only. An effec-
tive use of the negative scenarios for the independent synthesis of agent
state machines would need this definition to be adapted. Such nega-
tive knowledge is required for guiding the induction process towards
good generalizations.

• Similarly, our approach considers system-wide goals and domain prop-
erties. Unless capturing agent requirements specifically, available safety
properties cannot be used to constrain the induction process on a per
agent basis. Even in the absence of implied scenarios, the consistency
of inferred state machines with goals might be harder to guarantee.

4.7.2 The rationale behind grammar induction

From the specific standpoint of state machine synthesis, our use of gram-
mar induction was motivated by the need to generalize system behaviors
described in the scenarios. This choice is further discussed here in the light
of the incremental elaboration of requirements discussed in Section 4.7.

To keep things simple enough, the use of fluent state variables and models
of legacy components, the structure of scenarios, the decomposition step of
our approach, and implied scenarios are ignored aspects here. In other
words, we focus here on pure behavioral aspects in the triangle composed of
scenarios, state machines and goals [Dam06, Uch07].
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• On one side, positive scenarios capture a lower bound on system be-
haviors. Scenarios capture behaviors that the system must exhibit.
The enrichment of the scenario language in the transition from QSM
to ASM amounts capturing these positive behaviors through a (prefix-
closed) regular language. Let L+(Scenarios) denote this language.

• On the other side, negative scenarios and goals capture an upper bound
on system behaviors. They capture behaviors that the system may
not exhibit. The system traces violating safety properties are known
to be captured by the class of regular languages (see Section 2.6.3).
Negative scenarios generally illustrate violations of safety properties;
they may be ignored without loss of generality. Let L−(Goals) then
denote undesired system behaviors.

• Somewhere between those bounds, agent state machines may be seen
as capturing the exact behaviors exhibited by the system. Provided
those state machines are known, L(Ag1 ‖ . . . ‖ Agn) denotes those
system behaviors.

The consistency of scenarios, state machines and goals are known to be
captured by the following conditions (see Chapter 2):

L+(Scenarios) ⊆ L(Ag1 ‖ . . . ‖ Agn)

L−(Goals) ∩ L(Ag1 ‖ . . . ‖ Agn) = ∅

As stated in Section 1.3, an horizontal synthesis technique uses such
consistency rules backwards. Instead of checking them, horizontal synthe-
sis uses these rules to semi-automatically synthesize missing models using
the information already available in the other views. Our inductive state
machine synthesis technique is illustrative of such process. It can be seen
as synthesizing missing state machines from scenarios, under the control of
goals:

L+(Scenarios) ⊆ L(?) ⊆ Σ∗ \ L−(Goals)

The choice of grammar induction methods to tackle the synthesis prob-
lem is not incidental. Let us assume that the expected target system is fixed,
even if unknown. The problem statement requires the synthesized system to
cover all desired behaviors described in the scenarios while rejecting all neg-
ative ones captured by the goals. Observe that the LTS capturing exactly
the lower bound L+(Scenarios) provides a trivial solution to this problem.
Using this LTS for specifying system behaviors would however lead to a
specification changing every time a new scenario is elicited. In contrast,
a grammar induction approach guarantees that beyond a given point, the
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inferred specification will not be affected by the addition of new examples
and counterexamples of desired system behavior.

In other words, more than offering a practical way of generalizing sys-
tem behaviors illustrated in the scenarios, our approach provides a guaran-
tee for the convergence towards the target system when available scenarios
and goals capture a sufficiently rich knowledge about the target system.
Note that such convergence criterion looks necessary even if the synthesis
of state machines might be seen as a pretext for elaborating requirements
or completing a multi-view system model. We further discuss this claim in
the subsequent sections and when comparing our approach with alternative
ones in Chapter 8.

It is known that inductive techniques come at a price of an inductive
bias [Mit80]. In our case, such bias has to be found in the assumption of
structural completeness (see Definition 4.3). Every transition in the target
system is expected to be used at least once in the scenarios. Moreover,
under this assumption, using grammar induction amounts to search for the
smallest machine consistent with the available scenarios and goals. In the
extreme case where no negative knowledge is available, this state machine is
the universal automaton; it has only one state and a self looping transition
for every event in the system.

Rather than a requirement on the sample, the assumption of structural
completeness must be seen as a limit on the possible generalizations that are
allowed from the scenarios. If a transition of the target system is never used
in the examples of desired behaviors, no evidence supports its existence and a
candidate solution presenting that transition should be discarded. Similarly,
rather than a limitation on our approach searching for the smallest consistent
machine must be seen as an application of the Occam’s principle stating that
“among all models explaining the world equally well, the simplest should be
preferred”.

4.7.3 Perspectives

The discussion in Section 4.7.2 about the convergence of our approach made
use of two implicit assumptions.

• The identification-in-the-limit framework provides convergence guar-
antees only if both positive examples L+(Scenarios) and negative ex-
amples L−(Goals) capture finite sets of traces. The departure from
this theoretical framework was already noted when introducing ASM
in Section 4.5.2.

From an grammar induction standpoint, the discussion in Section 4.7.2
goes on step further as it amounts to consider the generalization of a
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positive regular language L+ under the control of a negative regular
language L−.

L+ ⊆ ? ⊆ Σ∗ \ L−

An induction algorithm for tackling such problem was proposed in
[Lam08], called ASM∗. Strictly speaking, the convergence guarantee
for the synthesis of state machines from scenarios and goals in Sec-
tion 4.7.2 would require finding a sound notion of characteristic sample
for ASM and ASM∗. We are however confident that such a candidate
exists.

• Discussing the convergence of an incremental modeling approach only
makes sense under the assumption that the expected target system
is fixed. Such assumption is hardly realistic in practice. Subsequent
modeling cycles introduce additional system features; refactoring steps
are often needed as well. Even in such cases, relying on synthesis
techniques offering convergence guarantees seems necessary at worse
and reasonable at best.

In any case, techniques such as inductive behavior model synthesis
are aimed at being integrated in incremental, multi-view modeling
approaches. This supposes that various synthesis techniques are made
available in multi-view modeling environments. This raises questions
about what constitutes an effective guidance in such environments,
and whether such guidance may be supported by additional automated
techniques.

The ISIS tool introduced in Section 7.2 provides such environment
around QSM. The visual inspection of synthesized state machines there
leads to the definition of negative scenarios and goals when overgener-
alization is detected. This typically triggers new modeling cycles and
new QSM runs. Using the system knowledge captured by L−(Goals),
the upper bound on system behaviors, opens new perspectives for addi-
tional guidance there. A promising approach will be further discussed
in Section 8.3.2.

Summary

This chapter discussed how grammar induction may be adapted to syn-
thesize LTS state machines from end-user scenarios. The RPNI algorithm
provides a basis to inductively generalize scenario behaviors as a system
LTS; the latter is then projected on the alphabet of each agent to obtain
their state machines.
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QSM extends RPNI with an interactive feature where an end-user clas-
sifies generated scenarios as positive or negative examples of desired system
behavior. This constrains the induction process towards good behavior gen-
eralizations. It also allows completing the initial scenario collection with
interesting agent interactions that were not initially explored.

QSM and ASM may be constrained through equivalence relations defined
on system states. This mechanism was instantiated to prune the induction
process with the definition of fluent state variables, models of legacy com-
ponents, domain properties, and goals. In addition to guaranteeing the
consistency of synthesized state machines with other available models, the
injection of such knowledge offers better induction performance and reduces
the number of user interactions.

Structured forms of scenario descriptions, such as hMSCs, prove useful
for large systems. They overcome a common limitation of using scenario
collections, namely, the assumption that all scenarios start in the same sys-
tem state. The induction of agent state machines from structured forms of
scenarios led to the ASM algorithm, another extension of RPNI. While our
current ASM implementation is rather limited, the chapter showed that the
design of an induction algorithm mixing hMSC input, scenario questions,
and injection of domain knowledge and goals raises minor issues only.

The transition from RPNI/QSM to ASM raises interesting perspectives
for future research. From a grammar induction standpoint, a further ex-
tension called ASM∗ amounts to consider the generalization of a positive
language under the control of a negative one. ASM and ASM∗ do not ex-
actly fit in the identification-in-the-limit framework; in particular, the con-
vergence criterion would need to be revisited. From a software engineering
standpoint, such work would set a sounder basis for tackling the synthesis
of behavior models from structured forms of scenarios and safety properties.
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Chapter 5

Evaluation

This chapter reports on the results obtained when evaluating our inductive
LTS synthesis technique from Chapter 4. Section 5.1 discusses our evalu-
ation objectives and overviews the selected approach. Section 5.2 presents
the results of evaluating our algorithms on case studies. These evaluations
are complemented by experiments conducted on synthetic datasets whose
setup and results are presented in Section 5.3. Our main conclusions are
drawn in Section 5.4.

5.1 Objectives and approach

The aim of this chapter is to evaluate our inductive synthesis technique in
the light of the thesis objectives. The idea is therefore to check whether
our synthesis approach provides an effective way of exploring requirements
and conducting system design. Or, in terms of the requirements discussed
in Chapter 1,

How well does it help building adequate, complete, consis-
tent, and precise models for the target system considered?

Such a question is difficult to answer in absolute terms. Answers can
however be provided in two ways:

a) By comparing the technique with existing ones, either theoretically,
empirically, or through benchmarks.

b) By using the technique in dedicated experiments. Controlled parame-
ters then provide variation points to conduct comparisons.

113
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This chapter focusses on the second way of conducting such an evaluation.
A discussion of how our inductive synthesis approach compares with and/or
integrates with existing techniques can be found in Chapter 8.

When our inductive synthesis technique is considered in isolation, the
question of how well it helps building high-quality models can already be
partially answered. For instance, our technique synthesizes consistent mod-
els by construction. By design, it also helps completing them through sce-
nario questions which in turn trigger the identification of domain properties
and goals. Not all questions can be answered so simply:

• How adequate are the synthesized state machines?

• What is the impact of fluent, goal and domain knowledge injection on
model adequacy?

• Is the approach usable by end-users?

• How many iterations are needed to obtain models considered com-
plete?

• Does the inductive technique scale and remains usable on large mod-
els?

Controlled experiments have thus been conducted to provide answers to
those questions. In practice, two kinds of evaluation have been considered,
as reflected by the following sections (The specific evaluation protocols used
will be described in each case).

• Section 5.2 discusses evaluations conducted on three case studies in-
volving multiple models. The aim here is to evaluate the feasibility of
inductive LTS synthesis in practice.

Our ISIS tool presented in Section 7.2 has been used as an effective
support for designing and conducting the evaluations described there.
A typical modeling session in ISIS will be illustrated on one of those
case studies; additional black-box results will also be detailed.

• Section 5.3 complements this case-driven evaluation with experiments
conducted on random automata and samples. The aim here is to study
the performance of QSM and ASM in a more systematic way using
synthetic datasets whose size grows significantly beyond the average
one of the case studies. To achieve sound comparisons, our evaluation
protocol inspires from a benchmark known as Abbadingo [Lan98].

The evaluations conducted here allow us to describe what can be ex-
pected from our techniques on systems significantly larger than the
case studies considered in Section 5.2. This will also allow us to com-
pare QSM and ASM with state-of-the-art induction algorithms.
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The ISIS modeling session described in Section 5.2 provides a general idea
about the effectiveness of our multi-view synthesis approach. In addition,
controlled parameters of the various experiments provide comparison points
to answer finer-grained evaluation questions. Those controlled parameters
are:

• The size the target system LTS, from a case-study or one controlled
by a random generation procedure.

• The heuristics used for state merging: the RPNI search order or the
Blue-fringe optimization.

• The presence of absence of an oracle answering scenario questions.

• The number of fluents and goals injected to prune the induction pro-
cess.

• The use of control information in scenarios and the richness of such
knowledge.

When conducting the experiments, three measures have been collected so
as to evaluate results. Those measures have a clear impact on the adequacy
and usability of the synthesis technique. Therefore, they allow making the
bridge between the controlled parameters and answers to our evaluation
questions.

Model adequacy Roughly speaking, model adequacy captures how well an
inferred model matches the expected target behavior model.

Model adequacy is easy to measure in controlled experiments in which,
by design, the target model is known. Depending on the experiment,
we will use either a binary value or a finer-grained one.

• On case studies the adequacy measure simply captures whether
the learned model is the same as the target model or not, in terms
of behavioral equivalence (see Definition 2.9).

• On random datasets an accuracy measure will be used; such mea-
sure will range from 0.0 to 1.0 dependent on whether the learned
model is considered far or close to the target model. This will be
estimated through test samples (see Section 5.3.1).

Note that adequacy is harder to assess on real-world case studies where
the target model is unknown. In practice, human inspection of the
learned models is required.
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Number of scenario questions The number of queries generated to the
oracle is a key measure for the usability of QSM in practice.

This is certainly true when the oracle is a human being. However, a
large number of queries might also become a problem with automated
oracles; indeed, online oracles may be slow, automated oracles might
be expensive, etc.

Induction time The time taken to infer a model also deserves special at-
tention. While a reasonable induction time is desirable in any case,
fast, real-time interactions are required for usability of QSM by a hu-
man oracle.

Our experiments were designed to isolate the effect of the orthogonal
features of our inductive technique on the three measures above. Roughly,
they quantify the gains and costs of the following ones:

• The use of an oracle who can answer scenario questions: a gain is
expected in model adequacy at the cost of a longer induction time.

• The use of the Blue-fringe heuristic instead of the RPNI search order:
a gain in adequacy is expected as well as a reduction of the number of
scenario questions;

• The use of domain knowledge such as fluent and goals: a gain in
adequacy and a reduction of scenario questions should be observed as
well;

• The use of control information encoded into a hMSC: here also, a gain
in adequacy is expected.

5.2 Evaluations on case studies

QSM and ASM were evaluated on three different case studies of varying
complexity. The first one is a mine pump system inspired from [Jos96] and
often used as a “benchmark” in the literature. The second case study refers
to an extended version of the train system used here as a running example.
The third one is a phone system handling communications between a caller
and a callee.

Section 5.2.1 details the evaluation methodology. Section 5.2.2 illus-
trates a typical modeling session in the ISIS tool on the mine pump system.
The subsequent sections then further discuss the impact observed on model
adequacy, number of scenario questions and induction time of the different
induction features, such as using an oracle or the Blue-fringe heuristics.
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5.2.1 Evaluation methodology

Beyond a practical evaluation of our tool-supported approach to multi-view
LTS synthesis, our objective was to assess the impact of constraining induc-
tion through fluents, models of external components, domain descriptions
and goals. Such impact was measured in terms of the number of generated
scenario questions and the adequacy of the synthesized models. Induction
time was also measured so as to check that fast interactions with the oracle
are observed.

For each case study, we proceeded in two steps:

1. (a) Design a scenario collection allowing for meaningful subsequent
comparison, that is, sufficiently rich to allow an adequate system
LTS to be induced under one setting of the experiment at least
(see hereafter).

(b) Define a common set of fluent definitions identifiable from this
scenario collection. From this set of fluents, define a common set
of domain properties and goals.

2. Evaluate the techniques on this scenario collection, without and then
with fluents, goals, domain descriptions, or models of external compo-
nents.

In Step 1, the richness condition on the scenario collection (a) amounts
to require the collection to be structurally complete; every transition in the
target system LTS must occur in at least one scenario (see Section 4.2). The
ISIS tool was used to incrementally set up such a scenario collection (see
Section 7.2):

• An initial set of scenarios that end-users would typically provide was
first selected.

• By generating scenario questions, adding domain properties and goals,
and validating the induced LTS, additional scenarios were found that
were initially missing.

• Some of these scenarios were added to the collection for the compar-
isons in Step 2. Added scenarios have been selected so as to reach
a structurally complete collection of scenarios without making it too
rich.
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Problem Events States Trans. |S+| |S−| Avg. length

Mine Pump 8 10 13 3 0 8

Train 13 17 23 3 0 9

Phone 16 23 33 6 4 11

Table 5.1: Sizes of the case studies.

The size of the scenario collection resulting from Step 1 is shown in Ta-
ble 5.1. |S+| and |S−| denote the number of positive and negative scenarios,
respectively. The average scenario length is reported in the last column.
The size of the target system LTS are also reported in terms of number of
different event labels (alphabet size), states, and transitions.

In order to measure the number of generated scenario questions in Step
2, an oracle was implemented to simulate the end-user. This oracle knows
the system LTS for each problem and correctly classifies generated scenario
as positive or negative. Note that this is a strong assumption on the ora-
cle, especially when played by an end-user in practice; this issue has been
discussed in Section 4.7.

The next section illustrates how the ISIS tool were used to build the
scenarios, domain properties and goals for the Mine Pump system. Then,
results of evaluation experiments will be detailed.

5.2.2 Modeling the Mine Pump system with the ISIS tool

This section shows the ISIS tool in action on a classical Software Engineering
benchmark. We consider the following simplified problem statement for the
Mine Pump exemplar [Jos96]:

Water percolating into a mine is collected in a sump to be
pumped out of the mine. The water level sensor detects when
water is above and below a specific level. A pump controller
switches the pump on when the water goes above this level and
off when it goes below this level. To avoid the risk of explosion,
the pump must be operated only when the methane level is below
some critical level.

The tool allows specifying positive and negative scenarios. In addition,
if available, other kinds of knowledge can be captured. Such information
includes fluents, state machines of legacy components or safety properties
to be met by the system.

Fig. 5.1 shows two positive scenarios initially drawn from the description
above. As stated in Chapter 4, our inductive technique make the built-in
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Figure 5.1: Initial scenarios for the Mine Pump system.

assumption that such input scenarios start in the same initial state. The
submitted scenarios thus implicitly specify that the water level is low and
the methane level is below the critical level.

The first positive scenario illustrates that the pump should be turned on
by the controller when the water level is high and turned off when the water
level is low. If the water gets high once again, the controller simply turns
the pump on in response.

The second scenario shows that the pump should be turned off when the
methane level becomes critical. As the water is high, the pump is switched
back on when the methane level becomes non critical.

Running QSM with these two scenarios

QSM is ran a first time with these two scenarios as input. For our case-
study evaluations, QSM was actually used with the Blue-Fringe heuristic
and a consolidation threshold of 1 (see Section 4.3.3). This means that two
states of the PTA are considered for merging only if they share at least one
outgoing event. Such consolidation threshold drastically reduces the number
of possible scenario questions; generated questions also tend to be guided by
more evidence, which fits the intuition. In our experience, doing so results
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Figure 5.2: A first scenario question submitted by QSM on the Mine Pump
case study.

in a conservative state-merging approach that is well suited for building a
new specification from scratch.

With such a configuration, only one scenario question is submitted for
classification. It is illustrated in Fig. 5.2 and can be rephrased as: “after
having switched the pump off because of a critical level of methane, may the
controller switch the pump on if the water becomes high once again?”. At
least two reasons support the rejection of such a scenario:

• A domain property prevents the water from becoming high twice in a
row. Observing two “high” signals from the water sensor consecutively
brings our attention to the fact that the scenario should probably be
rejected.

This domain property might be formally captured in two ways: either
by a legacy LTS for the water sensor (see Fig. 5.2.2) or by a declarative
domain property.

If the declarative option is chosen, the following LTL safety property
can be used to capture the fact that the “high water” signal is only
observed provided that the current water level is low:

DomProp[Water] = ◦(high signal)⇒ ¬HighWater

fluent HighWater = <{high signal}, {low signal}>initially false

• In addition, the level of methane is still critical in the second part
of the scenario question. In such a situation the controller may not
switch the pump on.
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Figure 5.3: The annotated LTS of the Pump Controller. Here “sig.” stands
for “signal” and “cmd.” stands for “command”, “High” stands for “High-
Water” and “Critical” for “Critical Methane”.

This second rejection reason might be captured through the following
safety goal.

Avoid [PumpOnWhen Methane] =
CriticalMethane⇒ ◦(¬PumpOn)

fluent CriticalMethane =
<{critical signal}, {not critical signal}>initially false

fluent PumpOn =
<{on command}, {off command}>initially false

Note that the scenario might be rejected without further explanation. As
illustrated above, the rejection of a scenario is a rich opportunity to declare
state variables and identify requirements and domain properties. However
such more formal steps are optional and may simply be bypassed by non-
experts. Not specifying fluents, domain properties and goals typically lead
to more scenario questions.

In our modeling session, only the CriticalMethane, HighWater fluents
above were defined. No further scenario questions were submitted for clas-
sification. The resulting LTS for the pump controller agent is illustrated in
Fig. 5.3.

A second modeling step

At this step various choices can be made:

• More positive and negative scenarios can be added to the initial sce-
nario collection. QSM is then ran once again and generates new sce-
nario questions.

• The consolidation threshold of Blue-fringe can be lowered. This results
in a more aggressive state merging approach, leading to new scenarios
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Figure 5.4: The methane level may become high when the water is low.

to classify as positive or negative system behaviors. Doing so triggers
for further identification of domain properties and goals.

• Synthesized state machines may be decorated with fluent invariants
and inspected by experts. New positive scenarios are typically added
to the scenario collection so as to cover missing behaviors. New nega-
tive scenarios can be added when over-generalization is detected.

• Additional synthesis and/or analysis tools can be launched on the
specification, such as an animator or a model checker. In particular,
the ISIS tool supports the inference of goals from scenarios [Dam06,
Dam11].

The last option was chosen in our case, the ISIS tool being requested to
infer maintain goals from the annotated scenarios. Only one property was
inferred and submitted for classification:

�(HighWater ∨ ¬CriticalMethane)

This property states that either the water is high or the methane is
below the critical level. It has to be rejected as those two phenomena are
independent of each other. A counterexample scenario must illustrate a
situation where the water level is low while the level methane is critical:

�(¬HighWater ∧ CriticalMethane)

Fig. 5.4 provides such counterexample where the “critical signal” event
is observed in the initial state. The pump may then be switched on only if
the methane level is below the critical level.

Running QSM a second time

As a new scenario is available, QSM is ran so as to obtain revised agent
state machines. With a consolidation threshold of 1, no scenario question
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Figure 5.5: A second version of the Pump Controller LTS

is submitted for classification. The revised LTS state machine of the pump
controller is shown in Fig. 5.5.

A manual inspection of this state machine showed that only one tran-
sition was missing, that would allow the methane to become critical then
not critical from the initial state. This was fixed by simply adding such a
loop at the beginning of the third scenario and running QSM once again
(see Fig. 5.6).

Figure 5.6: Third scenario revised to include a loop through the methane
events.

Inferring goals

From fluent definitions and the four available scenarios (3 positive and 1
negative), the tool was requested to infer goals. Three of them were kept as
typical requirements of the mine pump system:

• Maintain[PumpOn When HighWater and Not Critical Methane]

HighWater ∧ ¬CriticalMethane⇒ ◦(PumpOn)

• Avoid[PumpOn When LowWater]

¬HighWater⇒ ◦(¬PumpOn)
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• Avoid[PumpOn When CriticalMethane]

CriticalMethane⇒ ◦(¬PumpOn)

These goals were used to prune the induction in controlled experiments.
The resulting specification was considered rich enough; it enabled a deeper
evaluation of our inductive algorithm by controlling various parameters such
as the number of injected goals. A similar process were used on the two other
case studies. The results are described in the next sections.

5.2.3 RPNI search order vs. Blue-fringe strategy

Table 5.2 reports the results obtained when running QSM with the RPNI
search order and the Blue-fringe heuristics, respectively. In the sequel, these
two settings will be denoted by QSM-rpni and QSM-fringe, respectively. The
comparisons are made without additional knowledge to constrain induction.

Problem Algorithm Q+ Q− Model adequacy

Mine Pump QSM-rpni 1 30 missing/unallowed traces
QSM-fringe 1 4 adequate model

Train QSM-rpni 4 83 adequate model
QSM-fringe 5 5 adequate model

Phone QSM-rpni 5 171 missing/unallowed traces
QSM-fringe 5 19 missing/unallowed traces

Table 5.2: RPNI search order versus Blue-Fringe strategy for QSM.

The table shows the number of queries the oracle had to answer together
with a binary measure of model adequacy. Q+ and Q− denote the number of
accepted and rejected scenario questions, respectively. The model is said to
be adequate if it matches the known target LTS, formally if the two models
are trace equivalent (see Definition 2.9).

The following main observations can be made from these results:

• The large number of generated questions makes QSM-rpni unusable
with end-users on bigger systems. In contrast, the number of re-
jected scenario questions is drastically reduced thanks to the Blue-
fringe search strategy.

• In the phone system, an adequate system LTS cannot be synthesized
with the sole use of the initial scenario collection and scenario ques-
tions. Wrong generalizations do occur; some states are merged whereas
they need to be distinguished. A richer scenario collection would al-
low to correctly identify the target model; remember, however, that
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the initial collections have been chosen so as to observe the gain in
adequacy when injecting fluent definitions and goals in the synthesis
process.

• Finally, the number of rejected scenarios tends to be much larger than
the number of accepted ones. This observation confirms the usefulness
of scenario questions. Negative answers force the induction algorithm
to be restarted when an incorrect search path has been taken (see
Algorithm 1 in Section 4.3).

As the Blue-fringe heuristics appeared by far superior to the RPNI search
order, subsequent comparisons were made only with QSM-fringe.

5.2.4 Impact of fluent propagation

In this second evaluation, the synthesis is performed for each case study on
an increasing number of fluents among those available.

Problem Nb. fluents Q+ Q− Model adequacy

Mine Pump 0 1 4 adequate model
1 1 1 adequate model
2 1 0 adequate model
3 1 0 adequate model

Train 0 5 5 adequate model
1 5 3 adequate model
2 5 3 adequate model
3 5 3 adequate model
4 5 2 adequate model
5 5 0 adequate model

Phone 0 5 19 missing/unallowed traces
1 5 13 missing/unallowed traces
2 6 9 adequate model
3 6 4 adequate model

Table 5.3: Impact of fluent propagation.

Table 5.3 summarizes the influence of fluent decorations to constrain the
induction process. The following observations can be made:

• The number of rejected scenario questions is decreasing as the number
of fluents is increasing. Such questions can even disappear when the
set of fluent definitions is large enough.
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• In contrast, for the same induced LTS, the number of accepted scenar-
ios remains the same. Fluent-based state information can only increase
the number of incompatible states and hence, reduce the number of
rejected scenarios.

• As seen in the phone system, fluent definitions yield a better model
adequacy. Together with the initial scenario collection and the answers
to scenario questions, two fluents were sufficient for a trace equivalent
model to be found.

5.2.5 Impact of goals and domain properties

From a scenario collection and fluent definitions, the ISIS tool can auto-
matically infer a variety of requirements and domain properties using an
inference technique described in [Dam06, Dam11] (see Section 7.2). This
feature was used to measure the impact of goals and domain properties on
the induction process.

For the Mine Pump system, three important requirements were inferred
automatically, e.g.,

When the water level is below the low water threshold, the pump
controller must immediately set the pump to “off”.

For the Big Train system, three requirements and two domain properties
were inferred automatically, e.g.,

The train may never run at high speed when it comes near a
station.

For the Phone system, three requirements were inferred automatically,
e.g.,

When the caller hangs up, the connection should immediately be
closed.

Those inferred properties were used in turn to incrementally constrain
the induction process. Table 5.4 shows the results obtained.

Compared with fluent injection, similar observations can be made, that
is, goals help reaching a better model adequacy while reducing the number
of rejected scenario questions. Goals and domain properties are however
seen to be slightly more powerful than fluents. With one single goal, there
are no rejected scenario questions anymore in the Mine Pump system; the
LTS generated for the Phone system is now adequate.
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Problem Nb. properties Q+ Q− Model adequacy

Mine Pump 0 1 4 adequate model
1 1 0 adequate model
2 1 0 adequate model
3 1 0 adequate model

Train 0 5 5 adequate model
1 5 3 adequate model
2 5 3 adequate model
3 5 3 adequate model
4 5 2 adequate model
5 5 0 adequate model

Phone 0 5 19 missing/unallowed paths
1 6 6 adequate model
2 6 4 adequate model
3 6 4 adequate model

Table 5.4: Impact of inferred properties on induction.

5.2.6 Combined use of fluents, properties and external com-
ponents

Table 5.5 shows the results of QSM-fringe induction constrained with all
fluents, goals and domain properties, and foreign component(s) available in
each case study. (The fact that the number of fluents and goals is the same
for each case study is purely coincidental.)

For each problem, the first line corresponds to the simplest approach,
that is, QSM with the RPNI search order and no domain knowledge. The
second line shows how much is gained when the various techniques are com-
bined to constrain the interactive synthesis process. For example, QSM-
fringe inferred an adequate model for the phone system with only 3 rejected
scenario questions; in contrast, 172 rejected questions were not sufficient to
find such model with QSM-rpni.

Problem Search Fl. Goals Comp. Q+ Q− Adequacy

Mine Pump QSM-rpni 0 0 0 1 30 not adequate
QSM-fringe 3 3 2 1 0 adequate

Train QSM-rpni 0 0 0 4 83 adequate
QSM-fringe 5 5 2 5 0 adequate

Phone QSM-rpni 0 0 0 5 172 not adequate
QSM-fringe 3 3 1 7 3 adequate

Table 5.5: Combining fluents, properties and external components to con-
strain induction.
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Figure 5.7: Target model of the train system.

5.2.7 Impact of using additional control information

To measure the impact of using a hMSC as input of the synthesis process,
ASM has been evaluated on an extended version of our train system. The
evaluation protocol is slightly different from the one presented in the previ-
ous section.

• The target model of the train system was first been built using ISIS,
yielding a system LTS of 19 states and 10 events (see Figure 5.7).

• A typical collection of scenarios was also built for the system and
represented as an augmented PTA, yielding 9 positive and 5 negative
scenarios for a total of 55 states.

• Using the target LTS, a few state pairs of the PTA were identified
as corresponding to the same system state, and immediately merged.
This early state merging occurs before launching the inductive algo-
rithm. The automaton resulting from this phase was then given as
input to ASM; its performance was then evaluated (see below). The
algorithm generalizes the automaton by merging additional state pairs
under the control of the negative scenarios.

The early state merging phase simulates the control information typically
offered by a hMSC. State pairs of the PTA that are merged early have been
chosen following a “loop identification” heuristic, representative of the way
such a specification is incrementally built by an end-user using an hMSC.
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For instance, opening and then closing the doors from the initial state
naturally returns to the initial state (see the loop between states 0 and 2 in
Figure 5.7). Some loops are less obvious to identify from the scenarios, e.g.,
the sequence of events (leaving, high, approaching, low, atstation) forms
a loop starting from state 3.

Equivalent state pairs identified this way were classified in four cate-
gories, according to the expected difficulty for an end-user to discover them
in the scenarios. ASM was then evaluated on increasing proportions of such
state pairs being merged early: 3%, 6%, 10% and 15%. This simulates the
use of an increasingly rich hMSC as input to the induction process.

Algorithm % equivalent state pairs merged early Accuracy

RPNI - 0.55
Blue-fringe - 0.83
ASM 0 % 0.55

3 % 0.71
6 % 0.73
10 % 0.88
15 % 0.90

Table 5.6: Classification accuracy obtained with different setups on the train
case study.

Table 5.6 compares the accuracy of the LTS learned using RPNI, Blue-
fringe and ASM, with an increasing percentage of equivalent PTA state pairs
merged early. (Remember that in our current implementation, ASM uses
the same search order as RPNI and does not benefit from the Blue-fringe
heuristic – see Section 4.5).

As seen in Table 5.6, the reported model adequacy is no longer a binary
measure here. Instead, an accuracy measure of the learned model is re-
ported as the average classification rate computed over 10 independent test
samples. Each of these samples contains 80 positive or negative scenarios
randomly drawn from the target LTS. The classification rate corresponds to
the percentage of these scenarios correctly classified by the learned model.

This experiment shows that enriching the input given to ASM leads to
better accuracy, which is expected. Interestingly, ASM outperforms Blue-
fringe when such control information gets rich enough. In the experiment,
it already occurs when 10% of the state pairs known to correspond to the
same system state are merged ahead of the induction itself.

The results also show that no algorithm was able to perfectly identify
the target model on such sparse samples. In order to isolate the effect of
injecting control information in the induction process, only a few negative
scenarios were used as source of negative information while other sources do
exist, such as fluents and goals.
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5.2.8 Induction time

Only the adequacy and the number of generated scenario questions have
been discussed so far. The induction time was also systematically monitored
in our evaluations as it drives the usability of QSM in practice.

All experiments reported in this section were conducted on a Pentium
IV, 1.8 GHz, 512Mb with Java 5.0. When using QSM, our tests showed that
the maximum time between two scenario questions was 40ms for the bigger
case study. The interactions with the end-user are performed in real-time.
No performance problems are expected with respect to user interactivity for
typical sizes of requirement models, even if larger than those considered here
by an order of magnitude.

5.3 Experiments on synthetic datasets

In addition to experiments on case studies, QSM and ASM in Chapter 4
were also evaluated on synthetic datasets. The aim was to study their
performance when the problem size, in terms of number of states of the
target LTS, grows significantly beyond those of the case studies.

• This allow illustrating the expected performance of these algorithms
on state machines whose size is more representative of real-world cases.

• It also provides performance profiles of the algorithms, for application
contexts where the sizes of the target machines and/or of the learning
samples are bigger. These profiles are given in terms of accuracy, num-
ber of scenario questions and induction time reported for increasing
learning sample sizes.

For reasons explained in Section 5.1, however, no additional domain
knowledge was used to constrain the induction process.

Section 5.3.1 describes the methodology used to generate automata,
learning and test samples. Sections 5.3.2 and 5.3.3 then discuss the evalua-
tion of QSM and ASM, respectively.

5.3.1 Evaluation protocol

The procedure used to evaluate ASM and QSM on synthetic data inspired
from the Abbadingo protocol [Lan98]. Roughly, evaluating an induction
algorithm on a given target automaton consists in running it on learning
samples of increasing size in terms of the number of positive and negative
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strings that they contain. The accuracy of an induced model is then mea-
sured in terms of the number of strings of an independent test sample that
the learned model correctly classifies.

The experiments here were made on random LTS of increasing sizes in
the range n= 20, 50, 100 and 200 states. Only alphabets of two symbols were
considered – a feature inherited from Abbadingo1. To match our application
context, experiments were performed on LTS instead of the more general
class of DFA (see Section 2.3.1). All states of the random automata are
thus accepting states.

Inspired from Abbadingo, the randomly generated LTS were trimmed
to remove unreachable states, and minimized to obtain canonical target
machines (see Section 2.3). Moreover, only automata without terminating
state were kept for the experiments. Such states typically capture deadlocks
in multi-agent systems and should therefore be avoided.

In order to build learning and test samples for a given target LTS of size
n, an initial set of n2 different strings was first synthesized. These strings
were randomly generated without replacement using a uniform distribution
over the collection of all binary strings of length [0, p + 5], where p is the
depth of the automaton. (The depth of an automaton is defined as the
length of the longest shortest path from the initial state to any other state.)
This bound was chosen so as to ensure that deepest states have a good
chance of being reached by at least one input string of a sample. This is a
necessary condition for structural completeness of the sample (see Section
4.2), which was not guaranteed however.

Our procedure for generating samples ensures them to contain positive
and negative strings in roughly equal proportion. Roughly, this is a conse-
quence of the kind of automata considered.

A maximal sample size of n2

2 strings was experimentally observed as
offering the convergence for all tested algorithms (RPNI, Blue-fringe, QSM-
rpni, QSM-fringe and ASM). The learning experiments were conducted on
increasing proportions of this nominal training sample, i.e. 3%, 6%, 12.5%,
25%, 50% and 100%.

Test samples of at most n2

2 strings were used for measuring the general-
ization accuracy of the learned model. The accuracy measure here is defined
as the percentage of test strings correctly classified by the learned model.

Training and test samples were designed so as to not overlap. To conserve
their independent nature, the test samples did not contain the additional
strings that were submitted to the oracle during a QSM learning phase.

1See Chapter 6 for additional experiments on larger alphabets and a study of the
influence of the alphabet size on induction algorithms.
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All experiments reported hereafter were performed on at least 10 ran-
domly generated LTS for each size and 5 randomly generated samples for
each of them.

5.3.2 Evaluation of QSM on synthetic datasets

This section discusses evaluation results for the QSM algorithm. An au-
tomatic oracle was implemented to answer the questions asked during its
execution. This oracle correctly answers the scenario questions since it has
access to the target LTS in such controlled experiments.

Generalization accuracy

Figure 5.8 reports the proportion of independent test samples correctly clas-
sified for several target sizes. This accuracy measure is reported while in-
creasing the learning sample size. Comparative performance data are given
for RPNI, Blue-fringe, QSM-rpni (QSM with the RPNI merging order) and
QSM-fringe (QSM with the Blue-fringe strategy).

Results from Section 5.2.3 are confirmed here; Blue-fringe (resp. QSM-
fringe) outperforms RPNI (resp. QSM-rpni) for sparse training samples.
Moreover, significant improvements in generalization accuracy is observed
thanks to the interactive feature.

• The QSM algorithm outperforms the original RPNI and Blue-fringe
systematically.

• Interestingly, QSM-rpni also overcomes the original Blue-fringe algo-
rithm. In terms of model accuracy and for a fixed learning sample size,
the interactive feature of QSM is at least as powerful as the evidence-
driven heuristic search of Blue-fringe.

Observe that the learning sample sizes were well chosen to illustrate the
convergence of this family of induction algorithms:

• For a given target size, the curves show the different induction phases.
When the sample is sparse, 3% or 6% for example, poor accuracy re-
sults are first observed. The accuracy grows while the learning sample
becomes larger; it does so rapidly until an accuracy of about 0.95 is
reached. Beyond this point, the accuracy continues to grow with the
learning sample size but much slowly.

• The relative performance data described above do not depend much
on the target size. The curves seem successively shifted left when the
target size grows. This can be explained by the fact that a quadratic
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Figure 5.8: Classification accuracy of QSM.

learning sample in the size of the target LTS tends to be richer for
large LTS than for smaller ones.

Number of scenario questions

The number of scenario questions generated to the oracle is an important
feature of QSM. When the oracle is an end-user, this factor heavily impacts
on the practical usability of the approach.

Figure 5.9 shows the number of generated questions depending on the
learning sample size, for several target sizes. The results are given for QSM-
rpni and QSM-fringe. In each case, the number of generated scenarios clas-
sified by the oracle either as positive or negative are reported separately.

• The number of strings classified as positive tends to increase initially
with the learning sample size before staying roughly constant when
the learning process has nearly converged. The additional informa-
tion required to guarantee correct identification mostly depends on
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Figure 5.9: Number of scenario questions generated by QSM.

the negative strings.

• QSM-fringe tends to generate fewer strings classified as negative by the
oracle than QSM-rpni. In both cases, however, the number of rejected
queries decreases with the learning sample size. As a comparison of
Fig. 5.9 and Fig 5.8 shows, it even reaches zero when the algorithm
has converged to the exact model.

Induction time

Figure 5.10 shows the induction time for varying learning sample size and
target size. All tests were executed with Java 5.0 on a Pentium-IV 3 GHz
computer with 1Gb of RAM.

As seen there, the RPNI, Blue-fringe and QSM algorithms go through
different phases according to the amount of data available:

• Initially, CPU time tends to increase with the learning sample size. In
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Figure 5.10: Induction time with QSM.

this first phase, the learning time follows the increase of the sample
size.

• When the learning sample becomes richer, better generalizations can
be obtained by merging states in a more sound way. A comparison
between curves in Fig. 5.8 and Fig. 5.10 reveals that the classification
rates of new data increases while the learning time is reaching its
maximum.

• The last phase is observed when the algorithm rapidly converges to a
good model. Classification accuracy tends towards 100% while CPU
time is decreased because the right merging operations are performed
directly.

The known tendencies of induction algorithms in the RPNI family were
confirmed by our experiments (see, e.g., [Lan98]). However, the curves of
QSM are shifted left with respect to the learning sample size. As already
observed in Fig. 5.8, convergence is indeed faster for the QSM algorithm in
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that it occurs on sparser samples than RPNI or Blue-fringe. Compared to
these, the relative time performance of the QSM algorithm actually depends
on two contradictory effects:

• On the one hand, whenever a string is classified as negative by the
oracle, QSM is called recursively on an extended sample. Each new call
increases CPU time; such call could be considered as a new run of the
RPNI or Blue-fringe algorithm. This run can however be interrupted
and replaced by another one if a new negative example is included
after an additional query.

• On the other hand, due to its faster convergence QSM can obtain
better results with fewer data originally provided.

CPU times should thus be compared while considering the relative classi-
fication results of the various approaches. For instance, when the target size
is 200 and 3% of the full training sample is used, QSM-fringe runs an order
of magnitude slower than Blue-fringe. However, the classification accuracy
of QSM-fringe is 95% while it is 67% for Blue-fringe for the same amount
of data. When the training size increases, QSM-fringe actually becomes
slightly faster than Blue-fringe because it has already nearly converged to
the optimal solution.

5.3.3 Evaluation of ASM on synthetic datasets

The evaluation of ASM on synthetic data is very similar to the one con-
ducted on case studies in Section 5.2.7. The objective is to quantify the
gain in generalization accuracy that can be expected when the proportion
of domain-specific control information à la hMSC is increased as input.

The experimentation protocol used to achieve this objective is a slight
adaptation of the one discussed in Section 5.3.1.

• Experiments here were made on randomly generated target LTS with
32 and 64 states. Following Abbadingo, alphabets still had two sym-
bols only (we further discuss this limitation in Chapter 6).

• Learning and test samples were randomly generated as before. RPNI
and Blue-fringe were both evaluated on these samples to provide a
reference for the comparisons with ASM.

• In order to provide its input to ASM, a specific procedure simulated
the control information given by a hMSC:

– For a given learning sample, an augmented PTA was first built.
As in Section 5.2.7, an early state merging phase then occurred.
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Figure 5.11: Classification accuracy for ASM.

The idea was to merge specific state pairs of the PTA that were
known to correspond to the same state in the target LTS.

– For this, unique labels were associated to randomly chosen states
of the target LTS. Increasing proportions of the number of states
labeled in this way were used, namely, 5%, 10%, 20% and 100%.
The PTA and the target LTS are were then jointly visited and
state labels are reported as decorations of the PTA states.

– States of the PTA sharing the same label were merged early.
This effectively simulated the availability of control information
through a hMSC by introducing loops in the input scenarios.
The automaton resulting from this step was then used as input
to ASM, that further generalized it by merging additional state
pairs under the control of the negative strings.

Figure 5.11 reports the proportion of independent test samples correctly
classified while increasing the learning sample. Curves in these plots corre-
spond to executions of RPNI, Blue-fringe and ASM with different labeling
proportions. Each point in these plots represents the average value com-
puted over 200 independent runs.

ASM overcomes RPNI on all executions, which is actually expected.
Remember from Section 4.5.3 that ASM reduces to RPNI in the special case
where its input is a PTA, that is, when no early state merging occurs in our
experiment. By construction of our experiment, the early state merging
performed are sound. Therefore, they could not hurt the generalization
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accuracy; hence, ASM can only produce the same or a better accuracy score
than RPNI.

From the standpoint of generalization accuracy, however, 5% of the la-
beling information is comparable to the use of the Blue-fringe heuristic for
selecting state pairs to be merged. Beyond this proportion, the accuracy
keeps increasing. Interestingly, the accuracy gain is already visible when
the sample is sparse.

Note that the identification of the target does not reduce to a trivial
problem even with 100% of labeling information. As discussed in Section 4.5,
control information is complementary but does not substitute to the negative
knowledge provided by negative scenarios, fluent and goals. In particular, it
does not prevent overgeneralization from occurring when incompatible state
pairs are merged.

5.4 Discussion

This chapter discussed our evaluation of the inductive LTS synthesis tech-
nique presented in Chapter 4. The evaluations were conducted on case
studies complemented with experiments on synthetic datasets. For recall,
with respect to the thesis objectives the main evaluation question were:

How well does inductive synthesis help building adequate,
complete, consistent and precise models for the target system
considered?

The following conclusions can be drawn.

• The overal effectiveness of our multi-view approach has been demon-
strated on case-studies. Within a few iterations in the ISIS tool, ad-
equate state machines are found. Scenario questions complete the
scenario collection with interesting examples and counterexamples of
system behavior. They also trigger the identification of important
system requirements and domain properties, thereby completing the
overal multi-modeling in a consistent way.

• Together with the Blue-fringe heuristics, the interactive feature of
QSM is very effective in reaching a good adequacy of synthesized mod-
els. The cost in terms of number of scenario questions may be signif-
icant, especially for large systems. Therefore, techniques for reducing
the number of scenarios to be classified are required in practice.

• Among our pruning techniques, the domain knowledge provided by flu-
ents, goals and legacy components proves very effective. In addition to
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reducing the number of scenario questions, such knowledge effectively
guides the induction process towards adequate LTS models.

• The control information provided by a hMSC, simulated in evalua-
tions through a dedicated procedure, also results in important gain in
adequacy. While guiding the generalization process towards good gen-
eralizations, it has been shown that it does not provide the negative
knowledge required to avoid overgeneralization.

• When considering model adequacy, induction time and real-time us-
ability, the approach has been shown to scale. Experiments on syn-
thetic data have been conducted on target machines whose size is
significantly larger that the case-studies considered. A convergence
towards adequate models within reasonable time bounds has been ob-
served in all cases.

• The most important issue with QSM is related to the number of gen-
erated scenario questions. As shown in Table 5.5 and in Fig. 5.9, the
number of rejected questions tends to decrease as the induction input
gets richer, either because the sample gets larger or thanks to avail-
able domain knowledge. This contrasts with scenarios to be accepted,
whose number tends to become constant in that case.

This means in practice that QSM will generate scenarios even when
its input is rich enough to guarantee very good generalizations with-
out even asking questions – e.g., when given a characteristic sample.
Moreover, fluents and goals do not help reducing these questions. As
their number might become large for non-toy systems, improvements
of our technique might be necessary for guaranteeing the scalability of
the approach.

One possible solution could be to extend the possible answers from
the oracle. For example, the end-user could request the algorithm to
terminate immediately, that is, without generating further scenario
questions. The inferred state machine would then be submitted for
inspection, leading to a form of equivalence queries. When the state
machine is not adequate, such queries are typically answered with an
additional negative scenario and the induction restarted – e.g., as in
L∗ [Ang87] (see also Chapter 8).

Let us close this chapter with specific issues related to the experiments
themselves and the protocols used to conduct them.

• The coverage of conducted experiments could be slightly extended.
In particular, ASM could be further studied on more case studies.
The real use of a hMSC instead of a simulation procedure for control
information is worth considering as well.
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Moreover, our current implementation of ASM relies on the RPNI
search order and does not support the interactive feature of QSM. This
limited the possible comparisons during evaluations. In particular, the
effect of control information on the number of generated questions has
not been studied.

• The experiments on synthetic datasets provide performance compar-
isons for RPNI, Blue-fringe, QSM and ASM. The former two were used
as state-of-the-art induction algorithms.

Another induction algorithm called DFASAT recently appeared that
significantly outperforms RPNI and Blue-fringe [Heu10] (see Chap-
ter 6). This opens new perspectives for comparisons, evaluations and
further developments around QSM and ASM.

• In contrast to the smaller but “real” case studies, the experiments
on synthetic datasets referred to target LTS defined on alphabets of
two symbols only. This is a consequence of reusing the protocol from
Abbadingo for conducting experiments.

As shown in the case studies themselves, state machine models of soft-
ware systems are commonly defined on much larger alphabets. While
this does not hurt the soundness of our evaluations, it slightly prevent
us from generalizing their results. The next chapter will address this
issue by describing further work on our Stamina platform for evaluat-
ing inductive model synthesis techniques.



Chapter 6

Towards an Evaluation
Platform for Inductive
Model Synthesis

Grammar induction algorithms are commonly evaluated by reporting ac-
curacy measures on the learned model for increasing sizes of the training
sample. For example, plots in the previous chapter illustrated the conver-
gence of QSM and ASM towards a “good” model when their input becomes
rich enough.

This kind of setup can also be used to compare various induction tech-
niques by evaluating them on common benchmarks of increasing difficulty.
Along this line, the Abbadingo contest had a notable impact [Lan98]. A
grid of grammar induction challenges unbroken at that time were proposed
online. The competition resulted in the discovery of the Blue-Fringe heuris-
tics used by QSM for selecting state pairs to merge (see Section 4.3.3). Since
then, Abbadingo has been frequently used as a reusable benchmark and eval-
uation protocol for grammar induction, e.g., [Luc03, Bon05, Luc05, Adr06,
Dup08, Lam08, Heu10].

A serious weakness of the Abbadingo benchmark is its restriction to in-
duction problems for automata defined on alphabets of two symbols only.
Freezing certain parameters, such as the alphabet size, is necessary for keep-
ing a competition accessible to participants. As a side effect, it limits the
generalization of the conclusions and the reusability of the competition pro-
tocol.

This effect has been observed when conducting the evaluations reported
in the thesis. On one side, Abbadingo allowed our results to be compared
on a sound and agreed benchmarking protocol. On the other side, lim-
iting the evaluations to binary alphabets lacks credibility from a software
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engineering standpoint. Behavior models are commonly defined on thirty
events or more. One might thus reasonably question the representativeness
of synthetic machines used in the previous chapter for capturing behavior
models.

Extending the Abbadingo protocol itself to take larger alphabets into ac-
count appears inappropriate. By design, the generation of learning samples
in Abbadingo is independent from the target automaton. This feature in-
spires from probably approximately correct (PAC) learning, a sound theoret-
ical framework from machine learning [Val84]. However, this independence
assumption between that target automaton and the learning sample does
not accurately reflect the way samples are obtained from end-user scenar-
ios or automated testing of distributed systems. In particular, generating
strings with a distribution independent of the state machine would lead to
an overwhelming amount of negative scenarios for typical behavior models.
Abbadingo is further discussed in Section 6.1.

For that reason, an alternative benchmark is proposed here, called Sta-
mina (for State Machine Inference Approaches). Stamina inspires from Ab-
badingo but focuses on the complexity of the learning with respect to the
alphabet size. Our protocol relies on adapted procedures for generating
automata and samples.

Stamina has initially taken the form of an induction competition, in
a similar spirit to Abbadingo. The competition has officially ran between
March and December 2010 and was organized in collaboration with the
universities of Sheffield and Leicester; it has been officially sponsored by the
Engineering and Physical Sciences Research Council1. The detailed setup
of Stamina is explained in section 6.2.

The winning algorithm, DFASAT, as well as a few additional competi-
tors have significantly outperformed the Blue-fringe baseline on a variety of
problems. DFASAT mixes SAT solving and state merging and uses a new
scoring heuristics that proved especially useful to infer the kind of state ma-
chines considered in the competition. Section 6.3 presents the main results
of the competition and a brief description of the winning technique.

Further to fostering efforts around the induction problem, the competi-
tion raised interest from at least three communities, namely, Machine Learn-
ing, Software Engineering and Formal Methods. The Stamina website2 is
still accessible; it has been updated to serve as an online benchmark and
evaluation platform for model synthesis, as discussed in Section 6.4.

1http://www.epsrc.ac.uk/
2http://stamina.chefbe.net/
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6.1 The Abbadingo benchmark

Abbadingo is designed as a grid of 16 induction problems [Lan98]. A com-
peting learner gets a set of training strings labeled as positive or negative
by an hidden DFA. It is required to predict the labels that the DFA would
assign to a set of unlabeled testing strings. The 16 problems are classified
in a grid along two dimensions of difficulty.

• The first is the size of the target automata, as measured by the number
of states (64, 128, 256 or 512).

• The second is the sparsity of the training sample, in terms of four spar-
sity levels. These levels have been tuned by manually inspecting the
learning curves of the Trakhtenbrot-Barzdin algorithm [Tra73, Lan92].
This algorithm was a state-of-the-art induction algorithm in 1997; the
problem grid has been adjusted in such a way that it solves the four
problems with the largest samples.

The target automata, training sets and test strings of Abbadingo were
all drawn from uniform random distributions.

• Random automata were generated by constructing and minimizing
directed graphs of binary degree. Edge and state labels were chosen
by flipping a fair coin.

• A training set for a target automaton A were made of a random sample
drawn without replacement from a uniform distribution over the col-
lection of all binary strings. The average length of those strings were
chosen in order to have a good chance of reaching the deepest state
of the automaton, a necessary criteria toward a structurally complete
sample (see Section 4.2.2).

• A testing set were composed of 1800 strings drawn from the remaining
strings. Training and test sets did not overlap.

The testing protocol of Abbadingo runs as follows. The learner labels
each string of the test set and submits this labeling to an online oracle3. To
avoid hill climbing, where the feedback of the competition server could be
used by the learner to iteratively optimize a first solution, this oracle only
provides a single bit of feedback. The latter tells whether or not the problem
is broken.

A problem is considered broken if the accuracy of the labeling reached
at least 99%. The accuracy is computed as the proportion of the 1800 test

3available at http://abbadingo.cs.nuim.ie/
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strings correctly labeled. During the competition itself, the first participant
to break a given problem gained credit for it. Abbadingo allowed multiple
winners by defining a partial order on problem difficulty: a problem A is
considered harder than a problem B if its DFA has more states and its
training sample is sparser.

Two winners, Rodney Price and Hugues Jullié, won the competition with
similar algorithms relying on what has since been called evidence-driven state
merging (EDSM). When performing generalization of a sample through state
merging (see Chapter 4), this term captures the strategy of first performing
state merges that are supported by the most evidence, according to a specific
scoring heuristics. Among other contributions, the competition helped find-
ing the Blue-fringe heuristics to refine which state pairs to merge preferably
(see Section 4.3.3).

6.1.1 Limitations for evaluating inductive model synthesis

After the formal competition, Abbadingo evolved into a reusable protocol
and online benchmark for induction techniques. The evaluations in Chap-
ter 4 were conducted on a similar protocol. However, Abbadingo sets the size
of the alphabet to two symbols only. This limits the relevance of reusing its
protocol for evaluating behavior model synthesis techniques. Behavior mod-
els are commonly defined on larger sets of events. For instance, the small
phone case study studied in the previous chapter uses 16 distinct events for
a state machine of only 23 states. Moreover, the automata and samples
generated with Abbadingo are notable different from those commonly found
in software engineering problems:

Automata The automata randomly generated by Abbadingo have a small,
quasi-constant, state degree (in number of incident edges). Being de-
fined on a binary alphabet, a canonical automaton of n states has at
least n and at most 2n edges; these edges are uniformly distributed
over all states.

Automata modeling software systems involve transitions that may be
triggered by any of a large number of events. The latter may capture
mouse clicks, function names, IO events, etc. The number of outgoing
transitions for a given state can be very large and vary significantly
from state to state. In the process of designing Stamina, a review of
state machines found in the literature has shown the following [Wal08]:

• most states have in- and out-degrees of one or two transitions,

• a few states have a high in-degree, e.g. those modeling exception
handling,
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• a few states have a high out-degree, e.g. an idle state where a
software agent waits for external stimuli in terms of input events,

• a few states are sink accepting states, that is, they have an out-
degree of 0, e.g., explicitly modeling the ability of a system to
halt.

The automata generated with Abbadingo do not fit such characteris-
tics, due to the small alphabet size. Moreover, because of the uniform
edge distribution implied, the protocol would not naturally lead to au-
tomata presenting aforementioned characteristics, even if adapted for
handling larger alphabets.

Samples Abbadingo was inspired from the PAC framework for generating
samples [Val84]. In this setting the distribution of the observed strings
is external to the target machine. Samples are therefore simply drawn
from uniform random distribution over the collection of binary strings
up to a some prescribed length. The target machine is only used to
classify them as positive or negative. The respective number of positive
and negative strings is naturally balanced.

This procedure is no longer adequate when working with larger al-
phabets and state machines presenting the characteristics previously
described. Because of the small average out-degree of states, an over-
whelming majority of random sequences from Σ∗ would be negative
strings. Moreover, the few positive strings that would be made avail-
able would probably not provide a sufficient coverage of the target
machine for obtaining good induction results (see Section 4.2).

For behavior models, a generative procedure seems more adequate,
where the target machine itself is used to generate the learning sample.
This is representative of the way such samples are obtained in the
software engineering research: end-users scenarios come from a mental
model of the software that is, a variant of the target machine [Com11];
execution traces are sometimes obtained through software testing and
monitoring; and so on.

Scoring The accuracy measure is defined in Abbadingo as the proportion of
test strings that are correctly classified by the learned automaton. This
choice is questionable if one relaxes the assumption of balanced test
samples [Wal08]. In the extreme case of a test set largely overwhelmed
by negative strings, for example, a learner classifying all strings as
negative would still obtain a comfortable score. A better measure
should consider the acceptance of positive strings and the rejection of
negative ones as equally important.

Conducting sound evaluations requires rethinking important parts of the
underlying protocol. To capitalize over and share the cost of such work,
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we designed Stamina as both a public complement and an alternative to
Abbadingo. Focusing on characteristics of behavior models, it also acts
as a call to crossfertilization between the machine learning and software
engineering communities. To achieve this, Stamina first took the form of an
online induction competition before evolving into an online benchmark, in a
similar spirit to Abbadingo. The next section details the Stamina setup as
designed for the competition. Changes made to the platform since the end
of the competition will be explained in Section 6.4.

6.2 Stamina setup

The competition scenario chosen for Stamina is very similar to the one of
Abbadingo.

A learner downloads a training set made of positive and neg-
ative strings, and induces a model using her induction technique.
The learned model is then used to label strings of a test sample;
these labels are submitted to the competition server. The lat-
ter scores the submission and provides a binary feedback as to
whether the problem is considered broken or not.

While the competition scenario is similar, Stamina differs from Ab-
badingo in its focus on the complexity of the learning with respect to the
alphabet size. It therefore relies on an adapted generation protocol for target
automata and samples.

6.2.1 Competition grid

As in Abbadingo, induction problems are classified in a grid. Here, the
competition grid is divided into cells of five problems each, where each cell
corresponds to a particular combination of sparsity and alphabet size. Ta-
ble 6.1 shows how the 100 competition problems are distributed over cells.
Easier problems (smaller alphabet and larger sample) are toward the upper-
left of the table whereas the harder problems (larger alphabet and smaller
sample) are toward the bottom-right.

With respect to Abbadingo, the following similarities and differences
should be noted:

• An increasing size of the alphabet forms a first difficulty dimension,
ranging from 2 to 50 symbols. The lower bound allows result compar-
isons with Abbadingo on easiest problems; the upper bound is repre-
sentative of behavior models found in the literature.
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Sparsity
|Σ| 100% 50% 25% 12.5%

2 1-5 6-10 11-15 16-20
5 21-25 26-30 31-35 36-40
10 41-45 46-50 51-55 56-60
20 61-65 66-70 71-75 76-80
50 81-85 86-90 91-95 96-100

Table 6.1: Grid of 100 problems distributing the induction difficulty along
two dimensions: sparsity of the learning sample and alphabet size.

• In Abbadingo, the varying automaton size is one difficulty dimension
(ranging from 64 to 512). In contrast, Stamina considers automata
of roughly 50 states only. These automata provide characteristics of
behavior models in terms of the variance of their state degree, among
other differences (see Section 6.2.2).

• The second difficulty dimension is the decreasing size of the training
sample; it is similar to Abbadingo. Nevertheless, samples in Stamina
are generated “from the machine” by a random walk procedure, in-
stead of randomly drawn from all possible strings (see Section 6.2.3).

• Instead of an accuracy measure, submissions in Stamina are scored
using a balanced classification rate (BCR). BCR places an equal em-
phasis on the accuracy of an inferred model in terms of acceptance of
positive sequences and rejection of negative ones. Obtaining a BCR
score of at least 99% is required to consider a problem broken. A
cell is broken if its five problems are broken by the same learner (see
Section 6.2.4)

• Unlike Abbadingo, Stamina allowed one winner only; the latter is the
first learning technique to break a hardest cell among those broken
during the competition. To adjust the grid and choose cell difficul-
ties, Blue-fringe has been ran and scored on each problem (see Sec-
tion 6.2.5). The adjustment consisted in ensuring that Blue-fringe
almost breaks the problems of the very first cell (alphabet of 2 sym-
bols and sparsity of 100%)4 while obtaining a decent score on cells
immediately adjacent. An open source implementation of this base-
line algorithm has been made available for download.

43 of the 5 problems in the cell are broken by Blue-fringe, which obtains a BCR score
of 98% on the two remaining problems
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6.2.2 State Machines

For state machine generation, a quick review of software models has been
conducted. Observations were made on a small sample of case study models
found in research publications (about 20 systems). State machine models
were analyzed in terms of number of states, transitions, alphabet sizes, in-
/out degree and depth. Although the sample is too small to form any
authoritative conclusion, findings can be interpreted as indicative. Based
on these observations, Stamina machines were generated using a variant of
the Forest-Fire algorithm [Les07]. The algorithm has been tuned to generate
state machines presenting the following characteristics.

Number of states All state machines have approximately 50 states. This
is somewhat larger than the conventional state machines identified in
the literature; the aim is to ensure that a well-performing technique
could scale to infer models for reasonably complex software systems.
It has also been decided not to consider state machines of exactly 50
states in order to avoid a strong bias in the benchmark. Automaton
sizes actually range from 41 to 59 states. The latter information was
not disclosed during the competition.

Accepting state ratio A roughly equal proportion of accepting and re-
jecting states has been chosen, a similarity to Abbadingo. States of
most behavior models, notably LTS, are accepting states. It has how-
ever been decided to keep non-accepting states as well. This keeps our
setup sufficiently close to former competitions such as Abbadingo; in
particular, it avoids restricting the problem to the inference of prefix-
closed regular languages (see Section 2.3.1).

Degree distribution Following observations from the literature, state ma-
chines exhibit an important variance of their state degree, especially
on largest alphabets. They may also have sink accepting states, that
is, states with no outgoing transition.

Determinism and minimality Following a common setup of regular in-
ference experiments, all Stamina machines are both deterministic and
minimal.

6.2.3 Training and test samples

Training and test samples were generated using a dedicated generation pro-
cedure. This procedure aims at simulating the way examples of system
behavior are usually obtained in the software engineering community (e.g.
a collection of program traces at implementation level, the generation of
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scenarios at design level, and so on). Stamina samples present the following
characteristics.

Generated by the target A dedicated algorithm were implemented to
generate positive strings by walking through the automaton. From
the initial state it randomly selects outgoing transitions with a uni-
form distribution. When an accepting state v is reached, the genera-
tion ends with a probability of 1.0/(1 + 2 ∗ outdegree(v)). This proce-
dure simulates an “end-of-string” transition from state v with half the
probability of an existing transition. The length distribution of the
strings generated is approximately centered on 5 +depth(automaton).
As in Abbadingo, this provides a good chance of reaching the deepest
state of the automaton. However, no guarantee is given of having a
structurally complete sample.

Negative strings Negative strings were generated by randomly perturbing
positive strings. Three kinds of edit operation are considered here:
substituting, inserting, or deleting a symbol. The editing position is
randomly chosen according to a uniform distribution over the string
length. Substitution and insertion also use a uniform distribution over
the alphabet. The number of editing operations is chosen according to
a Poisson distribution (with a mean of 3); the three editing operations
have an equal change of being selected. The randomly edited string is
included in the negative sample provided it is indeed rejected by the
target machine. Otherwise, it is simply discarded.

The random walk algorithm and perturbation procedure serve as build-
ing blocks for the generation of training and test samples for each problem.
A set of 20.000 strings is first generated as described above; it contains a
roughly equal number of positive and negative strings and contains dupli-
cates. The distinct strings are then equally partitioned into two sets, S0 and
S1, taking care of respecting the positive and negative balance in each one.

• A test sample contains 1500 strings randomly drawn from S0 without
replacement. It never contains duplicates in order to avoid favoring
repeated strings in the scoring metric.

• The official training sets are sampled from S1 with different levels of
sparsity (100%, 50%, 25%, 12.5%). They usually contain duplicates,
as a consequence of random walk generation from the target machine.

• Training and test sets do never intersect.
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6.2.4 Submission and Scoring

Solutions to Stamina problems must be submitted as binary strings to the
competition server. The learner is expected to produce a binary sequence
of labels where, for each test string, a “1” is added to the sequence if the
string is considered to be accepted, a “0” otherwise.

To assess solution accuracy, the sequence is compared with a reference
string representing the correct labeling of the test set by the target model.
The overlap between the two binary strings is measured through the balanced
classification rate (BCR). The harmonic BCR measure was chosen because
it places equal emphasis on the accuracy of the inferred model in terms of
acceptance of positive sequences and rejection of negative ones. Moreover,
it does not require the test set to be balanced in terms of number of positive
and negative sequences.

Harmonic BCR is the harmonic mean of two factors. Sensitivity is the
proportion of positive matches that are predicted to be positive and Speci-
ficity is the proportion of true negatives that are predicted to be negative.
Usually, BCR is computed as arithmetic mean of sensitivity and specificity;
the harmonic mean is preferred here because it favors balance between the
two factors. Let TP , FP , TN and FN denote the sets of true positives,
false positives, true negatives and false negatives, respectively. Sensitivity
and specificity are defined as follows:

Sensitivity =
|TP |

|TP ∪ FN |

Specificity =
|TN |

|TN ∪ FP |

BCR =
2 ∗ Sensitivity ∗ Specificity
Sensitivity + Specificity

A problem is considered broken if the BCR score obtained is greater than
or equal to 0.99. As in Abbadingo, hill-climbing is made almost impossible
by a binary feedback from the oracle, depending on whether the problem
is broken or not. A cell is considered broken if all its five problems are
broken. The Stamina website dedicates a private section to each registered
participant that provides visual feedback about the performance of her al-
gorithm(s). In this section, problems and cells of the submission grid turn
to green when broken.
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Sparsity
|Σ| 100% 50% 25% 12.5%

2 0.99 (1) 0.95 (1) 0.67 (3) 0.66 (3)
5 0.97 (1) 0.78 (2) 0.59 (4) 0.52 (4)
10 0.93 (1) 0.64 (3) 0.51 (4) 0.50 (4)
20 0.91 (1) 0.63 (3) 0.54 (4) 0.51 (4)
50 0.81 (2) 0.64 (3) 0.57 (4) 0.50 (4)

Table 6.2: Average BCR of Blue-fringe in each cell; the difficulty level is
shown in parenthesis.

Difficulty level Score

1 0.9 ≤ score ≤ 1
2 0.7 ≤ score < 0.9
3 0.6 ≤ score < 0.7
4 0 ≤ score < 0.6

Table 6.3: Calibrating cell difficulties, based on the scores given in Table 6.2

6.2.5 Blue-fringe baseline

Blue-fringe has been ran on all Stamina problems in order to adjust the grid
for feasibility and fix the difficulty level of each cell.

Adjusting the grid is similar in spirit to what has been done for Ab-
badingo. The idea is to adjust free parameters of the competition design
in such a way that a state-of-the-art algorithm, here Blue-fringe, breaks the
easiest problems. Adjusted parameters were the sizes of the training and
test sets and the average length of the strings with respect to the automaton
depth. This trial-and-error process converged with three problems broken
in the easiest cell; reasonable scores were also observed for Blue-fringe on
the two remaining problems and in adjacent cells.

The performance of the Blue-fringe baseline is summarized in Table 6.2
and illustrated with convergence curves in Fig. 6.1. As shown there, the
BCR score decreases along each of the two difficulty dimensions; this exper-
imentally confirms the expected effect of an increasing alphabet size on the
induction difficulty.

Thanks to those scores, the difficulty level of each cell has been calibrated
using the rules defined in Table 6.3. The notion of cell difficulty proved useful
for driving the competition. Indeed, the winner was the first technique to
have broken a hardest cell. It is not used anymore since the competition has
evolved into an evaluation platform with exact scoring (see Section 6.4).
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Figure 6.1: Performance curves of Blue-fringe.

6.3 Competition results

The Stamina competition started on March 2010 with December 31 as official
deadline for submitting results. Between these two dates, 1856 submissions
were made by 11 challengers. Among them, 61 have a BCR score of at least
99%, breaking 42 different problems in 10 different cells.

The competition hall of fame is shown in Fig.6.4. A quick temporal
review shows the following:

• The easiest cell (alphabet 2, sparsity 100%) has been broken only five
days after the competition start. This first result was achieved by
Manuel Vázquez de Parga Andrade with the Equipo algorithm; the
latter learns automata teams [Gar10]).

• This first result has been followed by an apparent quiet period in the
competition. Some challengers were actually submitting, without suc-
cessfully breaking new problems and cells. Therefore, in the absence
of a more detailed hall of fame page, no activity was visible on the
competition website.

• A few weeks after, Marijn Heule and Sicco Verwer, with the DFASAT
algorithm (described later), started solving all cells of difficulty 1 in
the left-most column.
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Sparsity
|Σ| 100% 50% 25% 12.5%

2 Equipo (1) 4 broken (1) - (3) - (3)
5 DFASAT (1) 1 broken (2) - (4) - (4)
10 DFASAT (1) 3 broken (3) - (4) - (4)
20 DFASAT (1) 4 broken (3) - (4) - (4)
50 DFASAT (2) DFASAT (3) - (4) - (4)

Table 6.4: Stamina hall of fame. Broken cells are annotated with the winner
name. In other cells, the number in italics indicates how many of the five
problems were broken on December 31, if any. Difficulty levels in parenthesis
are recalled from Table 6.2.

• After a new apparent lull, they eventually broke the first cell of diffi-
culty 2 (alphabet 50, sparsity 100%), thereby taking the head of the
competition.

• They eventually won the competition with an extra cell broken (al-
phabet 50, sparsity 50%). This was the only cell of difficulty 3 broken
during the competition.

• Individual problems were also broken in cells of the second column
(sparsity 50%), as shown by numbers in Table 6.4.

As the same table shows, no problem has been broken in the last two
columns, that is with a sample sparsity of 25% or less. This fact must be
interpreted with caution.

• While fewer activity has been monitored on such cells, a few ap-
proaches actually performed quite well, in particular above the base-
line.

• Because of specific strategies used by the different participants, only
partial results were available at the end of the competition. In other
words, participants have not submitted results on all available prob-
lems, making it difficult to compare and draw conclusions.

6.3.1 The winning algorithm

DFASAT reuses the baseline algorithm in an appropriate way but relies on
additional key ingredients, namely,

• An adapted heuristics for scoring candidate merging operations;
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• A random perturbation of such heuristics;

• An intense search after original reduction to a satisfiability problem
(hence the DFASAT name).

Each of them is described in turn in the following sections.

Regular induction seen as a SAT problem

The idea behind the satisfiability part of DFASAT is to (1) reduce the prob-
lem of finding the minimal DFA consistent with a labeled sample to a graph
coloring problem; (2) encode the latter into a satisfiability problem; and (c)
solve it using an efficient SAT solver.

The principle of reducing DFA induction to graph coloring dates back
to 1997, more or less like the Abbadingo contest itself – see, e.g., [Cos97].
It consists of coloring PTA states with a minimal number of colors such
that two states that may not merge have different colors. As explained
in Chapter 4, two PTA states may not merge if their continuations are
incompatible.

The main drawback of this approach is the number of constraints which
may become huge for big samples. This can lead to coloring problem in-
stances that are impractical in practice. In spite of compact Boolean encod-
ing of the graph coloring problem and major improvements in SAT solving
in recent years, some of the Abbadingo and Stamina problems remain in-
tractable with this technique only. See [Heu10] for details about graph
coloring and SAT translations in DFASAT.

Mixing state-merging and SAT solving

To overcome this tractability problem, the authors reuse classical state-
merging upstream their SAT solving technique. The idea here is to execute
the first steps of Blue-fringe to first reduce the PTA to a partially identified
DFA.

Executing even the first steps of a state-merging algorithm may drasti-
cally reduce the number of states of the graph coloring problem, and hence
the number of constraints. However, the state-merging step implies that
the solution provided by the SAT solver is no longer exact. As the first few
merges performed by Blue-fringe are supported by a lot of evidence, they
are then expected to lead to an optimal solution in practice provided some
good scoring heuristics is used [Heu10].

According to the winners themselves, the Blue-fringe + SAT technique
was not sufficient to break Stamina cells above the first difficulty level. As
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another technique already had gained a cell of same difficulty, further opti-
mizations were required to win the competition.

Additional adaptations

In order to obtain convincing results on harder cells, a few additional ingre-
dients were added to the procedure:

• DFASAT uses a different scoring heuristics than the one used by Blue-
fringe. Since Abbadingo it is commonly admitted that the heuristics
must be based on the number of merged states sharing the same posi-
tive or negative label. To win the Stamina competition, DFASAT used
a different one, related to the number of merged transitions sharing
the same symbol.

The explanation relies on the kind of automata considered, especially
on large alphabets: as two different states of the target DFA are un-
likely to have many outgoing transitions in common, two PTA states
having more than a few of them are very likely to correspond to the
same target state.

• Instead of considering only one solution, DFASAT includes a search
strategy over multiple candidates. This seems natural with SAT-based
graph coloring since all possible solutions are captured in a compact
form. The authors have also intentionally introduced search in two
other places.

– The first involves a random perturbation of the scoring heuristics
to reduce the criticality of wrong initial merges potentially made
during the first phase.

– The second is to look for non-minimal consistent automata by
considering more colors than actually required for coloring the
graph.

This appears to contradict Occam’s razor principle but makes
sense in the context of Stamina. The actual problem to solve
in the competition is not strictly speaking the identification of
target automata but the learning of good approximate solutions
reaching 99% of BCR score. Looking for automata of about 50
states is probably a better criteria than looking for the minimal
consistent one.
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6.4 Evolution towards an evaluation platform

In the spirit of Abbadingo, the competition website is still available online.
It is aimed at becoming an online benchmark for evaluating novel induction
techniques. To achieve this goal a few changes were made on the competition
server:

• The average score obtained by Blue-fringe on each cell has been pub-
lished in the documentation section of the website. Moreover, the cell
difficulty level has been made obsolete; it is only kept for documenta-
tion of the competition itself.

• The public hall-of-fame has been updated. Instead of displaying the
winners of broken cells only, each cell is annotated with the three best
challengers in descending order of their average score for that cell.
Their score is also disclosed.

• The oracle has been modified to provide the exact score obtained when
attempting to break a problem. The private submission grid of each
participant displays the best score obtained on each problem for which
she submitted.

These choices were made to provide a more transparent feedback while
keeping a competitive aspect to the platform. Future work is worth consid-
ering:

• Interactive inductive techniques, e.g. QSM, could hardly compete
so far due to the absence of an online oracle answering membership
queries. Implementing such an oracle presents no particular difficulty;
it would however require generating fresh new problems to avoid in-
terfering with the current grid and challengers already competing on
it.

• White box benchmarks, where target machines would be disclosed
together with samples, might also be envisaged. This would help eval-
uating inductive techniques that use domain knowledge; the target
machines prove useful for simulating such information. Alternatively,
sharing binaries for generating new target machines and samples could
help reusing the Stamina protocol.

Summary

This chapter discussed Stamina, an evaluation platform for inductive model
synthesis. Stamina follows a previous platform from the machine learning
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community known as Abbadingo. Our work on Stamina sets a basis for
overcoming limitations of Abbadingo for evaluating inductive model syn-
thesis techniques such as QSM and ASM. In particular, random automata
in Stamina are more representative of the state machines found in software
engineering problems.

Stamina was first designed to be a formal competition in automaton
induction before evolving into an online benchmark. The competition was
won by DFASAT, a novel induction algorithm that significantly pushed for-
ward the state-of-the-art by outperforming Blue-fringe used as baseline. The
design of Stamina make the competition results especially relevant for our
software engineering standpoint. In particular, DFASAT opens important
perspectives for inductive model synthesis in our application domain.
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Chapter 7

Tool Support

This chapter discusses tool support for the techniques presented in the pre-
vious chapters. Section 7.1 highlights the key points of our model checker
for guarded hMSC and guarded LTS, thereby pursuing the discussion from
Chapter 3. Section 7.2 presents the ISIS tool, an integrated inductive model-
synthesis approach within the “scenarios, goals & state-machines” triangle.
This tool implements techniques from Chapter 4. Section 7.3 presents an-
other toolset aimed at modeling and analyzing process models captured with
guarded hMSCs. This toolset provides support for the analyses detailed in
[Dam11].

7.1 A model checker for process models

Our model-checker for guarded hMSC extends the model-checking technique
presented in [Gia03]. The latter supports model-checking of LTS state ma-
chines against FLTL safety properties. Our tools extends this to the model-
checking of g-hMSC and g-LTS models.

The model-checking technique is outlined on Fig. 7.1. Let us look at it
backwards from right to left:

• Roughly, compositional model-checking consists in searching for an
accepting state in the composition of two automata: one for the model
being checked (top), the other for the negation of the checked property
(tester automaton at bottom). Our tool is limited to safety properties,
for which such tester always exists (see Section 2.6.3).

• The model automaton is synthesized from the g-hMSC and fluent def-
initions using the techniques described in Chapter 3. At first glance,
it is a pure LTS capturing the trace semantics of the input g-hMSC
(see below).

159
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Figure 7.1: Model-checking guarded hMSC: automata compositions

• The tester automaton is synthesized using the technique described in
[Gia03]. Roughly, it consists in translating the negation of the checked
safety property into a Büchi automaton [Gia02]; the latter is then com-
posed with fluent automata and with a synchronizer automaton forcing
the transition on the Büchi automaton after every system event.

The main differences between our model-checker and the technique de-
scribed in [Gia03] and its LTSA implementation are the following.

• Unlike LTSA, our tool makes use of guarded automata instead of sim-
ple LTS. Guarded automata are a flavor of guarded LTS that distin-
guishes between accepting and non-accepting states.

Guarded automata allow us to capture standard automata, Büchi au-
tomata, fluent automata, LTS and g-LTS through one single data
structure. A single composition algorithm is sufficient for apparently
different composition operators in Fig. 7.1.

The composition operator on guarded automata extends the one de-
scribed in Section 3.2.2 by making a distinction between accepting
and non-accepting states. This operator reduces to g-LTS composition
when the composed automata have accepting states only; it reduces
to LTS composition if they don’t have guards.

The composition operator requires computing guard conjunctions and
checking their satisfiability. Our tool uses Binary Decision Diagrams
(BDD) to implement this efficiently [Bry86].

• LTSA checks temporal properties for a specific initial state, specified
through an initial value for each fluent. Guarded models use an ini-
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tial condition C0 instead (see Sections 2.7 and 3.2). Such condition
actually captures a class of fluent initial states.

Therefore, our tool must check the temporal property for any initial
state satisfying the initial condition. This requires the definition of
fluent automata given in Section 3.3.2 instead of the one given in
[Gia03]; the synchronizer automaton must also be slightly adapted so
as to first synchronize with guarded transitions from initial states of
the fluent automata.

• For effective feedback in case of a property violation, our tool needs to
keep track of the initial fluent assignment during search. To achieve
this, the model and tester automata are not pure LTS; instead, they
have fluent value assignments on all transitions from their initial state.
These transitions capture the choice of a fluent initial state at the
beginning of every trace (see Section 3.3.2).

Discussion

Our tool is implemented in Java 1.5.0. It has been tested on a few case
studies (see, e.g., [Dam10] and [Dam11]).

Numerous improvements could be made:

• Our model-checking procedure relies on three costly compositions: one
for building the model, one for the tester and one for the model-
checking itself (see Fig. 7.1).

The third composition is implemented as a search: it ends and returns
a trace as soon as a property violation is found instead of capturing
the composed automaton in a data structure and analyzing it after-
wards. In contrast, our tool explicitly capture the tester and the model
automata.

There are pros and cons in doing so instead of a whole search strategy
covering the three compositions:

– On the negative side, verifying a property requires explicitly cap-
turing the whole state space of the guarded hMSC; this is known
to be exponential in the number of fluents (see Section 3.3.2).

– On the positive side, our strategy proves more efficient when mul-
tiple safety properties are checked on the same process model.
Indeed, the g-hMSC may be synthesized as a LTS automata only
once; moreover, the latter can be minimized. A search strategy
would not benefit from this state space reduction.
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• Unlike LTSA, our tool does not support model-checking of liveness
properties; it does not implement partial order reduction optimization
either. The procedures described in [Gia03] could certainly be adapted
to guarded models.

7.2 The ISIS Synthesizer

The interactive LTS synthesis technique described in Chapter 4 has been
implemented in the ISIS tool (Interactive State machine Induction from
Scenarios). The tool integrates the following features.

• Editing and visualizing scenarios in a graphical syntax à la MSC (see
Section 2.4).

• Definition of fluents and goals, on a per-agent basis (see Sections 2.5
and 2.6).

• Verification of a multi-view modeling specification, more specifically
consisting in checking the consistency of scenarios, state machines and
goals (see Sections 2.4.5 and 2.6.2).

• Interactive induction of LTS state machines from scenarios, taking
fluents and goals into account (see Chapter 4).

• Decoration of scenario timelines and state machines with state invari-
ants (see Section 2.5).

• Induction of safety properties from scenarios (see [Dam11]).

Figure 7.2 shows a snapshot of the ISIS tool. On the left, the current
scenario specification is outlined: the agents forming the system are listed
together with associated fluent and goal definitions; positive and negative
MSC scenarios are listed below. On the right, two scenarios are shown for the
train system case study. The scenario “Normal journey” in the background
is annotated with computed state invariants.

The analysis and synthesis techniques in ISIS are made available “on
demand” by right-clicking the name of a specification (see Fig. 7.3).

Check specification allows the user to check if the collection of posi-
tive and negative scenarios is consistent (as defined in Section 2.4.5)
and that the scenarios do not violate known goals (as defined in Sec-
tion 2.6.2).
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Figure 7.2: The ISIS tool, scenarios of the train system case-study

Synthesize LTSs launches the interactive induction process described in
Chapter 4. ISIS implements the QSM algorithm; the scenario specifi-
cation is automatically completed with the user answers to generated
scenario questions (see Section 4.3). Moreover, the induction is auto-
matically constrained with available fluents and goals (see Section 4.4).
The tool does not support hMSC models; therefore it does not inte-
grate ASM either (see Section 4.5).

Compose System LTS builds the LTS state machine of the composed
system and opens it in the right pane.

Discover goals launches the techniques allowing to discover of goals from
scenarios as discussed in [Dam06, Dam11].

During inductive synthesis, scenario questions are submitted to the end-
user for classification (see Fig. 7.4). When rejecting a scenario, a “No, why?”
button invites her to provide the rational for rejection by updating fluent
and goal definitions.

At the end of the synthesis process, new scenarios appear in the collection
according to their classification by the end-user. Those scenarios are given
comprehensive names, such as “Opening doors while moving” (see left pane
in Fig. 7.5).
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Figure 7.3: Available analysis and synthesis techniques in the ISIS tool

Figure 7.4: A scenario question submitted to the end-user during inductive
LTS synthesis
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Figure 7.5: After synthesis, the annotated state machines can be visualized.

The LTS state machine for each agent also appears in the specification
outline. State machines can be visualized with or without state assertions.
The LTS state machine of the train controller is shown in both modes in
Fig. 7.5.

Discussion

The ISIS tool has been used successfully on various case studies during
the evaluation of the thesis (see Chapter 5). Our integrated approach to
multi-view model synthesis proves very effective in practice. The availabil-
ity of multiple synthesis techniques supports the incremental intertwined
construction of each view by launching the adequate synthesis assistant.

Our approach could be better supported in practice by complementing
the “on demand” approach with additional guidance. The idea here would
be to run the different synthesis techniques in background. A list of sugges-
tions could be maintained such as:

• “new scenarios available for classification, run LTS synthesis!”,

• “new goals have been inferred, click here”.
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Consistency checking of the specification would certainly benefit from a sim-
ilar feature. The tool described in the next section makes an investigation
into this kind of tool support.

7.3 The Gisele process model analysis toolset

Safety-critical medical therapies call for well-defined processes. In particular,
a clinical pathway is a documented process, based on medical protocols,
guidelines and recommendations, centered on a specific patient class with
similar needs. It generally involves multi-disciplinary teams and addresses
clear clinical goals [Mid00].

The toolset presented in this section was motivated by the need for au-
tomated support to the building and analysis of models of clinical pathways
and, more generally, mission-critical process models involving decisions.

Guarded hMSCs were defined as a suitable process modeling language
accessible to stakeholders; it has a formal semantics enabling a variety of
model analysis [Dam09, Dam11].

Those analyses are made at the g-LTS level; the toolset here thus relies
on our synthesis algorithm for deriving g-LTS from g-hMSC, described in
Section 3.3.1.

A snapshot of the main screen of toolset front-end is shown in Fig. 7.6. A
description of the toolset in action on a real medical case study can be found
in [Dam11]. This section discusses a few design decisions and highlights key
points of the implementation. The main facilities provided by the toolset
are the following:

• Editing and visualization of process models made of tasks and decision
nodes defined on fluents and tracking variables (see Section 2.7 and
[Dam09, Dam11]). Tasks can be successively refined in sub-processes,
as illustrated in Fig. 7.6.

• A variety of analyses, including (see [Dam11] for details),

– Checking the completeness, non overlapping and satisfiability of
guards at decision nodes.

– Checking the adequacy of decision nodes, that is, whether these
are made on fresh, accurate variable values.

– Verifying pre-conditions of tasks.

– Verifying non-functional process requirements such as time con-
straints, dose constraints, cost constraints, etc.
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Figure 7.6: The Gisele tool, a clinical pathway analyzer

• Visual means for eliciting process models; documenting them with
stakeholders; unfolding process models for specific analyses; projecting
them on specific patient classes, and so on.

Design decisions

The toolset has been designed for (1) eliciting critical processes during stake-
holder interviews (2) analyzing them in real-time and (3) providing brows-
able process documentation. This implied two main design decisions:

Textual input For allowing a rapid capture of process models by an ana-
lyst, a simple textual language is used as input language instead of a
graphical language. This language essentially amounts to a guarded
command language with constructs for iteration, loops, deterministic
and non-deteministic choices, etc.

For example, the meeting scheduling process can be translated to this
textual language as shown in Fig. 7.7.
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Figure 7.7: Meeting scheduling process encoded in the Gisele tool

Real-time proactive mode Unlike the ISIS tool introduced in Section 7.2,
a proactive mode is used instead of reactive one with respect to checks
and feedback:

• Reactive mode: in the ISIS tool, synthesis and checks are made
“on demand”: for example, the user explicitly launches consis-
tency checks and receives dedicated feedback as a result (see Sec-
tion 7.2).

• Proactive mode: in the Gisele tool, the end-user navigates through
the model thanks to the GUI that runs inside a web browser. Ev-
ery time she looks at a task, the tree on the right panel provides
real-time feedback about checks and their results, “green” means
success, “red” means fail. The idea is inspired from continu-
ous compilation chains in integrated development environments
(IDE) such as Eclipse [Gam03]. Our experience suggests that this
provides a natural and effective guidance in terms of continuous
improvement of a process model.

Architecture

The architecture of the toolset is shown in Fig. 7.8. The main modules are
briefly described below:

Web GUI This module is the graphical user interface (GUI), that runs
mostly inside a web browser. It is implemented in HTML5, CSS3 and
Javascript [Pil10] and uses Scalable Vector Graphics for displaying
guarded hMSCs [Eis02]. Thanks to the web services offered by the
“proactive process model” module, the implementation of the GUI
amounts to a simple model navigator, implemented internally with an
MVC-like design pattern.
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Figure 7.8: Architecture of the Gisele tool

The main screen of this navigator is made of three panels (see Fig 7.6).

• The left panel gives a global outline of the process model and
allows navigating it through. Links are provided to open and
update task and fluent definitions.

• The current task is displayed as a process graph in the middle
panel; it is implemented in SVG. The layout of the graph is auto-
matically computed server-side with the well-known dot utility1.
Graph nodes can be clicked to navigate through task refinements.

• The current task is also outlined through an annotated syntax
tree in the right panel. Annotations provide analysis real-time
feedback to the user; tasks and decision nodes for which at least
one check fails are displayed in red. Clicking on a node in this
tree gives a detailed analysis explanation and counterexamples
showing why check fails.

Proactive process model Process models are made of several tasks in
successive refinements, textual definitions such as the one in Fig. 7.7 for
each of them, fluent definitions, task documentation, etc. This module
implements the structure of such models which are kept persistent
through the use of the SQLite database engine; the latter also provides
support for model queries through SQL [Dat97].

In addition, this module implements the proactive mode described in
the design decisions through a design pattern inspired from logical
data independence [Dat03]. Roughly, this pattern consists in hiding
the difference between “base” information and “computed” one.

1available at http://graphviz.org
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For example, the precondition is a base attribute of a task whose
value is chosen by the analyst; the fact that this precondition is met
or violated is another Boolean attribute whose value is computed as
the result of a dedicated precondition check [Dam11].

Systematically hiding this distinction between base and computed in-
formation helps implementing the proactive mode. Indeed, user feed-
back can be implemented through model queries. For example, “what
are all tasks whose precondition is violated?”. The module automat-
ically triggers the model checks if needed to answer such query. To
achieve this, it relies on other modules, which are described below.

Model analyzer This module implements the analyses detailed in [Dam11].
They rely on various instantiations of an abstract fixpoint algorithm on
g-LTS. Such analyses makes an intensive use of automata and binary
decision diagrams with the help of dedicated libraries. The automaton
toolkit is the one implemented for the Stamina contest (see Chapter 6).
The Buddy library is available at http://buddy.sourceforge.net;
being implemented in C, we use a interface binding for ruby available
at http://people.cs.aau.dk/~adavid/BDD/2.

For every process and sub-process instance, the proactive module au-
tomatically triggers the execution of an analysis as soon as its results
are needed for answering a model query. Those results are kept as
decorations on g-LTS states. The decorated states are kept as a cache
for analysis results. This cache is cleaned up when a process definition
is changed, by simply throwing its g-LTS away.

Model converter The implementation of the proactive module relies on
specific algorithms for rewriting processes under multiple forms. For
example, the textual definition of a task is parsed and kept as an
abstract syntax tree (AST); rewritten as a guarded hMSC; converted
to a graph for being displayed; compiled into an equivalent guarded
LTS for analyses; and so on.

This module implements conversion algorithms, relying on external
libraries for parsing, manipulating ASTs, graphs and automata. This
module also provides traceability support between the multiple views
of the same process instance.

2both have been last retrieved on September 13 2011



Chapter 8

Related Work

This chapter reviews relevant work on behavior model synthesis and related
techniques for model analysis and goal inference. We also briefly discuss a
few goal inference techniques that nicely fit our formal framework. More
specifically, Section 8.1 reviews approaches aimed at synthesizing state ma-
chine models inductively from scenarios. Section 8.2 discusses related work
on deriving behavior models for analysis of scenarios and process models.
Section 8.3 then discusses a few approaches that use inductive synthesis as
a means for inferring requirements and exploring system designs.

Model synthesis is a fairly broad topic. In particular, this chapter will not
discuss approaches falling outside the scope of the thesis such as controller
synthesis [Cla82, Pnu89, Asa95], program synthesis [Man71, Bal85, Was03],
model-based code generation [Koh00, Was03], and model-based reverse en-
gineering [Bri03, Yu,05].

8.1 Inductive synthesis of behavior models from
scenarios

This section compares our inductive approach introduced in Chapter 4 with
existing techniques for synthesizing state machines from scenarios. A more
complete survey of those techniques can be found in [Lia06].

8.1.1 Statecharts synthesis from sequence diagrams

Whittle and Schumann proposed a technique for generating UML state-
charts from sequence diagrams that capture positive scenarios (and positive
scenarios only) [Whi00]. Their technique requires scenario interactions to be
explicitly annotated with pre- and post-conditions on global state variables
expressed in the Object Constraint Language (OCL).

171
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In a similar spirit, Kruger et al. proposed a technique for translating
MSCs into statecharts [Kru00]. Their algorithm also requires state informa-
tion, through MSC conditions, as additional input.

Those techniques generalize behaviors described in input scenarios by
introducing sequencing, alternatives and loops. State annotations provide
the semantic basis for guiding the generalization process. This contrasts with
a grammar induction approach since, in that case, behavior generalization is
driven by compatible state merging, which is semantically rooted in event-
based continuations of PTA states.

In comparison with those techniques, our approach has the following
strengths:

• State machine synthesis techniques from scenarios are often in the
requirements engineering phase, where the target system is unknown
[Wei98]. Event-based scenarios are likely to be more easily provided
by end-users than operation specifications in terms of pre- and post-
conditions, MSC conditions, etc.

Our technique uses a very simple input scenario language. In contrast,
the techniques in [Kru00] and [Whi00] require state annotations; the
user of the technique is expected to provide these. In our case, fluent
annotations are used to prune the induction process when available;
however, they remain optional.

• As discussed in Chapter 4, illustrated in our evaluations (Chapter 5),
and further discussed in our toolset presentation (Chapter 7), our al-
gorithms support a flexible synthesis approach. This approach already
works with limited input and adapts to richer ones as they are typically
made available in subsequent analysis phases and design iterations.

In particular, our approach supports simple MSC scenarios as input
while also working with structured forms of scenarios such as hMSCs.
Similarly, fluents and goals are not required in the first place but are
intended to smoothly integrate state-based knowledge in an incremen-
tal way.

8.1.2 Minimally adequate teacher approach

Makinen and Systa developed an interactive algorithm for synthesizing UML
statecharts from sequence diagrams [Mak01]. This is another approach re-
lying on grammatical inference techniques for generalizing examples of sys-
tem behavior captured in scenarios. This work is inspired from the ap-
proach of minimally adequate teacher and the L∗ algorithm proposed by
Angluin [Ang87].
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As with our approach, and unlike those discussed in the previous section,
the technique works with scenarios only and does not require additional
state-based annotations. There are significant differences with our approach
though.

• Their input sequence diagrams capture positive examples of system
behavior only. The negative knowledge required to avoid overgeneral-
ization comes from negative answers to membership and equivalence
queries asked to an oracle (see below); such negative knowledge does
not take the high-level form of end-user negative scenarios.

• Grammar induction is applied on a per agent basis. In other words,
induction traces are sequences of events seen by a single agent along
its scenario timeline. The alphabet of possible events and the learn-
ing strings are specific to each agent; the learning problem is tackled
separately for each of them.

• The interacting user is asked to answer both membership and equiva-
lence queries. Membership queries are traces to be classified as positive
or negative examples of agent behavior; they amount to our scenario
queries (in a less user-friendly form). Equivalence queries, in contrast,
require the ability to classify state machine candidates as correctly
capturing the complete behavior of a specific agent.

As discussed in Section 4.7, tackling the induction problem on a per agent
basis is an interesting alternative to our approach. For end-user involvement,
however, a per-agent approach seems less appropriate than ours; it requires
the user to be able to classify traces in a different target language for each
agent. It appears much more convenient for the end-user to interact in the
input scenario language of the global system as this is the language she used
in the first place.

Equivalence queries may also prove difficult to answer by an end-user
in practice as the agent state machines are unknown. That being said, a
certain form of equivalence query might be seen in our approach as well.
With the ISIS tool, for example, a visual inspection of agent and system
state machines is recommended for validation and the triggering of a new
modeling cycle if required. Such inspection may typically highlight negative
scenarios in case of overgeneralization or new positive scenarios illustrating
additional desired features (see Section 5.2.2).

As their approach is interactive and can be used with only a few sce-
narios, it proves useful in the early phases of system design. Unlike ours,
though, the approach does not adapt to richer scenario inputs. It does not
take additional knowledge into account such as fluents or goals. In other
words, multi-view consistency is not guaranteed by their synthesis process.
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8.1.3 Play in/Play out with Live Sequence Charts

Harel et al. proposed a technique in [Har05] for synthesizing statecharts from
Live Sequence Charts (LSCs) [Dam01]. LSCs are an extension of MSCs that
distinguish between allowed and required behaviors. In other words, LSCs
allow both existential scenarios (behaviors that may be exhibited by the
target system) and universal ones (behaviors that must be exhibited) to be
captured.

LSCs, and the underlying statechart synthesis technique, are used in the
Play in/Play out approach for iterative system analysis and design [Har03b,
Har03a]. In this approach, LSCs model all desired system behaviors, pro-
viding a complete design for the system. The approach may be summarized
as follows:

• A LSC specification is built or completed in a Play in phase. The
user interacts through a graphical user interface (GUI) of the target
system, without seeing the LSCs themselves. That is, a Play engine
allows the user to build and manipulate GUI components. The en-
gine automatically builds LSCs capturing stimuli played in the GUI
together with expected responses from the system as specified by the
user. Additional tools allow introducing loops, conditions, and other
high-level constructs in played-in scenarios.

• In a Play out phase, the LSC specification is executed. In contrast
to the Play in phase, the specification is executed here as if it was
the implemented target system. This allows identifying design errors
early, behaviors incompletely specified, etc.

• Scenarios played out are captured through LSCs. The latter therefore
yield new examples and counterexamples for trigerring a new Play in
phase. The approach thus provides an iterative and interactive way of
building reactive systems through scenarios.

The Play in/Play out engine and our ISIS tool are somewhat similar in
that both provide integrated approaches for iterative system design through
scenarios. Important differences however exist between the underlying ap-
proaches.

• The Play in/Play out approach constrats with our multi-view mod-
eling approach. LSC scenarios are the only models seen by the user;
they are expected to capture the complete system specification. This
is rather different than making a clear distinction between scenarios,
state machines and goals.

Approaches capturing different system facets through different models
prove useful in contexts where end-users are involved. Indeed, they



8.2. Deriving behavior models for analysis 175

lead to modeling languages that tend to be simpler to use while en-
forcing a separation of concerns.

In particular, Live Sequence Charts have a rather complex execution
semantics. This makes them harder to use and validate by end-users
than Message Sequence Charts.

8.2 Deriving behavior models for analysis

Section 8.2.1 focusses on the analysis of process models. Section 8.2.2 dis-
cusses approaches to the model-checking of scenario specifications. Sec-
tion 8.2.2 briefly discusses how implied scenarios can be used for validating
structural system designs.

8.2.1 Analyzing process models

The technique detailed in Chapter 3 for capturing the trace semantics of
g-hMSC models aims at enabling a variety of analyses on process models.
The model checking of g-hMSCs was discussed in Section 7.1.

A variety of analysis techniques on such models are detailed in a compan-
ion thesis [Dam11]. They include the analysis of guards at decision points,
including their completeness, disjointness and satisfiability; task precondi-
tion checks; analysis of non-functional requirements on the process about
timing, cost or doses. All these techniques are performed at the g-LTS level
(see Section 3.2). They use various instantiations of a fully generic g-LTS
state decoration algorithm [Dam11] briefly mentioned in Section 2.5.2.

Many process languages were proposed in the literature, e.g., UML
Activity Diagrams [Obj04], YAWL [Van05], BPMN [Obj08] and Little-Jil
[Cla08]. The main advantage of g-hMSCs over these is their emphasis on
decisions-based processes, where decision nodes regulate outgoing branches
through guards on fluents and variables tracking the state of the environ-
ment in which the process operates.

Efforts were recently made to adapt verification technology to process
models. Typically, a state machine model is derived from the input model
and then checked against properties. For example, structural consistency
constraints on UML activity diagrams can be checked using the NuSMV
model checker [Esh06]. Similar constraints can be verified on Little-JIL
process models after task conversion into LTS [Ler04]; this technique uses
the LTSA model checker [MK99]. LTSA was also used for deadlock analysis
and model-checking of workflow schemas formalized in FSP/LTS [Kar00].
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8.2.2 Model-checking of scenario specifications

Theoretical results for the model-checking of Message Sequence Charts were
pioneered by Alur et al. [Alu99, Alu00]. These results provide a basis for
practical approaches to model checking through automaton synthesis; the
authors, however, do not provide practical algorithms for doing so.

The semantic links between MSC, hMSC and LTS appeared in [Uch01b,
Uch01a], enabling the model-checking and animation of hMSC models in
LTSA [Uch03, MK99]. In particular, a “synthesis” algorithm yields FSP
specifications for capturing the traces of each agent involved in a hMSC (see
Section 2.4.4).

This technique might be seen as a way of synthesizing agent state ma-
chines from scenarios. However, it is derivational rather than inductive; no
behavior generalization is involved. In other words, it amounts to refactor-
ing a set of known behaviors without discovering new ones. Moreover, the
state machines are not intended to be seen or manipulated directly by the
end-user. Our work borrowed the synthesis algorithm from [Uch03] as defi-
nition for the operational semantics of hMSC. This algorithm also provides
a practical way of model-checking them.

8.2.3 Deriving implied scenarios for structural validation

Implied scenarios are behaviors that are not explicitly found in scenario
specifications but can be shown to appear in system implementations meet-
ing those specifications [Alu00, Uch04]. Implied scenarios are inherent to
distributed systems; the latter are often described system-wise but imple-
mented component-wise. Capturing all possible interleavings of agent be-
haviors in scenario specifications is generally impossible.

A technique is described in [Uch04] for validating a hMSC specification
with domain experts. For a hMSC H, implied scenarios are defined as traces
in Larch(H)\Lweak(H) (see Section 2.4.4). Implied scenarios denoting max-
imal traces are enumerated and submitted to the user for classification as
positive or negative. Accepted scenarios enrich the initial scenario specifi-
cation as new examples of desired system behavior. Rejected scenarios are
more problematic as they capture traces that will necessarily be exhibited
by any system consistent with the hMSC.

This technique can thus be used for validating the system decomposition
in terms of agents and their respective interfaces. The presence of rejected
implied scenarios is indeed an indication that the system decomposition
should be refactored.

As deeply discussed in Section 4.6, implied scenarios may also appear
with our techniques. The algorithm from [Uch04] might be easily adapted
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to validate system designs in our context; the set of implied scenarios to
consider is defined as follows:

L(Ag1 ‖ . . . ‖ Agn) \ L(System),

where System denotes the system LTS induced by QSM or ASM.

8.3 Eliciting requirements from scenarios

This section addresses the problem of eliciting requirements from scenarios.
Section 8.3.1 reviews approaches for inferring goals from scenarios. Sec-
tion 8.3.2 then discusses how scenarios and safety properties can be used
jointly for incremental requirement elicitation.

8.3.1 Goal inference from scenarios

A technique for synthesizing goals from scenario collections was presented
in [Dam06, Dam11]. This technique is integrated in the ISIS tool (see Sec-
tion 7.2). It consists in decorating MSC timelines with invariants on fluents
monitored and controlled by the associated agent. From these invariants,
goals are induced according to two kinds of specification patterns, namely
Maintain goals taking the form �(P → Q) and Immediate Achieve goals
taking the form �(P → ◦Q). The inferred goals are submitted to the user
for validation.

This synthesis technique helps enriching a multi-view system description
while guaranteeing multi-view consistency. An inferred goal is stated as a
generalization of the available examples. The accepted goals enrich the goal
model accordingly; the rejected ones call for enriching the scenario collection
with a counterexample.

The technique relies on the availability of state invariants on fluents; it
might be extended to infer goals from any annotated LTS, and hence, from
agent state machines or from a hMSC.

Van Lamsweerde and Willemet developed an inductive learning tech-
nique for generating goal specifications in linear temporal logic (LTL) from
positive and negative scenarios expressed in MSC-like form [van98]. The user
here has to provide state-based annotations of scenario interactions. These
are the domain pre- and postconditions on the operations operationalizing
goals; they are found in the corresponding operation model. Compared
with our fluent-based approach, the technique requires more input to be
provided to the synthesizer; it requires pre- and postconditions whereas our
fluent definitions encode postconditions only.
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[Alr07] uses inductive logic programming for extracting requirements
from example scenarios and a partial requirements specification. Scenarios
capture positive and negative system behaviors whereas the requirements
specification captures an initial but incomplete description of the envisioned
system. The specification is completed by learning a set of missing require-
ments that cover all the desirable scenarios and none of the undesirable
ones.

8.3.2 Incremental requirement elicitation from scenarios and
safety properties

In a multi-view behavior modeling framework like ours, scenarios capture
a “lower-bound” on system behaviors whereas goals capture an “upper
bound”. Scenarios capture behaviors that the system must exhibit whereas
goals prune the space of all acceptable behaviors captured by the consistency
conditions in Chapter 4, namely,

L+(Scenarios) ⊆ L(Ag1 ‖ . . . ‖ Agn)

L−(Goals) ∩ L(Ag1 ‖ . . . ‖ Agn) = ∅

In [Uch07, Uch09], Uchitel et al. developed a technique for capturing
within a single behavior model both the lower bound from the scenarios
and the upper bound from goals. Modal Transition Systems (MTS) [Lar88]
are used instead of LTS for capturing trace-based system behaviors; MTSs
are transition systems that distinguish between required, possible and pro-
scribed behaviors.

MTSs support incremental system design through user interactions aimed
at eliciting missing requirements. Roughly, the techniques from [Uch03] and
[Gia03] are adapted to capture through MTSs (1) a structured form of MSC
scenarios and (2) safety properties expressed in a 3-valued variant of FLTL.
The obtained MTSs are merged so as to capture the lower and upper bounds
of system behaviors in a single MTS; the latter preserves the semantics of
both scenarios and goals.

So-called maybe traces are extracted from this MTS and submitted for
classification by the user (we call them “maybe queries” in the sequel). Such
traces denote system behaviors that do not violate safety properties but were
not explored in the scenario specification. Accepted traces denote missing
scenarios in the specification whereas rejected ones help identifying missing
safety properties.

In terms of our formal framework, maybe queries belong to the following
set: (

Σ∗ \ L−(Goals)
)
\ L+(Scenarios) (8.1)
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that is, the set of system behaviors that are not explicitly rejected by goals,
excluding those already required by scenarios.

When all goals denote safety properties, this language is regular and can
be captured through standard automata. Our toolset could therefore be
complemented with this interactive synthesis technique.

Even though they rely on a form of scenario question, the approach
from Uchitel et al. is not equivalent to our inductive synthesis approach. In
particular, no generalization of scenario behaviors occurs in [Uch07, Uch09].

Their approach actually raises questions about the convergence of the
underlying elicitation process. Let us assume that we know the expected
target system. Let T denote an hypothetical state machine capturing the
system behaviors. Multiple scenarios tend to cover overlapping paths of T .
However the coverage of each scenario is intrinsically incomplete in terms of
event-continuations of T states. When these scenarios are captured through
a trace-preserving transition system S, some of its states are trace-equivalent
with respect to the target system, but are not equivalent in S. The latter
tends to grow when new scenarios are added since no state merging occurs.
If T grows, new questions appear and the process might be diverging. This
phenomenon seems independent of the kind of transition system used to
capture behaviors, e.g., LTS, MTS, or standard automata. Indeed, all these
automaton flavors have their equivalence relation defined in terms of state
continuations.

To sum up, as we understand it, [Uch09] offers no guarantee for the
convergence of L+(Scenarios) towards the behaviors of the composed system
L(Ag1 ‖ . . . ‖ Agn). As a consequence, even if the safety properties converge
towards an adequate set capturing all counterexamples of desired system
behaviors, it seems to us that the language characterized by (8.1) will never
get empty.

In contrast, under the same conditions where the target system is as-
sumed to be known, grammar induction provides guarantees of convergence
towards the target machine T if the input scenario collection is sufficiently
growing [Onc93] (see Chapter 4.2). In particular, the identification-in-the-
limit framework guarantees that, when its input is rich enough, RPNI in-
duces the target system1. Moreover, the available domain knowledge, goals
in particular, enrich their input.

These observations open interesting perspectives for future research. The
two approaches seem indeed complementary. In particular, L(System), the
language of the system LTS induced with RPNI, tends to converge towards

1We restrict our attention to RPNI instead of QSM or ASM here to avoid mixing two
different kinds of scenario questions in the discussion.
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L(Ag1 ‖ . . . ‖ Agn). In other words, maybe queries from the language(
Σ∗ \ L−(Goals)

)
\ L(System)

appear promising as an elicitation technique, à la [Uch07, Uch09], but then
with a convergence criterion.



Chapter 9

Conclusion

Models play a significant role for elaborating requirements and exploring
designs of software systems. They help abstracting from multiple details
in order to focus on key aspects of the target system. Complex systems
should be captured through multiple models. Each of these focusses on
particular facets of the system along its intentional, structural, operational
and behavioral dimensions.

Building high-quality models for software systems is not an easy task. To
play a significant role, models should adequately represent the essence of the
target system; they should be complete enough to capture all its pertinent
facets; they should be precise when taken in isolation; they should also be
consistent with each other.

This thesis investigated model synthesis as a promising approach for
building high-quality models meeting those requirements. Our model syn-
thesis techniques were articulated along two main dimensions:

Vertical synthesis yields the operational semantics of high-level models
by deriving lower-level ones. This kind of synthesis makes high-level
models amenable to formal analysis.

Along this dimension, the thesis defined an operational semantics
for guarded high-level Message Sequence Charts (g-hMSC), a pro-
cess modeling language used for capturing critical processes involv-
ing decisions [Dam11]. This semantics is defined through guarded la-
beled transition systems (g-LTS); synthesis algorithms were described
to derive g-LTS from g-hMSC, and to derive pure event-based LTS
from g-LTS. The intermediate g-LTS language proves convenient for
avoiding state explosion and for enabling a variety of analyses at that
level [Dam11] The implementation of a model-checker for g-hMSC was
also described; it adapts a compositional LTS technique borrowed from
[Gia03].

181
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Horizontal synthesis yields missing model fragments in multi-view mod-
els. It uses the rules of inter-model consistency to produce or complete
model fragments from the other views.

Along this dimension, the thesis showed how grammar induction meth-
ods can be adapted to synthesize state machines from scenarios that
illustrate examples and counterexamples of desired system behavior.
Our technique interacts with an end-user who accepts or rejects addi-
tional scenarios generated by the synthesizer. Declarative properties
such as goals were seen to be an effective way of constraining the
induction process so as to avoid undesired system behaviors. The in-
duction space may be pruned thanks to such knowledge, resulting in
a faster process, a reduced number of user interactions and a guar-
anteed consistency of the synthesized state machines with respect to
such knowledge.

The model synthesis techniques proposed in the thesis aim at supporting
the incremental building of system models and thereby the exploration of
requirements and system designs. This objective is met in different but
complementary ways.

• Vertical synthesis enables model analysis which in turn proves very
effective for systematic model building.

The operational semantics of g-hMSCs paves the way for systematic
construction through model analysis. The thesis proposed a model-
checking procedure for process models. In addition, it enables a variety
of analyses detailed in [Dam11].

The potential benefits of such model building approach is illustrated
with the Gisele process model analyzer described in Section 7.3. This
tool has been successfully used for modeling real, safety-critical care
processes.

• Horizontal synthesis achieves similar objectives but in a constructive
way.

Our inductive synthesis technique provides flexible and effective sup-
port for behavior model building. It requires only a few scenarios in
the first place but also supports structured forms of scenarios in in-
put. In addition to synthesizing state machines that are consistent
with the input scenarios, the technique calls for the identification of
state variables and goals. It allows the initial scenario specification to
be iteratively completed with new examples and counterexamples of
system behavior.

Our approach is supported by the ISIS tool, described in Section 7.2.
Its effectiveness has been assessed through various evaluations, both
on case studies and on synthetic datasets (see Chapter 5).
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As illustrated in the thesis, our specific analysis and synthesis techniques
already prove effective for model building when taken in isolation. However,
their strengths appear even more clearly when they are combined in an
integrated environment. This has been observed when using the ISIS tool
on case studies. In addition to inductively synthesizing state machines from
scenarios, the tool may infer goals from scenarios, decorate synthesized state
machines with state invariants, and perform various consistency checks. A
similar effect has been observed in the Gisele toolset which integrates a
variety of analyses on process models – see [Dam11] for a convincing case.

9.1 Summary of technical contributions

The contributions of the thesis are summarized below along the horizontal
and vertical dimensions of model synthesis.

Horizontal synthesis

• The thesis proposed an interactive procedure for synthesizing agent
state machines from positive, negative and structured forms of scenar-
ios. This procedure adapts grammar induction techniques for gener-
alizing scenario behaviors. It is interactive with an end-user in the
loop who classifies additional scenarios as positive or negative exam-
ples of system behavior. As a side effect, our technique can be used
for scenario elicitation.

• A technique was presented for pruning the induction search space.
This technique allows injecting various sources of system knowledge
into the synthesis process. It was instantiated to integrate fluent defini-
tions, models of legacy components, and goals and domain properties.
The pruning technique guarantees the consistency of the synthesized
state machines with all such knowledge. It also significantly speeds up
the induction process and reduces the number of user interactions.

• Our inductive synthesis technique is supported by a tool. This tool
further integrates various checks for the consistency of scenarios, state
machines and goals together with a technique for inferring safety prop-
erties from scenarios [Dam11].

• The techniques and tools were evaluated on case studies and synthetic
datasets. In the latter case, a novel evaluation protocol for inductive
model synthesis has been proposed and ran as a formal competition
on the Internet.



184 Conclusion

Vertical synthesis

• The thesis provides a formal semantics for the g-hMSC process model-
ing language in terms of g-LTS. g-LTS are a kind of labeled transition
systems allowing events or guards on transitions. They have a trace
semantics in terms of pure LTS together with dedicated composition
and hiding operators.

• Two synthesis algorithms were proposed to derive g-LTS models from
g-hMSC models and then pure event-based LTS models from g-LTSs.
Those algorithms were shown to make decision-based process models
amenable to a variety of analyses.

• The implementation of a model-checker for g-hMSC and g-LTS was
also discussed. Moreover, the thesis discussed the architecture and
important design decisions in the implementation of another toolset
aimed at analyzing mission-critical process models.

9.2 Open issues and perspectives

This section lists some open issues with our techniques and discusses a few
perpectives for future work.

Incremental building of multi-view models

For incremental model building to converge towards the desired system
model, we need to assume that the latter actually exists, at least theo-
retically. This is arguable, since the system is unknown. During model-
ing, different alternatives are explored; some design decisions are rejected
whereas others are selected on the way towards a better model.

In practice, this means that system modeling is a highly non linear, trial-
and-error process. Model refactoring techniques seem therefore important
to complement synthesis and analysis techniques. The availability of all of
such techniques in integrated environments would support a more effective
exploration and design process.

For example, a modeling bottleneck in the ISIS tool is the lack of support
for scenario refactoring. This may prevent some design explorations and may
even hurt the modeling process when such refactoring is required – due to
the presence of negative implied scenarios for example. If such refactoring
were to be formally supported, our synthesis technique would allow the
user to effectively rebuild state machines from refactored scenarios. The
investigation of the intertwined usage of refactoring, synthesis and analysis
techniques is thus an interesting perspective for additional support.
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This raises the question of what makes user guidance effective in an
environment integrating multiple techniques. As discussed in Chapter 7,
the ISIS and Gisele tools differ in the way such guidance is implemented. In
the former case, the available techniques and analyses are made contextually
available and executed on demand. In the latter case, the analyses run in
the background; real-time feedback is provided as the user navigates through
the process model. Both approaches were shown to present advantages and
drawbacks.

Convergence and scalability of the synthesis process

Our choice of grammar induction for incremental state machine synthesis
is partly motivated by the convergence criterion it provides towards ade-
quate models of the target system (see Section 4.7). The soundness of such
theoretical convergence has been argued to be required for the synthesis of
behavior models from both scenarios and goals (see Section 8.3.2). As dis-
cussed in Section 4.7, work remains to be done to root our ASM∗ algorithm
on such a sound theoretical framework.

Even if convergence guarantees are provided, QSM raises an issue about
the number of scenarios submitted for classification by the end-user. As
seen in the experiments, additional knowledge such as fluent definitions and
goal specifications help reducing the number of questions to be rejected.
However, the number of accepted scenarios does not similarly reduce. This
may lead to a scalability problem for interactive synthesis on very large
models.

One way to tackle this problem would be to explore new ways of inter-
acting with the user. The latter might for example ask to terminate the
induction process earlier. The visual inspection of generated state machines
would yield a form of equivalence queries. Otherwise, we might investi-
gate ways of mitigating the lack of user control by injecting further domain
knowledge or automating the oracle (see e.g., [Wal07]).

Lack of knowledge and classification errors

One difficulty with incremental system modeling is related to the lack of
system knowledge. When using the interactive feature of QSM for example,
the user might be faced with a scenario question for which she does not have
a clear classification answer. In such situation, “don’t know” answers are
worth investigating. Another approach would consist of allowing the end-
user to defer some scenario questions so that they can be answered later as
more system knowledge is being gained.
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An open issue related to the previous one is the robustness against possi-
ble misclassification of scenario questions by the end-user. Traditional ways
of dealing with noisy inputs include probabilistic learning methods. Such
methods could be adapted in our context, especially in presence of multiple
stakeholders.

Multi-view modeling actually provides another way of dealing with clas-
sification errors. For example, domain knowledge and goals may help de-
tecting and/or correcting such mistakes. Indeed, misclassification typically
leads to consistency checks failing if domain properties and goals are avail-
able. Those failures can be effectively fixed provided they are detected soon
enough. Once again, a better integration of model analysis and model syn-
thesis techniques might prove very useful here.

Implied scenarios

The potential nuisance of implied scenarios has been discussed in Section 4.6.
Implied scenarios occur when a distributed system is designed globally while
implemented component-wise. In our framework, problematic implied sce-
narios are system behaviors correctly rejected by the system synthesized
globally, as required by a goal for instance, but exhibited in the system
when individual agent state machines are composed.

Existing techniques, such as [Uch04], might be adapted to our framework
in order to detect implied scenarios and submit them as additional scenario
questions to the end-user (see Section 8.2.3). Even with the availability
of such a detection technique, implied scenarios still raise important open
issues.

• The presence of negative implied scenarios requires refactoring of the
system decomposition and agent interfaces. An important issue with
implied scenarios is the lack of systematic guidance and scenario refac-
toring techniques to eliminate them.

• Another important problem occurs when we don’t know whether an
implied scenario should be accepted or rejected. This is related to the
problem of lack of knowledge previously discussed. Implied scenarios
whose status is unclear stay potentially harmful until a decision is
made about them.

• The late discovery of harmful implied scenarios may be due to an
inadequate use of the multi-view modeling framework or to weaknesses
of the formal framework itself. For example, our definition of negative
scenario borrowed from [Uch02] should probably be revisited. Indeed,
such scenarios define negative system traces only; in particular, they
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do not define a negative trace in the state machine of the agent that
sends the proscribed event. In other words, negative scenarios do not
capture a restriction on the behavior of a single agent. Similarly, goals
are considered system-wide. Considering only goals that are realizable
by at least one agent is often sufficient to avoid related implied scenario
problems in the first place.

While those restrictions and open issues might limit the applicability
of our techniques in specific cases, they also pave the way for numerous
improvements and research in multi-view model synthesis.
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[Mak01] Makinen, M. and Systä, T. MAS – an interactive synthetiser
to support behavorial modeling in UML. In 27th International
Conference on Software Engineering, 2001.

[Man71] Manna, Z. and Waldinger, R.J. Toward automatic program syn-
thesis. Commun. ACM, 14:151–165, March 1971.

[Man92] Manna, Z. and Pnueli, A. The temporal logic of reactive and con-
current systems. Springer-Verlag New York, Inc., New York, NY,
USA, 1992.

[Man02] Manolescu, D.A. Workflow enactment with continuation and fu-
ture objects. In Proceedings of the 17th ACM SIGPLAN con-
ference on Object-oriented programming, systems, languages, and



BIBLIOGRAPHY 197

applications, OOPSLA ’02, pages 40–51, New York, NY, USA,
2002. ACM.

[Mar10] Martin, F. Domain Specific Languages. Addison-Wesley Profes-
sional, 1st edition, 2010.

[Mid00] Middleton, S. and Roberts, A. Integrated care pathways: a prac-
tical approach to implementation. Butterworth-Heinemann, 2000.

[Mil89] Milner, R. Communication and concurrency. Prentice-Hall, Inc.,
Upper Saddle River, NJ, USA, 1989.

[Mil02] Miller, R. and Shanahan, M. Some alternative formulations of the
event calculus. In Computer Science; Computational Logic; Logic
programming and Beyond, pages 452–490. Springer, 2002.

[Mit80] Mitchell, T.M. The Need for Biases in Learning Generalizations.
Technical report, Rutgers Computer Science Department, May
1980.

[MK99] J. Magee and J. Kramer. Concurrency: State Models and Java
Programs. Wiley, 1999.

[Mue00] Muehlen, M. and Rosemann, M. Workflow-based process moni-
toring and controlling &#190; technical and organizational issues.
In Proceedings of the 33rd Hawaii International Conference on
System Sciences-Volume 6 - Volume 6, HICSS ’00, pages 6032–,
Washington, DC, USA, 2000. IEEE Computer Society.

[Myl92] Mylopoulos, J. and Chung, L. and Nixon, B. Representing and
using nonfunctional requirements: A process-oriented approach.
IEEE Trans. Softw. Eng., 18:483–497, June 1992.

[Obj04] Object Management Group. The uml 2.0 superstructure specifi-
cation. Specification Version 2, Object Management Group, 2004.

[Obj08] Object Management Group. Business Process Modeling Notation,
v1.1. Technical report, Object Management Group, 2008.
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