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Abstract

Automated planning in hybrid domains is a topic that is gaining significant
research interest. Hybrid representation is needed in real-world applications
involving both continuous and discrete aspects. However, the hybrid nature
of such problems poses a serious challenge to existing planning approaches, as
the traditional focus of the research community is on classical domains with
discrete actions. State-of-the-art domain-independent planning systems excel
in dealing with discrete variables, boolean aspects, and discontinuities, how-
ever, reasoning about the continuous numeric change, which is an essential el-
ement of a hybrid domain, can be particularly challenging for them. The field
of control systems engineering, on the contrary, focuses on modelling and con-
trolling dynamical processes with continuous numeric changes, but struggles
in the presence of discrete changes.

In this thesis, we present a framework for domain-independent planning with
hybrid domains. It is based upon the idea of combining the complementary
strengths of automated planning and control theory for solving PDDL+ hy-
brid planning problems. The Model Predictive Control technique from the field
of control theory has been employed in the planning framework for guiding
the forward search process for the continuous part of the hybrid domain. The
Model Predictive Control proposes an optimal trajectory, possibly constituted
by the system due to continuous processes. It is utilised as a guide for the for-
ward search by the planner, which uses the classical planning techniques for
reasoning about the discrete elements of the hybrid domain.

Experimental evaluation, using a large set of problem instances from a range of
benchmark domains, demonstrates the effectiveness of the proposed planning
approach. Empirical analysis shows that the proposed approach can drasti-
cally reduce the planning time and outperform state-of-the-art planning sys-
tems, particularly in the cases of domains involving processes with coupled

equations and variable rates of change.
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Chapter 1

Introduction

1.1 Overview

Planning is an explicit deliberation process that reasons about the actions and
their sequence by considering their expected outcome to achieve the desired
objectives. Automated Planning, a branch of Artificial Intelligence (Al), is the
computational study of this deliberation process. Formally, Automated Plan-
ning is the problem of finding a partially or totally ordered set of actions, from
a knowledge base of action model, whose execution from the initial state leads
to the desired goal state (Ghallab et al., 2004). The action model, which con-
tains the encoded knowledge relevant to a particular problem is usually called

a domain model.

The simplest form of planning problem is a classical planning problem, where
the system or the environment is static, deterministic and fully observable with
a finite number of possible states. In classical planning, the atoms are predi-
cates, and every action is considered instantaneous, i.e. its effect on the envi-
ronment is immediate. Numeric planning is an extension of classical planning,
which allows numeric variables in the domain model. Another extension to
classical planning is temporal planning. Unlike classical planning, where ac-
tions have instantaneous effects only, temporal planning also considers actions
of durative nature. Durative actions are the ones which take some time to com-
plete their execution. A more complex form of planning problems is planning
with the hybrid domains. The hybrid planning domains are the ones that in-
volve both boolean and numeric variables, as well as discrete actions and the

processes representing continuous numeric change.
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Real-world planning problems commonly require reasoning with numeric re-
sources, and these numeric quantities are generally associated with continu-
ous processes, represented by complex differential equations. The existence of
boolean and numeric entities, as well as discrete and continuous change, clas-
sifies most of the real-world systems as hybrid systems. One of the features
which makes planning with the hybrid domain one of the most challenging
problems of Al planning, is the presence of continuous update processes. It is
impractical to apply conventional classical planning approaches to continuous
numeric change, as they may produce an infinite number of states to search
from. The discretisation of the continuous numeric change is one of the ap-
proaches to circumvent this problem. However, for a good approximation of
the actual continuous change, very fine granularity of discretisation is required,
which still leads to an enormously large state space. Therefore, to reduce the
time for searching and to avoid the state explosion, it is desired to have a very
strong heuristic to guide the search.

This research work presents a general domain independent planning approach
for the hybrid domains. The planning framework presented in this thesis ex-
ploits the Model Predictive Control (MPC) technique from the field of Control
Systems Engineering. MPC generates a sort of heuristic, which remarkably im-

proves the efficiency of the planning process.

1.2 Motivation

Classical planning systems have evolved considerably over time. Various ap-
proaches to find the heuristic have been introduced and matured. The plan-
ning systems at the state-of-the-art are quite efficient while dealing with plan-
ning problems involving discrete variables, boolean aspects, and discontinu-
ities. However, reasoning with the continuous numeric change, which is an
essential element of hybrid domains, is still a bottleneck for the research com-
munity, as the conventional heuristic methods do not conform with the contin-

uous numeric change.

In contrast with automated planning, control systems engineering is all about
continuous dynamic systems. Control systems engineering has developed and
matured multiple techniques to control continuous processes (Kuo, 1987; Kalman,
1963). Control theory has excelled in the field of optimisation as well. There
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is a well-established field of Optimal Control (Naidu, 2002). The control sys-
tems techniques are efficient while dealing with the processes with linear and
coupled equations and can produce optimal solutions. However, it is beyond
the scope of control theory to deal with every aspect of hybrid domains. The
strengths of automated planning and control theory techniques in their respec-
tive realms raise the possibility of combining them for better dealing with hy-

brid systems.

This research aims to integrate state-of-the-art control systems techniques in
Al planning, in order to make an efficient domain independent planning sys-
tem for PDDL+ that can reason with real-world problems, having continuously
changing process in addition to the discrete variables in hybrid domains. This

thesis searches for the answer to the questions:

e How can control theory be used in domain-independent hybrid auto-
mated planning?

e How can control theory techniques be incorporated in domain-independent

hybrid planning engines?

e What is the impact of control theory on state-of-the-art hybrid planning

engines?

In an attempt to answer these questions, a framework for domain-independent
planning with hybrid domains has been developed and is presented in this the-
sis. It combines the strengths of automated planning and control theory for
solving PDDL+ hybrid problems. The Model Predictive Control (MPC) tech-
nique from the field of control theory has been employed in the planning frame-
work for guiding the search process for the continuous part of the hybrid do-
main. More specifically, MPC traces an optimal trajectory, possibly constituted
by the system due to continuous processes. It is utilised as a heuristic by the
planner that has a broader view of both continuous and discrete elements of

the planning problem.

This thesis can be viewed as a step towards bridging the gap between task plan-
ning and motion planning. It is also a step towards merging the planning and
the execution layers in Al applications. The coupling of the framework pre-
sented in this thesis with continuous re-planning may help eliminate the need
for a control algorithm at the plan execution layer.
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1.3 Contribution of Thesis

To the best of the author’s knowledge, prior to this work, there is no domain-
independent planning system for PDDL+ hybrid domains, which leverages
control systems techniques. The summary of the key thesis contributions to
the subject area is as follows:

e Investigation of the characteristics of control systems engineering and hy-

brid planning.

e Design and development of a framework to exploit control systems ap-
proaches for domain-independent automated planning for PDDL+ hybrid

domains.

e Design and development of an innovative technique to identify suitable
heuristics to be used in the proposed framework.

o Theoretical classification of hybrid domain models according to the appli-
cability of the proposed framework.

e Experimental validation of the framework on a large set of PDDL+ hybrid

benchmark domains.

It is expected that contributions of this novel research will attract more re-
searchers towards the subject area of planning with hybrid domains and the
research work presented in this thesis will be reused by the research commu-

nity in the future research.

1.3.1 Publication

The following publication has arisen from the research detailed in this thesis.

“A General Approach to Exploit Model Predictive Control for Guiding Auto-
mated Planning Search in Hybrid Domains”

Bhatti F, Kitchin D, Vallati M. In 39th SGAI International Conference on In-
novative Techniques and Applications of Artificial Intelligence (pp. 139-145),
Springer, Cham, 2019

Contribution of the candidate: I performed all the research and wrote the en-
tire manuscript with minor input and editorial changes from my co-authors. It

is indicated where text from this publication has been reproduced in this thesis.



1.4. Thesis structure and Highlights 5

We are working on a more extensive and comprehensive journal paper version
of this work.

1.4 Thesis structure and Highlights

This section gives the detail about how the remainder of the thesis is structured.

Chapter 2 presents the necessary background that lays the basis of the research
presented in this thesis. The chapter is divided into three parts. The first part ex-
plains the basic concepts of automated planning and the language to represent
planning domains and its evolution. It also discusses the general approaches
used for automated planning and state-of-the-art planners for automated plan-
ning for PDDL+ hybrid domains. The second part of the chapter introduces
Automatic Control Systems as a branch of engineering. It explains some basic
concepts and the important terminologies, which are commonly used in control
systems engineering. The third part of the chapter gives a brief review of the

research works that are of very relevant to the one presented in this thesis.

Chapter 3 explains Model Predictive Control as a branch of control systems
engineering in detail. The basic philosophy behind the MPC and the features
which distinguish it from other control strategies and make it a superior control
technique, has been explained. The chapter further explains why this particu-
lar control technique is suitable to use in Al planning. In the later part of the
chapter, detailed mathematical foundations are provided.

Chapter 4 provides the detail of the implementation of MPC in automated plan-
ning for hybrid domains. The continuous numeric aspects of hybrid domains
are discussed, in chapter 4, which includes the types of continuous process and
the classification of hybrid domains. The explanation of how a PDDL+ domain
is translated to something which MPC can understand is also given. Finally, the
different modules of the system and the inner working of individual modules
is discussed.

Chapter 5 presents the details of the experiments performed on different bench-
mark domains and their results. It includes the details of benchmark domains
used in the experimentation. It also explains the plant creation for individ-
ual domains. Finally, the results of the experiments over multiple problem in-
stances of the benchmark domains, in comparison with three other state-of-the-
art PDDL+ planners are presented.



6 Chapter 1. Introduction

Chapter 6 Concludes the thesis. It provides a summary of the thesis and dis-
cusses the objectives achieved during this research. It also provides the limita-
tions of the developed framework and the plans for the future extension of this

research work.



Chapter 2
Background

This chapter presents the necessary background that lays the basis of the re-
search presented in this thesis. The chapter is divided into three parts. The
tirst part explains the basic concepts of automated planning and the language
to represent planning domains and its evolution versions. The chapter also dis-
cusses the general approaches used for automated planning and state-of-the-art
planners for automated planning for hybrid domains. The second part of the
chapter introduces Automatic Control Systems as a branch of engineering. It
explains some basic concepts and the important terminologies, which are com-
monly used in control systems engineering. In the third part a brief review is
provided about the research work, closely related to the one presented in this

thesis.

2.1 Automated Planning

The ability to identify and select the appropriate activity and to project for-
ward the consequences of executing the activity is fundamental to both human
and intelligent agents alike. The term planning refers to this particular property,
which is an integral part of intelligent behaviour. Automated Planning is a form
of general problem solving. It is the deliberation process that reason about the
actions and their sequence, to transform an initial state of a system or environ-
ment into a desired goal state. The transition from the initial state to the goal
state may require the system to go through one or more states. The successor
states generated are the effects of appropriately chosen actions performed on

predecessor states.
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A planning engine needs to reason about what actions to apply and when to ap-
ply. The common planning languages rely on the notions of knowledge models
being provided in the form of a domain model and problem model. The domain
model carries the application knowledge about the actions. The problem model
comprises the reference to the domain model and a description of the initial
state, involved objects and desired goal. The output of the planning process is
referred to as a solution plan.

Automated Planning have been applied in a wide range of disciplines includ-
ing robotics and autonomous vehicles (Capitanelli et al., 2018; Kvarnstrom and
Doherty, 2010; Menze and Geiger, 2015), transport logistics (Davidsson et al.,
2005), computer games (Naveed et al., 2012), network security penetration test-
ing (Hoffmann, 2015), urban traffic management (McCluskey and Vallati, 2017),
battery load management (Fox et al., 2012), calibration of machine tools (Parkin-
son et al., 2012), spacecraft mission planning (Chien et al., 1999), planetary lan-
ders like NASA’s Mars Rover (Sherwood et al., 2001) and many more.

211 Planning Frameworks
2.1.1.1 Classical Planning

The formalism proposed by McCarthy and Hayes as situation calculus (Mc-
Carthy and Hayes, 1969) is considered as the very first approach towards clas-
sical planning. It is based on the first order logic, which uses quantifiable vari-
ables. Their work formalised the concept of situation, fluent, future operator,
action, strategy, result of a strategy and knowledge. This framework enhanced
the power of logical representation, which made it possible to model a complete
planning problem and subsequently find their solution.

Formally, classical planning can be defined as a process to find a partially or
totally ordered sequence of actions, which transforms the static, determinis-
tic and fully observable environment from an initial state to the desired goal
state (Ghallab et al., 2004). Being static, deterministic and fully observable are
the assumptions for an environment in classical planning. An environment or a
system being static means it has no internal dynamics, i.e. unless the controller
of the system applies a deliberate action, the state of the systems stays the same.

A deterministic environment means the outcome of every action, if applicable
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at any state, is always predictable. A fully observable environment is the one

where every state is observable or measurable.

Planning Domain Model A planning domain model is the knowledge base
relevant to a particular planning problem. It is defined by sets of predicates,
available actions, and the involved objects. Formally, a classical planning do-
main model Dom can be defined by the tuple (Prd, T, O,, a), where:

Prd is a set of predicates.

T is set of types defined for objects.

O, is a set of constant objects.

« is a set of action schemata. Every action schema a € «, is a tuple
a = (pre(a),eff(a),Q)), where:

pre(a) is a set of predicates representing preconditions of 4, which is
the description of the circumstances in which a can be applied.

eff(a) represents the effect on the state of the environment if a is
applied. It is a set of predicates from Prd, assigned with the ).

() is the sequence of objects from O, or the variable objects from T.

Considering s € &, where S is the set of all the possible states of environments,
a state s is a sequence of atomic propositions. An action a is applicable in a
state s if and only if pre(a) C s and the application of a in s results in a state

(s \eff(a)).

Planning Problem A planning problem is a statement, given to the planning
engine in order to find a solution plan. A planning problem is a combination
of the domain model, involved objects, the initial state of the environment and
the desired goal. Formally, a classical planning problem Prob can be defined as
a tuple (Dom, Oy, I, G), where:

Dom is the description of domain model.

Oy is the set of typed objects.

I is the initial state of the environment.

G is the set of goal conditions, which is a sequence of atomic propositions.
A set of goal states S; C Sis givenby S = {s € S | G C s}
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Solution Plan A solution plan 7 is a solution to a planning problem Prob,
which a planning engine tries to find. It is a sequence of actions, such that
the successive application of actions in 7, results in a state of the environment
that satisfies the goal G. It is a structured collection of actions, such that the
preconditions for the application of the first action in the plan are satisfied in the
initial state, and the preconditions of following actions in the sequence should
be satisfied in the corresponding intermediate states. A plan is correct, when the
effects of final action in the plan result in a state which satisfies goal conditions.
Let T = (ay,ap,...a,) is solution plan, then 7t is considered applicable when
pre(a;) C I'and pre(ay) C (I\ eff(a1)) and so on. A solution plan will be valid
ifeff(ay) C sy, wheres, € Sgand G C s,.

2.1.1.2 Domain Definition Language for Classical Planning

Stanford Research Institute Problem Solver (STRIPS) language is a planning
domain representation language used for the automated planner with same
name. It was developed by Richard Fikes and Nils Nilsson in 1971 at Stan-
ford Research Institute International (Fikes and Nilsson, 1971). It is based on
propositional logic, which is the base for most of the languages, in use today,

for encoding automated planning problems.

The Planning Domain Definition Language (PDDL) was introduced by Drew
McDermott (McDermott et al., 1998) with the aim to have a single common
language for representation of domains in First International Planning Compe-
tition in 1998 (IPC-98). It is an action centred language, based on First Order
Logic (FOL). PDDL is being widely used in Al planning community and has
become a de facto standard language for domain model representation. Since

its introduction, PDDL has been evolved with every planning competition.

PDDL 1.2 This standard version of PDDL was introduced in the 1st IPC and
was the official language of 1st and 2nd IPCs. PDDL 1.2 is suitable for clas-
sical planning only. It separates the planning problem into two parts, the do-
main model description and the problem specification. The domain model description

is a knowledge base, relevant to the planning problem and contains elements
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that are common for every problem specification (problem instance). The prob-
lem specification includes elements only specific to a particular planning prob-
lem. Therefore, several problem specifications can be connected to a single domain

model description.

The domain model description of PDDL 1.2 is similar to the one given in sec-
tion 2.1.1.1. It includes definitions of object types, constant objects, predicates
and the definitions of actions. Actions are operator schemata, defined with pa-
rameters that are variables and are grounded with the constant or typed objects
during the execution. Every action has preconditions and effects. The problem
specification or a problem instance of PDDL 1.2 consists of the information of
the relevant problem domain, the definition of the typed objects, the initial state
and the description of the goal state. With these features, the PDDL 1.2 was able

to model the static, deterministic and fully observable discrete environment.

2.1.1.3 Numeric Planning

The real-world planning scenarios often include numeric quantities in addition
to the boolean variables. Simple classical planning does not have a provision
to represent and manipulate these numeric variables. The lack of expressive
power of classical planning led to the development of numeric planning. In
the numeric planning approach, the numeric values are represented as discrete
variables in domain representation. The actions can have preconditions ex-
pressed in terms of these numeric variables. The values of numeric variables

can be updated in post-effects of actions.

The numeric planning approach also introduces the use of the numeric optimi-
sation function as part of the planning problem description. The numeric cost
function is usually the total time of execution of the plan but it can be any other

numeric quantity of the domain.

2114 Temporal Planning

Temporal planning is the extension of classical planning by considering time ex-
plicitly. In classical planning, all the action are considered instantaneous. Their
effects on the environment are immediate. In real-world situations, not all ac-
tions have instantaneous effects. An action can be durative in nature, which

means the execution of action takes some time and therefore, the effects of the
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actions are not instantaneous. The durative nature of actions also creates the
possibility of execution of several actions being overlapped. Scheduling of ac-

tions is critical in planning with temporal domains.

2.1.1.5 Domain Definition Languages for Numeric and Temporal Planning

Temporal planning and numeric planning are extensions of classical planning.
It is the result of serious efforts of the planning community to exploit automated
planning for the solution of real-world problems, which involve resources asso-
ciated with numeric quantities, e.g. time, volume, energy etc. (Fox and Long,
2003). This trend of applying Al planning for the solution of real-world prob-
lems and the advent of numeric and temporal planning concepts gave rise to a
demand for a more expressive domain definition language, so that the planning
problems containing numeric resources and time as manipulative factors could

be modelled more accurately.

PDDL 2.1 This version of PDDL (Fox and Long, 2003) was presented in the
3rd IPC and was its official language. PDDL 2.1 made several improvements to
the previous version. The most notable feature of PDDL 2.1 is numeric fluents.
The introduction of numeric fluents means that it became possible to model the
resources with numeric quantities such as time, energy, volume, distance etc.
The addition of numeric fluents made it possible for the state of the environ-

ment to include the numeric quantities.

In PDDL 2.1, the numeric fluents can be used in both preconditions and effects
of the actions. In preconditions, numeric fluents are used in binary comparative
relations using comparators ( <, >, =, <=, >=) between fluents and numeric
literals. A numeric fluent can be manipulated in the effects of the actions with
the help of assignment operators ( assign, increase, decrease, scale-up,

scale-down ) and the binary arithmetic operators ( +, -, /, * ).

The other most important improvement is the introduction of durative actions.
Durative actions, unlike classical instantaneous actions, could have variable,
non-discrete lengths. They are also allowed to represent time and to have con-
tinuous numeric update effects during their time of execution. The precondi-
tions of a durative action are annotated with at start, over all and at end,
for explicitly specifying when a particular condition must hold. Similarly, the
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instantaneous effects of a durative action are temporally annotated with at

start, over all and at end.

The third important feature, which was introduced in PDD 2.1 is the plan met-
rics. Plan metrics are associated with the optimisation of the plan. They provide
the basis on which the plan can be evaluated. A plan metric can be a single nu-
meric fluent or an arithmetic expression can be used to specify the plan metric
to be minimised or maximised. With the introduction of the above mentioned
features in PDDL 2.1, it became possible to model and represent many real-
world planning problems to find their solution, which was not possible with

the earlier versions of PDDL.

PDDL 2.2 This version of PDDL (Edelkamp and Hoffmann, 2004) was the of-
ficial language of the deterministic track of the 4th IPC in 2004. It came with
the extension of two new features of Derived Predicates and Timed Initial Liter-
als into the earlier version. The Derived Predicates allowed the modelling of
transitive dependency;, i.e. if fact X depends on Y and Y depend on Z then X
depends on Z. More specifically, they deal with the situation where the possi-
bility of a proposition becoming true or false is based on the truth value of other
propositions. Their implementation is based on if-then rules. For example, it
is now possible to express, “If Adam is a first-year engineering student at the
University of Huddersfield and all first-year engineering students at the Uni-
versity of Huddersfield study Mathematics, then Adam studies Mathematics at
the University of Huddersfield”.

Timed Initial Literals (TILs) were introduced in PDDL 2.2 for the expression
of predictable exogenous events, which are not under the direct control of the
executive. They happen at a given time (initially specified), independent of the
plan execution. TILs are outside the control of the executive but are always

known in advance and so are predictable.

PDDL 3.0 PDDL 3.0 (Gerevini and Long, 2005) was introduced in the 5th
IPC as the official language of the deterministic track. It allows the user to
differentiate and define hard constraints (state-trajectory constraints) and soft
constraints (preferences) in the form of logical expressions for plan structure.
State-trajectory constraints must be true during the execution of a plan and
preferences need not always be true but if they are true, the quality of the plan
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is increased. This extension in the language increased its expressiveness and

enabled planners to care for the optimality and quality of the plan.

PDDL 3.1 Introduced in 2008 for 6th IPC, PDDL 3.1 (Helmert, 2008) remains
the official language for the deterministic track of all planning competitions
from IPC-08 and onwards. In this version the idea of Object Fluent was pre-
sented, which is similar in nature to the numeric fluent of PDDL 2.1. Object
fluent can map a tuple of objects to the other object of the problem. This small
addition enormously increased the expressive power of PDDL.

2.1.1.6 Planning with Hybrid Domains

The solution to a real-world planning problem commonly requires reasoning
about numeric quantities like time and numeric resources. In many instances,
these numeric resources are related to some continuous processes which can
continuously affect their values. The movement of an object in 3-D space, con-
sumption of fuel, state of the charge of a battery and temperature etc. are the
quantities that change continuously with time. It is inadequate to model such
processes using only instantaneous or durative actions. Additionally, these
processes are generally part of an overall, larger system, which features both
continuous and discrete behaviours. In problems like chemical plant opera-
tion (Aylett et al., 2001), the control of an unmanned air vehicle (Léauté and
Williams, 2005) and the coordination of the activities of a planetary lander (Blake
et al., 2004), reasoning about continuous changes is crucial for the planning
process. However, these problems also incorporate discrete changes. The pres-
ence of both boolean and numeric resources, as well as discrete and continuous
changes, classifies these systems as hybrid systems. The existence of continu-
ously changing resources and their relations with the boolean resources, make
a hybrid system much more complex, both in terms of modelling and planning.
A predominant language used for encoding such hybrid domains, in the auto-
mated planning community, is PDDL+. This encoding language belongs to the
PDDL family of languages, which will be described in the next section.
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2.1.1.7 PDDL+

It is the common observation that there has always been a gap in the mod-
elling requirements of realistic problems and the expressive power of the avail-
able domain definition languages, despite some earlier successes (Drabble and
Tate, 1994; Ghallab and Laruelle, 1994; Labone and Ghallab, 1995; Penberthy
and Weld, 1994). The introduction of numeric fluents and durative actions in
PDDL 2.1 (Fox and Long, 2003), made it possible to model and represent many
real-world planning problems and to find their solution, which was not possi-
ble with the earlier version of PDDL. Although, PDDL 2.1 has the provision to

represent continuous change but still has its limitations.

PDDL+ (Fox and Long, 2002, 2006) is a variant and extension of PDDL 2.1 and
overcomes some of the limitations of PDDL 2.1 by providing a more flexible
model of continuous change. The PDDL+ formalism has more emphasis on
continuous numeric change within a process and made it possible to model
them more realistically. It introduced the concept of autonomous processes and
events, which is based on start-process-stop model, similar in nature to hybrid
automata (Henzinger, 2000). PDDL+ has the capability to model the discrete
and continuous behaviours in a domain. The start-process-stop model enables
it to express the temporal behaviour of a process of continuous change. Ad-
ditionally, PDDL+ has all the features required for the modelling of classical

domains.

In the following, a set of formal definitions of state, domain model, problem
model and plan related to PDDL+ hybrid planning problems are given, which

are used in this thesis.

State A state of the environment, related to a hybrid problem, is a combination
of boolean and numeric entities. Considering S a set of all possible states of a
hybrid environment, a state s € S is defined as s = (A, 7), where A is a set of
atomic propositions and 7 is a sequence of numeric values assigned to numeric

variables.

Domain Model A hybrid planning domain model Dom can be defined by the
tuple (T,O., A, N, a, E, P), where:

e T is set of types defined for variable objects.
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O, is a set of constant objects.

A is a set of predicates.

N is a set of numeric variables.

« is a set of action schemata, £ is a set of event schemata and P is a set of
process schemata. A transition schema y € «a U U P is a tuple

(pre(7y),eff(7v),Q), where:

— pre(vy) is the description of preconditions for 7, such that pre(y) =
prer(y) U pren(7y), where:
x prep(7y) is the set of predicates.

« pren(7y) is a set of conditions over the numeric variables.

— eff() represents the effect on the state of the environment if v is
applied. Itisaseteff(vy) = effL(y) Uef fn(v), where:
x ef f(y)r is a set of predicates from A, assigned with Q).
x ef f(y) is a set of numeric effects, each of with is an arithmetic

expression, assigned with ().

- () is the sequence of objects from O, or the variable objects from T.

Problem Model A hybrid problem model Prob can be defined as a tuple (Dom, Oy, 1,G),
where:

Dom is the description of domain model.

Oy is the set of typed objects.

I is the initial state of the environment.

G is the set of goal conditions, such that G = G U Gy, where:

- G is set of atomic propositions.

— Gy is a set of conditions over the numeric variables.
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Solution Plan A solution plan 7 is a solution to a hybrid planning prob-
lem Prob, which a planning engine tries to find. It is a sequence of actions
with the time stamp, such that the successive applications of actions in 7, at
their specified time, results in a state of the environment which satisfies the
goal G. A solution plan for a hybrid planning problem can be represented as
= ((t1,a1), (t2,a2),...(tn,a,)), where ty,tp,...t, are the time of application
of actions ay,ay,...ay,, respectively. The solution plan 7t is applicable when all
the preconditions for the application of a; at ¢; satisfied and it is a correct plan
if the application of final action a, at time ¢, leads to a state which satisfies the

goal conditions.

In the following, details about the structures for state transition of PDDL+, i.e.

action, event and process, are provided.

Action In PDDL+, an action is a discrete entity and its effects are instanta-
neous. Actions can change the state of the world and are in direct control of the
executive. The syntax of an action schema of PDDL+ is given in Figure 2.1. The
preconditions of a ground action are a set of propositions. A proposition can
be set of ground atoms or binary comparative relation (<, >, =, <=, >=) be-
tween numeric fluents. The effects of an action are the post-conditions, which
can be both the logical post-conditions and the numeric effects. The logical
post-conditions include positive post-conditions (add-effects), which are a set of
ground atoms asserted as positive literals and negative post-condition (delete-
effects), which is a set of ground atoms that are asserted as negative literals. The

numeric effects are the of the form:

(<assign-operator> <lvalue> <expression>)

(:action <action-name>
:parameters (<parameter-1list>)
:precondition(<preconditions >)
:effect (and
(<add-effects>)
(<delete-effects>)
(<numeric-effects>)

FIGURE 2.1: An example of a PDDL+ action.
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where assignment-operator can be one of the operator from the set {assign,
increase, decrease, scale-up, scale-down }, The lvalue is any numeric
fluent and expression can be an arithmetic expression over the numeric flu-
ents, which includes a single numeric fluent or just a real number (Fox and
Long, 2006).

(:event <event-name>
:parameters (<parameter-list>)
:precondition (<preconditions>)
:effect (and
(<add-effects>)
(<delete-effects>)
(<numeric-effects>)

FIGURE 2.2: An example of a PDDL+ event.

Event An eventin PDDL+ is identical to the action in terms of its discrete na-
ture. Similar to action, the effects of an event on the state of the world can be
both logical and numeric, but it is not under the direct control of the executive.
They are required for the modelling of exogenous events in the real-world. The
role of PDDL+ events in a plan is to signal the occurrence of predictable exoge-
nous events. However, they are not an explicit part of a solution plan to act
upon, i.e. the planner cannot select them during the planning process (Fox and
Long, 2002). An event is a consequence of a change in the state of the environ-
ment. The only difference between an instantaneous action and an event is that
an action can be applied if its preconditions are satisfied, however, an event
must occur whenever its preconditions are satisfied. In Figure 2.2 is given syn-
tax of a PDDL+ event.

Process In PDDL+, processes are used to model continuous change with re-
spect to time, in the environment. They are autonomous in nature and is not
under the direct control of the executive. A process of continuous change can
be started, not only by an action but can be triggered by an event. The effect of
a process is only on the numeric quantities, while the logical aspects of the state
are kept intact. A process can be terminated either by a deliberate action of the
executive or by the environment itself. It is possible for multiple processes to
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(:process <process-name>
:parameters (<parameter-list>)
:precondition (<preconditions>)
reffect ( <numeric-effects>

)

FIGURE 2.3: An example of a PDDL+ process.

run concurrently and they can interact with each other (Fox and Long, 2002).

The syntax of a PDDL+ process is given in Figure 2.3.

The effects of a process can be a set of numeric effects. A continuous numeric

effect of a PDDL+ process is written as:

(<assign-operator> (<lvalue>) (* #t <expression>))

where assign-operator can be either increase or decrease, lvalue is any
numeric fluent to be updated, #t indicates that it is a continuous effect and
expression can be any arithmetic expression of numeric fluents. The intro-
duction of the concept of autonomous continuous process in PDDL+ makes it
possible to model many real-world problems which were not realisable earlier
on (Bhatti et al., 2019).

Planning Engine
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FIGURE 2.4: Block diagram of internal structure of a planning engine.
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2.1.2 Planning Engines

Planning Engines or simply Planners are the computer programs that perform
the actual planning process. Given a particular planning problem, a planner
decides what actions to apply and in which sequence, to reach the desired goal
state from the initial starting state. In order to perform this planning task, a
planner needs the complete description of the problem (problem model), which
includes the initial state, the desired goal state and the complete description of
possible actions (domain model). The output of a planner is an action sequence
or a solution plan, which can then be implemented. The general architecture of
a planning engine consists of several modules as shown in Figure 2.4. A plan-
ner may work both online and offline depending upon the type and domain
of problems to be solved. Based on their working principle, capabilities and
dependence on initial information required, planners can be divided into the
following two broad categories:

e Domain-Specific Planners

e Domain-Independent Planners

2.1.2.1 Domain-Specific Planners

Domain-Specific Planners, as the name indicates, are designed to generate plans
for the problems related to a specific domain only. In most cases, they already
possess the knowledge of their domain and only a simple problem (contain-
ing only the initial state and goal state) is required as input to generate a plan.
This makes domain-specific planners very efficient in terms of speed and op-
timality of the plans. Examples include MARS Rover (Bresina et al., 2005),
JUBBAH (Gonzélez-Ferrer et al., 2009) and AsbruHPDL (Gonzalez-Ferrer et al.,
2011). The drawback of domain-specific planners is they cannot work beyond
the domain for which they are designed. The only way to make them work for

other domains is to make special modifications in their structure.

2.1.2.2 Domain-Independent Planners

Despite the efficiency of domain-specific planners, the automated planning com-

munity is more interested in planners which are more general in nature, i.e.
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the planners which are not limited to a specific domain. Domain-independent
Planners are generic in nature. They are based on the idea that there should
be a logical separation among the planner, the basic domain model and the
heuristic. In order to solve a specific problem, domain-independent planners
need domain knowledge with the problem specification as input. They are de-
signed to make the general use of resources and constraints to represent do-
mains. The efficiency of domain-specific planners and the quality of generated
plans present challenges for research community to improve the performance

of domain-independent planners and open new research horizons.

2.1.2.3 Planning Approaches

In this subsection, some of the common planning approaches employed by
planning engines, are discussed. These approaches are used by both domain-
dependent and domain-independent planners. However, for the scope of this
thesis, these approaches are discussed with the perspective of domain indepen-
dent planning only.

It is a very common observation that the number of possible states, even for a
simple planning problem could become enormous. Therefore, it is practically
not feasible to take every possible state into the consideration while planning.
This generates a demand for planning approaches or representations of plan-
ning states in a more compact form, so as to consider the only relevant states
and reduce the planning effort. Some of the approaches used in planning algo-
rithms include but not limited to:

State Space Planning

Plan Space Planning

Planning Graph

Problem Translation

Combination of Algorithms

State-Space Planning State-space planning is the simplest planning approach.
It is based on state-space search algorithms, where the search space is a subset

of state-space and usually represented with the help of graph data structure.
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Every node in the search space corresponds to a state of the environment and
the arc joining the nodes represents a state transition. The path to the current
node represents a partial plan and the path to the goal state is the final plan.
The state-space planning is the basis of planning engines like Fast-Forward (FF)
Planning System (Hoffmann and Nebel, 2001).

Plan Space Planning In the plan space planning approach, the nodes are set
of partially specified plans and the arcs joining the nodes are plan refinement oper-
ations. A partial plan consists of partially instantiated operators and a set of con-
straints over those operators. The constraints include the ordering constraints,
the binding constraints and the causal links. The plan refinement operator acts
to further complete the partial plan by adding actions (partially instantiated
operator). The actions are added in a partial plan to achieve unsatisfied pre-
conditions, in order to reach an open goal. The refinement operation follows
the least commitment principle of not adding a constraint to a partial plan un-
less strictly needed. Planning starts from an initial node corresponding to an
empty plan containing the initial state and goal state as two dummy actions.
The search aims at a final node containing a solution plan that correctly achieves
the required goals. This approach is a bit slower than other approaches but the
invention of new heuristics has substantially improved its speed (Coles et al.,,
2010).

Planning Graph The planning graph techniques are based on an algorithm
called graph-plan. They are useful for working out the heuristics for planning
problems. The graph-plan relies fundamentally on a data structure, planning
graph, which is a layered directed graph. The nodes of the graph can be either
an action or a proposition but they are arranged in a layered structure. These
nodes can be divided into disjoint sets and each of those sets is a layer. The
graph has alternating proposition and action layers. The first layer is always
a proposition layer, which is a set of nodes each one for a proposition, which
is true in the initial node. The next layer is the action layer consist of all the
applicable actions for that state. The arcs connect the actions node in the action
layer with their preconditions (proposition). Any proposition layer includes
all the proposition in the preceding layer as well all the positive effects of all
the action in the preceding action layer, as long as they follow a certain mutual
exclusion (mutex) principle. Similarly, every action layer contains all the actions

in the previous action layer, as they would still be applicable in the current
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layer plus further applicable actions due to the positive effects of the previous
action layer, provided they do not violate the mutex constraint. The resultant
planning graph is actually a relaxed version of the original planning problem,
in which different actions may appear at the same time even if they conflict
with each other. The planning graph is expanded in this way in the forward
direction until the proposition layer which includes the goal propositions and
then a backward search is applied from the goal in order to find a solution
plan, considering only actions present in the planning graph. Many planning
algorithms have been created on the basis of planning graph as it runs faster

than the plan space planning algorithms.

Problem Translation This approach for planning involves the translation of
original planning into another type of combinatorial problem, which already
has an efficient solver. The examples include boolean satisfiability (SAT) and
integer programming. The problem once translated is given to the appropri-
ate solver and the solution is then translated back into a plan. This is quite
an efficient approach but the limitation starts with the size of the domain, as
it becomes increasingly difficult to handle the large set of objects and the con-
straints. Nevertheless, many planning engines have employed this approach
and can solve many complex problems (Cashmore et al., 2016; Domshlak et al.,
2009; Kautz, 2006; Wehrle and Rintanen, 2007).

Combination of Algorithms A planning algorithm not necessarily implements
only one of the above approaches. It could be a combination of more than one
approach. For example, it is completely understandable for a state-space plan-
ner to employ satisfiability modulo theory for the optimisation of numeric flu-
ents. It is also possible for a planning engine to combine several independent
planners with different approaches in a single platform for the purpose of solv-
ing a variety of different problems (Vallati, 2012; Vallati et al., 2014).

2.1.2.4 Search Techniques

Search is an essential part of any planning approach. Every planning engine has
to rely on one (or more) of the search techniques to find a sequence of actions

from the initial state to the goal state in order to construct a valid plan. The idea
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behind the search is very straight forward, i.e. to construct a set of partial solu-
tions of the problem and check whether they are the actual solutions or could
lead to the solutions. This is an iterative process of selecting a partial solution
and checking if it is a path to the goal. If it is not, then extending it in all pos-
sible ways and then iterating the whole process. The search space is usually a
graph structure but its construction (nodes and arcs) depends upon the plan-
ning approach being used. There are multiple search techniques that have been
developed and matured but in the context of automated planning, the search
techniques are classified into two broad categories, uninformed search and in-
formed search.

Uninformed Search This approach traverses the graph without taking into
account that where the goal is. Since these techniques do not rely on any ad-
ditional knowledge, apart from the initial state and the goal, therefore, they ig-
nore where they are going until a solution is found. Traditionally, there are two
strategies that fall in the category of uninformed search: the depth-first search
and the breadth-first search.

The depth-first search (DFS) algorithm starts from the root node and arbitrarily
selects one of its child nodes to expand. It traverses the path completely until a
solution is found or there is no more successor of the current node exist. It then
backtracks one level to traverse the path from the other siblings of that node,
if one exists. Effectively, it searches one path to its completion before trying an
alternative path. The time complexity of DFS in the worst case is O(b") and the
space complexity is O(b x n), where b is the branching factor and 7 is the depth
of the furthest node. The DFS utilises less memory space but it is not an optimal
algorithm and said not to be complete.

The breadth-first search (BFS), unlike DFS, traverses every node at the same
level before exploring any node at the next level. This process is repeated un-
til a solution is found or there are no more nodes to expand, which happens
only when there no solution exists. The time and space complexity of BFS is
O(b"), where n is the depth of the node associated with the solution and b is the
branching factor. The BFS is said to be complete and optimal but it requires a

large amount of memory space, therefore it is not used very often.
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Informed Search The informed search approach utilises some prior knowl-
edge of the goal, apart from the domain model or relies on some heuristic func-
tion to look for the most promising node at every step during the search pro-
cess. A heuristic function helps to find an optimal path to the goal. It informs
the search engine about the direction of the goal by indicating the node which
appears to be the closest to the goal. Typically a heuristic is obtained from the
readily available information about the node. The most common way to work
out a heuristic is to first solve a relaxed problem (a simpler version of the orig-
inal problem) and then use the cost in the relaxed problem as the heuristic for
the original problem. Several algorithms have been designed which include a
heuristic for guiding the search process. They include but are not limited to
best-first search and A* search.

The best-first search (BFS) is the simplest and the most intuitive way to use the
heuristic function /(n). In BFS, the path with the lowest heuristic value h(n)
is always chosen. The choice of the lowest /(1) seems to be logical but this
algorithm does not always produce the most optimal solution. It chooses the
path that appears to be of the least cost but can easily follow a path that appears
the most promising but the total cost of the path may keep increasing.

The A* search algorithm is the most common and widespread used algorithm
for informed search. This algorithm combines the heuristic cost with the path
cost before choosing the next node to expand. At any node #, it calculates an
evaluation function f(n) = g(n) + h(n). Where g(n) is the cost of the current
node from the start node g(n) and h(n), is the estimated cost from node n to
the goal. Therefore, f(n) is an estimate of the cost from the start node to the
goal following a path from node n. The property of A* is that always finds an
optimal path to the goal if one exists.

2.1.2.5 Planning Engines for PDDL+

In this section, the state-of-the-art in the context of hybrid planning is discussed.
Specifically, the planning systems developed after the introduction of PDDL+,
which can deal with modelling features of PDDL+ are mentioned here.

TM-LPSAT The TM-LPSAT (Shin and Davis, 2005) is the first well-known
planner, developed after a major extension in PDD 2.1, in the form of PDDL+
(Fox and Long, 2006), which introduced the autonomous processes and events.
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The TM-LPSAT can deal with both durative actions with continuous effects and
autonomous processes. The planning problem is compiled into a set of boolean
SAT formulae. Every formula is basically a constraint, which is a combina-
tion of linear equalities (or inequalities) for numeric variables and propositional
atoms. These formulae are then passed to a SAT-based arithmetic constraints
solver, to find the solution. The solution from the SAT-solver is then decoded
in the form of a valid plan. The main contribution in this work is encoding of
the PDDL+ problem in SAT-formulae and then decoding of SAT-solution into a

plan, whereas the SAT-solver is used as a black box.

UPMurphi The UPMurphi is another planning system that can deal with the
autonomous processes and exogenous events of PDDL+ (Della Penna et al.,
2009). It has a different approach than the previously developed planners. It
starts with the discretisation of the continuous model of the system as an ap-
proximation. It then creates a state-space on the basis of this discretisation,
assuming a state at every discretisation step. Plans are created with the help of
forward reachability analysis and explicit model checking approach (Cimatti
et al., 1997), with no heuristic as a guide. When a plan has been found, it
is validated against the original continuous model, using VAL, a plan valida-
tor (Howey et al., 2004). If the plan is failed to validate, the whole process is
iterated with a refined discretisation. If it is unable to find a plan in the first
place, it searches again with finer discretisation. This iterative refinement may

lead to a very big state-space for search.

COLIN The COLIN is a forward-chaining heuristic search planner (Coles et al.,
2012). It can reason about the continuous linear numeric change but does not
deal with the full features of PDDL+. COLIN uses a Linear Program (LP) in
addition to the forward chaining search, to check for the consistency of the
numeric and temporal constraints. It utilises the Temporal Relaxed Planning
Graph (TPRG) heuristic of CRIKEY3 (Coles et al., 2008), where fact layers are
time-stamped at the earliest possible occurrence of happening. Therefore, when
a planning Relaxed Graph is created, only those fact layers are included where
values are affected by actions, which may easily lead to the pruning effect.
When a solution is found, COLINS uses a mixed integer programming tool for

optimisation of time stamps of the actions.
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DiNo The Discretised Nonlinear Heuristic Planner (DiNo) (Piotrowski et al.,
2016) is an example of more recent planners which can reason about the hybrid
domains. DiNo is based on UPMurphi and can handle the full set of PDDL+
teatures. It is also based on discretise and validate approach like UPMurphi but
it extends its capabilities by using a Stages Relaxed Planning Graph+ (SRPG+)
heuristic for search. The SRPG+ is an extension to the Temporal Relaxed Plan-
ning Graph (TRPG) (Coles et al., 2012). Unlike TRGP, where only action layers
are represented, the SRPG+ explicitly represent every fact and action layer sep-
arated by a fixed time interval. So, instead of relying on time-stamping, it relies
on time-staging. As it is not much different from the original TRGP, therefore
some of the drawbacks of TRGP are inherited.

SMTPlan+ The SMTPlan+ (Cashmore et al., 2016) is another recent planner
which can deal with the hybrid domains. It claims to be the only planners
which take into account the full features of PDDL+ with its semantics intact. It
relies on the planning through SMT, motivated by earlier SAT-based planning
approaches. Like TM-LPSAT, it is more of an encoding approach. The original
PDDL+ domain is parsed and then translated into standard SMT encoding. The
SMT encoded problem is then given to Z3-SMT solver (De Moura and Bjerner,
2008) for the solution. The solution from the SMT solver is then decoded and
translated as a plan.

ENHSP The ENHSP is another planner which reasons about the continuous
update processes of PDDL+. Unlike UPMurphi and SMTPlan, it is not able to
deal with the full set of features of PDDL+ but is relatively efficient when deal-
ing with nonlinear dynamics of continuous processes. It relies on the interval-
based-relaxation (IBR) approach (Aldinger et al., 2015), which is the basis of
nearly all the heuristics for numerical planning (Scala et al., 2016). In interval-
based-relaxation, a state assigns numerical variable to a set of possible value
that it can attain. This set is a range of real numbers or an interval and termed as
a relaxed state. The ENHSP uses Additive Interval-Based Relaxation (AIBR) as
a heuristic for search, which is an over-approximation of IBR. It uses an asymp-
totic relaxed planning graph formulation, to compute the relaxed reachability.
Only additive action effects are used in the formulation of asymptotic relaxed
planning graph and the non-additive state-dependent effects are removed by a
syntactic problem transformation. Therefore, the additive interval-based relax-

ation (AIBR) and heuristics derived from it are pruning-safe.
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2.2 Automatic Control Systems

The aim of an automatic control system is to compel a given set of process vari-
ables to act in a desired manner. This is accomplished by either fulfilling some
requirement of the time and frequency domain or by achieving the best per-
formance as indicated by a set optimisation index (Albertos and Sala, 2006).
The goal of a particular control system varies, depending on the system char-
acteristics that has to be controlled. In some cases, it can be to keep a process
executing under some specified nominal conditions. In other cases, the control
system may be required to transfer the running plant from one operating point
to another. Most of the times, the goal is to track a reference signal, e.g. desired
position, attitude, velocity or temperature. In some other cases, the sole interest
of the control system is to make the plant achieve the best performance, like
performing a task in minimum time or the minimum fuel consumption while
achieving the maximum production (Astrom et al., 2001). In general, a control

task may have one or more of the following goals:

e reference tracking, i.e. to achieve the desired value for some state vari-
ables.

e regulation, i.e. to keep the plant operating under nominal conditions (in-

cludes disturbance rejection).
e generation of sequential operating procedure (plan) for the plant.

e fault detection and avoidance, which includes reconfiguration of system

in case of a fault.

e supervision, which includes the changing the operating conditions ac-
cording to the operation plan.

e adaption, i.e. tuning of the parameters.

e coordination with other systems, e.g. generation of set points for other

subsystem.

e learning, i.e. acquiring knowledge from the experience.

The differences in the nature of above mentioned control tasks require a spe-
cialised control approach for each type of task, which suits the requirements. In
all of these applications, a controller can be consider as a subsystem that pro-

vides appropriate inputs to the system to be controlled, to achieve the goals.
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Essentially, the controller selects an appropriate signal from the possible op-
tions for each of the manipulated variables, in order to guide the system in the

desired way.

Disturbances

Control objectives

Process

Internal variables

Controlled
Inputs

Sensor outputs

States

FIGURE 2.5: Process variables. Modified from (Albertos and Sala, 2006)

2.2.1 Controlled System

From the control systems point of view, a controlled system is a process or a
plant of varying complexity, which needs to be controlled, in order to behave in
a desired way. A process involves various external and internal variables, each
fall in one of the categories represented in Figure 2.5. Each of those categories
is explained in the followings:

o external variables are usually the inputs to the process, which act on the
process. They are supplied by either some other process or the environ-
ment itself. External variables have further two categories:

- manipulated variables or the control variables are the ones that in-
fluence the dynamics of the process or the plant. They are the output

of the controller. They are usually represented mathematically as u.

— disturbances are the uncontrolled input signals to the process. They
can be the output of another process or the environment itself. Math-

ematically they are represented as 4.

e internal variables are generated internal to the process. They depend
upon the inputs and the dynamics of the process. They are further cate-
gorised as:
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— outputs variables or the sensor outputs, which are the measured out-
put of the process. They are usually represented mathematically as
y.

— controlled variables are the control objectives or the values of the

cost functions or optimisation index. These are not always available

as an output. They can be represented as z.

— state variables or simply the states, are the set of minimum variable
to represent the internal state of the of the process. The states of a

process are represented mathematically as x.

A dynamic process or a plant may consists of numerous elements, each can be
represented by an independent dynamic equation. These dynamic equations
encapsulate the internal structure of the plant and interconnected relations of

internal variable as well the relations of states with the inputs and outputs.

e State Equation represents the internal structure of the process. It is basi-
cally the mathematical model of the process to be controlled. It consists of
all the independent equations, each representing one state variables.

dx(t)/dt = f(x(t),u(t)) (2.1)

where x € R" is the state vector of n components, each representing one
internal state variable of the process, u € R™ is the input vector of m

components and f is n-dimensional vector of functions.

e Output Equation represents the relations of the state variables and the
inputs.

y(t) = g(x(t),u(t)) (2.2)

where y € R? is the vector consisting of all the possible outputs of the

process and ¢ is p-dimensional function vector.

2.2.2 Controller

The Control System or the controllers refers to a subsystem that provides the
manipulated inputs to the controlled system, in order to make it behave in the
desired way. So, the manipulated input, in this context is the output of the con-
troller. The controller calculates the manipulated inputs for the process, on the
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basis of the reference input, the plant dynamics and the control objectives or
the goals. While designing a controller for a process, it is very crucial to con-
sider the capabilities of the process itself. A control system cannot make the
process behave in the desired way, if the process is not capable of. Therefore, a
controller, selects the best possible input for the process from a set of possible
inputs, instead of calculating the absolute best. It is achieved by a good design
of the controller (Albertos and Sala, 2006). There are numerous considerations
and measures to take while designing an optimum controller. Following are

given the steps to design a controller from the theoretical point of view:
e Sort out the components of the process and select which need to be con-
trolled.
e Select the variable of interests.
e Define the control objectives (user requirement).
e Select the manipulated and output variables.
e Define the state and the output equations.
e Select a suitable control structure.
e Translate the user requirement into the control language.
e Apply the control design methodology to create the control law.
e Validate the design and tune the control parameters.

There can be two types of general control systems; open-loop control systems
and closed-loop control systems.

Manipulated Controlled
Reference Input input output
- > Controller - > Process . >

FIGURE 2.6: Block diagram of an open-looped control system.
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2.2.21 Open-Loop Control Systems

The open-loop control is the simplest form of the non-manual control system,
when the controller reacts on the reference input provided by the operator and
it has no information about the output of the controlled system. Therefore, the
manipulated input to the process is independent of the process and no feedback
from the process is involved in decision making by the controller. Figure 2.6
shows a block diagram of an open-loop control system. A reference input r is
given to the controller, whose output signal acts as the actuating signal u, to the

process to drive the controlled variable y.

The open-loop control is generally considered inaccurate and unreliable, as the
controller has no information about the actual state of the process. It only re-
lies on the estimation based upon the mathematical model of the process. It also
can not adapt to the variation in the environmental condition or external distur-
bances. Therefore, it is used in the simplest applications, where the estimations
about the output are generally accurate. Although the open-loop control sys-
tems have very limited use, they form the basic elements of any closed-loop
control systems (Kuo, 1987).

Error

Reference detector Manipulated Controlled
input Error input output
- () — Controller - > Process T

FIGURE 2.7: Block diagram of a basic closed-looped control system.

2.2.2.2 Closed-Loop Control Systems

The closed-loop control systems addresses the limitations of the open-loop con-
trol systems. The concept behind the closed-loop control system is quite simple
and intuitive. Instead of relying upon the estimation about the current state of
the process, the output of the process is measured and fed back to the controller
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in some form. The controller of a closed-loop chooses the manipulated variable
based on the reference input, the control objectives and the output of the pro-
cess. Figure 2.7 shows a block diagram of a simple closed-loop control system.
In its simplest form, the output y of the process is fed back to be compared with
the reference input r and the difference e is provided to the controller, which de-
termines the manipulated variables u for the process. So, conceptually, instead
of the reference input, the deviation of the process from the reference point is
given to the controller to act upon. Therefore, the manipulated input is propor-

tional to the error between the desired state and the actual state of the process.

The closed-loop control systems are accurate and reliable to a high degree, com-
pare to the open-loop control systems. They are adaptive to the environmen-
tal change and the presence of feedback makes the control very reliable, as it
helps to reject the disturbance and also the system becomes insensitive to the
modelling error. This makes a closed-loop control system a natural choice for

controlling an industrial process.

2.3 Related Work

This section focuses on research work and the contributions that are of rele-
vance in the context of this thesis, apart from the ones discussed in section
2.1.2.5. The research work, most relevant to the one presented in this thesis,
is of Jimoh (Jimoh et al., 2017), where the strength of model predictive control
has been exploited in automated planning for reasoning with continuous pro-
cesses in the Urban Traffic Control domain. The planning framework used is
domain-dependent and is limited to the traffic domain only. The encoding lan-
guage used for modelling of domain and problem is not PDDL+ but to some

extent, similar to it.

Another example of the synthesis of automated planning and automatic con-
trol is the research work of Lohr (Lohr et al., 2012, 2014). The similarity of their
works, with the one presented in this thesis, lies in the integration of planning
and control. However, in their work, automated planning has been used to
solve control systems problems, not the other way round. Continuous change
has been represented with the help of discrete durative actions of fixed dura-
tion, similar to the durative actions of PDDL 2.1, while there is no provision of

autonomous processes.
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Another framework to solve PDDL+ hybrid planning problem is presented in
Balduccini et al. (2017). This framework focuses on solving PDDL+ problem as
Constraint Answer Set Programming (CASP) (Baselice et al., 2005). The PDDL+
domain is encoded manually into a language understandable for EZCSP (Bal-
duccini, 2009), which is a CASP solver. The results of EZCSP are retranslated
into a PDDL+ plan. This is more of an encoding scheme where EZCSP solver is

used as a black box.

Several other domain-independent planning approaches have been introduced
recently, which reason about continuous change in hybrid domains (Savas
et al., 2016; Fernandez-Gonzalez et al., 2018; Bit-Monnot et al., 2019), however,
none of them fully conforms with the syntax and semantics of PDDL+.

2.4 Summary

This chapter presents the necessary background which lays the basis of the re-
search presented in this thesis. The first part of the chapter explains the basic
concepts of automated planning and its evolution. It also discuss the general
approaches used for automated planning and state-of-the-art of the automated
planning for hybrid domains and the work related to this research in the field
of automated planning. The second part of the chapter introduces the Auto-
matic Control Systems as a branch of engineering. Some basic concepts and the
important terminologies, which are commonly used in control systems engi-
neering have been explained in this chapter, which will be used in subsequent
chapters. In the third part of this chapter, a brief review of the relevant research

work is provided.
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Chapter 3

Model Predictive Control

This chapter introduces the Model Predictive Control (MPC) as a branch of con-
trol systems engineering. It explains the basic concept behind the model predic-
tive control and its approach towards controlling the dynamic processes from
the engineering point of view. The features, which distinguish model predic-
tive control from other control techniques and make it a suitable choice to use
in automated planning for the solution of the hybrid planning domains, are
discussed in this chapter. In the later part of the chapter, the necessary mathe-
matical foundation is provided which has been used in the development of the
planning framework presented in this thesis.

3.1 Introduction to the Model Predictive Control

The Model-based Predictive Control or simply Model Predictive Control stems
from the Optimal Control (Naidu, 2002), a branch of control systems engineer-
ing. The basic idea behind MPC is to use the dynamic model of the system
to predict its response and optimise the prediction to make the best decision,
i.e. the best control move at the current instance. Therefore, the model of the
system is fundamental to all types of MPC and thus, the model-based control
system (Rawlings and Mayne, 2012). Model Predictive Control is not a unique
control algorithm. It is a class of optimal, predictive control techniques, which
share the same philosophy. Some well-known MPC techniques are Dynamic
Matrix Control (DMC), Receding Horizon Control (RHC), Predictive Functional
Control (PFC) and Generalised Predictive Control (GPC). They all are based on

the same approach to design the control system, and the user interprets the
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approach to define an algorithm, suitable for their own need. MPC was devel-
oped in the 1980s as an alternative to the conventional Proportional-Integral-
Derivative (PID) control for industrial application. It is more robust than PID
and can deal with the complex dynamics of the plant and higher-order systems,
which are difficult for PID to handle. MPC has been successfully implemented
in the industrial application of control engineering. Spacecraft rendezvous with
satellite (Hartley et al., 2012), underwater vehicle guidance (Naeem, 2002) and
missile guidance (Dunbar et al., 2002) are some of its emerging applications.

Most of the effective control strategies are derived from human behaviour. Hu-
mans are very good at control. The use of prediction of expected behaviour in
determining the control strategy is a key human attribute. They use anticipation
in order to consider the impacts of different control strategies and they choose
the strategy, which they expect to give them the most desirable results (Rossiter,
2003). Therefore, the prediction underpins the practical human control strate-
gies and thus it is logical to incorporate prediction into an automated control
strategy. In addition to the prediction, there are a variety of unique features of
MPC, which distinguish it from the other control techniques and make it a good
candidate for the solution of hybrid planning problems.

e MPC is a multivariable control technique and can handle Multiple-Input-
Multiple-Output (MIMO) systems, which is out of the scope of many of

— “<— Past Future ———>

—8— Reference Trajectory
/ —%—Measured Output
—#— Pedicted Output

—— Past Control Input

= Predicted Prontrol Input

Prediction Horizon

FIGURE 3.1: An example plot of MPC tracking a reference trajectory.
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the other control techniques. It is also a common requirement of the plan-
ning domains, where they have multiple individual concurrent processes

dealing with multiple physical quantities.

e Itis a predictive control method, which most of the classical control algo-
rithms are not. It takes the internal dynamics of the system as the model.
Using past control inputs and the current state of the system, it predicts
future states of the system and the future control inputs. The future con-
trol inputs mean the suggested control actions that if applied in order, the
system will go through the predicted states, as shown in Figure 3.1. This
overall scenario is analogous to planning, which makes MPC a suitable

choice.

e MPC is an optimal control method. Therefore, the solution proposed by
MPC, for the hybrid planning problem, will inherently be an optimal plan-

ning solution, in terms of time.

e MPC can handle the constraints explicitly, which other control techniques
are not very good at.

3.2 MPC Approach

The general working principle of MPC is very simple and straightforward. The
preliminary requirements for MPC are: (i) the mathematical model of the plant,
which consists of state equations; (ii) the control objective, translated into a
mathematical equation as cost function, which is considered as performance in-
dex; (iii) the control law, derived from the cost function; (iv) the constraints over
input, output and internal states, if there are any. MPC starts from the initial
state and the dynamic model of the plant and using the cost function, it deter-
mines the most suitable control action or the manipulated input at every time
step. The manipulated input is calculated by solving an open-loop optimisation
problem for a given prediction horizon. The prediction horizon is the number of
time steps in future, for which the prediction is performed. It is chosen by
the control designer and is usually a compromise between the processing time
and the accuracy of the prediction. The outcome of the prediction process is a
sequence of possible future inputs for the plant (manipulated input) and a se-
quence of corresponding future states, which the system would achieve if the
predicted inputs are applied. The length of the sequence is equal to the chosen
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prediction horizon. Only the first manipulated input(s) from the predicted se-
quence is given to the system, so the system reaches the first predicted state. At
the next time step, instead of applying the next predicted input, the MPC pre-
dicts again for the same length of prediction horizon, considering the current
state as the initial state for the current time step, and new sequences of manip-
ulated inputs and future states are calculated. MPC keeps predicting for a fixed
length horizon, therefore, the prediction horizon keeps receding with every it-
eration. The whole process keeps repeating itself, until the goal is reached.

Disturbance

System
Reference Input 4 Real Output
———— Controller > Real '
Process +
A A
Model +
> System Output Offset
Model i ”

FIGURE 3.2: Block diagram of Independent Model GPC.

3.3 Mathematical Foundation

In this section the necessary mathematical foundation for the design of the con-
troller is given, which will be further used for the hybrid planning. The MPC
approach selected in this research is Independent Model Generalised Predic-
tive Control (IMGPC), introduced by Rossitor (Rossiter and Valencia-Palomo,
2009). It is one of the GPC (Clarke et al., 1987) techniques, which is a sub-class
of MPC. The independent model GPC is a way of designing the particular GPC
algorithm for the desired plant, where the model used is based primarily on the
input information with minimal use of measured outputs to form the predic-
tion. Figure 3.2 represent a block diagram of an independent model GPC. In
an independent model structure, a model of the process is simulated in parallel
with the real process. The predicted manipulated inputs are provided to both
the model and the real system and the outputs of both of them are compared to
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form an offset term. The prediction in this structure is based on model input,
model output and the offset.

The first step towards designing a controller is to find a suitable mathematical
model for the real-world processes which is also referred to as plant or the con-
trolled system in this thesis. The best way to express a plant mathematically is
as Linear-Time-Invariant (LTI) system, which is based on the set of linear differ-
ential equations, each representing an individual component of the plant and
the output equation. Although, the real-world dynamical systems are contin-
uous in nature, MPC works usually in a discrete fashion and achieves the per-
formance goals equally effectively. A general discrete-time state-space model
of an LTI system is given by:

Xk = Axy + Buy (3.1)
Yx = Cxy +dy (3.2)

where, x € R" is the state vector of n components, each representing one in-
ternal state variable of the plant, u € IR™ is the input vector of m components,
y € IR? is the output vector of p component, k € Z7 is the time step, A € R"*"
is system matrix, which represent the interconnections among the state vari-
ables, B € R"*" is the input matrix, which represents the input to state vari-
able relations. C € RP*" is the output matrix, which represents the relations
between state variables and the output and d is the disturbance. After defining
the mathematical model of the plant, the next step is to work out the following
elements for IMGPC.

i. Prediction equations
ii. Objective function
iii. Control law

iv. Constraints

3.3.1 Prediction Equations

The prediction equations are used to predict the future states and the future
inputs for the plant. There are two equations, which are needed for future
prediction: the state prediction equation and the output prediction equation.
Both of these equations are based on the mathematical model of the system.
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The discrete model of an LTI system is inherently a one-step-ahead prediction
model (Rossiter, 2003). Therefore, the output of the plant at time instance k + 1
can be determined using equation (3.2) as:

Ykr1 = Cxpy1 +dka (3.3)

By using equation (3.1) for x4, 1, the above equation becomes:
Yxi1 = CAxg + CBuy +dj 4 (3.4)

where dj 1 is the disturbance at time step k 4- 1. As explained earlier the distur-
bance is the uncontrolled input to the plant, which needs to be modelled. For
an LTI system, whatever the disturbance is, the best guess for dy 1 is dx11 = d,
i.e. there is no change in the disturbance with time. Therefore, equation (3.4)
changes to:

Ykr1 = CAxy + CBuy + dy, (3.5)

The equations (3.1) and (3.5) give the mathematical relation for the one-step-
ahead state and output vectors. These one-step-ahead prediction relations can

be used recursively to find any number of steps ahead predictions as:

Xk+1 = Axg + Buy
Xey2 = A(Axg + Bug) + Bugyq

(3.6)
X3 = A((Axg + Bug) + Bugy 1) + Bugio
Xk+4 = A(((Axk + Buk) + Buk—H) + Buk+2) + Buy3
Expanding the individual equations in above set of equations gives:
Xk+1 = Axg + Buy
X2 = A%xy + ABuy + Bu
k-+2 k k k+1 (3.7)

Xkg3 = A3xk + AzBuk + ABuy,1 + Bugyo
Xktra = A4xk + A3Buk + AzBuk+1 + ABuy, o + Bugys

It can be seen from the set of equations (3.7) that a pattern is emerging, which
makes it very simple to find out the relation for any number of steps ahead pre-
diction for state variables. Assuming N, as the length of the prediction horizon,
the N, step ahead prediction for state variables from the time instance k can be
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found as:

Yern, = ANrxg + AN B + AN T2Buy g 4

+ AButgN,—2 + Butgin,—1 (3.8)

Using the same mathematical operations, the N, steps ahead prediction yin,
for the output, from time step k, assuming dy = dx1 = dyp = -+ = dk+N,,/ is
given by:

Ye+N, = CANvy 4+ CANy 1 Buy 4+ CANY 2 Bug g + - -
+ CAB”k+Np—2 + CB”k+N,,—1 +d; (3.9)

The equations in (3.7) and (3.8) can be combine to represent in a compact vector
form as:

Xk+1
Xk+2

Xjer1 = | T (3.10)

| Xk+Ny |

where the arrow notation indicates, it is a future states vector and the k + 1 is
the index of the first value in the future state vector. Substituting the values of
individual states in equation (3.10) gives:

- . Axk -+ Buk
X
krl Azxk + ABuy + Buyyq
X
k2 A3x; + A2Buy + ABuigyq + Buigsn
Xkl = | k43 | = : (3.11)
ANVXk + AprlBuk + AN”sz”kH + ..
X
LN ] +ABujN,—2 + BN, -1 |

In the above vector x_, 1, the terms involve the information about both known
and unknown data. It is convenient to separate the predictions into the known

and the unknown parts. Separating the model parameters and the data gives:
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Xok+1 =
A B 0 0 0 m
A? AB B 0 0 Upi1
A% | x4+ | A%B AB B 0 Upio (3.12)
ANp ANy~1B  ANy—2B  ANy—3B B| |ursn,-1

The above equation can be re-written in a compact form, for the Ny, steps ahead

prediction for the state variables as:

Xok+1 = Prxy + Hx%k

where,
[ A ] B 0 0 _—
A2 AB B 0 o 0
Pp=| A3 | andH,= | A’B AB B 0
ANp ANp-1B  ANp-2p ANp-3p ... B

(3.13)

are called state prediction matrices. The output prediction follows the same

method.

CA
CA2
CA3

k+1 = Xk
Y,

CANy
CB 0 0 - 0

CAB CB 0 e 0
+ | CA?B CAB CB )

CAN»—1B CcANv—2B CANr—3B CB

or
Yk = Pxj + H uj + Ly

Uy dy
Ukt1 dy
Uk+2 + | dk

| UkaN,—1| [k

(3.14)

(3.15)
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where P, H and L are called output prediction matrices. It can be seen from
equations (3.12) and (3.14) that the state and output prediction matrices depend
exclusively on the model parameters. Therefore, to find the future states and

the output, only the future input vector u, j is required.

u
=

3.3.2 The Objective Function

The objective function or the performance index is a very important component
of any control system. It is based on the requirements of the user and the perfor-
mance goals, which are used to compare the alternatives solutions and choose
the one which is better at meeting them. In the case of MPC, it is the criteria of
choosing the best control move. Humans also use performance indices while
making choices and trade-off between different aspects such as time to achieve
the goal, control effort required and minimum error, in an arbitrary way. Those
are usually rather vague performance indices. MPC is typically based on a pre-
cise numerical optimum so that there is no ambiguity. Consequently, a much
more precise definition of optimum performance is required. However, this def-
inition can be viewed as being equally arbitrary, as it is a simple tool to achieve
a unique solution. It is possible to define all the user requirements mathemat-
ically, but it is not practically possible to use all of them to define an objective
function. It is desirable to have a simple performance index, which fulfils the

following criteria:

e Function should have continuous derivatives.
e Function should have unique minimum/maximum.
e Function should not contain any nonlinearity or discontinuity.

e Function should always be positive.

Based on the above requirements, a quadratic cost function seems to be a sen-
sible choice. Therefore, to keep things simple, a quadratic cost function, which
penalises error (difference between actual and desired output) and the control

effort!, is selected and is given by:

Np

J= ) (e 1Qexsr +ulRuy) (3.16)
k=1

ICost function which theoretically guarantees the unbiased prediction, penalises the devi-
ation variables, instead of error and manipulated variable. Detail is given in Appendix A.
However, for the case of deterministic domains, the selected cost function is equally good.
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where Q and R are the weighting matrices and defined as positive definitive
matrices. The error ey, at any instance k, is the difference between the reference
input r¢ and actual the output yy, i.e.

Ck+1 = Thk+1 — Yit1 (3.17)

3.3.3 The Control Law

The control law is the mathematical criteria of choosing the optimum manipu-
lated input from a set of possible values. It is derived from the cost function by
minimising it.

Using equation (3.17) and considering Q as an identity matrix, in the cost func-
tion gives:

J = [Tk — z)k+1]T[L>k+1 - %kﬂ] + U R Uy (3.18)

By substituting the value of i k+1 from equation (3.15):

7’k+1—ka—Huk—Ldk] [7’k+1—ka—Huk—Ldk]—|—M Ruk
= +1—ka—Ldk] [ k1 — Pxye — Lay]

+ [Hug] TH g —2( 7,51 — Pxy — L) H g + 1 R g
= [ryee1 — P — L] T[ 141 — Py — Ldy]
+ ugH H g —2u g H (1,01 — P — Ldg) + 1 [R

To calculate the optimum control law, the cost function | needs to be minimised

with respect to u g. Therefore, we can ignore the first term, as it does not de-

%
end on u g. Therefore, the cost function takes the shape:
p LN p

J= {HTH%,( — 2%{HT(QH1 — Px — Ldy) + u[R

g

=

=> ] R(H'H+R) ty —2u fH' (7,541 — Pxx — Ldy) (3.19)

-4 L

Now:

¢(H'H+R) g —2uy H' (1,541 — Pxg — Ldy))
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To minimise J, grad(]) = 0. Therefore,

grad(ug (H'H+R) uy —2ug H' (7411 — Pxy — Ldy)) =0

20H'"H+R+ (H'H+R)T) 2H'( k41 — Pxg — Ldy) = 0

i~

Here, HTH + R is a symmetric matrix, therefore (H'H+ R)T = HTH + R
2(HTH + R) ty — 2HT(1>,C+1 — Px — Ldy) =0

which simplifies to,

Uy = (HTH+R)'HT( Tokr1 — Px — Ldy) (3.20)

The equation (3.20) gives the optimum trajectory of future control inputs. Here
Ui a vector of length equal to the prediction horizon chosen and gives the
optimum values of input to the process such that if applied in order, the system
will move nearer to the desired reference. Even though, the equation (3.20)
sets out a viable long term plan for future control input, only the first of these
inputs is implemented and the optimisation is performed again to improve the
future choices. So, the control law is defined from the first value of the optimum

control input trajectory as:

1y = [1 00 - o] e
assuming a vector E as: o
I
0
E= |0
0

Therefore, the optimum control law is given by:

uy=E"(H'H+R) 'H'( Tyki1 — P — Ldy) (3.21)
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3.3.4 The Constraints

In control systems problems, usually, constraints that are encountered, are of
physical limits of actuators, i.e. the saturation of manipulated variable. This in-
put saturation can be handled normally by applying a simple saturation func-
tion over the input to the system. In the case of planning domains, we can have
constraints over the system input u, the system output y and the internal states
of the system x as well. One of the features of MPC is to explicitly handle the
constraints, which is not there in classical control techniques. As we know from
equation (3.19), our performance index had a quadratic dependence over the

manipulated input. A typical Quadratic can be expressed as:
J=xTSx+xTa+c

Where S is positive definitive matrix and S = ST. The solution to which is an
unconstrained solution. By adding the linear constraints to this gives a con-

straint quadratic optimisation problem. The typical notation of which is:

J=xTSx+xTa+c¢

(3.22)
s.t. Mx <d

The equation (3.19) presents a similar quadratic to solve. The quadratic pro-
gramming can be used to solve it for optimisation, in the presence of linear con-
straints. For the linear constraints, the matrices M and d are needed to formu-
late from the information given in the domain model. The typical constraints

are:

The upper and the lower limits over the inputs,
u<u<u vk

The upper and the lower limits over the outputs,

IN
IN

y<y <y Vk

The upper and the lower limits over the internal states,

IN
IN

X Xk X, vk
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These constraints can be expressed as matrix inequalities as:

(10 0] B
0 1 0 il
: Uk
o o0 --- I Uk41 < il
—1 0 0 : = |-u
0 I - 0 [ugin,1 —Uu
0 0 —I —u
\_ ~~ —/ ; —/
Cu dy
or
Cu NS <dy (3.23)
(1 0 0 [ 1]
0 I 0 X
Xk+1
0 o --- I Xk+2 X
-1 0 : | —x
o —-I --- 0 Xk+N, —X
0 0 —1I —X
- — = ————
Cy dy
or

For Xkt from equation (3.13), the above inequality changes to:

combining (3.23) & (3.25)
Cu O du
U+ x <
CeHy| =GPy 7F 7 [dx]
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Cu du 0
Uy < - Xk
CxHx - dx Cxpx
—— N N —r
CcC dd ddy
CC%]{ < dd — ddxxk (326)

So, the optimised control law, subject to the linear constraints, takes the final
shape as in (3.27). This is a standard quadratic optimisation problem, subject to
the linear constraints and any off-the-shelf quadratic optimiser can be used to

solve this quadratic subject to the given linear constraints.

: TgT _ TgT _ _
min uy(H H+R) e —2u  H (71 — Pxy — Ldy) 62
s.t. CCu_y < dd — ddx;.

3.4 Summary

This chapter introduces the Model Predictive Control (MPC) as a branch of con-
trol systems engineering. It explains the basic concept behind the model predic-
tive control and its approach towards controlling the dynamic processes from
the engineering point of view. The features, which distinguish model predic-
tive control from other control techniques and make it a suitable choice to use
in automated planning for the solution of the hybrid planning domains, are
discussed in this chapter. In the later part of the chapter, the necessary mathe-
matical foundation is provided which has been used in the development of the

planning framework presented in this thesis.
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Chapter 4
Using MPC in Automated Planning

In this chapter, the framework for exploiting MPC approaches in hybrid plan-
ning is described in detail. It is explained in this chapter, how Al planning and
control systems are related and how it makes sense to use MPC in Al plan-
ning. The chapter also discusses the typical aspects of the continuous numeric
change of hybrid domains. A classification of the hybrid domain is also pro-
vided, which is exploited by the planning framework. In the later part of the
chapter, the architecture and the complete working of the framework, devel-

oped during this research, is provided.

41 Introduction

The planning framework for planning with hybrid domains presented here is it-
self hybrid in nature. It is based upon the idea of exploiting MPC for guiding the
forward search for handling the continuous part of the hybrid problem while
using classical planning techniques for dealing with the discrete part. In a nut-
shell, it isolates the discrete and the continuous components of the problem, in
order to deal with them on their individual merits, i.e. to use classical planning
technique for the discrete part and MPC for the continuous section. Essentially,
the MPC works as an assistant for the main planning module, which is based
on state-space forward search. Although no heuristic has been used for the
search for the discrete part of the domain, any state-of-the-art heuristic can be
incorporated. The main module searches for the goal in classical fashion, with
or without the help of any heuristic and whenever the search module needs to
deal with the continuous processes, it calls for the help of the MPC solver. The
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MPC solver helps the search module by solving an optimisation problem and
provides the search module, the predicted future actions and the future states,
which would result after the application of those actions. Concisely, the MPC
generates a sort of heuristic for the planning with continuous part for the do-
main. Figure 4.1 provides the block diagram of this overall structure of MPC as
an assistant for the main planner from the control point of view. It is compara-
ble with IMGPC shown in Figure 3.2. Here, plant is referred to as a composite
entity, consists of the continuous components of the domain model, separated
during the parsing process to form a dynamic model, understandable for the
MPC. The numeric goal is referred to any local numeric goal during the search
process, detail of which is given further in this chapter.

| |
| Planner |
| |
Domain ——— | Plan _
! Parser > Searcher ! g
Problem —|—|_> I
I A A I
| |
| |
Current
Numeric Goal State
Predicted
Predicted States
Actions
Model
Parameters
T T T T T T T B 7
| |
L - |
T > Cl I
5| Controller | Plant |
: Model :
I 2~ |
| |
| |
| |
| |
: MPC Solver !

FIGURE 4.1: Block diagram of the structure to exploit MPC
in automated planning. Reproduced from Bhatti et al. (2019).
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The segregation of continuous and discrete components in the domain model,
identification model parameters and creation plant model for the MPC is a very
crucial step. It involves the identification of internal and external variables of
the plant, which can be any of the numeric fluents of a PDDL+ domain model.
The internal variables include the output variables, the controlled variables and
the state variables. Whereas, the external variables of the plant include the ma-

nipulated variables and the disturbances!

. The other part of this step is the
creation of the state equation, which in fact, is the combination of all the dy-
namic equations of the independent components of the plant. These equations
are modelled as continuous numeric effects of the PDDL+ processes. Every
continuous numeric effect of a PDDL+ process represents a differential equa-
tion but the creation of a plant model from the continuous numeric effects is an
intricate process. In the next section, some important aspects of the continuous
numeric change are discussed, which need to be considered while creating the

plant model for MPC.

4.2 The Continuous Numeric Change Aspect

In a PDDL+ hybrid domain model, the continuous numeric change is an es-
sential and one of the most challenging features. The PDDL+ construct used
to model such continuous change, in a numeric variable, is the process. The
effects of a simple real-world process can be represented mathematically as a
differential equation:

— (var) = rate

dt

or in case of discrete-time system, as a difference equation:
vary, = vary + rate X At

where At is the sampling time. The corresponding PDDL+ notation is:

increase (var) (x #t (rate)) or

decrease (var) (x #t (rate)),

where #t indicates, it is a continuous numeric effect. This continuous numeric
change can of course be subject to some logical or numeric constraints, accord-

ing to the domain that is being modelled.

IThe general definitions of these process variables is given in section 2.2.1
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From a more general perspective, a simple real-world process may represent

the following four types of continuous change:

i. A continuous change for a fixed amount of time with constant rate.
ii. A continuous change for a fixed amount of time with variable rate.
iii. A continuous change for an indefinite amount of time with constant rate.

iv. A continuous change for an indefinite amount of time with variable rate.

Notably, in PDDL+ the continuous update is allowed only in process effects, and
is triggered and controlled using a start-process-stop representation (Fox and
Long, 2006). Using such representation, it is possible to model all the above
four types of continuous numeric changes in PDDL+. However, for type-i and
type-ii, an extra numeric variable (fluent) may be required to keep track of the
duration of the activity. When dealing with type-i change, a planning engine
has to decide when to start the corresponding process, as all the other variables
are fixed. With type-ii, in addition to making the decision of the starting in-

stance, the engine also needs to decide whether or not to modify the rate value.

It is particularly simple to model continuous changes with the help of PDDL+
processes, where the amount of time for execution is not fixed. For this reason,
most of the available PDDL+ benchmark domains include continuous change
of type-iii and type-iv. In a continuous change of type-iii, the rate of change
is supposed to be constant throughout the execution of the plan and the value
of the numeric variable var depend solely on the time allowed for the execu-
tion of the process. When controlling such sort of changes, the main concern of
a planning engine is to decide when to start and stop the process. In the case
of continuous change of type-iv, the rate of change of numeric variable is not
constant and is controllable, directly or indirectly. The planning engine has to
decide both the duration of the process and the rate of the change. There are dif-
ferent ways in which the variable rate can be controlled: a process that changes
its value over time, a discrete action under the direct control of executive, or an
event.

It is emphasised here that the above mentioned types of continuous change re-
fer to change in a single numeric variable only. A PDDL+ continuous process
could be a combination of one or more of such changes, and a domain model
may include multiple processes. Besides other factors, the complexity of a hy-

brid planning problem depends to a great degree on the combination of types
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of such continuous changes, as the planning engine has a growing number of

elements to decide and control.

4.3 Classification of Hybrid Domains

Building on top of the types of continuous change defined in the previous sec-
tion, here we introduce a classification of PDDL+ hybrid domains. The pro-
posed classification takes into account the type of changes that are included in
the model and is based on the intuition that continuous changes present a sig-
nificant challenge to current planning engines. In fact, in most of the existing
benchmarks, continuous changes represent the only notable challenge. It is a
general observation that the performance of any domain independent state-of-
the-art planning systems is not consistent in every benchmark domain. The
same planning algorithm, which works very well on some planning problems,
struggles to deal with some other planning problems, which are handled very
well by some other planning algorithm and vice versa. It is due to the fact that
in domain independent planning, the structure of the search space can vary
with every domain model and its encoding. An intuitive idea is to extract the
additional knowledge about the planning domain and the problem structure,
and by exploiting that knowledge, select the most suitable planning algorithm
for a given problem (Vallati et al., 2014). The algorithm selection approach was
tirst introduced in Rice (1976). It has been successfully applied in different
shapes, to different combinatorial search domains, such as SAT (Xu et al., 2008),
maxSAT (Matos et al., 2008), Answer Set Programming (ASP) (Gebser et al.,
2011) and portfolio-based planning (Vallati et al., 2015). The underlying idea in
all the applications is the same, i.e. to choose the algorithm most suitable for
the problem to improve the performance of the solver.

In this section, a classification of PDDL+ hybrid planning domains is presented.
This classification has been exploited in the planning framework presented in
this thesis. As it has been indicated in the previous section, the complexity of
a hybrid planning problem depends predominantly upon the combination of
types of continuous changes. It has been found during this research that the
different combinations of types of continuous change pose a different kind of
challenge for the planner, while reasoning about the hybrid domains. There-
fore, the classification presented here is based upon the combination of the

types of continuous numeric effects. The idea is to automatically extract the
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knowledge about the class of the hybrid planning problem from the domain
model and then apply the most suitable algorithm where necessary.

4.3.1 Class-A

This class include hybrid models where all the processes, are of type-iv. In this
class of models, for reaching a goal state, the planning engine has to deal with:
(i) duration and scheduling of the processes, and (ii) the rate of change. Let
us consider a domain model including the processes shown in Figure 4.2. Pro-
cess p1, subject to pre-condition c1, allows to continuously update two numeric
fluents a and b, at numeric rates d and e, respectively. The rate of change d
is controlled by the process p2 with an additional rate f. For the sake of this
example, it is considered that e and f are not constant and there is no other pro-
cess in the domain. Their numeric value is changed with instantaneous discrete
actions (not shown in Figure 4.2). In the example domain model, e and f are
the manipulated variables, whereas a, b and e are dependent variables. The nu-
meric state 7 = (a,b,d, e, f), of the environment, represented by this domain, at
any instant of time, depends on the time allowed for each process to execute, as
well the manipulation of e and f with the help of instantaneous discrete actions.
This type of domain is classified as class-A hybrid domain, in this thesis.

(:process pl
:parameters ()
:precondition(cl)
:effect (and
(increase (a) (x #t (d4)))
(increase (b) (x #t (e))) )
)

(:process p2
:parameters ()
:precondition (c2)
reffect (increase (d) (x #t (£f)))

FIGURE 4.2: An example of processes with variable numeric rates of change.
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4.3.2 Class-B

This class of hybrid domains includes the domain models where all the numeric
variables depend directly or indirectly on time only and there is no independent
variable that can be considered as a manipulated variable. In this class of mod-
els, for reaching a goal, the planning engine has to deal with the duration and
scheduling of the processes only. Therefore, the domain models where all the
continuous numeric changes are of type-iii, are included in this class.

(:process pl
:parameters ()
:precondition(cl)
:effect ( and
(increase (a) (x #t (d)))
(increase (b) (x #t (e)))
(increase (c) (x #t (£))) )
)

(:process p2
:parameters ()
:precondition (c2)
reffect ( and
(increase (d) (x #t 1.0
(increase (e) (* #t 0.5

)

(:process p3
:parameters ()
:precondition (c3)
reffect (decrease (f) (x #t 1.0 ))

FIGURE 4.3: An example of processes with both variable and constant numeric
rates of change, where time is only manipulating function.

It is very common for a real-world system to include more than one continuous
change and these changes can be of different types. Therefore, it is possible for a
domain model to have a combination of above mentioned types of continuous
changes. Consider three processes p1, p2 and p3, in Figure 4.3, as part of a
hybrid domain. In this particular case, the process p1 presents three continuous
changes of type-iv. The value of a changes with a rate d, which changes with

a constant rate of 1.0, in process p2. The numeric variable b changes with a
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variable rate of e, which can be increased with constant rate of 0.5, in process
p2. The third numeric variable ¢ can be changed with variable rate of £, with
can be changed by the execution of another process p3. The numeric changes

represented by processes p2 and p3 are type-iii continuous change.

It is clear, in this domain that there is no independent numeric variable. All
the numeric variables in this domain are dependent over the time of execution,
only. Therefore, time can be assumed as a manipulated variable here. The main
concern of a planning engine, in this class of domain, is the scheduling of start-
stop times of each process. Therefore, a domain with a combination of type-iii
and type-iv, where the variable rates of change of all of the type-iv continuous
change, are controlled by another continuous change of type-iii or type-iv but
not by any discrete structure, present in the domain, also belongs to this class.
Such domains, where time is the only manipulated function, are classified, in
this thesis, as class-B hybrid domains.

(:process pl
:parameters ()
:precondition(cl)
reffect ( and
(increase (a) (x #t (d)))
(increase (b) (x #t (e))) )

(:process p2
:parameters ()
:precondition (c2)
reffect (increase (e) (*x #t 1.0 ))

(:process p3
:parameters ()
:precondition (c3)
:effect (increase (d) (x #t (f) ))

FIGURE 4.4: An example of processes with both variable and constant numeric
rates of change, where time is manipulating function in addition to other
numeric variable.
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4.3.3 Class-C

This class of hybrid domains includes the domains, which have combined fea-
tures of both class-A and class-B hybrid domains. The domains, in which there
is a combination of type-iii and type-iv numeric change and where not all of the
variable rates of change of type-iv continuous numeric change are controlled by
some other process of the domain, belongs to this class. In this class of hybrid
domains, for reaching a goal state, the planning engine has to deal with both the
duration and scheduling of the processes and the rate of change for some pro-
cesses at the same time. This poses an overall different type of problem, where
for some processes, there is an independent manipulated variable, whereas the

time is considered a manipulated variable for the rest.

Consider a set of processes p1, p2 and p3 in Figure 4.4, as part of a domain
model. The process p1, in this domain include two continuous numeric changes
in variable a and b. Both of the continuous changes in process p1 are of type-iv,
as their rate d and e are further controlled in processes p2 and p3, respectively.
The process p2 represents a continuous change in e with fixed rate, which makes
it a type-iii continuous numeric change. The numeric value of d is controlled
in process p3, with a rate £, which is not constant and its value is changed
by instantaneous discrete actions (not shown in Figure 4.4). The variable rate
of change makes the continuous change represented by process p3, a type-iv
continuous numeric change. With this domain, a planner has to deal with both
f as well as time individually, in order to reach the desired goal state.

4.3.4 The Fixed Duration Continuous Change

In the classification of hybrid domains above, the involvement of type-i and
type-ii continuous changes is not mentioned. The type-i and the type-ii contin-
uous changes are the same in nature as of type-iii and type-iv, respectively, with
an added constraint of fixed or definite duration. The PDDL+ does not allow
an explicit expression of the duration of continuous numeric change. Therefore,
the type-i and the type-ii continuous changes are represented as the continuous
changes of type-iii or type-iv, plus an extra numeric change, with a fixed rate,
to keep track of the duration of that activity. The allowed duration for that par-
ticular continuous change is treated as a constraint and may trigger an event
to stop the process. This local time tracking activity is clearly a type-iii con-

tinuous change itself. Therefore, the types of problems, where the duration of
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continuous activity is specified, may fall into either class-B or class-C, hybrid

domains.

The above mentioned classification of hybrid domains model is strictly for the
purpose of application of MPC in planning domains only. This classification
helps to make the domain model understandable for MPC and to create the
plant model, suitable for the class of domain.

4.4 Creation of Plant Model

The plant, in context of control systems engineering, is referred to as the system
to be controlled. In regards to the hybrid domains, the plant is the continuous
part of the domain. Therefore, if the domain model is referred to as a system
then the plant acts as a subsystem. It is noteworthy that it is possible to have
more than one plant in a planning problem, whereas a plant represents one
or more processes in the domain. However, in most cases, it is sufficient to

consider only one plant.

The process of creation of the plant model is the most crucial step, as mentioned
earlier. It is an automated process in the implementation, which can be consid-
ered as part of the pre-processing step of the overall planning process. It is
reasonable to mention here the limitations of this planning system. It strictly
follows the PDDL+ framework with the addition of global constraints, and it
deals with the hybrid domains with linear processes only.

The plant model creation process starts right after the basic parsing of the PDDL+
domain and problem files. The first step is to identify all the process and the nu-
meric effects of those process. Every continuous numeric effect in the PDDL+
process can be represented as a differential equation or a difference equation for
a discrete-time system. As the MPC works iteratively and so is more inclined
towards discrete-time systems, therefore, a discrete-time model of the plant is
created, which consists of difference equations. A simple linear continuous nu-
meric effect of a PDDL+ process is represented by:

increase (var) (x #t (rate)),
which can be re-written in the form of a difference equation as:

vary,q = vary + rate X At
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Where, vary is the value of the numeric variable at time instance k and At is the
duration of sampling time. Here, it is assumed, the rate, both in the numeric
effect of PDDL+ continuous numeric effect and in the difference equation, can
be either positive or negative. The rate can also be an arithmetic expression of

more than one numeric variables, e.g.

increase (var) (x #t (+ (r1) (xr2) ))

The equivalent difference equation is:

vargy, = varg +rl X At +r2 < At

Using this translation scheme, all the continuous numeric effects are re-written
in the form of difference equations, to define a plant model in the form of a
general model of LTI plant, which is given in equations (3.1) and (3.2). Here, it
is appropriate to use example domain models from section 4.3 for better under-

standing of the plant model for every class of domain is generated.

Plant model for class-A domain For the first case, the domain model given
in Figure 4.2 is considered which is a class-A hybrid domain. This domains has
two processes, p1 and p2. The difference equations corresponding to process p1

are:

A1 = ax +dg X At
b1 = b + e x At

and the difference equation corresponding to continuous numeric effect of p2
is:
dry1 = di + fr X At

As mentioned earlier in section 4.3, the value of e and f is not constant and can
be changed in some instantaneous actions, which are also part of this domain.
In addition to the processes, those actions are also considered as part of the
continuous section of the domain. To create a plant model for this domain, all
the equations, regardless of which process they belong to, need to be combined.
The numeric fluents e and f are considered as manipulated variable as they are

the ones which can be directly altered by the executive. Therefore, the plant
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model is given as:

At ay 0 0

k41 1 0 p
dea| =10 1 0 [de] +]0 ot fk] (4.1)
bei1 00 1| |k At 0| LF

By the comparison of equation (4.1) with equation (3.1), it can be established

that:
ag
e
X — dk , uk:[k]
b k
and
1 At 0 0 0
A=10 1 0 , B= 1|0 At
0 0 1 At 0

The matrix C, mentioned in the output equation (3.2) depends upon the vari-
ables of interest. In the case of automated planning, they will be variables in-
volved in the numeric goal (or the local numeric goal?). In the case, where val-

ues of all the dependent variable are required in the output, the output equation

for this plant will be:
1 00 aj
ye=10 1 0 |dg (4.2)
0 0 1] |bx
Therefore,
100
C=1(010
001

It is notable that there is no variable which can be considered as disturbance? to

the plant. Therefore,

2The term local numeric goal will be explained further in this chapter
3Disturbance is the input to the plant, which cannot be controlled
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Plant model for class-B domain For this case, the domain model given in Fig-
ure 4.3 is considered. This domain has three processes. The difference equations
corresponding to process p1 are:

A1 = ax + dg X At,
b1 = b+ e X At,
Ck+1 = Ck + fr X At.

The difference equations corresponding to continuous numeric effects of p2 are:

dk+1 = dk + At/
exr1 = €, + 0.5 X At

and the difference equation corresponding to continuous numeric effect of p3
is:
frr1 = fi = Bt

As mentioned earlier, there is no other process or instantaneous action, which
can change the value of any numeric variable. The planner has to rely on the
scheduling of the processes and time of execution of processes to achieve the
goal. Therefore, time is considered as a manipulated variable. In this case we
create two extra variables, t_p2 and t_p3, each for process p2 and p3, as manip-
ulated variables. The prediction process, in this case, will generate the values
for these two variables, which would be translated as the time to allow the exe-

cution of either of the processes.

(aea| [t a0 0 0 ol fa] [ o 0 |

it 0100 0 0] |d At 0

bea| _ [0 0 1 AL O O | | 0 0 [tp2] 43
Chi1 000 10 0]e 05xAt 0 | |tp3

Cht1 00 0 0 1 At] | 0 0

fisr] J000 0 00 1] |f] | 0O  —At

In this case, the C can be considered and an identity matrix of 6 x 6 and there is

no disturbance variable, therefore the vector d will have all elements as zero.
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Plant model for class-C domain For the third case, the domain model given
in Figure 4.4 is considered. This domain has three processes p1, p2 and p3. The
process p1 has two continuous numeric change effects and both of them are of
type-iv. The difference equations corresponding to those continuous numeric

change are:

A1 = ag +di X At,
b1 = by + e X At

The difference equation corresponding to continuous numeric effects of type-iii
of p2 is:
ek+1 = e + At

and the difference equation corresponding to continuous numeric effect of p3
is:
dry1 = di + fr X At

As it is mentioned earlier, numeric variable f can be manipulated with other
instantaneous actions in this domain, therefore, f is considered as manipulated
variable. The other manipulated variable in this case is time for process p2. So,

the model for the plant for this case will take the shape as:

Qi1 1 At 0 0] [a 0 0
d 010 0f|d At 0

k+1 _ k + fk (4.4)
bein 0 0 1 At |b 0 0] |tp2

Cpi1 00 0 1] |e 0 At

In this case, the output matrix C can be considered and an identity matrix of
4 x 4 and as there is no disturbance variable, therefore the vector d will have all
elements as zero.

4.5 Planning Approach

The planning approach is hybrid in nature, as has been mentioned earlier. It
employs MPC for guiding the forward search for the continuous part of the hy-
brid problem, while the discrete part of the problem is dealt with the classical
planning approach. The overall implementation of the planning approach is
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divided into three main modules as shown in Figure 4.5. The Parser and Or-
ganiser module is the supervisory module, whereas, the DiscreteSearch and the
UtiliseMPC modules are the core modules specialised for the discrete and the
continuous parts of the domain, respectively. The Parser and Organiser mod-
ule takes the PDDL+ problem and domain as input, divides the discrete and
continuous parts, and assigns them to the corresponding core modules.

The modules are required to cooperate in order to solve non-trivial hybrid prob-
lems. This can be done by assigning sub-tasks to the other module, basically
requiring the other module to provide a path to a state that satisfies some con-
ditions in order to allow the search to progress. Such a condition is referred
to as a local goal in this text. The module, which has received a task, acknowl-
edges by finding a search node, encapsulating the particular state and a path
to the state. This process of switching jobs keeps iterating until the goal has
been achieved. The job requests among the modules are shown in Figure 4.5 as
boldface arrows, whereas, the non-boldface arrows represent the responses of

modules.

—
PDDL+ > Parser and Organiser > Plan
Domain

and

Problem

DiscreteSearch

i UtiliseMPC

FIGURE 4.5: Modular structure of the proposed planning approach. The job
requests are shown in bold, while responses are non-boldface arrows.
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4.5.1 Parser and Organiser Module

The search for a state satisficing the goal G starts from the Parser and Organiser
module. The Parser and Organiser is in-charge of the overall planning process.
It interacts with the outer world in the form of input and output and can com-
municate with the other two modules and send them job requests to process.
The response of the other two modules to Parser and Organiser module is node
containing the current state, which is the goal state and a path (sequence of ac-
tions) to the current state from the initial state. The Parser and Organiser use this
information to generate a formal plan. The first task of the Parser and Organiser

is to take the domain model and the problem files as input and parse them.

The next task of the Parser and Organiser module, after the parsing of input files
and grounding, is some pre-processing which starts by segregating the discrete
and the continuous part of the overall planning problem. It then creates the
plant model and on the basis of the plant model, the prediction equations and
the control law are created for UtiliseMIPC module. It also divides the set of
instantaneous discrete actions of the domain model «, into two subsets a) and
«r, such that a; Uay = a and a; Nay = @. Where ap includes all the discrete
actions with numeric effects, which can manipulate the numeric fluents of the
plant. The actions in ay are considered part of the plant model. The set aj,
includes the rest of the actions of the domain. Therefore, ®; = a« — ap. Here,
an example of simple numeric effects as part of an instantaneous action, which
can only increase or decrease the value of a numeric fluent is considered. It can
be represented in PDDL+ as:

increase (var) (rvalue)
or

decrease (var) (rvalue),

where var is the numeric fluent effected and rvalue is the amount of change in
var, if the action is applied once. This information that which action can change
which numeric variable for how much amount is also extracted during the pre-
processing phase and stored as additional information about the plant. Here, in
comparison to Figure 3.2, the plant model is referred to as the simulated System
Model and the overall actual system(domain model) is referred to as the Real
Process.
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Following the pre-processing, the subsequent search for the goal state is started
by giving a job to one of the other two modules. It is essential to mention
here, that the Parser and Organiser module does not itself perform any searching
and planning task. It starts the search process by giving a job of the search for
the goal state, to any of the two other modules. The modules Utilise MPC and
DiscreteSearch perform the actual search process. Both of these modules work
autonomously but in coordination with each other, before finally arriving at a
goal state. If there exists a Gy, the supervisory module gives the first job to
the UtiliseMPC to search for a path to a node, which satisfies Gy. If there is no
explicit Gy, then the job is given to the DiscreteSearch module to search for G.

4.5.2 UtiliseMPC Module

The implementation of UtiliseMPC module is given in Algorithm 1, Algorithm 2,
Algorithm 3, and Algorithm 4. The UtiliseMPC takes a node n = (s, 1), encap-
sulating the current state of the overall system and set of conditions over nu-
meric variables, InG as input, while it always has access to the domain model
Dom, including the plant parameters, which remain static. Here, s is the state of
the environment and 7 is a sequence of actions, which is the path to n from the
initial state, whereas InG refers to the local numeric goal. The goal condition
InG, in Algorithm 1 is referred to as local numeric goal to distinguish it from
GnN, because apart from its first call from Parser and Organiser module, where

Gy will map onto InG, it can be called multiple times from DiscreteSearch, to

Algorithm 1 UtiliseMPC
Input: Dom, n, InG
Output: Node n(s, 7)
1: ref :=InG
2: while InG does not satisfy n.s do
u = predict(n,ref)
if classA then
n := applyInputClassA(n, u)
else if classB then
n := applyInputClassB(n, u)
else if classC then
n := applyInputClassC(n, u)
10:  end if
11: end while
12: return n




66 Chapter 4. Using MPC in Automated Planning

Algorithm 2 applyInputClassA
Input: Dom, n, u,
Output: Node n(s, 7)

1: forallu(i),i € {1,--- ,length(u)} do
find a € an which is relevant to u(7)
if pre(a) does not satisfy n.s then

i := DiscreteSearch(n, pre(a))
end if
apply a appropriate number of times and update 7

7: end for

8: n := passTime()

9: n := applyEvents(n)

10: return n

search for some local numeric goal conditions.The output of Utilise MPC is a
node 1, whose state s satisfies the local numeric goal /nG. The dot operator *.’
in Algorithm 1, in n.s, refers to the state s of node n.

The UtiliseMPC starts the MPC prediction process, to search for InG, consider-
ing it as a reference for the plant to reach. MPC calculates the future numeric
values for the manipulated variables, on the basis of the prediction equations
and the control law, in the form of an array of vectors LN which represents
future control moves. The first vector from this array is picked as 1, and trans-
lated on the basis of information synthesised during the pre-processing. The
translation and subsequent application of u; depend on the class of the plant
model, as shown in Algorithm 1.

For the class-A plants, where all the manipulated inputs, in vector u, corre-
sponds to some numeric fluents, the relevant action a4 € ay has to be applied
for every component of 1 and the actual overall system is allowed to evolve for
At, which is represented by passTime() function. If the preconditions of a and
the corresponding processes are not satisfied, the DiscreteSearch procedure is
called with the set of these preconditions as a local goal. The future values in
as output of the prediction process are supposed to be the exact value of corre-
sponding numeric fluents at time step k. Therefore, for a simple numeric effect
of increase (var) (rvalue), before the application of relevant action a, to ma-
nipulate the numeric fluent var, the current value of var is compared with this
new predicted value and the action a is applied round((vary — vary_1)/rvalue)
times. If at this stage, the preconditions of a are not satisfied, the UtiliseMPC
module invokes the DiscreteSearch to search for a state, where pre(a) is true.

The DiscreteSearch module searches for this local goal and returns a node, which
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Algorithm 3 applylnputClassB
Input: Dom, n, u,
Output: Node n(s, 7t)
1: if all processes in plant are mutually exclusive then

2. forallu(i),i € {1,---,length(u)} do
3: if |u(i)] # 0 then
4: find p € P which is relevant to u (i)
5: if pre(p) does not satisfy n.s then
6: 1 := DiscreteSearch(n, pre(p))
7: end if
8: for |u(i)| do
9: n := passTime(#)
10: n := applyEvents(n)
11: end for
12: end if
13:  end for
14: else
15: forall u(i),i € {1,--- ,length(u)} do
16: if round(u(i)) # O then
17: find p € P which is relevant to u(i)
18: if pre(p) does not satisfy n.s then
19: 1 := DiscreteSearch(n, pre(p))
20: end if
21: else if round(u(i) = 0) then
22: find p € P which is relevant to u(i)
23: if pre(p) satisfies n.s then
24: 1 := DiscreteSearch(n, —pre(p))
25: end if
26: end if
27 end for

28:  n:= passTime(#)

29:  n:=applyEvents(n)
30: end if

31: return n

satisfies pre(a). All the actions corresponding to the numeric fluents in u are ap-
plied in such a way, for the specified number of times, as explained earlier, and
then the overall system is allowed to evolve for At units of time. After passing
the At amount of time, all the applicable events are applied and the Utilise MPC

predicts again for the next time step.

In cases, where time is identified as the manipulated variable, the output of the
prediction process is translated as the amount of time a corresponding process
needs to be executed. The upper limit, in most of the cases, over such manip-
ulated variables, where the manipulated variable is the execution time of the
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Algorithm 4 applyInputClassC
Input: Dom, n, u,
Output: Node n(s, 7t)
1: forallu(i),i € {1,--- ,length(u)} do

2:  if u(i) is a numeric fluent then
3: find a € ay which is relevant to u (i)
4: if pre(a) does not satisfy n.s then
5: 1 := DiscreteSearch(n, pre(a))
6: end if
7: apply a appropriate number of times and update 7
8: elseif u(i) refers to time then
9: if round(u(i)) # 0 then
10: find p € P which is relevant to u(i)
11: if pre(p) does not satisfy n.s then
12: i := DiscreteSearch(n, pre(p))
13: end if
14: else if round(u(i) = 0) then
15: find p € P which is relevant to u(i)
16: if pre(p) satisfies n.s then
17: i := DiscreteSearch(n, —pre(p))
18: end if
19: end if
20: endif
21: end for

22: n := passTime ()
23: n:= applyEvents(n)
24: return n

process is set to 1 as the constraint during the prediction process. The predicted
value for such manipulated variable being one means the process is allowed to
execute for one time step, At and if the predicted value is zero, it means that
the corresponding process is not allowed to execute for the current time step.
Any value in between zero and one is rounded off to zero or one, as mentioned
in Algorithm 3 and Algorithm 4. In such a case, which is there in both class-B
and class-C domains, where the value of the manipulated variable is not zero
after rounding off the initial predicted value, the corresponding processes need
to run for one step of time and where it is zero the process should not run. This
is made sure by making preconditions to be true for the processes which need
to run and to be false for the processes which should not run, with the help of
DiscreteSearch module. Once the preconditions are all set, the overall system is
allowed to evolve for one step of time after which all the applicable events are

applied.
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For a unique case of class-B domains, where all the processes corresponding to
the manipulated variables are mutually exclusive (which is decided during the
pre-processing phase), no upper limit is applied over u during the prediction
process. The predicted value of u is translated as the number of time steps the
corresponding process should be allowed to execute. Therefore, for the case
where all the processes are mutually exclusive, for every component of the vec-
tor u, the corresponding process is started by making its preconditions true with
help of the DiscreteSearch module and allowed to run for floor(uy) number of
time steps and after every time step, all the applicable events are applied. The
same set of activities are repeated for the next components of u. So, in effect,
all the process corresponding to manipulated variables are executed sequen-
tially in this case before the next iteration of the prediction process, as shown in
Algorithm 3.

The module UtiliseMPC keeps iterating this prediction and application process
until /nG is reached. and a node with the state satisfying InG is returned to the
module, which gave the job to UtiliseMPC. If the job was given by Parser and Or-
ganiser module, then the [nG would be Gy of the planning problem. Therefore,
anode satisfying G would be returned to the Parser and Organiser module. The
Parser and Organiser module, then requires the DiscreteSearch module to search
for Gp, if there exists one.

4.5.3 DiscreteSearch Module

The implementation of DiscreteSearch module is given in Algorithm 5. The Dis-
creteSearch module takes a node n = (s, /), encapsulating the current state of
the overall system and a set of any goal conditions /G as input, while it always
has access to the domain model Dom. Here, s is the state of the environment
and 7t is the path to the node n from the initial state, which is a sequence of
action, whereas /G is referred to local goal. The set of goal conditions /G can
be a combination of predicates and a set of conditions over numeric variables.
The goal condition IG, in Algorithm 5 is referred to as local goal to distinguish
it from G, because apart from its first call from Parser and Organiser module,
where G will map onto /G, there can be subsequent calls from UtiliseMPC to
search for some local goal conditions. The output of DiscreteSearch module is a
node a node n, whose state s satisfies the local goal /G. The dot operator *.” in
Algorithm 5, in n.s, refers to the state s of node n.
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Algorithm 5 DiscreteSearch
Input: Dom, n, IG,
Output: Node n(s, 7t)

1 Q:=<n>

2: while Q #<> or IG does not satisfy n.s do
3:  n:=head(Q)

4: foralla € a; do

5: if prer (a) does not satisfy n.s then

6: continue

7: else

8: if pren(a) does not satisfy n.s then
9: il := UtiliseMPC(n, pren(a))
10: end if
11: end if

12: il :=apply(a,n)
13: il := applyEvents ()
14: Q:=0Qn
15: n:=mn
16:  end for

17: end while
18: return n

The DiscreteSearch module searches for the goal state using the breadth-first
search technique. In the current implementation, there is no heuristic, which
could guide the discrete search, but any state-of-the-art heuristic method for
classical planning can be added in this module. The DiscreteSearch module
starts the search for the goal /G from the given input node n. It creates a First-
In-First-Out (FIFO) queue to maintain the frontier of the search. A node is ex-
panded by applying all the applicable actions from «;. The applicability of an
action a € way is checked by pre(a) and pren(a) individually, in order. When
both prer(a) and pren(a) are satisfied, the action is considered applicable. If
prer(a) is not satisfied then the action is considered not applicable. If pre; (a) is
satisfied and prey(a) is not, it indicates that numeric functions need to evolve.
Therefore, a job request is sent to UtiliseMPC at this stage with prey(a) as local
numeric goal InG. The response from UtiliseMPC is received in the form of an
updated search node, containing the updated state where prey(a) is satisfied,
which means the action is applicable. So, the action is applied to update the cur-
rent state and a new search node is created. After the application of action, all
the applicable events are applied and the search node is updated, which is then
checked against the [G. If the goal is satisfied the current node 7 is returned. If
the goal is not satisfied, the frontier of search is extended by adding the current

node at the end of the queue and the first node from the queue is selected for
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expansion. This process is kept repeating until the goal is satisfied or no node
in the queue is left to expand.

Figure 4.6 represent a simple example search tree, created by DiscreteSearch dur-
ing the forward search for the goal. The application of instantaneous action to
create a new node is represented with a simple arrow. The creation of new a
search node with help of Utilise MPC is represented with a doubled-arrow.

1=(Ag,n0)
Instantaneous
change
¥
§1=(Ay, no) S2=(Az, na) $3=(A3, o)
4 =(Aa, no) si=(hy, ny) $5=(As, No) sa=(As, No) Sk=(Ax, Nik)
sa=(As, n;) 8o=(As, nj) Sm=(Am, Nm) s57=(A7, no)
continuous
change

Sp=(Ap, Nem) St=(As, Nt)

}\u r'Iu)
sv=(Ay, nv) =(Ag, ng)

FIGURE 4.6: An example search tree. Arcs with doubled-arrows represent
change in states with the help of UtiliseMPC, while simple arrows represent
instantaneous changes.
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4.6 Summary

In this chapter, the framework for exploiting MPC approaches in hybrid plan-
ning is described. The continuous numeric aspects of hybrid domains are dis-
cussed, in this chapter, which includes the types of continuous process and
classification of hybrid domains. The explanation of how a PDDL+ domain is
translated to something which MPC can understand is also given. Finally, the
different modules of the system and the inner working of individual modules

is discussed.
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Chapter 5
Evaluation and Results

The aim of this chapter is to assess the usefulness of the proposed approach,
based on MPC, for improving the performance of domain-independent PDDL+
planning. The software implementation of the proposed planning approach for
PDDL+ hybrid domains, is based on the theoretical foundation, provided in the
previous chapters. The proposed MPC-based approach has been implemented
in Java 1.8. For the parsing of domain and problem files, the available Java code
of ENHSP (Scala et al., 2016) has been used. The IBM CPLEX (ILOG, 2012)
optimiser has been used for solving the quadratic optimisation problem gener-
ated by the control law. In the current version of the software implementation,
the DiscreteSearch module is not exploiting any heuristic for guiding the search

process.

In the evaluation process, five different benchmark domains have been used.
Some of these domains are frequently used for benchmarking of solutions, for
planning, for the PDDL+ hybrid domains, while others have been created for
the purpose of this evaluation only. Multiple problem instances of every do-
main have been created to provide the solver with increasingly difficult scenar-
ios and check the scalability of the approach. The efficiency of the proposed
approach is evaluated empirically, by comparing the experimental result with
other state-of-the-art planning systems. Three PDDL+ planners at the state-
of-the-art are included in the evaluation, namely: ENHSP (Scala et al., 2016),
UPMurphi (Della Penna et al., 2009) and DiNo (Piotrowski et al., 2016). Plan-
ners have been run using default heuristics and parameters, unless differently

specified.
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5.1 Experimentation

The experimental setup during the evaluation process used a virtual machine
running over Oracle VM VirtualBox, on a computer with Intel(R) Core(TM) i7,
1.8 GHz processor. The virtual machine was assigned 4 cores and 4 GB of RAM
for every problem instance. A 30 CPU-time minutes cut-off time limit was en-
forced. The default value of the sampling time or the discretisation step, At is
1.0, in this software implementation. However, the user can provide the value
of At of his/her own choice, as the command-line argument. For a fair com-
parison, At = 1.0 has been used for all the considered planners and problem
instances to be solved. The length of prediction horizon N, is also a parameter.
The choice of prediction horizon is crucial for successfully finding the optimal
plan. The lengthier the prediction horizon the more likely it is for a solution
to converge. On the other hand, the dimensions of prediction matrices are pro-
portional to the length of the prediction horizon. Increasing the value of the
prediction horizon causes the prediction matrices to grow in size, which leads
to more processing time. So, there is a trade-off between the quality of solution
and the quicker solution. This issue has been settled by carefully choosing the
default value of the prediction horizon as ‘8" units of time, on the basis of trial
and error. The value for the prediction horizon, chosen here, is not just any
length, but it represents the time in the future. So, if At = 1.0, the prediction
horizon N, =8 and for At = 0.5, the prediction horizon N, =16, to keep the

prediction 8 units of time in the future.

5.1.1 The Car Domain

The car domain is a well known PDDL+ domain for hybrid planning and has
been used as a benchmark domain in some planners, including UPMurphi,
DiNo and ENHSP. This domain belongs to class-A hybrid domains, according
to the classification given in this thesis. This domain models 1-D motion of a
car, where the car has to cover a specified goal distance, from a stationary po-
sition and then stop there. The acceleration of car is controlled by two discrete
instantaneous actions accelerate and decelerate. Each of these two actions
can change the value of acceleration by an amount of 1.0, if applied once. The
changes in velocity and displacement of the car are continuously updated in
two different processes, displacement and moving. There are constraints over

the upper and lower limits of velocity, as well as over the acceleration. The
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complete listing of the domain model and one problem instance is given in Ap-
pendix B.1, where disp represents the displacement to cover, vel represents the
velocity and acc represents the acceleration of the car.

5.1.1.1 Plant Model

In previous chapter, it has been discussed that the plant model of a hybrid do-
main is based on the continuous numeric changes and the numeric fluents in-
volved. In this domain, following two continuous numeric change effects in the

processes displacement and moving are:

increase (disp) (x #t (vel)) and

increase (vel) (* #t (acc))

and the acceleration of the car acc can be changed in the instantaneous actions

accelerate and decelerate, with the numeric effects:

:effect (increase (acc) 1.0) and

:effect (decrease (acc) 1.0)

In this case, the numeric fluents disp and vel are dependent variables and acc
is the manipulated variable, which can be updated directly by the executive.
Therefore, this domain falls in the category of class-A hybrid domains. The
difference equations corresponding to the continuous numeric effects are:

dispxy1 = dispy + vely x At

vely 1 = vely + accy X At

and the plant model for this domain is given by:
disprr1| |1 At |dispy L 0
velxyq a vely. At

acc
0 1 k

Where,

1 At di
, B= 0 , X = *5Pk and uy = accy
0 1 At vely
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It is important to mention here that the above plant model creation process is an
automated process and is the part of the pre-processing step, in the current soft-
ware implementation. During the prediction process, in Utilise MPC, the pre-
diction out come at any time step k, would be an array ay, ax1, ..., axyt N,—1s
from which only a; will be picked and applied.

5.1.1.2 Experimental Results

The experiments were performed over 12 different problem instances of the car
domain. The problem instances are ordered with increasing complexity, which
is achieved by increasing the requirement for the goal distance to cover and
by varying the constraints over velocity and acceleration. All of these problem
instances were handcrafted, to ensure solvability. In Table 5.1 are given the

details about parameters in every problem instance.

Problem Instances for Car Domain

Instance Distance Velocity Range Acceleration Range

1 30 [-10,+10] [-1,+1]
2 30 [-10,+10] [-2,+2]
3 30 [-10,+10] [-4,+4]
4 30 [-10,+10] [-8,+8]
5 30 [-10,+10] [-10,+10]
6 100 [-10,+10] [-10,+10]
7 200 [-10,+10] [-10,+10]
8 500 [-10,+10] [-10,+10]
9 500 [-20,+20] [-10,+10]
10 1000 [-20,+20] [-10,+10]
11 1500 [-20,+20] [-10,+10]
12 2000 [-20,+20] [-10,+10]

TABLE 5.1: Problem instances used in experimentation for the car domain.

In Table 5.2 are given the results of the experiment performed over the 12 prob-
lem instances of the car domain, using UPMurphi, DiNo, ENHSP and the pro-
posed approach presented in this thesis, which is represented by MPC in the
table. The plan duration is the total time of execution of the plan and the plan-
ning time, given in seconds, is the overall CPU-time taken by the solver to solve

a particular planning instance.

The experimental results for the car domain, which is a class-A domain, show

that the planning approach based on MPC, presented in this thesis, is able to
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Car Domain

Instance UPMuphi DiNo ENHSP MPC
1 Plarming Time 0.64 4.32 0.46 0.44
Plan Duration 11.00 11.00 11.00 12.00

2 Planning Time 1.14 1748 0.51 0.44
Plan Duration 11.00 8.00 11.00 12.00

3 Planning Time 190 69.50 0.52 0.36
Plan Duration 11.00 8.00 11.00 7.00

4 Planning Time 2.60 195.60 0.48 0.38
Plan Duration 11.00 8.00 11.00 7.00

5 Planning Time 2.67 24490 0.52 0.38
Plan Duration 11.00 8.00 11.00 6.00

6 Planning Time 27.66 565.52 0.63 0.47
Plan Duration 19.00 19.00 17.00 13.00

7 Planning Time 91.20 870.12 0.77 0.64
Plan Duration 29.00 27.00 26.00 23.00

8 Planning Time 646.30 X 4.52 1.02
Plan Duration 63.00 X 56.00 53.00

9 Planning Time 547.72 X 1.58 0.73
Plan Duration 37.00 X 33.00 31.00

10 Planning Time X X 6.11 1.12
Plan Duration X X 60.00 56.00

11 Planning Time X X 70.84 1.45
Plan Duration X X 82.00 81.00

12 Planning Time X X 1.78
Plan Duration X X X 106.00

TABLE 5.2: Experimental results for the car domain. X indicates that the prob-
lem was not solved in the given CPU-time or the solver ran out of memory.
MPC represents the proposed approach. Planning Time is given in seconds.

solve all the problem instanced in the maximum allowed time and memory. It

consistently outperforms the rest of the solvers, particularly in more complex

problem instances, both in terms of processing time and the quality of the plan,

which is the duration in which the car covers the goal distance. In the initial

5 instances, the goal distance and allowed range of velocity are kept constant,

whereas, the range of acceleration is increased in every instance, which pro-

vide more flexibility and make it possible to quickly increase and decrease the

velocity, which consequently allows the car to cover the distance in less time.
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This fact is evident in the plan durations, for every problem instance. It has
been found that all three other planners, used in this experimentation, do not
take advantage of this fact and do not utilise the full range of acceleration. An
example of plans generated by all four solvers is given in Appendix B.1. The
maximum acceleration achieved by UPMurphi and ENHSP in their respective
plans is 1 and by DilNo, it is 2. Whereas, the maximum allowed acceleration
in the domain model for this problem instance is 8. So, the plans generated
by UPMurphi and ENHSP, for problem instances 1-5, where the goal distance
remains the same, are essentially the same. The plans by DiNo, are the same
for problem instances 2-5. On the other hand, the MPC-based approach utilises
the full range for acceleration for every problem instance and so, the plan dura-
tion (plan execution time) is shorter in almost all the cases. In terms of overall
planning time, the MPC-based approach is able to solve all planning instances

quicker than any other solver used in experimentation.

For the problem instances 6-12, the required goal distance is progressively in-
creased, keeping the range for acceleration to [-10,10]. The range for velocity
is [-10,10] for problem instances 6-8 and [-20,20] for the rest of the instances.
It can be seen in Table 5.2 that MPC-based approach is able to solve all the
planning instances and drastically reduced the planning time, as compare to
the other solvers. It solved all the planning instances in less than 2 seconds, in
the given experimentation setup, where other state-of-the-art solver took much
more time. The quality of generated plans, in terms of plan duration, is also

better in all the cases.

FIGURE 5.1: Configuration of an articulated object with four links,
used in the Baxter domain. Modified from Capitanelli et al. (2017).
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5.1.2 The Baxter Domain

The Baxter domain is originally introduced in Capitanelli et al. (2017). This do-
main belongs to class-B hybrid domains, according to the classification given in
this thesis. It exploits planning for dealing with articulated objects manipula-
tion tasks. In this scenario, Baxter is a dual-arm robot and each of its arms is
tixed with a gripper. Baxter can manipulate an articulated object by manipulat-
ing its rotating parts. The articulated object is a series of links, connected with
help of joints. Each link itself is a rigid object which is connected with the joint,
to the next link and can rotate about the joint. Figure 5.1 shows the configura-
tion of an articulated object with four links, capable of moving about the axis,
perpendicular to the plane of the links only. The angle between any two links
is independent of the configuration of the rest of the links. The complete listing
of the domain model and a problem instance for the Baxter domain is given in
Appendix B.2.

5.1.2.1 Plant Model

In this domain, there are two separate processes for changing the angles be-
tween two links namely, move_angle_increase, for increasing the angle between
two adjacent links and move_angle_decrease, for decreasing the angle between

a pair of links. The continuous numeric effects of these two processes are:

increase (angle 711 712 7x) (* #t (speedI)) and
decrease (angle 711 712 7x) (* #t (speedD))

where 11, 12 and x are the parameters to the PDDL+ processes. The parameter
x is the place holder for the axis, which is only x-axis in the current experimen-
tation and 11, 12 are any two adjacent links of the object. The rates of change of
angles (speedl) and (speedD) remains constant for any problem instance. The
dimensions of matrices in the plant model will depend on the number of links
in the articulated object, in this domain. In the case of only two links, there will
be only two difference equations. Whereas, if there are four links in the artic-
ulated object, as shown in Figure 5.1, there will be six difference equations, as



80 Chapter 5. Evaluation and Results

given in the followings:

angle(11,12, x Axis)g,1 = angle(I1,12, x Axis)y + speedl x At
angle(11,12, x Axis) 1 = angle(I1,12, x Axis); — speedD x At
angle(12,13, x Axis)x.1 = angle(12,13, x Axis) + speed] x At
angle(12,13, x Axis)x.1 = angle(12,13, x Axis), — speedD x At
angle(13,14, x Axis)x.1 = angle(13,14, x Axis) + speedl x At
angle(13,14, x Axis)x. 1 = angle(13,14, x Axis), — speedD x At

The rates of change for every equation remain constant for any problem in-
stance of this domain. Therefore, the domain falls in the category of class-B
hybrid domains, where the execution time of the processes is considered as ma-
nipulated variables. The plant model for this case where the articulated object
has four links is:

angle(11,12, x Axis) 41 1 0 0| |angle(I1,12,xAxis)

angle(12,13, xAxis)g,1| = |0 1 0| |angle(12,13, xAxis)y

angle(13,14, x Axis)i1q 0 0 1] [angle(I3,14, xAxis)
[speedIAt —speedDAt 0 0 0 0

+ 0 0 speedIAt —speed DAt 0 0
0 0 0 0 speedIAt —speed DAt

t_move_angle_increase(l1,12, x Axis)y
t_move_angle_decrease(l1,12, x Axis)
t_move_angle_increase(12,13, x Axis )
( )
( )
( )

X
t_move_angle_decrease (12,13, x Axis)
t_move_angle_increase(13,14, x Axis)y
t_move_angle_decrease (13,14, x Axis)y
Where,
(1 0 0
A=101 0
0 01
[speed At —speedDAt 0 0 0 0
B = 0 0 speedIAt —speed DAt 0 0
0 0 0 0 speedIAt —speed DAt
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t_move_angle_increase(l1,12, x Axis

] t_move_angle_decrease(l1,12, x Axis
angle(11,12, x Axis)

x = |angle(12,13, x Axis) and u =

) t_move_angle_decrease (12,13, x Axis
angle(13,14, x Axis)

t_move_angle_increase(13, 14, x Axis

( )
( )
t_move_angle_increase(12,13, x Axis)
( )
( )
( )]

t_move_angle_decrease(13,14, x Axis

Here t_move_angle_increase(I1,12, x Axis) in vector u, is the time of execution for
process move_angle_increase, with parameters (11,12,xAxis) and so on. The
prediction outcome from UtiliseMPC, at any prediction step k, would be an ar-
ray g, Ui, - UktN,—1s from which only u; will be picked for application.
Each entry in vector u; would contain the information that how long the corre-
sponding process need to be run at ky, step, which the planner uses to start and

stop any particular process.

5.1.2.2 Experimental Results

The experiments were performed over 8 different problem instances of the Bax-
ter domain. All of these problem instances were handcrafted to ensure solv-
ability. The problem instances are ordered with increasing complexity, which
is achieved by increasing the number of links in the articulated object and the
requirement for change in angle between any two links. The rate of change for
angle increase, speedI is 3.0 and the rate of change of angle for angle decrease,
speedD is 2.0 for all problem instances. Table 5.3 shows the requirements for all

problem instances for the Baxter domain, used in the experimentation.

In Table 5.4 are given the results of the experiments performed over the 8 prob-
lem instances of the Baxter domain, using UPMurpi, DiNo, ENHSP and the
proposed approach presented in this thesis, which is represented by MPC in
the table. Only the total planning time is given in the table, which is in seconds.
The letter X represents that the solver could not generate a plan in the allowed
time of 1800 seconds or ran out of memory. The plan duration, for any particu-
lar problem instance, is almost the same in the generated plans by all the solvers
(if one is generated). Therefore, the plan duration is not mentioned here.

The experimental results for the Baxter domain, which is a class-B domain,
show that the planning approach based on MPC, presented in this thesis, is
able to solve all the problem instanced in the allowed time and memory. In rel-

atively harder problem instances, when other state-of-the-art solvers take 100s
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Problem Instances for Baxter Domain
Instance Angle L1-IL2 L[2-1.3 L3-L4 L4-I5 L5-L6 L6-L7 L7-LS8

1 Initial 0 - - - - - _
Final 45 - - - - - _
2 Initial 0 0 - - - - _
Final 45 45 - - - - _
3 Initial 180 0 - - - - _
Final 270 90 - - - - _
4 Initial 180 0 0 - - - _
Final 90 90 90 - - - _
5 Initial 90 0 270 0 - - _
Final 180 130 60 90 - - -
6 Initial 0 0 0 0 0 - -
Final 270 270 90 90 270 - -
7 Initial 0 0 0 0 0 0 -
Final 270 270 90 90 270 270 -
8 Initial 0 0 0 0 0 0 0

Final 270 270 90 90 270 270 90

TABLE 5.3: Problem instances used in experimentation for the Baxter domain.

Baxter Domain

Instance UPMuphi DiNo ENHSP MPC
1 0.62 1.14 0.60 0.24
2 6.20 221.70 0.95 0.32
3 102.50 638.70 1.32 0.34
4 1304.60 X 2.58 0.35
5 X X 11.70 0.43
6 X X 41.30 0.46
7 X X 160.40 0.54
8 X X 227.20 0.59

TABLE 5.4: Planning times for the Baxter domain in seconds. X indicates that
the problem was not solved in the given CPU-time or the solver ran out of
memory. MPC represents the proposed approach.

of seconds to solve a problem, it can still solve those problems in less than a
second. Due to the nature of this domain i.e. all the processes in the domain
are mutually exclusive and the rate of change is fixed, the duration of the plan,

generated by all solver is the same for any problem instance, with the exception
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of DiNo, which adds unnecessary delays, in some cases, which can be seen in

the generated plan given in Appendix B.2. The quality of a plan, in this do-

main, can be assessed by the number of actions (plan-length) only. The plan

generated by UPMurphi is always the shortest for this domain. In the example

in Appendix B.2, the UPMurphi’s plan

, given
completes the task by performing 4 actions, whereas the plan generated by the

tance 3

ms

plan for the problem

approach based on MPC, completes the same task in 8 actions. The ENHSP’s

ill take 108 actions

plan completes the task in 60 actions and the plan by DiNo w

to complete the same task.

in the river.

ing in

io of 3 people float

The sailing domain scenar

FIGURE 5.2
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5.1.3 The Sailing Domain

The sailing domain, used for experimentation, has been created for the purpose
of this thesis. This domain belongs to class-A hybrid domains, according to the
classification given in this thesis. It is inspired from the original sailing domain,
used in Scala et al. (2017). The overall scenario of the domain is given in the Fig-
ure 5.2, where multiple people are stranded in a wide, flowing river, holding on
some fixed rocks or boulders. The people need to be rescued by a boat, which
is stationary, at a location with coordinates (0,0). The boat can accelerate and
decelerate both in x and y directions. The flow of water along the river affects
the boat’s velocity. A person can only be saved, if the boat is within a distance
of 2 in both x and y direction of the person, which makes it a 4x4 square, and
the boat needs to be almost stationary. The acceleration of the boat has two
components ax and ay, which are controlled by four discrete instantaneous ac-
tions increase_ax, increase_ay, decrease_ax and decrease_ay. Each of these
actions can make a change of 0.5 into the corresponding component of accel-
eration. The velocity and the position of the boat are continuously updated in
two separated processes displace and accelerate. There are constraints over
the max and min values of the components of acceleration and velocity. The
complete listing of the sailing domain and a problem instance are given in Ap-
pendix B.3. This domain is basically an extension of the car domain with motion
in 2-dimensions, with the flow of water as the disturbance and multiple goals.

5.1.3.1 Plant Model

In the sailing domain, there are two processes, each with two continuous nu-
meric effects. Following are given all four continuous numeric effects present

in this domain, after grounding.

increase (x b) (x #t (+ (vx b) (vrx)))
increase (y b) (x #t (+ (vy b) (vry)))
increase (vx b) (x #t (ax b))

increase (vy b) (x #t (ay b))

Where, x and y are position of the boat b, in x and y axes, vx and vy are the veloc-
ity components and ax and ay are the component of acceleration. The terms vrx

and vry are the x and y components of the constant velocity induced by the flow
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of the river. The acceleration components of the boat can be controlled by in-
stantaneous actions increase_ax, decrease_ax, increase_ay and decrease_ay,

with numeric effects:

reffect (increase (ax b) 0.5)
reffect (decrease (ax b) 0.5)
:effect (increase (ay b) 0.5)
reffect (decrease (ay b) 0.5)

In this case, the numeric fluents (x b), (y b), (vx b) and (vy b) are the depen-
dent variables and (ax b) and (ay b) are the manipulated variables, which can
be changed directly by the executive. Therefore, this domain falls in the cate-
gory of class-A hybrid domains. The difference equations corresponding to the
continuous numeric effects are:

(D)ky1 = x(b)g + vx(b) X At 4 vrxg X At
Y(b)ks1 = y(b)i +vy(D)
vx(b)gy1 = (vxb) + ax(b); x At
0y (b)k41 = (vxb)x +ay(b)i x At

X

k X At +ory X At

The terms vrx and vry acts as uncontrolled input to the plant and therefore,
treated as disturbance in the plant model. So, the plant model for this domain

is given by:
x(b)ks1 1 0 At O x(b)g 0 0
Y(b)kt1 01 0 Atj yb)e| |0 0 jax(bl
0x(b)gs1 00 1 vx(b)g At 0| |ay(b)
vy (b) ki1 00 0 1] |oy(b) 0 At
Where,
1 0 At O 0 0
A 01 0 At . B= 0 0 ’
00 1 O At 0
00 0 1 0 At
x(b)k
o L] [ex
vx(b)x ay(b)x
vy (D)«
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Problem Instances for Sailing Domain
Instance P1 P2 P3 P4

1 (30, 20)
2 (100, 50)
3 (150, 80) - - -
4 (200, 120) - - -
5 (250, 150) - - -
6
7
8
9

(300, 200) - - -
(100,80) (60, 40)
(250,100)  (70,30) (150, 80) -

(270,130)  (70,30)  (200,100) (150, 80)

TABLE 5.5: Problem instances used in experimentation for the sailing domain.
The entries show the x and y co-ordinates of persons.

As vrx and vrx are the disturbances to the plant and the output co-efficient

matrix C is considered as identity matrix, therefore,

1 000 VY Xy
c_ 0100 ond  de — Ty

0010 0

0001 0

5.1.3.2 Experimental Results

The experiments were performed over 9 different problem instances of the sail-
ing domain. All of these problem instances were handcrafted. The problem
instances are ordered with increasing complexity. In problem instances 1-6, the
boat has to rescue only one person and in each instance, the person’s distance
from the boat is increased. In problem instances 7-9, the number of persons to
be rescued are increased by one in every instance. The detail about the location
of persons is given Table 5.5, in (X, y) form. For all the problem instance, the
range of velocity components is kept [-10, 10] and the range of acceleration is
[-2, 2]. The river is assumed to be flowing roughly 10° North, which makes the
angle from the x-axis to be approximately 80°. The velocity induced by the river
is considered 0.61, therefore, vrx = 0.6 and vry = 0.1.

The results of the experiments, performed over the problem instances of the
sailing domain, are presented in Table 5.6. The planners UPMurphi and DiNo
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Sailing Domain

Instance ENHSP MPC
1 Planning Time 0.82 0.63
Plan Duration 15.00 11.00

2 Planning Time 1.16 0.76
Plan Duration 20.00 18.00

3 Planning Time 2.51 0.89
Plan Duration 29.00 24.00

4 Planning Time 21.90 0.93
Plan Duration 32.00 28.00

5 Planning Time 286.20 1.05
Plan Duration 40.00 34.00

6 Planning Time X 1.12
Plan Duration X 39.00

7 Planning Time X 1.26
Plan Duration X 28.00

8 Planning Time X 4.67
Plan Duration X 52.00

9 Planning Time X 19.06
Plan Duration X 73.00

TABLE 5.6: Experimental results for the sailing domain. X indicates that the
problem was not solved in the given CPU-time or the solver ran out of memory:.
MPC represents the proposed approach. Planning Time is given in seconds.

could not solve any of the problem instances in allowed time and memory.
Therefore, only the results by ENHSP and the MPC-based approach are pre-
sented. The overall planning time is given in CPU-seconds. The plan duration
is the units of time required for the complete execution of the plan.

The results from the experiments show that the sailing domain is the most chal-
lenging domain for all the solvers. The planners UpMurphi and DiNo, both
could not solve any of the problem instances. The planner ENHSP is able to
solve the only instances where only one person is needed to be rescued, except
the instance 6, which it could not solve in the allowed time. It could not solve
any of the problem instances where the goal requirement is to save more than
one person. On the other hand, the MPC-based approach is able to solve all the
problem instances in allowed time and memory. The overall planning time of
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MPC-based approach is also always less than ENHSP, particularly in the harder
instances, when ENHSP takes 10s or even 100s of seconds, the MPC-based ap-
proach is able to solve in approximately 1 second. The more complex problem
instances, which no other planner was able to solve, the approach presented in
this thesis was able to solve in few seconds. The quality of the plan in terms of
plan generation is also better in all the problem instances, when the other solver

is able to generate a plan.

5.1.4 The Boiler Domain

The boiler domain is modified from the original problem in Lygeros et al. (2008).
This domain belongs to class-B hybrid domains, according to the classification
given in this thesis. In this domain, which is used in the experimentation, a
steam boiler is assumed to be fitted with an electrical heater, with a fixed rate of
heating for a constant steam supply. The water level in the boiler is decreased
due to the escaping steam. The water in the boiler is replenished with help of
a water pump, attached to the boiler. The pump maintains a constant inflow of
water, whenever it is ON. The water level inside the boiler has to be kept within
arange, specified by the low and high levels, by turning the pump ON and OFF,
as mentioned in the Figure 5.3. The goal requirement is to maintain the water

Steam

Pump

: ; water

———————— P
-.._____,-—'—-‘-)
LTSRS o

————— P

L2

Heater

FIGURE 5.3: The boiler domain scenario. Modified from Lygeros et al. (2008).
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level and constant supply of steam for a specified time. Some of the scientific
facts have been ignored in this domain to keep the processes linear. For exam-
ple, it is assumed that as long as the water level remains within the specified
range and the heater remains ON, the rate of steam generation remains con-

stant.

5.1.4.1 Plant Model

The plant model created in the boiler domain is based on the processes of the
domain and their continuous numeric effects. In the domain model, there are
two processes, increase_water and generate_steam. The process increase_water,
when active, increases the level of water in the boiler, with the rate inFlow,
which remains constant for any problem instance. The process generate_steam
keeps track of the steam generation time and level of water, which is reduced
due to the steam generation at a constant rate of evpR. The preconditions of this
process are such that once it starts, it cannot be paused, which ensures the con-
tinuous generation of steam. Following are given all the continuous numeric

effects present in this domain.

increase (waterLavel) (* #t (inFlow))
decrease (waterLavel) (* #t (evpR))

increase (runtime) (x #t 1.0)

It is clear from the above continuous numeric effects and the domain model,
that rate of change is constant in all three of them, and the planner has to only
decide, when to start and when to pause a process. Therefore, according to the
classification presented in this thesis, this domain is a class-B hybrid domain.

The difference equations corresponding to the continuous numeric effects are:

waterLavely 1 = waterLavely 4+ inFlow x At
waterLavely 1 = waterLavely — evpR x At

runtimey | = runtimey + At

The plant model on the basis of above equations and the other information from
domain model will be:



90 Chapter 5. Evaluation and Results

waterLavely 1| |1 0| |waterLavely
runtimeyq 01 runtimey

inFlow x At —evpR x At
0 At

t_increase_watery
t_generate_steamy

Where,

7

A 10 B inFlow X At —evpR x At
IR 0 At

Xk

_waterLavelk] [tincreasewaterk]
and up =

runtimey t_generate_steamy

Here t_increase_watery, is the time allowed for the execution of increase water
process and t_generate_steamy is the time allowed for the execution of process
generate_steam, at time step k. As the processes in the domain model are not
mutually exclusive, therefore the manipulated variable u at any time instance k,

will be chosen from the set U = {[3], [?], [4], [1]}, which would be trans-
lated as to start or stop a particular process for At time.

5.1.4.2 Experimental Results

The experiments were performed over 6 different problem instances of this do-
main. All of the problem instances were handcrafted. For the experimentation
with ENHSP, the domain was a bit modified to ensure the solvability. The in-
put parameters were kept same for all the problem instances, with the following
values: L1 = 8.0, L2 = 12.0, inFlow = 1.0, evpR = 0.2 and waterLavel at start
is 10. The runtime for the every problem instance is chosen from the sequence
< 30, 40, 50, 100, 200, 400 >.

The results of the experiments over the boiler domain are presented in Table 5.7,
where only the processing times of each solver are given. The plan duration
for all solvers remains the same due to the nature of the problem. The fact
that it is the most simple domain used in the experimentation is evident in the
results. In simpler problem instances, the processing time of all the solvers is
comparable. In problem instances 4-6, where the runtime is 100, 200 and 400
respectively, UPMurphi and DiNo took much more processing time and could
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Boiler Domain

Instance UPMuphi DiNo ENHSP MPC
1 0.94 0.76 0.66 0.76
2 1.66 1.04 0.73 0.96
3 2.62 1.32 0.78 1.08
4 17.22 356.14 0.86 2.16
5 151.06 X 1.13 3.27
6 1456.64 X 1.55 5.68

TABLE 5.7: Planning times for the boiler domain in CPU-seconds. X indicates
that the problem was not solved in the given CPU-time or the solver ran out of
memory. MPC represents the proposed approach.

not compete with ENHSP and MPC. The MPC-based approach is able to solve
all the problem instances in few seconds but the performance of ENHSP in this

domain, both in terms of processing time and the plan length is better than
MPC-based approach.

water —

inFlow

Tank 2
Lz

Ly

outFlow; \ ' \ , V' outFlows

Heater 1 Heater 2

FIGURE 5.4: The water tanks domain scenario. Inspired
from Lygeros et al. (2008).
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5.1.5 The Water Tanks Domain

The water tanks domain is created for this experimentation. It is a modified
form of the original problem in Lygeros et al. (2008). This domain belongs to
class-C hybrid domains, according to the classification given in this thesis. In
this domain, two tanks are filled with water and fitted with water heaters. Each
of the tanks has a tap with a fixed outflow rate and the taps are always open.
The temperature of the water in each tank has to be kept within some range,
specified by high and low temperatures. The water levels in both tanks also
need to be maintained within a specified range. The water in both tanks is re-
plenished with the help of a single pump, which can switch its position to either
tank, whenever it is required. The pump can be turned ON and OFF, as well
and supplies the water with a constant rate, when it is in ON state. When the
water is filled in any tank, it decreases the water temperature proportional to
the inflow. The respective heater of the tank then tries to maintain the tempera-
ture with a variable heating rate. Each tank has to maintain water level within
the same specified range, but the temperature range, as well as the outflow of
each tank, are different. This overall scenario is given in Figure 5.4. In this
domain also, some scientific facts have been ignored, in order to keep the pro-
cesses simple and linear. For example, it is assumed that the fresh water has a
temperature lower than the water in any tank. Therefore, the temperature of
water decreases with the inflow of water. The change in temperature of water
in a tank is assumed to be proportional to the inflow. Also, it is assumed that
the outflow of any tank will remain constant, as long as the water in the tank
is within the specified range. The complete listings of the domain model and a
problem instance are given in Appendix B.5.

5.1.5.1 Plant Model

In the water tanks domain, there are seven processes. The process time _keeping
is used for timekeeping only and always remains active. The rest of the three
processes decrease_water, increase_water and heat will have a grounded in-
stance, corresponding to each tank. The grounded processes decrease_water
express the change in water levels in tanks, due to the outflow of water. Each
water tank has its outflow rate, which remains constant in a problem instance.
The grounded processes increase_water express the continuous changes in the
states of the tanks due to the inflow of water. The inflow of water increases the
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level of water in the relevant tank with a constant rate inFlow and decreases the
temperature of water in the tank proportional to the inflow, which is assumed
0.4 times the inFlow. The grounded processes with the name heat express the
change in the temperature of the relevant water tank. The rate of change of
temperature heatingRate is manipulated by two instantaneous discrete actions.
The complete list of the continuous numeric effects after grounding is given in
the following:

decrease (waterLavel tnkl) (* #t (outFlow tnkl))
#t (inFlow))
decrease (temp tnkl) (x #t (x (inFlow) 0.4 ))
decrease (waterLavel tnk2) (x #t (outFlow tnk2))
#t (inFlow))
decrease (temp tnk2) (x #t (*x (inFlow) 0.4 ))
increase (temp tnkl) (x #t (heatingRate tnkl))
increase (temp tnk2) (* #t (heatingRate tnk2))

*

increase (waterLavel tnkl) (

*

increase (waterLavel tnk2) (

increase (runtime) (x #t 1.0)

Where, temp refers to the temperature of water and tnk1 and tnk2 are for tank-1
and tank-2. The rest of the fluent names above are self explanatory. The rate of
heating of water heatingRate in any tank is controlled by two instantaneous
actions increase heating rate and decrease heating rate. Each of these ac-
tions can change the value of the heating rate by 0.5. The difference equations

corresponding to these continuous numeric effects are:

waterLavel (tnk1)y. 1 = waterLavel (tnk1); — outFlow(tnkl) x At

waterLavel (tnk2)1 = waterLavel (tnk2); — outFlow(tnk2) x At

(tnk1) (tnk1)
waterLavel (tnk1)y, 1 = waterLavel (tnkl)y 4 inFlow x At
(£nk2) (£nk2)
waterLavel (tnk2)y, 1 = waterLavel (tnk2) + inFlow x At
temp(tnkl)x,q = temp(tnkl)y —inFlow x 0.4At
temp(tnk2)x,q = temp(tnk2), — inFlow x 0.4At
temp(tnkl)y, 1 = temp(tnkl)y + heatingRate(tnk1) x At
temp(tnk2)yq = temp(tnk2); + heatingRate(tnk2) x At

runtimey = runtimey + At

In the above difference equations, the rate of change is constant except when
the temperature is changed by heatingRate, which can be manipulated by the
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executive. Therefore, this domain belongs to class-C hybrid domains, according
to the classifications presented in this thesis. The plant model for this domain

is given by:
[waterLavel (tnk1) 1 | (1 0 0 0 0] [waterLavel(tnkl);]
waterLavel (tnk2)1 0 1 0 0 0| |waterLavel(tnk2);
temp(tnkl)jq =100100 temp(tnk1)y
temp (tnk2)y.4q 00010 temp(tnk2)y
runtimeyq 0 000 1] [ runtimey
inFlow 0 —outFlow(tnk1) 0 0 0 O]
0 inFlow 0 —outFlow(tnk2) 0 0 0
+ At | —0.4inFlow 0 0 0 1 00
0 —0.4inFlow 0 0 010
i 0 0 0 0 0 0 1]
[t increase_water(tnk1)y |
t_increase_water (tnk2)y
t_decrease_water(tnkl)y
X | t_decrease_water(tnk2)y
heatingRate(tnk1)
heatingRate(tnk2)
| t_time_keepingy
Where,
[t_increase_water(tnkl) |
(1 0 0 0 O] [waterLavel (tnk1)j| t_increase_water(ink2)
01000 waterLavel (tnk2) t_decrease_water(tnk1)
A=10 01 0 0], x= temp(tnkl)y , u = |t decrease_water(tnk2)
00010 temp (tnk2)y heatingRate(tnk1)
0 0 0 0 1] runtimey, | heatingRate(tnk2)
| t_time_keepingy
and
inFlow 0 —outFlow(tnk1) 0 00 O]
0 inFlow 0 —outFlow(tnk2) 0 0 0
B = At | —0.4inFlow 0 0 0 100
0 —0.4inFlow 0 0 010
0 0 0 0 00 1
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The outcome of the prediction process at any time step k would be an array
Uk, Uk, oo s UkEN,—1 from which only u; will be picked and translated be-
fore the application. As this is a class-C hybrid domain, the vector u; would
contain two different types of information. The numeric values in u, for heat-
ing rates heatingRate(tnk1) and heatingRate(tnk2), would be translated as the
proposed heating rates at time instant k. The rest of the numeric values would
correspond to the execution time of the corresponding process, which would be
translated as ON or OFF, i.e. the relevant process would be allowed to run or

pause for At time.

5.1.5.2 Experimental Results

The experiments were performed over 8 different problem instances of the wa-
ter tanks domain. All of the instances were hand crafted. The input parame-
ters were kept same for all the problem instances, with the following values:
L1 = 10, L2 = 20, inFlow = 2.0, outFlow(tankl) = 0.9, outFlow(tank2) =
0.7, TL(tankl) = 28, TH(tankl) = 32, TL(tank2) = 38, TH(tank2) = 42.
Here, TL and TH are the lower and upper limits of the temperature of wa-
ter in a tank. The initial water level for tank-1 is 13 and for tank-2 is 15 and
the initial temperature of water in tank-1 is kept 30 and for tank-2 is 40. The
runtime is increased in every problem instance and is chosen in the sequence
< 10,15,20, 30,4050, 60,80 >.

Water Tanks Domain

Instance UPMuphi ENHSP MPC
1 51.76 3.95 0.76
2 X 15.58 0.92
3 X 25.64 1.12
4 X 43.15 1.31
5 X 64.31 1.47
6 X 81.27 1.75
7 X 102.42 2.04
8 X 131.69 2.19

TABLE 5.8: Planning times for the water tanks domain in CPU-seconds. X
indicates that the problem was not solved in the given CPU-time or the solver
ran out of memory. MPC represents the proposed approach.
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The results of the experiments are presented in Table 5.8. Only the planning
time in terms of CPU-seconds is mentioned. The plan duration of the gener-
ated plan by all the planners is the same for a problem instance. DiNo could not
solve any of the problem instances, therefore, it is not mentioned in Table 5.8.
UPMurphi could only solve the instance 1, in allowed time and memory, where
runtime is 10. The planning approach presented in this thesis, which is based
on MPC, solved all the problem instances of the water tanks domain. The plan-
ning solutions of every problem instance were generated within a few seconds.
Whereas, the other state-of-the-art solver took tens of seconds, and in harder
problem instances, even hundreds of seconds to generate a plan for a problem.
The plans generated by MPC-based approach tends to be lengthier in all cases.
This is due to the fact, that instead of keeping the water level and temperature
in their specified ranges, MPC aims at a single, middle point, inside the range
specified by the upper and the lower bounds, and try to keep the water level or
the water temperature near the middle of their respective ranges. As soon, as
they move away from their respective midpoints, it takes action to bring them
back. This behaviour, overall requires more actions to perform. It can be con-
sidered a drawback of the approach in its current implementation, but also an
additional feature that if the allowed range is even narrower, it will not affect
the complexity and the length of the plan.

5.2 Summary

The purpose of this chapter is to assess the usefulness of the proposed approach,
based on MPC, for improving the performance of domain-independent PDDL+
planning. The software implementation of the proposed MPC-based planning
approach for the PDDL+ hybrid domains, has been carried out in Java 1.8. and
the IBM CPLEX optimiser has been used for solving the quadratic optimisation
problems. There are five different PDDL+ planning domains, which were used
in the evaluation process. For each domain, 6-12 problem instances were used
in the evaluation process. The performance of the developed system has been
evaluated empirically, by comparing it against the performance of three state-
of-the-art PDDL+ planners, UPMurphi, DiNo and ENHSP. Besides the ability
to solve all problem instances, two major criteria of performance are used in the
evaluation: the CPU time taken by the solver to generate a planning solution
(planning time) and the duration of execution of the proposed plan (plan du-
ration). The description of every domain and complete PDDL+ code of all the
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Result Summary

Domain Solver Problem Instances Average Planning
(Solved /Total) Time (seconds)

UPMurphi 9/12 146.87

Car DiNo 7/12 281.06
ENHSP 11/12 7.90

MPC 12/12 0.77

UPMurphi 4/8 353.48

Baxter DiNo 3/8 287.18
ENHSP 8/8 55.75

MPC 8/8 0.41

UPMurphi 0/9 X

Sailing DiNo 0/9 X
ENHSP 5/9 62.52

MPC 9/9 3.37

UPMurphi 6/6 271.69

Boiler DiNo 4/6 89.81
ENHSP 6/6 0.95

MPC 6/6 2.32

UPMurphi 1/8 51.76

Water DiNo 0/8 X
Tanks ENHSP 8/8 58.50
MPC 8/8 1.45

TABLE 5.9: Summary of the experimental results. The average of planning
time is taken for the solvable instance only. X is marked where no instance of

the problem was solved. MPC represents the proposed approach.

domains are given in Appendix B. The mathematical description of the creation

of the plant model for individual domains is also given in relevant sections.

The results of the experiments on different domains show that the planning

approach presented in this thesis is able to solve all the planning instances of

every domain and created valid plans. The validity of the plans has been veri-

fied manually. In the domains, where the plan duration is relevant, it has been

found, plan duration is always less than the ones in plans generated by the

other solvers, except in very simple problem instances. In terms of the over-

all planning time, the presented hybrid planning approach outperforms other
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state-of-the-art solvers. It solves the planning problem in few seconds, where
other solvers take tens or even hundreds of seconds. There is an exception of the
boiler domain, which is the simplest domain, in the evaluation process. In the
boiler domain, the ENHSP solves all problem instances in less CPU time than
the MPC-based approach, however, the performance of MPC-based approach
is still comparable. Table 5.9 summarises the overall experimental results, in
terms of the number of problem instances solved and the average planning
time. The average is taken over only those instances of a problem, which a
solver was able to solve.
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Chapter 6
Conclusions and Future Work

This thesis is the outcome of the research driven by the interest to investigate the
abilities of control systems engineering to be used in automated planning and
to identify a suitable domain independent heuristic for hybrid planning, which
reduces the overall planning time. Therefore, a framework was designed and
developed, which has the capability to deal with the hybrid planning domains
of PDDL+. The main contribution of this thesis is the demonstration of control
theory being capable to contribute in the field of automated planning. This
chapter summarises, what has been achieved in this research and also indicates

the promising future continuation.

6.1 Summary

Planning is a major aspect of intelligent behaviour. It is the process of iden-
tifying and selecting the appropriate activity and projecting forward the con-
sequences of executing that activity. A valid plan is a sequence of actions, re-
sponsible to transform the state of the environment from the initial state to the
desired goal state. Planning with the hybrid domains is one of the most chal-
lenging tasks in the field of automated planning. The hybrid planning domains
involve a mixture of discrete and continuous entities, in the form of boolean and
numeric resources and discrete actions and processes, representing continuous

change over numeric variables.
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The presence of continuous change, associated with numeric variables makes
the conventional classical planning approaches impractical, even after the dis-
cretisation of continuous change. It is desirable to find a way to identify a very
strong heuristic, which helps to reduce the search time by pruning most of the
improbable branches in a search tree. The solution to this problem had been ex-
plored in control theory, which is all about the continuous dynamic systems.
The control systems techniques are efficient for dealing with the linear and
differentially coupled processes and can produce optimal solutions. Multiple
techniques have been developed in the field of control systems engineering to

control continuous processes.

A domain independent planning framework has been presented in this thesis,
which combines the strengths of automated planning and control theory for
solving PDDL+ hybrid problems. Model Predictive Control (MPC) technique
from the field of control theory for guiding the search process for the continuous
part of the hybrid domain, has been used, while the discrete part of the domain
is dealt with the classical planning approach. In the presented approach, MPC
traces an optimal trajectory, possibly constituted by the system due to continu-
ous processes. It is utilised as a heuristic by the planner, that has a broader view
of both continuous and discrete elements of the planning problem. The discrete
part of the planning does not utilise any heuristic, in the current software imple-
mentation but it can be augmented with any state-of-the-art heuristic method.

The effectiveness of the proposed planning framework has been demonstrated
by experimentation on a set of benchmark domains. The results show that de-
spite the fact that reasoning with discrete part of the domains is not helped by
any heuristic, the proposed planning approach can outperform state-of-the-art
planning systems, particularly in the cases of domains involving coupled equa-
tions, with variable rates of change. The simplicity of the proposed planning
approach is in the fact that it can be combined with any other state-of-the-art

heuristic search method for classical planning.

This research was aimed to answer the three question mentioned in section 1.2.
The first question, “How can control theory be used in domain-independent
hybrid automated planning?” has been answered by investigating the char-
acteristics of hybrid domains and control systems techniques, particularly the
predictive control techniques and effectively using the Model Predictive Con-
trol to deal with the continuous numeric changes in hybrid domains. MPC can
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predict the best future actions, associated with continuous processes, during
the forward search, which drives the system towards the desired goal.

The second question, “How can control theory techniques be incorporated in
domain-independent hybrid planning engines?” has also been answered by
designing and developing a framework for planning with hybrid domains of
PDDL+. The framework utilises the strengths of Model Predictive Control to
reason about the continuous elements of PDDL+ hybrid domains, while the
discrete elements of the domain are handled using the classical planning ap-
proach. MPC considers the continuous processes of the PDDL+ hybrid domain
and provides a sort of heuristic to the planner, which helps to guide the forward
search in the state-space created by continuous numeric change. The effective-
ness of the heuristic can be judged by the fact that during the forward search,
out of all possible child nodes of a search node, exactly one node is proposed
by the prediction process of MPC, to expand and the proposed node is always
the best node to expand. The heuristic is domain-independent, which has been
demonstrated by using all three possible classes of hybrid domains in the ex-
perimentation. The simplicity of this proposed approach is that it is hybrid in
nature. Therefore, it can be integrated into any planning system, which relies
on the state-space search method.

The answer to the third question, “What is the impact of control theory on state-
of-the-art hybrid planning engines?” has been found in the results of the ex-
periments. It has been demonstrated that the proposed planning framework
for PDDL+ hybrid domains can significantly reduce the overall planning time,
particularly in more complex planning problems. The generated plans are also
optimised in terms of plan execution time. The results show that the plan execu-
tion time is always minimal, compared to the plans generated by other solvers,
when it is possible. This indicates that the quality of the plan is also improved.
The planning approach presented in this thesis can be utilised in any other plan-
ning system to improve its efficiency.

In the quest to answer the above questions, following contributions have been

made to the subject area:

e A detailed investigation of the characteristics of control systems engineer-
ing techniques and hybrid planning has been carried out during this re-
search. The relevance of the control systems techniques, particularly of
predictive control approaches with automated planning has been stud-

ied. The distinctive strengths and weaknesses of automated planning and
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control systems engineering techniques in their respective realms lead to

the idea of a hybrid approach to deal with the hybrid planning domains.

A planning framework to exploit control systems approaches for domain-
independent automated planning for PDDL+ hybrid domains has been
designed and developed during this research. The approach used in the
framework is hybrid in nature. It uses the Model Predictive Control to
deal with the continuous elements and classical planning techniques for

the discrete elements of the hybrid domain.

An innovative technique to identify suitable heuristics to guide the for-
ward search for hybrid domains has been designed and developed. The
output of the prediction process of MPC is used during the forward search
to expand the most promising node in the search tree. The effectiveness
of the heuristic is reflected in the performance of the presented planning

framework.

Theoretical classification of hybrid domain models according to the ap-
plicability of the proposed framework has been carried out during this
research, for the first time. The hybrid domains have been classified into
class-A, class-B and class-C domains. The idea behind the classification is
to extract the additional knowledge from the domain model, to deal with
each domain to its merits, in order to improve the efficiency of the plan-
ning framework. The classification of domains also helped to identify that
the state-of-the-art PDDL+ planning systems are comfortable with class-B
hybrid domains only.

Experimental validation of the framework has been performed on a set of
five PDDL+ hybrid benchmark domains with 6-12 problem instances of
each domain. The domains have been selected from all the classes identi-
tied in the thesis. The performance of the presented planning framework
has been compared with three state-of-the-art PDDL+ planners.

This research is a step towards bridging the gap between task planning and mo-

tion planning. It is also a step towards merging the planning and the execution

layers, in artificial intelligence application. Coupling the framework presented

in this thesis, with continuous re-planning may help to eliminate the need for a

control algorithm at the low-level execution layer.
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6.2 Limitations

The framework for planning with hybrid domains, presented in this thesis is
designed, keeping the PDDL+ hybrid domains in consideration. The software
implementation supports the syntax and semantics of PDDL+ (Fox and Long,
2006). This is a limitation of the current software implementation of the ap-
proach, not the limitation of approach itself. It is applicable for deterministic
and fully observable environment only, in its current shape. But it can be mod-
ified for partially observable environments. The other main limitation is that it
can handle the hybrid domain with linear processes only. The third limitation
is that it can reason with the actions, events and processes of PDDL+ only. The
durative actions of PDDL+ are not handled in current implementation.

6.3 Suggested Future Work

The design and implementation of the framework, presented here has room for
improvements, which leads to several potential avenues for future research. A

summary of some of the possible future enhancement is given in the followings:

e The discrete search in the current implementation is carried out blindly.
Combining the MPC based approach with a state-of-the-art heuristic for
classical planning to further improve the efficiency of the planning sys-
tem. This can go either way, i.e. using MPC in an existing planner or
adding heuristic in the discrete part of the presented framework.

e One of the possible future enhancement is to make it capable of handling
the nonlinear processes. Although, control systems techniques are com-
fortable with Linear-Time-Invariant (LTI) systems only, this will be an in-
teresting line of research to modify the current approach, so it could deal
with nonlinear processes as well.

e Plan optimisation is also a possible future enhancement of this approach.
The current design supports only the minimisation of time metric. A pos-
sible future enhancement is to make it capable of optimising any other

numeric fluent.

e The proposed approach in its current form is applicable for deterministic
and fully observable environment only. It will be a good line of research to
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enhance its applicability to partially observable environments and make
it able to deal with stochastic processes as well.

Each of the above mentioned enhancement can be a separate topic for future
research. Therefore, it is expected that contributions of this novel research will
attract more researchers towards the subject area of planning with hybrid do-
mains and will provide the opportunities for further control based planning
approaches.
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Appendix A

Control Law for Unbiased

Prediction

It is desirable in engineering application to have an unbiased prediction, where
output reaches the reference in the steady state, which cannot be guaranteed if
only error and the manipulated input is penalised in the cost function, due to
the model uncertainties and the presence of disturbances. Instead, to penalise
deviation of output from steady state and the deviation of manipulated variable

from its steady state value is theoretically a better option.

If the future output predictions do not match with the steady state, the predic-
tions are said to be biased. Assuming a plant G given in figure A.1, is subjected

to some disturbance d. The output y is given by:

y=Gu-+d (A1)

u——> G >y
+

FIGURE A.1: Block diagram of input, output and disturbance relation.
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At the steady state the output prediction equation must be same as the steady
state. That is, The predictions needed to be time invariant.

Y1 = Yk; Xky1 = Xk; X = Ax+ Bu (A.2)

A.1 Unbiased Prediction Equation

The aim is to estimate the expected steady-state values for the states and input
to meet a given steady-state output and then, in effect, use the deviation vari-
ables about this point. The consistency between the prediction and the actual
process can be ensured by ensuring consistency between the estimated steady-

state and the process model.

Based on dynamic model of system represented by equations (3.1) and (3.2), the
expected steady-state obeys the following:

Yss = Cxss +di;  Xss = Axss + Buss (A.3)

Combining these two equation gives us a consistency equation given by:
C 0] [xss
A - I B uss

-1
CPEE
A—1 B 0 Uss

It is noticeable from above consistency relations, that to find the steady-state

Yss —d
0

states and the steady-state input for a given steady-state output, a disturbance
estimate is required. Whereas, the steady-state output can be selected by the

user as the target.

The deviation variables can be defined as:

R = X — Xss; U = U —Uss; Yk = Yk — Yss (A.5)
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Using basic model equations (3.1) & (3.2) and steady-state model (A.3) and the
deviation variable from (A.5), we can establish that

U =Cxx; X1 = A%y + Bl (A.6)

In the above model, in terms of deviation variables, the disturbance no longer
exists as it has been absorbed during the estimation of steady-state variables.
Now the future prediction equation for the output in terms of deviation vari-

ables can be re-written as:

Con
CA?
Y1 = CA® | %
CANy
[ CB 0 0 o0 [ om0 [y
CAB CB 0 - 0 MAk+1 Yss
+ | CA®B CAB CB 0 Ok | + |yss| (A7)
CAN =B CANv=2B CANY™3B ... CB| |fkin,-1 Yss

or
z)k—l-l = Pi + Hik + Lyss (A.8)

A.2 Unbiased Control Law

In the case of unbiased prediction law, we define an objective function which
penalises the deviation of output from the steady-state and the deviation of
manipulated variable from steady-state.

NP
J= ) (ef,1Qexr1 + R aly) (A9)

k=1
where Q and R are the weighting matrices and defined as positive definitive
matrices. The error ¢, at any instance k is the difference between the reference

input r, and actual the output yy, i.e.

k11 = Tk1 — Ykr1 = Uk (A.10)
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Using equation (A.10), equation (3.15) and considering Q as an identity matrix,

in the cost function gives:

J = [P~ Ha JT[PR — HA ]+ R
= [P2]"[P&] +[Ha J[Ha J+2[PY)[HA J+ ATR A,
= [P&]T[P&] + & H'Ha, +20 [H'[P&]+ o TR A

To calculate the optimum control law, the cost function | needs to be minimised

with respectto . . Therefore, we can ignore the first term as it does not depend
on fl . Therefore, the cost function takes the shape:
_ A TT g A TTipse ~STR 7
J=a, H Hf, +20, H[Pf]+ 0 R,
— _ o TrgT ~ ~TrgTips
=> ]_ﬂﬂc[H H+R]ﬂ>k+zﬂ>kH [PXy] (A.11)
Now,

min ] = rr}in(ﬁﬂj [HTH + R] & +21 THT[P#,])
Ly L

To minimise J, grad(]) = 0. Therefore,

grad(a [[H'H+R] & +20 T H'[P%]) =0

2(H'H+R+ (H'H+R)'| 8, +2H'[P%] =0
Here, HTH + R is a symmetric matrix, therefore (H'H + R)T = HTH + R

2(H"H +R) @1, +2H"(P#) =0

B
which simplifies to,

N (YT “1Tps
i, =—(H'H+R) 'H P (A.12)
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assuming a vector E as: o
I
0
E=|0
0
Therefor, the optimum control law is given by:
Oy = —E"(H'TH+R) 'H"P#, (A.13)
up —uss = —ET(H'H+ R) TH P(x; — xs6) (A.14)
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Appendix B

Benchmark Domains

B.1 Car Domain

This section is about the car domain used during the evaluation of the planning
framework presented in this thesis. In the following are given: (i) the PDDL+
code of the domain model, (ii) the PDDL+ code of the problem instance 4, as an
example problem model and (iii) the solution plans generated by UPMurphi,
DiNo, ENHSP and the MPC-based approach for problem instance 4 of the car

domain.

Domain Model

(define

(domain car_linear)

(:predicates
(engine_running)
(engine_stopped)

)

(:functions
(disp) (vel) (acc)
(max_acceleration)
(min_acceleration)

(max_speed)
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(taction start_car
:parameters ()
:precondition (engine_stopped)
teffect (and
(engine_running)

(not (engine_stopped))

(raction stop_car
:parameters ()
:precondition (and (> (vel) -0.1)(< (vel) 0.1)
(= (acc) 0.0)

(engine_running)

)
:effect (and (assign (vel) 0.0)
(engine_stopped)
(not (engine_running))
)

(:process displacement
:parameters ()
:precondition (engine_running)
:effect (and (increase (disp) (x #t (vel)))
)

(:process moving
:parameters ()
:precondition (and (engine_running)
(> (vel) (x -1.0 (max_vel)))
(< (vel) (max_vel)
)
teffect (and

(increase (vel) (x #t (acc) ) )
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(:action accelerate
:parameters ()
:precondition (and (< (acc) (max_acceleration))
(engine_running)
)
teffect (increase (acc) 1.0)
)
(raction decelerate
:parameters ()
:precondition (and (> (acc) (min_acceleration))
(engine_running)
)
:effect (decrease (acc) 1.0)
)
)

LISTING B.1: Listing of PDDL+ car domain, used in evaluation.

Problem Instance

(define (problem instance_004)

(:domain car_linear)
(:objects
)
(:init
(= (disp) 0.0)
(= (vel) 0.0)
(engine_stopped)
(= (acc) 0.0)
(= (max_acceleration) 8.0)
(= (min_acceleration) -8.0)

(= (max_vel) 10.0)
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(:goal
(and (>= (disp)29.5 )
(<= (disp) 30.5 )
(engine_stopped)
)
)
)

LISTING B.2: PDDL+ problem instance 4 for the car domain,

Plans for Car Domain

used in evaluation.

Plan Generated by UPMurphi

0.000: ( start_car) [0.000]
0.001: ( accelerate) [0.000]
5.002: ( decelerate) [0.000]
6.003: ( decelerate) [0.000]
11.004: ( accelerate) [0.000]
11.005: ( stop_car) [0.000]
Plan Generated by DiNo

0.000: ( start_car) [0.000]
0.001: ( accelerate) [0.000]
0.002: ( accelerate) [0.000]
3.002: ( decelerate) [0.000]
3.003: ( decelerate) [0.000]
5.003: ( decelerate) [0.000]
5.004: ( decelerate) [0.000]
8.004: ( accelerate) [0.000]
8.005: ( accelerate) [0.000]
8.006: ( stop_car) [0.000]
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(0.00000) start_car Parameters:
(0.00000) accelerate Parameters:
(0.00000,5.00000)------ >waiting

.00000) decelerate Parameters:
.00000,6.00000)
.00000) decelerate Parameters:
(6.00000,11.00000)
(11.00000) accelerate Parameters:
(11.00000)

—————— >waiting

—————— >waiting

stop_car Parameters:

.00000)
.00000)

start_car Parameters:

accelerate Parameters:

.00000)
.00000)
.00000)
.00000)
.00000)
.00000)
.00000)

.00000,1.00000)

.00000)
.00000)
.00000)
.00000)
.00000)
.00000)

.00000,2.00000)

.00000)
.00000)
.00000)

.00000,3.00000)

.00000)
.00000)

accelerate
accelerate
accelerate
accelerate
accelerate
accelerate

accelerate

decelerate
decelerate
decelerate
decelerate
decelerate

decelerate

decelerate
decelerate

decelerate

decelerate

decelerate

Parameters:
Parameters:
Parameters:
Parameters:
Parameters:
Parameters:

Parameters:

-->waiting

Parameters:
Parameters:
Parameters:
Parameters:
Parameters:

Parameters:

-->waiting

Parameters:
Parameters:

Parameters:

-->waiting

Parameters:

Parameters:
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(3.00000) decelerate Parameters:
(3.00000) decelerate Parameters:
(3.00000) decelerate Parameters:
(3.00000,4.00000)------ >waiting
(4.00000) accelerate Parameters:
(4.00000) accelerate Parameters:
(4.00000) accelerate Parameters:
(4.00000,5.00000)------ >waiting
(5.00000) accelerate Parameters:
(5.00000) accelerate Parameters:
(5.00000) accelerate Parameters:
(5.00000,6.00000) ------ >waiting
(6.00000) stop_car Parameters:

LISTING B.3: An example of plans generated by UpMurphi, DiNo, ENHSP

and MPC, for problem instance 4 of the car domain.
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B.2 Baxter Domain

This section is about the Baxter domain used during the evaluation of the plan-
ning framework presented in this thesis. Following are given: (i) the PDDL+
code of the domain model, (ii) the PDDL+ code of the problem instance 3, as
an example problem model and (iii) the solution plans generated by UPMur-
phi, DiNo, ENHSP and the MPC-based approach for problem instance 3 of the

Baxter domain.

Domain Model

(define (domain baxter)
(:requirements :typing :fluents :time)

(:types link axis gripper)

(:predicates
(connected 711 - 1link 712 - 1ink)
(compatible 7gl - gripper 7g2 - gripper)
(freeToMove 711 - 1link)
(available 7gl - gripper)
(notBroken 711 - link 712 - 1link)
(use 711 - link 712 - link 7gl -gripper 7g2 -gripper)
(increasing_angle 711 - 1link 7?12 - 1link ?x - axis)

(decreasing_angle 711 - link 712 - link ?x - axis)

(:functions
(angle 71 - link 712 - link ?x - axis)
(speedI)
(speedD)

(:action start_movement_increase
:parameters (711 - link 7?12 - link ?x - axis 7gl 7g2 -gripper)
:precondition (and

(connected 711 712)

(compatible 7gl 7g2)
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(available 7gl)
(notBroken 711 ?712)
(available 7g2)
(freeToMove 711)
(freeToMove 712)
)

reffect (and
(not (freeToMove 712))
(not (freeToMove 711))
(not (available 7gl))
(not (available 7g2))
(use 711 712 7gl 7g2)
(increasing_angle 711 712 7x)

))

(:action stop_movement_increase
:parameters (711 - link 712 - link ?x - axis 7gl ?7g2 -gripper)
:precondition (and
(increasing_angle 711 712 7x)
(use 711 712 ?7gl ?7g2)
(connected 711 712)
(compatible 7gl 7g2)
)
teffect (and
(freeToMove 711)
(freeToMove 712)
(available 7gl)
(available 7g2)
(not (use 711 712 7?7gl 7g2))
(not (increasing_angle 711 712 ?7x))

))

(:event joint_break_increase

:parameters (711 - link 712 - link ?x - axis)
:precondition (and

(increasing_angle 711 712 7x)

(> (angle 711 7?12 ?x) 360)
)
teffect (and

(not (notBroken 711 712))
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(not (increasing_angle 711 712 7x))

(assign (angle 711 712 7x) -1)

(:process move_angle_increase
:parameters (711 - link 7?12 - link ?x - axis)
:precondition (and
(increasing_angle 711 712 7x)
(connected 711 712)
)
:effect (and
(increase (angle 711 712 ?7x) (* #t (speedI)))

(:action start_movement_decrease
:parameters (711 - link 712 - link ?x - axis 7gl ?7g2 -gripper)
:precondition (and
(connected 711 ?712)
(compatible 7gl 7g2)
(available 7gl)
(notBroken 711 ?712)
(available 7g2)
(freeToMove 711)
(freeToMove 712)
)
teffect (and
(not (freeToMove 712))
(not (freeToMove 711))
(not (available 7gl))
(not (available 7g2))
(use 711 712 ?7gl ?7g2)

(decreasing_angle 711 712 7x)

(:action stop_movement_decrease
:parameters (711 - link 7?12 - link ?x - axis 7gl 7g2 -gripper)

:precondition (and
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(decreasing_angle 711 712 7x)
(use 711 712 7gl ?7g2)
(connected 711 ?712)
(compatible ?7gl ?7g2)
)

:effect (and
(freeToMove 711)
(freeToMove 712)
(available 7gl)
(available 7g2)
(not (use 711 712 7gl 7g2))
(not (decreasing_angle 711 712 ?7x))

)

(:event joint_break_decrease
:parameters (711 - link 712 - link 7x - axis)
:precondition (and (decreasing_angle 711 712 7x)
(< (angle 711 712 7x) 0)
)
reffect (and
(not (notBroken 711 712))
(not (decreasing_angle 711 712 7x))
(assign (angle 711 712 ?7x) -1)
)

(:process move_angle_decrease
:parameters (711 - link 712 - link ?x - axis)
:precondition (and

(decreasing_angle 711 712 7x)

(connected 711 712)

:effect (and
(decrease (angle 711 712 7x) (x #t (speedD)))

LISTING B.4: Listing of PDDL+ Baxter domain, used in evaluation.
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Problem Instance

(define (problem instance003)

(:domain baxter)

(:objects
L1 L2 L3 - 1link
xAxis - axis

Gl G2 - gripper

(:init

(= (speedI) 3)
(= (speedD) 2)
(= (angle L1 L2
(= (angle L2 L3
(available G1)
(available G2)
(freeToMove L1)
(freeToMove L2)
(freeToMove L3)

xAxis) 180)
xAxis) 0)

(connected L1 L2)
(connected L2 L3)
(notBroken L1 L2)
(notBroken L2 L3)
(compatible G1 G2)
(compatible G2 G1)

(:goal (and

(>= (angle
(>= (angle
(available

(available

L1 L2 xAxis) 270)
L2 L3 xAxis) 90)
G1)
G2)

LISTING B.5: PDDL+ problem instance 3 for the Baxter domain,

used in evaluation.
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Plans for Baxter Domain

Plan Generated by UPMurphi

0.000: ( start_movement_increase 11 12 gl g2 =xaxis) [0.000]
30.001: ( stop_movement_increase 11 12 xaxis gl g2) [0.000]
30.002: ( start_movement_increase 12 13 gl g2 xaxis) [0.000]
60.003: ( stop_movement_increase 12 13 xaxis gl g2) [0.000]

1.000: ( start_movement_decrease 11 12 gl g2 xaxis) [0.000]
2.000: ( stop_movement_decrease 11 12 xaxis gl g2) [0.000]
3.000: ( start_movement_increase 12 13 g2 gl xaxis) [0.000]
4.000: ( stop_movement_increase 12 13 xaxis g2 gl) [0.000]
4.001: ( start_movement_increase 12 13 gl g2 =xaxis) [0.000]
5.001: ( stop_movement_increase 12 13 xaxis gl g2) [0.000]
5.002: ( start_movement_increase 11 12 g2 gl =xaxis) [0.000]
6.002: ( stop_movement_increase 11 12 xaxis g2 gil) [0.000]
6.003: ( start_movement_increase 12 13 g2 gl xaxis) [0.000]
7.003: ( stop_movement_increase 12 13 =xaxis g2 gil) [0.000]
7.004: ( start_movement_increase 12 13 gl g2 xaxis) [0.000]
8.004: ( stop_movement_increase 12 13 xaxis gl g2) [0.000]
8.005: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
9.005: ( stop_movement_increase 11 12 xaxis g2 gil) [0.000]
9.006: ( start_movement_increase 12 13 g2 gl xaxis) [0.000]
10.006: ( stop_movement_increase 12 13 xaxis g2 gl) [0.000]
10.007: ( start_movement_increase 12 13 gl g2 xaxis) [0.000]
11.007: ( stop_movement_increase 12 13 xaxis gl g2) [0.000]
11.008: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
12.008: ( stop_movement_increase 11 12 xaxis g2 gl) [0.000]
12.009: ( start_movement_increase 12 13 g2 gl =xaxis) [0.000]
13.009: ( stop_movement_increase 12 13 =xaxis g2 gl) [0.000]
13.010: ( start_movement_increase 12 13 gl g2 =xaxis) [0.000]
14.010: ( stop_movement_increase 12 13 xaxis gl g2) [0.000]
14.011: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
15.011: ( stop_movement_increase 11 12 xaxis g2 gl) [0.000]
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15.
16.
16.
17.
17.
18.
18.
19.
19.
20.
20.
21.
21.
22.
22.
23.
23.
24.
24.
25.
25.
26.
26.
27.
27.
28.
28.
29.
29.
30.
30.
31.
31.
32.
32.
33.
33.
34.
34.
35.

012:
012:
013:
013:
014:
014:
015:
015:
016:
016:
017:
017:
018:
018:
019:
019:
020:
020:
021:
021:
022:
022:
023:
023:
024:
024:
025:
025:
026:
026:
027:
027:
028:
028:
029:
029:
030:
030:
031:
031:

NN N /N N /NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN

start_movement_increase 12 13 g2 gl =xaxis) [0.000]
stop_movement_increase 12 13 xaxis g2 gl) [0.000]
start_movement_increase 12 13 gl g2 =xaxis) [0.000]
stop_movement_increase 12 13 xaxis gl g2) [0.000]
start_movement_increase 11 12 g2 gl xaxis) [0.000]
stop_movement_increase 11 12 xaxis g2 gl) [0.000]
start_movement_increase 12 13 g2 gl xaxis) [0.000]
stop_movement_increase 12 13 xaxis g2 gl) [0.000]
start_movement_increase 12 13 gl g2 xaxis) [0.000]
stop_movement_increase 12 13 xaxis gl g2) [0.000]
start_movement_increase 11 12 g2 gl xaxis) [0.000]
stop_movement_increase 11 12 xaxis g2 gl) [0.000]
start_movement_increase 12 13 g2 gl xaxis) [0.000]
stop_movement_increase 12 13 xaxis g2 gl) [0.000]
start_movement_increase 12 13 gl g2 =xaxis) [0.000]
stop_movement_increase 12 13 xaxis gl g2) [0.000]
start_movement_increase 11 12 g2 g1 =xaxis) [0.000]
stop_movement_increase 11 12 xaxis g2 gl) [0.000]
start_movement_increase 12 13 g2 gl =xaxis) [0.000]
stop_movement_increase 12 13 xaxis g2 gl) [0.000]
start_movement_increase 12 13 gl g2 xaxis) [0.000]
stop_movement_increase 12 13 xaxis gl g2) [0.000]
start_movement_increase 11 12 g2 gl xaxis) [0.000]
stop_movement_increase 11 12 xaxis g2 gil) [0.000]
start_movement_increase 12 13 g2 gl xaxis) [0.000]
stop_movement_increase 12 13 xaxis g2 gil) [0.000]
start_movement_increase 12 13 gl g2 xaxis) [0.000]
stop_movement_increase 12 13 xaxis gl g2) [0.000]
start_movement_increase 11 12 g2 gl =xaxis) [0.000]
stop_movement_increase 11 12 xaxis g2 gl) [0.000]
start_movement_increase 12 13 g2 gl xaxis) [0.000]
stop_movement_increase 12 13 xaxis g2 gl) [0.000]
start_movement_increase 12 13 gl g2 =xaxis) [0.000]
stop_movement_increase 12 13 xaxis gl g2) [0.000]
start_movement_increase 11 12 g2 gl =xaxis) [0.000]
stop_movement_increase 11 12 xaxis g2 gl) [0.000]
start_movement_increase 12 13 g2 gl xaxis) [0.000]
stop_movement_increase 12 13 xaxis g2 gl) [0.000]
start_movement_increase 12 13 gl g2 xaxis) [0.000]
stop_movement_increase 12 13 xaxis gl g2) [0.000]
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35.032: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
36.032: ( stop_movement_increase 11 12 xaxis g2 gl) [0.000]
36.033: ( start_movement_increase 12 13 g2 gl =xaxis) [0.000]
37.033: ( stop_movement_increase 12 13 xaxis g2 gl) [0.000]
37.034: ( start_movement_increase 12 13 gl g2 xaxis) [0.000]
38.034: ( stop_movement_increase 12 13 xaxis gl g2) [0.000]
38.035: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
39.035: ( stop_movement_increase 11 12 xaxis g2 gil) [0.000]
39.036: ( start_movement_increase 12 13 g2 gl xaxis) [0.000]
40.036: ( stop_movement_increase 12 13 xaxis g2 gl) [0.000]
40.037: ( start_movement_increase 12 13 gl g2 xaxis) [0.000]
41.037: ( stop_movement_increase 12 13 xaxis gl g2) [0.000]
41.038: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
42.038: ( stop_movement_increase 11 12 xaxis g2 gl) [0.000]
42.039: ( start_movement_increase 12 13 g2 gl =xaxis) [0.000]
43.039: ( stop_movement_increase 12 13 xaxis g2 gl) [0.000]
43.040: ( start_movement_increase 12 13 gl g2 =xaxis) [0.000]
44.040: ( stop_movement_increase 12 13 xaxis gl g2) [0.000]
44.041: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
45.041: ( stop_movement_increase 11 12 xaxis g2 gl) [0.000]
45.042: ( start_movement_increase 12 13 g2 gl xaxis) [0.000]
46.042: ( stop_movement_increase 12 13 xaxis g2 gl) [0.000]
46.043: ( start_movement_increase 12 13 gl g2 xaxis) [0.000]
47.043: ( stop_movement_increase 12 13 xaxis gl g2) [0.000]
47.044: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
48.044: ( stop_movement_increase 11 12 xaxis g2 gl) [0.000]
48.045: ( start_movement_increase 11 12 gl g2 xaxis) [0.000]
50.045: ( stop_movement_increase 11 12 xaxis gl g2) [0.000]
50.046: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
52.046: ( stop_movement_increase 11 12 xaxis g2 gl) [0.000]
52.047: ( start_movement_increase 11 12 gl g2 xaxis) [0.000]
54.047: ( stop_movement_increase 11 12 xaxis gl g2) [0.000]
54.048: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
56.048: ( stop_movement_increase 11 12 xaxis g2 gil) [0.000]
56.049: ( start_movement_increase 11 12 gl g2 xaxis) [0.000]
58.049: ( stop_movement_increase 11 12 xaxis gl g2) [0.000]
58.050: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
60.050: ( stop_movement_increase 11 12 xaxis g2 gil) [0.000]
60.0561: ( start_movement_increase 11 12 gl g2 xaxis) [0.000]
62.051: ( stop_movement_increase 11 12 xaxis gl g2) [0.000]
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62.052: ( start_movement_increase 11 12 g2 gl xaxis) [0.000]
64.052: ( stop_movement_increase 11 12 xaxis g2 gl) [0.000]

(0.00000) start_movement_increase Parameters: L2 -1link L3
~— -link xAxis -axis G2 -gripper Gl -gripper

(0.00000,2.00000) ~—----- >waiting

(2.00000) stop_movement_increase Parameters: L2 -link L3
— -link xAxis -axis G2 -gripper Gl -gripper

(2.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(2.00000,5.00000) ------ >waiting

(5.00000) stop_movement_increase Parameters: L1 -link L2
— -1link xAxis -axis G2 -gripper Gl -gripper

(5.00000) start_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(5.00000,7.00000) -—-—---- >waiting

(7.00000) stop_movement_increase Parameters: L2 -link L3
~— -link xAxis -axis G1 -gripper G2 -gripper

(7.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(7.00000,9.00000) ~—----- >waiting

(9.00000) stop_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G2 -gripper Gl -—-gripper

(9.00000) start_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(9.00000,11.00000) ------ >waiting

(11.00000) stop_movement_increase Parameters: L2 -1link L3

— -link xAxis -axis Gl -gripper G2 -gripper

(11.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(11.00000,13.00000) ------ >waiting

(13.00000) stop_movement_increase Parameters: L1 -1link L2

— -link xAxis -axis G2 -gripper Gl -gripper
(13.00000) start_movement_increase Parameters: L2 -link L3

— -link xAxis -axis G1 -gripper G2 -gripper
(13.00000,15.00000) ------ >waiting
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(15.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(15.00000) start_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(15.00000,17.00000) ------ >waiting

(17.00000) stop_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(17.00000) start_movement_increase Parameters: L2 -link L3
— -link xAxis -axis G1 -gripper G2 -gripper

(17.00000,19.00000) ------ >waiting

(19.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(19.00000) start_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(19.00000,21.00000) ------ >waiting

(21.00000) stop_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(21.00000) start_movement_increase Parameters: L2 -link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(21.00000,23.00000) ------ >waiting

(23.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(23.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(23.00000,25.00000) ------ >waiting

(25.00000) stop_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(25.00000) start_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis G1 -gripper G2 -gripper

(25.00000,27.00000) ------ >waiting

(27.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(27.00000) start_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(27.00000,29.00000) ------ >waiting

(29.00000) stop_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(29.00000) start_movement_increase Parameters: L2 -link L3
— -link xAxis -axis G1 -gripper G2 -gripper

(29.00000,31.00000) ------ >waiting
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(31.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(31.00000) start_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(31.00000,33.00000) ------ >waiting

(33.00000) stop_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(33.00000) start_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis G1 -gripper G2 -gripper

(33.00000,35.00000) - —----- >waiting

(35.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(35.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(35.00000,37.00000) ------ >waiting

(37.00000) stop_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper G1 -gripper

(37.00000) start_movement_increase Parameters: L2 -link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(37.00000,39.00000) -—----- >waiting

(39.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(39.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(39.00000,41.00000) ------ >waiting

(41.00000) stop_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(41.00000) start_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis G1 -gripper G2 -gripper

(41.00000,43.00000) ------ >waiting

(43.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(43.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(43.00000,45.00000) ------ >waiting

(45.00000) stop_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(45.00000) start_movement_increase Parameters: L2 -link L3
— -link xAxis -axis G1 -gripper G2 -gripper

(45.00000,47.00000) ------ >waiting
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(47.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(47.00000) start_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(47.00000,49.00000) ------ >waiting

(49.00000) stop_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(49.00000) start_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis G1 -gripper G2 -gripper

(49.00000,51.00000) -—----- >waiting

(51.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(561.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(561.00000,53.00000) ------ >waiting

(563.00000) stop_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(53.00000) start_movement_increase Parameters: L2 -link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(53.00000,55.00000) ------ >waiting

(55.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(565.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(65.00000,57.00000) ------ >waiting

(57.00000) stop_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(567.00000) start_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis G1 -gripper G2 -gripper

(567.00000,59.00000) ------ >waiting

(569.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(59.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper

(59.00000,60.00000) ------ >waiting

(60.00000) stop_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis G2 -gripper Gl -gripper
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Plan Generated by MPC

(0.00000) start_movement_increase Parameters: L1 -1link L2
— -link xAxis -axis Gl -gripper G2 -gripper

(0.00000,29.00000) ------ >waiting

(29.00000) stop_movement_increase Parameters: L1 -link L2
— -link xAxis -axis Gl -gripper G2 -gripper

(29.00000) start_movement_increase Parameters: L2 -link L3
— -link xAxis -axis G1 -gripper G2 -gripper

(29.00000,58.00000) ------ >waiting

(58.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(58.00000) start_movement_increase Parameters: L1 -link L2
— -link xAxis -axis G1 -gripper G2 -gripper

(568.00000,59.00000) ------ >waiting

(569.00000) stop_movement_increase Parameters: L1 -link L2
— -link xAxis -axis Gl -gripper G2 -gripper

(59.00000) start_movement_increase Parameters: L2 -link L3
— -link xAxis -axis Gl -gripper G2 -gripper

(59.00000,60.00000) ------ >waiting

(60.00000) stop_movement_increase Parameters: L2 -1link L3
— -link xAxis -axis Gl -gripper G2 -gripper

LISTING B.6: An example of plans generated by UpMurphi, DiNo, ENHSP

and MPC, for problem instance 3 of the Baxter domain.
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B.3 Sailing Domain

This section is about the sailing domain used during the evaluation of the plan-
ning framework presented in this thesis. Followings are given: (i) the PDDL+
code of the domain model, (ii) the PDDL+ code of the problem instance 7, as
an example problem model and (iii) the solution plan generated by MPC-based
approach for problem instance 7 of the sailing domain.

Domain Model

(define (domain sailing)
(:requirements :typing :fluents :time )
(:types boat -object person -object)
(:predicates
(engine_running ?b -boat)
(engine_stopped ?b -boat)

(saved ?7p -person)

(:functions

(x ?b -boat) (y ?b -boat)
(vx ?b -boat) (vy ?b -boat)
(ax 7?b -boat) (ay ?b -boat)

(xp ?p -person) (yp ?p -person)
(vrx) (vry)
(max_velocity)

(max_acc)

(:process displace
:parameters (?b -boat)
:precondition ( and (engine_running ?b) )
:effect (and
(increase (x ?b) (¥ #t (+ (vx ?b) (vrx))))
(increase (y 7?b) (*x #t (+ (vy ?b) (vry))))
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(:process accelerate
:parameters (7b -boat)
:precondition ( and (engine_running 7b) )
:effect (and
(increase (vx ?7b) (x #t (ax ?b)) )

(increase (vy ?b) (x #t (ay ?b)) )

(:action increase_ax
:parameters (?b -boat)
:precondition (and
(< (ax ?b) (max_acc))
(engine_running 7b)
)
:effect (and (increase (ax ?b) 0.5))

(:action decrease_ax
:parameters (?b -boat)
:precondition (and
(> (ax ?b) (x -1.0 (max_acc)))
(engine_running ?b)
)
teffect (and (decrease (ax ?b) 0.5))

(raction increase_ay
:parameters (?b -boat)
:precondition (and
(< (ay ?b) (max_acc))
(engine_running 7b)
)
:effect (and (increase (ay ?b) 0.5))
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(:action decrease_ay
:parameters (?b -boat)
:precondition (and
(> (ay ?b) (* -1.0 (max_acc)))

(engine_running 7b)

:effect (and (decrease (ay ?b) 0.5))

(raction start_boat
:parameters (?b -boat)
:precondition (engine_stopped ?b)
:effect (and
(engine_running 7b)

(not (engine_stopped ?7b))

(:action save_person
:parameters (?b -boat 7p -person)

:precondition ( and

(<= (x ?b) (+ (xp 7p) 2.0) )
(>= (x ?b) (- (xp 7p) 2.0) )
(<= (y ?b) (+ (yp ?p) 2.0) )
(>= (y ?b) (- (yp ?p) 2.0) )

(<= (vx 7b) 0.5)
(>= (vx ?b) -0.5)
(<= (vy ?b) 0.5)
(>= (vy ?b) -0.5)
(engine_running 7b)
)
:effect (and(saved 7p))

(:constraint speed_limit
:parameters (7b -boat)
:condition (and
(>= (vx 7b) (x -1.0 (max_velocity)))
(<= (vx ?b) (max_velocity))
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(>= (vy ?b) (*

-1.0 (max_velocity)))

(<= (vy ?b) (max_velocity))

LISTING B.7: Listing of PDDL+ sailing domain, used in the evaluation.

Problem Instance

(define (problem instance_07)

(:domain sailing)

(:objects

(:init

b1l - boat

pl p2 - person

(engine_stopped b1l)

(= (x b1) 0)
(= (y b1) 0)

(= (vx Dbl)
(= (vy b1l)
(= (ax b1l)
(= (ay b1)
(= (vrx) O.
(= (vry) O.

(= (max_velocity) 10.0)
(= (max_acc) 2.0)

(= (xp
(= (yp
(= (xp
(= (yp

pl)
pl)
p2)
p2)

0)
0)
0)
0)
1)
6)

100)
80)
60)
40)
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(:goal

(and
)

(saved pl) (saved p2)

LISTING B.8: PDDL+ problem instance 7 for the sailing domain, used in the

Plan for Sailing Domain

evaluation.

(0.
(0.
(0.
(0.
(0.
(0.
(0.
(0.
(0.
(0.
(4.
(4.
(4.
(4.
(4.
(4.
(5.
(5.
(5.
(5.
(5.
(5.
(5.
(5.

00000)
00000)
00000)
00000)
00000)
00000)
00000)
00000)
00000)

00000,4.00000)

00000)
00000)
00000)
00000)
00000)

00000,5.00000)

00000)
00000)
00000)
00000)
00000)
00000)
00000)

00000,6.00000)

start_boat Parameters:

increase_ax
increase_ax
increase_ax
increase_ax
increase_ay
increase_ay
increase_ay

increase_ay

decrease_ay
decrease_ay
decrease_ay
decrease_ay

decrease_ay

decrease_ax
decrease_ax
decrease_ax
decrease_ax
decrease_ay
decrease_ay

decrease_ay

Parameters:
Parameters:
Parameters:
Parameters:
Parameters:
Parameters:
Parameters:

Parameters:

->waiting

Parameters:
Parameters:
Parameters:
Parameters:

Parameters:

->waiting

Parameters:
Parameters:
Parameters:
Parameters:
Parameters:
Parameters:

Parameters:

->waiting

b1l

b1l
b1l
b1l
b1l
b1l
b1l
b1l
b1l

b1l
bl
bl
b1l
bl

bl
bl
b1l
b1l
b1l
b1l
b1l

boat

boat
boat
boat
boat
boat
boat
boat
boat

boat
boat
boat
boat
boat

boat
boat
boat
boat
boat
boat
boat
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(6.00000) decrease_ax Parameters: bl boat
(6.00000) decrease_ax Parameters: bl boat
(6.00000) decrease_ax Parameters: bl boat
(6.00000) decrease_ax Parameters: bl boat
(6.00000,9.00000)--—---- >waiting

(9.00000) increase_ay Parameters: bl boat
(9.00000) increase_ay Parameters: bl boat
(9.00000,10.00000) ------ >waiting

(10.00000) increase_ay Parameters: bl boat
(10.00000) increase_ay Parameters: bl boat
(10.00000) increase_ay Parameters: bl boat
(10.00000,11.00000) ------ >waiting

(11.00000) increase_ax Parameters: bl boat
(11.00000) increase_ax Parameters: bl boat
(11.00000) increase_ax Parameters: bl boat
(11.00000) decrease_ay Parameters: bl boat
(11.00000,12.00000) -=----- >waiting

(12.00000) increase_ax Parameters: bl boat
(12.00000) increase_ay Parameters: bl boat
(12.00000,13.00000) —----~ >waiting

(13.00000) decrease_ay Parameters: bl boat
(13.00000,14.00000) - ----- >waiting

(14.00000) save_person Parameters: bl boat p2 - person
(14.00000) increase_ax Parameters: bl boat
(14.00000) increase_ax Parameters: bl boat
(14.00000) increase_ax Parameters: bl boat
(14.00000) increase_ax Parameters: bl boat
(14.00000) increase_ay Parameters: bl boat
(14.00000) increase_ay Parameters: bl boat
(14.00000) increase_ay Parameters: bl boat
(14.00000) increase_ay Parameters: bl boat
(14.00000,18.00000) ------ >waiting

(18.00000) decrease_ax Parameters: bl boat
(18.00000) decrease_ax Parameters: bl boat
(18.00000) decrease_ay Parameters: bl boat
(18.00000) decrease_ay Parameters: bl boat
(18.00000) decrease_ay Parameters: bl boat
(18.00000) decrease_ay Parameters: bl boat
(18.00000,19.00000) -—----- >waiting

(19.00000) decrease_ax Parameters: bl boat
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(19.00000) decrease_ax Parameters: bl boat
(19.00000) decrease_ax Parameters: bl boat
(19.00000) decrease_ax Parameters: bl boat
(19.00000) decrease_ax Parameters: bl boat
(19.00000) decrease_ax Parameters: bl boat
(19.00000) decrease_ay Parameters: bl boat
(19.00000) decrease_ay Parameters: bl boat
(19.00000) decrease_ay Parameters: bl boat
(19.00000) decrease_ay Parameters: bl boat
(19.00000,23.00000) ~————- >waiting

(23.00000) increase_ax Parameters: bl boat
(23.00000) increase_ax Parameters: bl boat
(23.00000) increase_ay Parameters: bl boat
(23.00000) increase_ay Parameters: bl boat
(23.00000) increase_ay Parameters: bl boat
(23.00000,24.00000) - ----- >waiting

(24.00000) increase_ax Parameters: bl boat
(24.00000) increase_ax Parameters: bl boat
(24.00000) increase_ay Parameters: bl boat
(24.00000,26.00000) ——---- >waiting

(26.00000) increase_ax Parameters: bl boat
(26.00000) increase_ay Parameters: bl boat
(26.00000,27.00000) ------ >waiting

(27.00000) decrease_ax Parameters: bl boat
(27.00000) decrease_ay Parameters: bl boat
(27.00000,28.00000) ~————- >waiting

(28.00000) save_person Parameters: bl boat pl - person

LISTING B.9: An example of plan generated by MPC, for problem instance 7

of the sailing domain.
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B.4 Boiler Domain

This section is about the boiler domain used during the evaluation of the plan-
ning framework presented in this thesis. Following are given: (i) the PDDL+
code of the domain model, (ii) the PDDL+ code of the problem instance 2, as
an example problem model and (iii) the solution plans generated by UPMur-
phi, DiNo, ENHSP and the MPC-based approach for problem instance 2 of the

boiler domain.

Domain Model

(define
(domain steam_boiler)
(:requirements :typing :fluents :time
:negative-preconditions )
(:predicates
(pump_on)
(boiling)
(heater_burn_out)
(goal_achieved)
(failed)

(:functions
(waterLevel) (L1) (L2)
(evpR) (inFlow)
(runtime)

(goal_time)

(:action start_boiler
:parameters ()
:precondition( and (not (boiling))
(not (heater_burn_out))
)
:effect ( boiling )



138 Chapter B. Benchmark Domains

(:process increase_water
:parameters ( )
:precondition(and (pump_on) )
:effect (and (increase (waterLevel) (*x #t (inFlow)))

)

(:process generate_steanm
:parameters ( )
:precondition (and (boiling)
(not (heater_burn_out))
)
:effect (and (decrease (waterLevel) (*x #t (evpR)) )

(increase (runtime) (x #t 1.0) )

(taction turn_on_pump
:parameters ( )
:precondition( and (not(pump_on))

(not (heater_burn_out))
)
teffect (pump_on)

(raction turn_off_pump
:parameters ( )
:precondition( and (pump_on)

(not (heater_burn_out))

:effect ( not(pump_on) )

(:event water_low
:parameters ( )
:precondition (and (< (waterLevel) (L1)) )
:effect (and (failed))
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(:event water_high
:parameters ( )
:precondition (and (> (waterLevel) (L2) ))
teffect (and (failed) )

(:event overheat
:parameters ( )
:precondition (and (<= (waterLevel) 0.0 ))
teffect (and (not(boiling)) (not(pump_on))

(heater_burn_out)

(taction achieve_goal

:parameters ()

:precondition (and (boiling) (not(failed))
(not (heater_burn_out))
(>= (runtime) (goal_time) )
( > (waterLevel) (L1) )
( < (waterLevel) (L2) )

)

teffect( goal_achieved )

LISTING B.10: Listing of PDDL+ boiler domain, used in the evaluation.

Problem Instance

(define
(problem instance02)

(:domain steam_boiler)

(:init

(= waterLevel 10)
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= L1 8)

= L2 12)

= evpR 0.2)

= inFlow 1.0)

= runtime 0.0)

= goal_time 40)
(not (boiling))

(not (pump_on))

(not (heater_burn_out))
(not (goal_achieved))
(not (failed))

)
(:goal

(and (goal_achieved))
)

LISTING B.11: PDDL+ problem instance 2 for the boiler domain, used in the

evaluation.

Plans for Boiler Domain

Plan generated by UPMurphi

0.000: ( turn_on_pump) [0.000]
0.001: ( start_boiler) [0.000]
2.002: ( turn_off_pump) [0.000]
20.003: ( turn_on_pump) [0.000]
25.004: ( turn_off_pump) [0.000]
40.005: ( achieve_goal) [0.000]

0.000: ( start_boiler) [0.000]
0.001: ( turn_on_pump) [0.000]
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2.001: ( turn_off_pump) [0.000]
4.001: ( turn_on_pump) [0.000]
5.001: ( turn_off_pump) [0.000]
9.001: ( turn_on_pump) [0.000]
10.001: ( turn_off_pump) [0.000]
14.001: ( turn_on_pump) [0.000]
15.001: ( turn_off_pump) [0.000]
19.001: ( turn_on_pump) [0.000]
20.001: ( turn_off_pump) [0.000]
24.001: ( turn_on_pump) [0.000]
25.001: ( turn_off_pump) [0.000]
29.001: ( turn_on_pump) [0.000]
30.001: ( turn_off_pump) [0.000]
34.001: ( turn_on_pump) [0.000]
35.001: ( turn_off_pump) [0.000]
40.001: ( achieve_goal) [0.000]

0.00000) start_boiler Parameters:

(0.00000,10.00000) ------ >waiting
(10.00000) turn_on_pump Parameters:
(10.00000,14.00000) ------ >waiting
(14.00000) turn_off_pump Parameters:
(14.00000,30.00000) ------ >waiting
(30.00000) turn_on_pump Parameters:
(30.00000,34.00000) -=----- >waiting
(34.00000) turn_off_pump Parameters:
(34.00000,40.00000) ------ >waiting

(40.00000) achieve_goal Parameters:

(0.00000) start_boiler Parameters:

(0.00000,2.00000) ------ >waiting
(2.00000) turn_on_pump Parameters:
(2.00000,3.00000) -~—----- >waiting

(3.00000) turn_off_pump Parameters:
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(3.00000,7.00000) ------ >waiting
(7.00000) turn_on_pump Parameters:
(7.00000,8.00000) -—----- >waiting
(8.00000) turn_off_pump Parameters:
(8.00000,12.00000) -—----- >waiting
(12.00000) turn_on_pump Parameters:
(12.00000,13.00000) ------ >waiting
(13.00000) turn_off_pump Parameters:
(13.00000,17.00000) ------ >waiting
(17.00000) turn_on_pump Parameters:
(17.00000,18.00000) ------ >waiting
(18.00000) turn_off_pump Parameters:
(18.00000,22.00000) ------ >waiting
(22.00000) turn_on_pump Parameters:
(22.00000,23.00000) ------ >waiting
(23.00000) turn_off_pump Parameters:
(23.00000,27.00000) ——---~ >waiting
(27.00000) turn_on_pump Parameters:
(27.00000,28.00000) ------ >waiting
(28.00000) turn_off_pump Parameters:
(28.00000,32.00000) ------ >waiting
(32.00000) turn_on_pump Parameters:
(32.00000,33.00000) ------ >waiting
(33.00000) turn_off_pump Parameters:
(33.00000,37.00000) ------ >waiting
(37.00000) turn_on_pump Parameters:
(37.00000,38.00000) ------ >waiting
(38.00000) turn_off_pump Parameters:
(38.00000,40.00000) ------ >waiting

(40.00000) achieve_goal Parameters:

LISTING B.12: Plans generated by UPMurphi, DiNo, ENHSP and MPC, for

problem instance 2 of the boiler domain.
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B.5 Water Tanks Domain

This section is about the water tanks domain used during the evaluation of
the planning framework presented in this thesis. Followings are given: (i) the
PDDL+ code of the domain model, (ii) the PDDL+ code of the problem in-
stance 2, as an example problem model and (iii) the solution plans generated
by ENHSP and the MPC-based approach for problem instance 2 of the water
tanks domain.

Domain Model

(define

(domain water_tanks)

(:requirements :typing :fluents :time
:negative-preconditions :equality )

(:types tank pump )

(:predicates (pump_on ?p -pump) (failed)
(pump_at ?7p -pump 7tn -tank)
; (adjecent 7tnl -tank ?7tn2 -tank)

(:functions
(waterLevel ?tn -tank)
(L1) (L2)
(outFlow ?7tn -tank)
(inFlow ?7tn -tank)
(temp 7tn -tank)
(TL ?tn -tank)
(TH ?tn -tank)
(heatingRate 7?tn -tank)

(runtime)

(:process time_keeping
:parameters ()
:precondition( not(failed) )

:effect (and (increase (runtime) (x #t 1.0) ) )
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(:process decrease_water
:parameters (?7tn -tank)
:precondition( not(failed) )
reffect ( and

(decrease (waterLevel ?tn) (x #t (outFlow ?tmn)))

(:process heat
:parameters (?tn -tank )
:precondition( );not(failed) )
teffect (and
(increase (temp 7tn) (* #t (heatingRate ?7tn)))

(:action increase_heating_rate
:parameters (7tn -tank)
:precondition(not(failed))

teffect( and (increase (heatingRate ?tn ) 0.5) )

(:raction decrease_heating_rate
:parameters (7tn -tank)
:precondition(not(failed))

teffect( and (decrease (heatingRate ?tn ) 0.5) )

~

:process increase_water
:parameters ( 7p -pump 7tn -tank )
:precondition( and (pump_on ?p) (pump_at ?p 7tn))
:effect (and
(increase(waterLevel ?7tn) (* #t (inFlow 7tn)))

(decrease(temp ?7tn) (x #t (* (inFlow ?tn) 0.4)))
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(:action turn_on_pump
:parameters (?7p -pump)
:precondition( not (pump_on ?7p))

:effect (pump_on 7p)

(:action turn_off_pump
:parameters (7p -pump)
:precondition( pump_on 7p )

:effect ( not(pump_on ?7p) )

(:action switch_pump
:parameters (?p -pump 7tnl -tank ?tn2 -tank)
:precondition( and ( pump_on 7?p)
(pump_at ?p 7tnl)
(not (pump_at ?p 7tn2))
(not (= 7tnl 7tn2))
; (adjecent 7tnl 7tn2)
)
:effect( and (pump_at 7p 7tn2)
(not (pump_at ?p ?7tnl))

(:event failure
:parameters (?7tn -tank )

:precondition (and
(< (waterlLevel ?tn) L1 )
(> (waterlLevel ?tn) L2 )
(<(temp ?tn) (TL ?tmn) )
(>(temp ?tn) (TH ?tmn) )

)

:effect (and (failed))
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(:constraint volume_range
:parameters ( 7tn -tank )
:condition (and
(>= (waterLevel ?tn) (L1) )
(<= (waterLevel ?tn) (L2 ))

(:constraint temp_range
:parameters ( ?tn -tank )
:condition (and
(>= (temp ?tn) (TL ?tn) )
(<= (temp ?tn) (TH ?7tn) )

LISTING B.13: Listing of PDDL+ water tanks domain, used in the evaluation.

Problem Instance

(define
(problem instance02)
(:domain water_heating)
(:objects
tnkl tnk2 -tank pl -pump

= (waterLevel tnk1l) 13)
= (waterLevel tnk2) 15)
= (L1) 10) (= (L2) 20)
= (outFlow tnk1l) 0.9)

= (inFlow tnk1l) 2.0)

= (outFlow tnk2) 0.7)

= (inFlow tnk2) 2.0)
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(= (temp tnkl) 30) (=
(= (TL tnk1l) 28) (=
(= (TL tnk2) 38) (=
(= (heatingRate tnkl) O.
(= (heatingRate tnk2) O.

(= (runtime) 0.0)

(not (pump_on p1l))

(pump_at pl tnkl)
(not (pump_at pl tnk2))
; (adjecent tnkl tnk2)
; (adjecent tnk2 tnkl)

(not (failed))

(:goal
(and

A\
]

(temp
(temp
(temp

N /N AN AN AN AN AN AN

AN V AN V AN V AV

(temp

runtime 15)
(waterLevel
(waterLevel
(waterLevel

(waterLevel

tnk1)
tnk1)
tnk?2)
tnk2)

(TH
(TH

(temp tnk2) 40)

tnk1) 32)
tnk2) 42)
0)
0)

(not(failed))
tnk1) (L1))
tnk1) (L2))
tnk2) (L1))
tnk2) (L2))

(TL
(TH
(TL
(TH

tnkl) )
tnkl) )
tnk2) )
tnk2) )

LISTING B.14: PDDL+ problem instance 2 for the water tanks domain, used in

the evaluation.
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Plans for Water Tanks Domain

Plan generated by ENHSP

(0.00000,3.00000) ------ >waiting

(3.00000) turn_on_pump Parameters: pl - pump

(3.00000,5.00000) --—---- >waiting

(5.00000) turn_off_pump Parameters: pl - pump

(6.00000,6.00000) —~-—----- >waiting

(6.00000) increase_heating_rate Parameters: tnkl - tank

(6.00000) turn_on_pump Parameters: pl - pump

(6.00000,7.00000) ~—---- >waiting

(7.00000) switch_pump Parameters: pl - pump tnkl - tank
— tnk2 - tank

(7.00000,9.00000) ------ >waiting

(9.00000) turn_off_pump Parameters: pl - pump

(9.00000,10.00000) ------ >waiting

(10.00000) turn_on_pump Parameters: pl - pump

(10.00000) switch_pump Parameters: pl - pump tnk2 - tank
— tnkl - tank

(10.00000,12.00000) ------ >waiting

(12.00000) increase_heating_rate Parameters: tnk2 - tank

(12.00000) switch_pump Parameters: pl - pump tnkl - tank
— tnk2 - tank

(12.00000,13.00000) ------ >waiting

(13.00000) turn_off_pump Parameters: pl - pump

(13.00000,14.00000) ------ >waiting

(14.00000) turn_on_pump Parameters: pl - pump

(14.00000) switch_pump Parameters: pl - pump tnk2 - tank
— tnkl - tank

(14.00000,15.00000) ------ >waiting

(0.00000) turn_on_pump Parameters: pl - pump
(0.00000) increase_heating_rate Parameters: tnl - tank
(0.00000,1.00000) ------ >waiting

(1.00000) turn_off_pump Parameters: pl - pump
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(1.00000,2.00000) ------ >waiting

(2.00000) turn_on_pump Parameters: pl - pump

(2.00000) switch_pump Parameters: pl - pump tnl - tank
— tn2 - tank

(2.00000,3.00000) --—---- >waiting

(3.00000) switch_pump Parameters: pl - pump tn2 - tank
— tnl - tank

(3.00000) decrease_heating_rate Parameters: tnl - tank

(3.00000) increase_heating_rate Parameters: tn2 - tank

(3.00000,4.00000) ~----- >waiting

(4.00000) increase_heating_rate Parameters: tnl - tank

(4.00000) decrease_heating_rate Parameters: tn2 - tank

(4.00000,5.00000) ~------ >waiting

(56.00000) turn_off_pump Parameters: pl - pump

(56.00000) turn_on_pump Parameters: pl - pump

(5.00000) switch_pump Parameters: pl - pump tnl - tank
— tn2 - tank

(5.00000,6.00000) ~—----- >waiting

(6.00000) switch_pump Parameters: pl - pump tn2 - tank
— tnl - tank

(6.00000) increase_heating_rate Parameters: tn2 - tank

(6.00000) increase_heating_rate Parameters: tn2 - tank

(6.00000,7.00000) -~ —---- >waiting

(7.00000) turn_off_pump Parameters: pl - pump

(7.00000) decrease_heating_rate Parameters: tnl - tank

(7.00000) decrease_heating_rate Parameters: tn2 - tank

(7.00000) decrease_heating_rate Parameters: tn2 - tank

(7.00000,8.00000) ~----- >waiting

(8.00000) turn_on_pump Parameters: pl - pump

(8.00000) switch_pump Parameters: pl - pump tnl - tank
— tn2 - tank

(8.00000) increase_heating_rate Parameters: tnl - tank

(8.00000,9.00000) ------ >waiting

(9.00000) switch_pump Parameters: pl - pump tn2 - tank
— tnl - tank

(9.00000) increase_heating_rate Parameters: tn2 - tank

(9.00000,10.00000) ------ >waiting

(10.00000) turn_off_pump Parameters: pl - pump

(10.00000,11.00000) -=----- >waiting

(11.00000) turn_on_pump Parameters: pl - pump
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(11.00000) switch_pump Parameters: pl - pump tnl - tank
— tn2 - tank

(11.00000) decrease_heating_rate Parameters: tnl - tank

(11.00000) decrease_heating_rate Parameters: tn2 - tank

(11.00000,12.00000) ------ >waiting

(12.00000) switch_pump Parameters: pl - pump tn2 - tank
— tnl - tank

(12.00000) increase_heating_rate Parameters: tnl - tank

(12.00000) increase_heating_rate Parameters: tn2 - tank

(12.00000,13.00000) ------ >waiting

(13.00000) switch_pump Parameters: pl - pump tnl - tank
— tn2 - tank

(13.00000) decrease_heating_rate Parameters: tn2 - tank

(13.00000,14.00000) ------ >waiting

(14.00000) switch_pump Parameters: pl - pump tn2 - tank
— tnl - tank

(14.00000) decrease_heating_rate Parameters: tnl - tank

(14.00000) increase_heating_rate Parameters: tn2 - tank

(14.00000) increase_heating_rate Parameters: tn2 - tank

(14.00000,15.00000) ------ >waiting

LISTING B.15: Plans generated by ENHSP and MPC, for problem instance 2 of

the water tanks domain.
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