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0.1 Resumen

La Planificacién Automatica es una importante rama de la Inteligencia Artificial
que estudia la busqueda computacional de conjuntos de acciones cuya ejecucion
permita alcanzar unos objetivos determinados. Histéricamente, la investigacion
en esta rama ha estado centrada en resolver problemas tedricos en mundos con-
trolados en los que se podia conocer exactamente el estado actual del entorno y
se podia prever completamente los resultados de la ejecucion de las acciones. El
desarrollo de aplicaciones en la dltima década (planificacién de las operaciones de
extincion de incendios forestales [24], planificacion de las actividades realizadas
por la nave espacial Deep Space 1 [8], planificacion de las acciones de evacuacion
en emergencias [71]) ha evidenciado que estos modelos con los que tradicional-
mente se trabajaba en planificacion eran demasiado ingenuos para poder hacer
frente a problemas reales.

Consciente de ello, la comunidad investigadora ha multiplicado sus esfuerzos
en los ultimos afios para definir nuevos modelos de planificacion capaces de ajus-
tarse mejor a los problemas reales. Esto ha llevado al nacimiento de una nueva
area dentro de la Planificacién Automatica, llamada planificacién bajo incertidum-
bre, y al establecimiento de métricas y estdndares con los que poder evaluar y com-
parar los nuevos planificadores. A pesar de estos esfuerzos, la nueva generacion
de planificadores no es capaz de resolver eficientemente problemas con incer-
tidumbre si no disponen de una especificacion detallada y completa del modelo
de acciones. Sin embargo, conseguir un modelo de acciones preciso en entornos
con incertidumbre es una tarea muy compleja y en algunos casos imposible (por
ejemplo en la planificacion de las acciones de los robots Spirit y Opportunity en
Marte [1]).

Mi objetivo es definir un nuevo paradigma de planificacion capaz de encon-
trar eficientemente planes cuya ejecucion tenga una alta probabilidad de éxito en
dominios con incertidumbre. Mi Tesis es que integrando técnicas de aprendizaje
automatico junto con los procesos de planificacién y ejecucion se puede desarro-
llar un planificador capaz de enriquecer automaticamente el conocimiento inicial
del entorno con informacién adicionalacerca de la ejecucion de las acciones que
ayude a encontrar planes méas robustos.

Esta propuesta revisa y pone de relieve las deficiencias de los actuales paradig-
mas de Planificacién Automadtica haciendo un énfasis especial en las técnicas de
planificacion bajo incertidumbre, repasa las diferentes técnicas de Aprendizaje
Automadtico utilizadas para mejorar el rendimiento de los planificadores, y final-
mente, describe los objetivos que se pretenden cubrir con esta Tesis y define una
metodologia para su consecucion.



0.2 Abstract

Automated Planning is an important component of Artificial Intelligence that
studies computationally the process of finding sets of actions whose execution
achieves certain given objectives. Most of the research on Automated Planning
has traditionally focused on solving theoretical problems in totally controlled en-
vironments where the state of the environment is totally observable and where
the outcomes of action execution are completely predictable. The development
of real planning applications during the last decade: planning fire extinction op-
erations [24], planning spacecraft activities [8], planning emergency evacuation
actions [71]...has evidenced that these classical planning models are too naive to
address realistic problems.

The planning research community who is aware of this issue has multiply
its efforts during the last years in defining new planning models able to tackle
realistic problems. All these efforts have begun a new field in Automated Plan-
ning called planning under uncertainty, likewise the establishment of standards to
compare and evaluate the new generation planners. In spite of all these efforts the
new planners precise an accurate definition of the action model to guarantee good
performance in problems with uncertainty. However, the definition by hand of
accurate models is very complex and sometimes impossible. For example when
planning the actions of the Mars Rovers [1].

My goal is to define a new planning paradigm that allows to efficiently build
plans with a high probability of success in domains with uncertainty. My thesis
is that, integrating machine learning techniques with the planning and execution
processes, a planner can be build that automatically enriches its initial knowledge
about the environment with information about the actions performance to build
more robust plans.

This proposal revises the shortcomings of the existing planning paradigms
highlighting the planning under uncertainty techniques, reviews the different Ma-
chine Learning techniques that historically have been used to improve planners
performance and finally describes the objectives posed in the Thesis and defines a
methodology to fulfil them.



Chapter 1

Introduction

Humans, unlike others living beings, can deliberate about the consequences of
their actions. This human-intelligence ability that allows us to choose and orga-
nize actions by anticipating their outcomes is called Planning. Planning is really
a hard intellectual job: the world where we live is stochastic, changes contin-
uously and the vision we have of it is limited. So we resort to it just when is
strictly needed. Mainly when we have to address new tasks or complex problems
or when we have to proceed constrained somehow. For example, when we organ-
ise a weekend trip to a city we have never been to we plan the itinerary, the places
to visit, the accommodation, ...

Automated Planning (AP) arose in the late *50s from converging studies into
state-space search, theorem proving and control theory from the practical needs
of robotics, scheduling and other domains. STRIPS (STanford Institute Problem
Solver) [35], one of the first major planning systems, was designed to be the plan-
ning component of the controlling software for the autonomous robot Shakey [75]
and illustrates perfectly the interaction of all these different influences.

Nowadays, AP is studied as an independent discipline within the framework of
Artificial Intelligence(Al), and it is defined as the area of knowledge that studies
computationally the generation of sequences of actions that solve given problems.
In AP, a problem is defined by: a state-transition function of a dynamic system,
an initial state of the system and a set of objectives or goals to be achieved. Ac-
cording to this definition, AP problems seem to be easily tackled by searching for
a path in a graph, which is a well-known problem. However, in AP this graph
can be so large that specifying it explicitly is not feasible. Since the first days
different approaches have been tried, but it is just in the last ten years that the new
approaches based on heuristic search and problem decompositions have allowed
to tackle planning problems. In spite of the new advances in the field, solving
complex planning problems with a general domain independent planner is still
intractable [22]; as it is considered a PSpace-complete problem [21]. Because



of that, the planners implemented in applications frequently use expert domain
knowledge that facilitates the search process.

When solving AP problems in the real world it is not always feasible to follow
a detailed plan. At any step unexpected events can occur ruining the predictions.
In the previous example, the bad weather, a closed restaurant or a too crowded
museum can make us change our initial decisions. In spite of that, human beings
plan in numerous situations of their daily life, we prioritise the different possible
situations that might occur and plan covering the most likely ones while leaving
others to be completed as more information is available.

Planning Under Uncertainty (PUU) is the subfield of AP that studies computa-
tionally how to address planning problems in non-deterministic environments. In
the early nineties, several extensions to classical AP have been developed to rea-
son about uncertainty in the perception of the environment and in the outcomes of
actions’ executions. These first systems use probabilistic representation for rea-
soning about uncertainty and consider the probability of reaching the goals as the
plan goodness [62]. At the moment, there are more elaborated PUU planners
based on algorithms for solving MDP’s but still they precise of an accurate defini-
tion of the action model to guarantee good performance. However, the definition
of these models by hand in problems with uncertainty is very complex and some-
times impossible. For example when planning the actions of the Mars Rovers [1].

How humans cope with the planning-inherent complexity? Using experi-
ence. Going back to the trip planning example, if we had previously visited the
city we could use experience about how to get there, which places are worthy,
how crowded they are, ... Human beings are endowed with skills that help them
plan according to previous experiences. Psychology, biology or philosophy have
widely studied the learning processes and tried to explain them. But learning,
like intelligence, covers such a broad range of processes that it is difficult to de-
fine it precisely. One of the Al pioneers, Herbert Simon, defined learning as “’the
changes in a system that allow to carry out a task or a task in the same domain in
a more efficient way” [93]. Regarding this definition one could try to develop AP
systems able to modify its performance to carry out its objectives more efficiently.

Machine Learning (ML) is the AI’s branch which studies computationally the
process of changing the structure of programs and/or data based on its inputs or
in response to input information in such a manner that its expected future perfor-
mance improves. Since the beginning, research in Al has been concerned with
ML (as early as 1959 Arthur Samuel developed a prominent program [89] that
learned to play better the game of checkers) so, very often, ML has been referred
to changes in systems that perform tasks associated with Al, such as perception,
robot control or AP. More specifically, before the mid *90s planners were only able
to synthesis no more than 10 action plans in many domains and ML was massively
used to speed and scale up the existing planning algorithms. Nowadays, planners
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achieve impressive performance in numerous domains, but a renewed interest in
intersecting ML with AP has arisen with other aims like: to learn automatically
the kinds of knowledge humans put in Knowledge-Based planners or to automate
the processes of defining, validating and maintenance a domain model. In this
Thesis we propose the application of ML mechanisms to efficiently assist AP
to build robust plans in environments with uncertainty even though the do-
main model is not complete.

This document is organized as follows: chapter 2 summarizes the literature
about deterministic planning, planning under uncertainty and ML to assist plan-
ning. Then, chapter 3 presents the objectives of the thesis work. And Finally,
chapter 4 describes the methodology to achieve the presented goals.






Chapter 2

State of the Art

This chapter is a review of the main works done in the two research topics ad-
dressed in this Thesis: planning under uncertainty and planning assisted by ML.
Section 2.1 of this chapter introduces the relevant concepts in AP following a gen-
eral problem solving approach inspired by the [JCAI’05 tutorial [43]. Section 2.2
presents the main progress in deterministic planning taking as reference the AP
textbook [44]. Section 2.3 describes the state-of-the-art techniques to plan in en-
vironments with uncertainty based on Jim Blythe’s seminal Thesis [10]. Section
2.4 revises and classifies the ML techniques that have been used to improve AP
based on the recent summary paper [106]. And finally section 2.5 discusses which
are the current needs in planning under uncertainty and how ML can cover them.

2.1 Introduction

The aim of general problem solving is to find universal mechanisms that solve
any problem that can be described in a high level representation using a general
algorithm. Therefore, any general problem solver has these three components:

1. The Conceptual Model. The description of the problem to solve.

2. The Representation Language. The elements used to describe the problem
to solve.

3. The Algorithm. The technique used to solve the problem.

AP is a form of general problem solving concerned with the selection and organi-
zation of actions to reach a desired state in a dynamic system. Because of that, AP
requires a conceptual model able to describe dynamic systems. Most of the Au-
tomated Planning approaches take the state-transitions model as their conceptual
model but making several assumptions that make it more operational:
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1. Finite World. The dynamic system has a finite set of states.

2. Static World. The dynamic system stays in the same state until a new action
is executed.

3. Deterministic World. When an action is applicable its execution brings the
dynamic system to a single other state.

4. Fully Observable World. There is complete knowledge about the current
state of the dynamic system.

5. Implicit Time. Actions have no duration so the state transitions are instanta-
neous.

6. Restrictive Goals. The only objective of the planner is to find a set of state
transitions that ends at one of the states satisfying the goals.

Deterministic Planning is the AP subfield that studies how to tackle the plan-
ning problems that can be described according to this conceptual model. With
the aim of addressing more realistic planning problems, some of these assump-
tions have been tried to be relaxed: Temporal Planning studies how to tackle
planning problems where actions effects may not be instantaneous. Scheduling
tackles planning problems where a limited number of resources has to be used in a
limited amount of time. And Planning Under Uncertainty studies the relaxation
of the Full Observability and Deterministic World assumptions. That is, planning
problems where the knowledge of the current state of the problem is incomplete
and where the outcome of plans is stochastic.

2.2 Deterministic Planning

Deterministic Planning is the task of finding a sequence of actions to reach a de-
sired state in a deterministic and totally observable environment. Figure 2.1 shows
an example of a deterministic planning problem consisting of a robot navigation
in a grid. In this example the robot has to reach the cell D2 starting from the cell
A5 and avoiding the obstacles (cells B2, D3, and E4). Most of the research done
in AP has focused on solving Deterministic Planning tasks. Thanks to that, Deter-
ministic Planning is now a well formalized and well characterized problem with
algorithms and techniques that scale-up reasonably well.

2.2.1 The Conceptual Model

The conceptual model for deterministic planning is a deterministic, finite and fully
observable state-transition system denoted by Y~ = (5, A, C), where:
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Figure 2.1: Example of a deterministic planning problem.

e S is a finite set of states.
e A is a finite set of actions.
e ('(s,a) represents the cost of applying the action a € A in the state s € S.

According to this conceptual model, a deterministic planning problem is defined
as a triple P = (3, sg, G) where sg € S is the initial state and G C S is the set
of goal states. Finding a solution to a deterministic planning problem P consists
on generating a sequence of actions (ay, as, ..., a,) corresponding to a sequence
of state transitions (s, $1, ..., $,,) such that s; results from executing the action a;
in the state s;_; and s, € G is a goal state. The optimal solution for a deter-
ministic planning problem is the one that minimizes the expression .7  c(s;, a;).
Figure 2.2 shows the conceptual model corresponding to the problem of the robot
navigation in the cells A4, A5, B4 and B5.

2.2.2 The Representation Languages

A planning representation language is a notation for representing syntactic and
semantically planning problems. The planning representation languages are based
on variants of first order logic and describe the types, the actions and the states of
a planning problem.
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Figure 2.2: Conceptual model corresponding to the robot navigation in the cells
A4, A5, B4 and B5.
STRIPS

The language used by STRIPS [35] to represent domains and problems, in spite
of being one of the oldest planning representation languages is still very popular.
The STRIPS representation for a planning problem is a tuple P =< L, A, I, G >
where:

e [L: represents the literals set.

e A: represents the actions set.

e [CL: represents the subset of literals holding in the initial state.

e (GCL: represents the subset of literals that have to be true in a goal state.

The major contribution made by STRIPS is the Closed World Assumption to
handle the Frame Problem '. The Closed World Assumption is a proposal to solve
this problem based on assuming that execution of actions only changes a small
part of the world. That is, if a situation s, is the result of applying action a,,

'"The Frame Problem [68] is the problem of expressing a dynamical domain in logic without
explicitly specifying which literals are not affected by an action.
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in situation s,_1, then s, and s,,_;, must be very much alike. Implicit in this
assumption is that any formula not explicitly asserted in a state is taken to be
false. This allows one to avoid explicitly specifying negated atomic formulae.

The STRIPS representation for an action a € A consists of the following three
lists of literals from the set L:

1. The Preconditions List Pre(a)C L: subset of literals that need to be true for
the action a to be applied.

2. The Delete List Del(a)C L: subset of literals no longer true after the appli-
cation of the action a.

3. The Add List Add(a)CL: subset of literals made true by the application of
the action a.

Figure 2.3 shows an example of a planning action represented in the STRIPS
language. Specifically it is the action pick-up from the Blocksworld* domain
described in the planning domain representation language STRIPS.

pick-up (TOP, BOTTOM)

Pre: [emptyhand, clear (TOP), on (TOP,BOTTOM) ]
Del: [emptyhand, clear (TOP), on(TOP,BOTTOM) ]
Add: [holding (TOP),clear (BOTTOM) ]

Figure 2.3: Action PICK-UP from the Blocksworld planning domain represented
in STRIPS.

STRIPS represents a state space .S with literals from the L set. A state s,, € S
is the conjunction of literals from L representing the facts holding in the instant
n. An initial state I € S is the subset of literals from L that are holding in the
initial instant. And a goal state is any state s,, satisfying the subset of atoms G.
According to this notation:

1. The actions applicable in a state s,, are those a € A such that Pre(a) C s,

2. The state resulting from applying the action a in the state s,, is result(s,,, a) =
{8n — Del(a)} U Add(a)

3. A solution for a planning problem P is a sequence of applicable actions
ao, ..., a, that reaches some goal state s,, starting from the initial state /.

2The Blocksworld is a classic domain in AP which consists of a set of blocks, a table and a
gripper. The Blocks can be on other blocks or on the table. A block that has nothing on it is clear.
The gripper can hold one block or be empty. Because its simpleness and clarity the Blocksworld
has been by far the most frequently used example in the Al planning literature since the 1960s.
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ADL

One of the first extensions to the STRIPS language was the Action Description
Language (ADL) [80]. The two main contributions of ADL are (1) the actions’
preconditions and the problem goals can be expressed not just as conjunction of
literals but also as disjunctions or quantified formulae and (2) actions can have
conditional outcomes.

PDDL

The Planning Domain Definition Language(PDDL) [39] is a recent attempt to
standardize the planning representation languages in order to allow comparatives
among the diverse planners. A PDDL planning problem definition consists of two
parts:

1. The Domain Definition: contains a enumeration of the predicates, the ac-
tions, the types, the constants and the static facts of the domain.

2. The Problem Definition: contains the objects present in the problem in-
stance, the initial state and the goals. The initial state and the goals de-
scriptions should be ground, meaning that all predicate arguments should
be object or constant names rather than parameters. An exception is quan-
tified goals where the quantified variables may be used within the scope of
the quantifier.

Figure 2.4 shows the action PICK-UP from the Blocksworld domain represented in
PDDL.

(raction pick-up
:parameters (?top - block ?bottom)
:precondition (and (not (= ?top ?bottom))
(forall (?b - block) (not (holding ?b)))
(on—-top-of ?top ?bottom)
(forall (?b - block) (not (on—-top-of ?b ?top))))
reffect (and (holdlng ?top)
(

no (on—-top-of ?top ?bottom))))

Figure 2.4: Action PICK-UP from the Blocksworld domain represented in PDDL.

The development of PDDL is associated to the International Planning Com-
petitions (IPC’s). Along the different IPC’s this language has evolved to cover the
representation needs of the new planning challenges:
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1. PDDL1.7 (IPC1 and IPC2) contains the STRIPS and ADL functionality.
2. PDDL2.1 (IPC3) supplements the original PDDL version with:

e Numeric variables and the ability to test and update their values in-
stantaneously.

e Durative actions with both discrete and continuous effects.
3. PDDL2.2 (IPC4) extends the previous versions with:

e Derived predicates which are backward-chaining axioms that allow a
planner to achieve a goal by making the antecedent of one of them
true.

e Timed initial literals which are literals that will become true at a pre-
dictable time independent of what the planning agent does.

4. PDDL3.0 (IPC5) allows representing preferences and constraints using a
restricted temporal logic.

In spite of all these functionalities most of the existing planners do not support
full PDDL,; in fact, the majority support only the STRIPS subset besides typing
and the equality predicate.

2.2.3 The Algorithms

The Algorithms used to solve deterministic planning problems are mainly search
algorithms. These algorithms explore a graph systematically trying to find a path
to arrive to some goal node n,, starting from a given initial node ny. When solving
search problems some elements need to be considered:

e The search space. In AP the states-space and the plans-space are the two
most used search spaces. In the states-space search, each graph node corre-
sponds to a state of the dynamic system and each arc corresponds to a state
transition resulting from an action execution. In the plans-space search, the
graph nodes are partially specified plans and arcs correspond to plan refine-
ment operations.

o The search direction. From the initial node to the goals (forward), from the
goals to the initial node (backward) or bidirectional.

o The search algorithms. The first planners such as STRIPS or PRODIGY
simply implemented a depth first search. Heuristic planning introduced
more elaborated search algorithms in the planners development: HSP was
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endowed with a hill-climbing algorithm. To solve more problems or to solve
them with a better quality HSP2 [11] implemented the complete algorithm
(Best-first search). FF [49] was equipped with an improvement to the hill-
climbing algorithm in the selection of the local search algorithm, called
enforced hill-climbing, which automatically switches to a best-first search
in case of failure. Recently divide-and-conquer approaches [105] have been
used to reduced the memory requirements drawback of best-first search.

e The heuristics: rather than trying all possible search paths, these algorithms
focus on paths that seem to be getting them nearer to a solution. They use
an evaluation function f(n) that scores a state s in the search tree according
to how close to a goal node they are. The performance of search process is
determined by the accuracy of the heuristic function guiding it. Heuristics
could be derived as the cost of optimal solutions to relaxed problems. To
derive planning domain-independent heuristics automatically the problem
relaxations should be extracted from the problem encoding. In AP, the more
common relaxations used are:

1. Ignoring the actions’ delete lists,

2. Reducing the goal sets to subsets

3. Ignoring certain atoms.
Usually the heuristics handled in AP are non-admissible because the ex-
isting admissible ones are poorly informed. Moreover, the application of

optimal search algorithms to planning domains is too expensive in terms of
computation time.

2.2.4 The Planners

This is a enumeration of the planners that have been specially relevant as they
have introduced the major advances in the subfield of Deterministic Planning.
STRIPS

The STRIPS planning algorithm [35] arose in the early 70’s. It was based on
backward chaining in the state space without using any heuristic. STRIPS worked
with a subgoals stack, trying to satisfy first always the subgoal in the top of the
stack. The output of this planner was a total order sequence of actions.
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UCPOP

UCPOP [81] appeared in the early nineties. It used ADL as a Representation
Language. UCPOP was based on searching on the plans space instead of in the
state space so it could work on any subgoal non linearly and its output was not a
totally ordered sequence of actions but a Partial-Order plan.

GRAPHPLAN

GRAPHPLAN [9] builds a state-space graph containing all possible parallel plans
up to a certain length; then it extracts a plan by searching the graph backwards
from the goals.

SATPLAN

SATPLAN [54] maps planning problems into Boolean satisfiability (SAT) prob-
lems and solve them using a state-of-the-art SAT solver. SATPLAN assumes that
a given planning problem has a solution of length n, if no solution of this length
was found it increases n and considers a new SAT problem. The output of this
planner is a totally-ordered sequence of actions.

FF

FF [49] is a forward chaining-heuristic state space-planner. FF used a domain
independent heuristic function derived as the cost of relaxed problems. The plan-
ning problem relaxation consists of ignoring the delete lists of all actions and
extracting an explicit solution using a GRAPHPLAN-style algorithm. The num-
ber of actions in the relaxed solutions is used as a goal distance estimate. These
estimations control a novel local search strategy, enforced hill-climbing which is
a hill-climbing procedure that, in each intermediate state, uses breadth first search
to find a strictly better, possibly indirect, successor. As a second heuristic, the re-
laxed plans are used to prune the search space: usually, the actions that are really
useful in a state are contained in the relaxed plan, so one can restrict the succes-
sors of any state to those produced by members of the respective relaxed solution
(the helpful actions).

SHOP

SHOP [72] is based on ordered task decomposition, which is a type of Hierarchi-
cal Task Network (HTN) planning. By problem reduction, the planner recursively
decomposes tasks into subtasks, stopping when it reaches primitive tasks that can
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be performed directly by planning actions. It needs to have a set of methods that
indicate how to decompose non primitive tasks into subtasks.

2.3 Planning Under Uncertainty

When planners are used to provide course of actions to solve real-world problems,
they must take into account the fact that they cannot have an exact knowledge
of the environment and that actions may have different outcomes. In this cases,
planners must balance the potential of some plan achieving a goal state against the
risk of producing an undesirable states and against the cost of executing the plan.
PUU studies how to extend the deterministic planning models in two different
dimensions with the aim of developing more sophisticated planners able to tackle
realistic planning problems:

1. Actions Effects. In many planning problems it is not reasonable to assume
deterministic world dynamics. For instance, when the actions to plan in-
volve the toggling of coins, the rolling of dices, ... In these cases planners
should manage the different possible outcomes of the actions.

2. World Observability. In many planning problems handling a complete and
perfect description of the state of the environment is inconceivable. For ex-
ample when planning the activities of a Mars rover. In these cases planners
should be able to generate plans even if only limited information of the state
is available.

As it is shown in figure 2.5 there are different planning paradigms according to
how these two dimensions are extended. The following sections describe them in
detail.

EFFECTS
OBSERVABILITY STRIPS | Disjunctive | Probabilistic
Complete Deterministic | Deterministic Probabilistic
Partial Deterministic | Contingent | Probabilistic-Contingent
None Deterministic | Conformant | Probabilistic-Conformant

Figure 2.5: Planning under uncertainty paradigms.

2.3.1 Probabilistic Planning

Probabilistic Planning is the task of finding a plan that may satisfy a set of goals in
a stochastic and completely observable environment. In many planning problems
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there is no plan that completely guarantees reaching the goals. In these domains
probabilistic planners reason about the likelihood of the actions’ outcomes to ob-
tain plans that maximize the probability of reaching the goals.

The Conceptual Model

Probabilistic Planning problems are modelled as stochastic state-transition sys-
tems with probability distributions associated to each state transition. This model
is denoted by > = (S, A, P, C), where:

e S is the finite set of states.
e A is the finite set of actions.

e P,(s;|s), is the probability that action a € A executed in state s € S, leads
to state an s; € S. So, for each s € S, if there exists a € A and s; € S such
that P,(s;|s) # 0, it is true that >, P,(s;|s) = 1.

e ((s,a) represents the cost of applying the action a € A in the state s € S.

According to this conceptual model, a deterministic planning problem is defined
as a tuple P = (3, so, G) where sy € S is the initial state and G C S is the set
of goal states. Finding a solution to a deterministic planning problem P consists
of generating a sequence of actions (a1, as, ..., a,) corresponding to a sequence
of state transitions (sg, s1, ..., $,) such that s; results from executing the action
a; in the state s;_; and s, € G is a goal state. The quality of a solution to a
probabilistic planning problem depends on two factors: the cost of the actions

* o c(s;,a;) and the robustness of the solutions[]" , P,(s;|s;—1). Figure 2.6
shows the conceptual model corresponding to the robot navigation problem for the
cells A4, A5, B4 and B5 in an environment where the robot can get confused when
moving down or left. Specifically in this environment, the robot only succeeds
when moving left with probability 0.5 and does nothing with probability 0. 5.
And it succeeds with probability 0.75 when moving down, doing nothing the
rest of the times.

The Representation Languages

The Probabilistic Planning Domain Definition Language (PPDDL) [102] is the
standard representation language to describe planning problems in stochastic en-
vironments. PPDDLI1.0 is essentially a extension of PDDL2.1 [39] to provide
support for actions with probabilistic effects. Probabilistic effects are an ex-
plicit declaration of the possible outcomes of an action execution. Their syn-
tax is (probabilistic p; 01 py 02 ps o3 ...) meaning that the out-
come o; of the action occurs with probability p;. It is required that p; >= 0 and
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Figure 2.6: Conceptual model of the robot navigation problem for the cells A4,
A5, B4 and B5 in a stochastic environment.

Zle p; = 1. However, PPDDL1.0 allows a probability-outcome pair to be left
out if the effect is empty. In other words, (probabilistic p; 01...p2 09
q) withg=1—3F p,.

PPDDLI1.0 allows arbitrary nesting of conditional and probabilistic effects,
contrary to popular propositional encodings, such as probabilistic STRIPS opera-
tors (PSO’s) [63] and factored PSO’s [16], which do not allow conditional effects
nested inside probabilistic effects. While arbitrary nesting does not increase the
expressiveness of the language, it can allow for exponentially more compact repre-
sentations of certain effects given the same set of state variables and actions [86].
However, any PPDDL action can be translated into a set of PSOs with at most
a polynomial increase in the size of the representation. Consequently, it follows
from the results of Littman [66] that PPDDL is representationally equivalent to
dynamic Bayesian networks, which is also another popular representation of prob-
abilistic planning problems. Markovian rewards, associated with state transitions,
can be encoded using fluents. PPDDL reserves the fluent (reward) to represent
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the total accumulated reward since the start of execution. Action preconditions
and effect conditions are not allowed to refer to the reward fluent, which means
that the accumulated reward does not have to be considered part of the state space.
The initial value of reward is zero. These restrictions on the use of the reward flu-
ent allow a planner to handle domains with rewards, without having to implement
full support for fluents.

As an example, Figure 2.7 shows the Probabilistic Action PICK-UP from the
Blocksworld domain of the IPC4 represented in PPDDL1.0. This action indicates
that with probability 0.75 a robot arm will pick-up successfully the block ?top
from the block ?bot and that with probability 0.25 the block ?top will fall
down.

(saction pick-up
:parameters (?top - block ?bot)
:precondition (and (not (= ?top ?bot))
(forall (?b - block)
(not (holding ?b)))
(on—-top-of ?top ?bot)
(forall (?b - block)
(not (on-top-of ?b ?top))))
:effect (and (decrease (reward) 1)
(probabilistic 0.75 (and (holding ?top)
(not (on—-top-of ?top 7?bot)))
0.25 (when (not (= ?bot table))
(and (not (on-top-of ?top ?bot))
(on-top-of ?top table))))))

Figure 2.7: Action PICK-UP from the probabilistic Blocksworld domain repre-
sented in PPDDL1.0.

The algorithms

Regarding the IPC probabilistic planners there are two main approaches to tackle
probabilistic planning problem:

e Complementing an extension of a classical planner with plan repairing tech-
niques [36]. The first attempts to face probabilistic planning problems fol-
lowed this approach; most were extensions to partial order planning [76].
But in recent years this work has continued over the new deterministic plan-
ning paradigms.
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Finding policies (mappings between world states and the preferred action
to be executed to achieve the goals) through the optimisation of a given
function [83]. These planning systems model the dynamics of the envi-
ronment as a Markov Decision Process (MDP) and find policies optimising
a numeric function, called utility function, which gives preference to the
different states and transitions of the MDP. Classic dynamic programming
algorithms solve MDP’s in time polynomial in the size of the state space.
However, the size of the state space grows exponentially with the number
of features describing the problem. This state explosion problem limits the
use of the MDP framework, and overcoming it has become an important
topic of research. Over the last years, two approaches that do not rely on
complete state enumeration have been developed:

1. On one hand there is exploiting relational representation of the MDP’s
to create state abstractions that allow the problem to be represented
and solved.

2. On the other hand there is reachability analysis that limit computation
to the states that are reachable from the initial state of the problem.

The planners

The probabilistic planners that participated in the probabilistic competition of
IPC4 and IPCS are.

SyMBOLIC LAO* [12]. The IPC4 winner based on symbolic model check-
ing techniques that combines the symbolic LAO* and symbolic RTDP al-
gorithm.

MGPT [33] based on heuristic search for solving MDP models. It uses the
algorithm Labelled Real-Time Dynamic Programming(LRTDP) which is a
heuristic-search algorithm that implements a labelling scheme on top of the
RTDP algorithm to get a faster convergence time together with heuristic
automatically extracted from the problem representation.

NMRDPP [46] translated the planning problem into a problem of solving
a decision process with no Markovian Rewards.

FCP [53] based on the First-Order Value Iteration Algorithm(FOVIA) a
symbolic counterpart of the classical value iteration algorithm for solving
MDP’s.

LEARNING POLICIES FROM RANDOM WALKS [96]. Based on a variant of
approximate policy iteration that combines inductive machine learning and
simulation to perform policy improvement.
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e FPG [20]. The winner of the IPCS5 uses gradient ascent for direct policy
search and factors the parameterised policy by using a function approxima-
tion for each action.

e PARAGRAPH [65] extends the Graphplan framework to probabilistic plan-
ning by introducing a node for each of an action’s possible outcomes, so that
there are three different types of nodes in the graph: proposition, action, and
outcome.

e FOALP [90] translates the probabilistic planning problem into a First-Order
Markov Decision Process (FOMDP) and uses approximate solution tech-
niques for FOMDP’s to derive a utility function using first-order extensions
of approximate linear programming.

e SFDP uses a compact factored representation of MDP’s based on Algebraic
Decision Diagrams and a symbolic dynamic programming algorithm that
focuses the policy on goal states.

In spite of all these different approaches the best overall performance in [PC4
and IPC5 was achieved by a planner simply based on complementing the deter-
ministic planner FF with replanning to cope with actions failures. FF-REPLAN
achieved such a good results in both IPC4 and IPCS5 because the optimal policies
for the test benches of the two competitions were very close to the ones obtained
with the deterministic planner FF.

2.3.2 Contingent Planning

Contingent planning is the task of solving a planning problem in environments
where the current state is not completely defined, but it is possible to observe
some aspects of the current state during the plan execution. Figure 2.8 shows an
example of a contingent planning problem. In this example a mobile robot has to
plan its actions to navigate from the cell A5 to the goal cell C2 avoiding obstacles.
In this example the robot has no knowledge about the content of cells C2, C3, D3
and D4 when it gets close to them it can sense their contents and cross them if
there is no obstacle in them.

The Representation Languages

Contingent Planning needs a representation language that is able to represent de-
terministic planning problems with two other extra functionalities: it has to be
able to define the initial state of a problem as a disjunction of literals called belief
state. And it has to be able to describe the acquisition of information about the

21



[—
[
(e
N
h

bos difeges e as&

E 3L ﬂu |~$

Figure 2.8: Example of a contingent planning problem.

current state in execution time. So, usually contingent planning problems are rep-
resented in a standard deterministic planning domain description language —like
PDDL- extended with sensing actions.

Sensing actions are planning actions with effects representing some informa-
tion observed from the current state. A planner should choose Sensing Actions
when the lack of information can prevent it to achieve the problem goals. One
of the first planners that included sensing actions was CNLP [82]. This system
allowed to represent uncertain information in planning time with the predicate
function unknown. And sensing actions were used to know if some literal is true
or false during execution time. Figure 2.9 shows an example of a sensing action
for the CNLP planner. In this action effect]l and effect2 are mutually exclusive
and cover all the possible outcomes for the observation.

(:observation test-robot-handempty
pre: (unknown (handempty))
effectsl: (handempty)
effects2: (not (handempty)))

Figure 2.9: Sensing Action to check in the Blocksworld whether the robot hand is
empty or not.

22



The Planners

e CONTINGENT-FF [48] extends the FF PLANNER with the ability to treat
initial state uncertainty expressed in the form of a CNF formula. The output
of Contingent-FF are tree-shaped plans with branches.

e SGP [99] is an extension of GRAPHPLAN to handle sensing actions.

e CASSANDRA [84] is a partial-order, contingency, domain-independent prob-
lem solver architecture based on the Deterministic Planner UCPOP.

2.3.3 Conformant Planning

Conformant planning is the task of finding a safe plan in a non observable envi-
ronment. Conformant planners have to find a sequence of actions able to achieve
a goal state for all possible contingencies without any sensing during the plan
execution. Figure 2.10 shows an example of a conformant planning problem con-
sisting of a robot navigation in a grid. In this example the robot has to reach the
cell D2 starting from the cell A5 and avoiding the obstacles. In this case, as the
robot is not able to perceive the contents of the cells C2,C3 and E3 it has to avoid
them to generate a conformant solution.

1 2 3 4

Figure 2.10: Example of a conformant planning problem.
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The Conceptual Model

As actions are deterministic and no observation is possible conformant planning
problems can be modelled with the same state-transition system used in deter-
ministic planning problems (Figure 2.2). According to this conceptual model, a
conformant planning problem is defined as a triple P = (3, I, G) where [ C S'is
not a state —as in deterministic planning— but a set of possible initial states called
belief state and G C S is the set of goal states. Finding a solution to a conformant
planning problem P consists of generating a sequence of actions (a1, as, ..., a,)
corresponding to a sequence of state transitions (S, $1, ..., S, ) such that s; results
from executing the action a; in the state s;_; and s,, € G is a goal state for all the
possible sy € I.

The Representation Language

Conformant planning problems are described using a standard deterministic plan-
ning representation language but specifying the set of possible initial states of the
problems as a disjunction of literals. In IPC5 the conformant planning competi-
tion took place for the first time and PDDL was used as the common representation
language. Figure 2.11 shows a conformant problem from the Blocksworld domain
of the IPCS.

The Algorithms

There are three main approaches to tackle the conformant planning problem:

e Via Model Checking Planning. This approach relies on the symbolic repre-
sentation Binary Decision Diagrams (BDD’s).

e Extending heuristic planning techniques to search in the belief space.
e Compiling the conformant planning problems into other kinds of problems
such as SAT or deterministic planning problems.
The Planners

This is a enumeration of the conformant planners that participated in the non-
deterministic track of the IPC.

e BURIDAN [62] takes as input a probability distribution over states and pro-
duces a plans such that the probability to reach the goals after the plan exe-
cution is no less than a given threshold.
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(define (problem p01l)
(:domain conformant-blocks)
(:objects A B - block)

(:init
(and (oneof (handempty) (holding A) (holding B))

(oneof (holding A) (clear A) (on B A))
(oneof (holding A) (ontable A) (on A B))
(oneof (holding B) (clear B) (on A B))
(oneof (holding B) (ontable B) (on B A))
(or (not (handempty)) (not (holding A)))
(or (not (handempty)) (not (holding B)))
(or (not (holding A)) (not (holding B)))
(or (not (holding A)) (not (clear A)))
(or (not (holding A)) (not (on B A)))
(or (not (clear A)) (not (on B A)))

(or (not (holding A)) (not (ontable A)))
(or (not (holding A)) (not (on A B)))
(or (not (ontable A)) (not (on A B)))
(or (not (holding B)) (not (clear B)))
(or (not (holding B)) (not (on A B)))
(or (not (clear B)) (not (on A B)))

(or (not (holding B)) (not (clear B)))
(or (not (holding B)) (not (on A B)))
(or (not (clear B)) (not (on A B)))

(or (not (on A B)) (not (on B A)))))

:goal (and (ontable A) (on B A))))

Figure 2.11: Definition of a Conformant planning problem from the Blocksworld
domain of the IPCS5.

CONFORMANT-GRAPHPLAN (CGP) [94]. It develops separate plan graphs
for each different possible state of the environment.

CMBP [25] is based on the planning via model checking paradigm, relies
on symbolic techniques such as Binary Decision Diagrams to compactly
represent and efficiently analyse a planning domain.

CONFORMANT-FF [17] performs a forward heuristic search in belief space
guided by an extension of the FF’s heuristic to the conformant setting using
SAT-based techniques to reason about uncertainty.

POND [19]. Performs a forward search in the space of belief states, guided
by a relaxed plan heuristic. It estimates the conformant plan distance be-
tween the belief state(s) at the end of its current plan prefix and a goal belief
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state. The distance between belief states is taken as an aggregate measure
of the underlying distances between states in the belief states.

e CF2cs [78]. The winner of the IPC5 conformant planning track. This
planner maps conformant planning problems into deterministic problems
which are then solved by the off-the-shelf classical planner FF.

2.3.4 Probabilistic-Contingent Planning

Probabilistic-contingent planning is the task of generating a contingent plan in
environments where actions can take the system to different possible states deter-
mined by a probability distribution.

The Conceptual Model

The conceptual model for probabilistic-contingent planning problems is a partially
observable stochastic system. It is modelled as a non deterministic state transition
system that can be represented as a tuple 3° = (S, A, P, O, C'), where:

e S'is a finite set of states.
e A is a finite set of actions.

e P,(s;]s), is the probability that action a € A executed in state s € S, leads
to state an s; € S. So, for each s € S, if there exists a € A and s; € S such
that P,(s;]s) # 0, it is true that }°; P,(s;|s) = 1.

e O is a finite set of observations with probabilities P,(o|s), for any a € A,
s € Sand o € O. P,(o|s) represents the probability of observing o in
the state s after executing action a. It is required that the probabilities are
defined for each state s € S and action @ € A and that, given a state s
and an action a, >_,co P,(0o|s) = 1. There is no other way to obtain any
information about the state than through observation.

e ('(s,a) represents the cost of applying the action a € A in the state s € S.

Instead of handling the exact state of the dynamic system, the probabilistic-contingent
planners handle a probability distribution over states called belief state. Given a
belief state b, b(s) is the probability assigned to the state s € S by the belief state
b. Considering b, as the new belief state resulting from the execution of an ac-
tion a € A, the probability b,(s) can be computed as the sum of the probability
distribution determined by b weighted by the probability that action a leads from

s € Stos:
ba(s) = D Pa(s|s")b(s)

s'eS
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The Representation Language

Probabilistic-contingent planning needs a representation language that is able to
describe probabilistic actions and the acquisition of information about the current
state at execution time. This can be represented with a probabilistic planning
domain description language —like PPDDL- extended with sensing actions.

The Algorithms

A probabilistic-contingent planning problem can be seen as solving Partially Ob-
servable MDP’s (POMDP’s). POMDP’s theoretically could be solved extend-
ing the algorithms for MDP’s over belief states. But computationally, this is in-
tractable because the resulting space of belief states is infinite and continuous.
Currently, there are methods developed that approximate solutions for POMDP’s,
but most POMDP’s are computationally intractable to solve exactly for optimal
behaviour.

2.3.5 Probabilistic-Conformant Planning

Probabilistic-conformant planning is the task of generating safe plans in non-
observable environments where actions can bring the system to different possible
states determined by a probability distribution and no sensing can be done during
plan execution.

The Conceptual Model

The Conceptual Model for the Probabilistic Conformant Planning is a non-observable

and non-deterministic state-transition system, i.e., a stochastic system where no
information about the world state can be obtained.

The Representation Language

Probabilistic-Conformant planning problems can be described in PPDDL speci-
fying the initial state through a disjunction of literals.

The Planners

e PROBAPOP [77] is based on generating base plans with the deterministic
partial-order planner VHPOP and then refine the plans in the search queue
until finding a solution plan that meets or exceeds the probability threshold.
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e COMPLAN [50] performs depth-first branch-and-bound search in the plan
space. For each potential search node, an upper bound is computed on the
success probability of the best plans under the node, and the node is pruned
if this upper bound is not greater than the success probability of the best
plan already found. A major source of efficiency for this algorithm is the
efficient computation of these upper bounds, which is possible by encoding
the original planning problem as a propositional formula and compiling the
formula into deterministic decomposable negation normal form.

2.4 Learning to Improve Automated Planning

Before the mid *90s domain independent planners could only synthesize no more
than 10 actions plans in an acceptable time. Along those years there was a massive
dependence on speed-up techniques to solve planning problems and the definition
of search control through ML became a very popular solution to accelerate plan-
ning processes.

In the late 90’s a significant scale-up in planning happened: the appearance
of powerful reachability heuristics based on solving a relaxed task in each single
search state using a Graphplan [9] made domain independent planners synthesize
100 actions plans just in seconds. As a direct consequence, the planning commu-
nity decreased its interest in the ML techniques.

In the last decade we are living a renewed interest in applying ML to assist the
planning processes. This renewed interest is mainly because of three factors: first,
the results of the IPC3 showed that knowledge-based planners outperform signif-
icantly domain-independent planners. The development of techniques that auto-
matically define the kind of knowledge that humans put in these planners would
bring great advances in the field. Second, there is a current need for automatic
tools that assist in the definition, validation and maintenance of planning domain
models. Along the last years planning applications have been implemented suc-
cessfully but the process of specifying their domain models is still done by hand.
And third, domain-independent planners are still not able to cope with complex
problems. Currently they are solved by defining ad hoc planning strategies by
hand. ML can be used to automatically learn these strategies.

Mitchell’s ML textbook [70] points out the questions that have to be raised
when applying ML to improve the performance of any automatic processes:

1. The choice of the target concept. The target concept will exactly determine
the type of knowledge that the ML process will learn. When talking in terms
of planning this knowledge can be: search control knowledge, domain-
specific planners, planning domain models, . ..
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2. The representation for the acquired knowledge. The representation for the
acquired knowledge —heuristics, policies, actions’ schema, ...— have to
harmonise with the used planning technique: forward or backwards chain-
ing, state-space or plan-space, heuristic or non-informed search, . ..

3. The extraction of the experience. When planning there are three different
opportunities where learning processes can take place: before the planning
starts, during the planning process or after the planning process, i.e., during
the plans’ executions.

4. The choice of the learning approach:

e Inductive Learning. These learning techniques induce general theo-
ries based on observations. In this approach, the input to the learning
process is a set of observed instances and the output is a classification
method consistent with them used to classify the subsequent instances.
Inductive Learning can be broken into Supervised, Unsupervised and
Reinforcement Learning. In Supervised Learning inputs and correct
outputs are ’a priori’ known. In Unsupervised Learning just the in-
puts are specified. And in Reinforcement Learning the inputs and a
long-term feedback signal from a external source are given.

e Analytical Learning. These techniques use prior knowledge and de-
ductive reasoning to explain the information provided by the train-
ing examples. Because of that, analytical techniques are not so con-
strained to the requirement of training examples to achieve a good
level of generalization accuracy.

e Inductive-Analytical Learning. Purely inductive learning methods
formulate general hypotheses by finding empirical regularities over
the training examples. Purely analytical methods use prior knowledge
to derive general hypothesis deductively. This learning approach com-
bines the two methods to obtain the benefits of both: a better gener-
alization accuracy when prior knowledge is available and reliance on
observed training data to overcome shortcomings of prior knowledge.

S. The Learning Environment. Different learning methods are used according
to the features of the environment. For example, learning to assist planning
in continuous environments involves using regression methods; learning in
partially observable environments means using learning methods able to
cope with incomplete examples, learning in stochastic environments im-
plies coping with noise, . ..
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Figure 2.12: Integration of learning search control, learning planning models and
policy learning with the planning process.

The following sections are a description of the main ML techniques used to as-
sist AP processes classified according to their learning target concept: (1) search
control learning, (2) planning model learning and (3) learning domain-specific
planners. Figure 2.12 illustrates how these learning processes are integrated with
AP.

2.4.1 Learning Search Control Knowledge

This section revises the different systems that automatically learn search control
knowledge to improve the speed and/or the quality of the planning processes. The
speed-up techniques are based on making the planner avoid unpromising portions
of the search space without exploring it and the quality improvement methods are
based on biasing the search process towards the kind of solutions preferred by the
user.

Learning Macro-Actions

Macro-actions are the first attempt to speed-up the planning process. They are
extra actions added to a given domain theory resulting from combining the actions
that are frequently used together.

The use of macro-actions reduces the depth of the search tree. More precisely,
learning macro-actions is quite useful in domains with problems that can be de-
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composable in non serializable goals. But the benefits of using macro-actions
decreases with the number of new macro-actions as they enlarge the branching
factor of the search tree causing the utility problem. To decrease this negative
effect filters deciding the applicability of the macro-actions should be defined.

Since the beginning of AP the use of macro-actions has been widely explored.
Traditionally most of the techniques use an off-line approach to generate and filter
macro-actions before using them in search. Early works on macro-actions began
with a version of the STRIPS planner [34]. It used previous solution plans and seg-
ments of the plans as macro-actions to solve subsequent problems. Later, MOR-
RIS [59] extended this approach by adding some filtering heuristics to prune the
generated set of macro-actions. This approach distinguished between two types
of macro-actions: S-macros that occur frequently during search and T-macros,
those that occur less often, but model some weakness in the heuristic. Minton
observed that the T-macros, although used less frequently, offered a greater im-
provement in search performance. The REFLECT system [29] took the alternative
approach of forming macro-actions based on pre-processing of the domain. All
sound pairwise combinations of actions were considered as macro-actions and fil-
tered through some basic pruning rules. Due to the small size of the domains
with which the planner was reasoning, the number of macro-actions remaining
following this process was sufficiently small to use in planning.

More recent works on macro-actions include Macro-FF [15]. In this work
Macro-actions are extracted in two ways: from solution plans; and by the identi-
fication of statically connected abstract components. Besides, an off-line filtering
technique is used to prune the list of macro-actions. [74] uses a genetic algorithm
to generate a collection of macro-actions, and then filters this collection through
an off-line filtering technique similar to that used by Macro-FF. Marvin [28] is
a heuristic planner that competed in IPC4 using action-sequence-memoisation
techniques to generate macro-actions on-line that allow the planner escape from
plateaus without any exploration.

Learning Control Rules

A control rule is an ITF-THEN rule to guide the exploration of the planning search
tree. Control rules guide the exploration in two different ways: pruning portions
of the search space or ordering the nodes exploration.

On one hand there are systems that inductively learn control rules. Among
these systems Inductive Learning Programming (ILP) is the most popular learn-
ing technique. The GRASSHOPPER system [64] used the FOIL [85] ILP system to
learn control rules that guide the PRODIGY planner when selecting goals, oper-
ators and binding operators. GRASSHOPPER used as learning examples previous
decisions in search traces from solving similar planning problems. Purely induc-
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tive systems need a big number of learning examples to acquire efficient control
knowledge. Besides, the quality of the acquired knowledge completely depends
on the learning examples. When the learning examples are not significant enough
the induced control rules will mislead the search process of the planner.

On the other hand there are analytical systems. STATIC [32] that obtains con-
trol rules without any training example just using Explanation Based Learning
(EBL) to analyse the relations between actions’ preconditions and effects. The
main disadvantage of these methods is that, as there are no training examples,
there is no measure of the learned knowledge utility.

To solve the problems of the purely inductive and purely analytical approaches
some researchers have tried to combine them: the pioneering systems based on
this principle are LEX-2 [69] and META-LEX [55]. AXA-EBL [27] combined
EBL + induction. It first learns control rules with EBG and then refines them
with training examples. DOLPHIN was an extension of AXA-EBL which used
FoiL [103] as the inductive learning module. The HAMLET [14] system com-
bines deduction and induction in a incremental way. First it learns control rules
with EBL, that usually are too specific and then uses induction to generalize and
correct the rules. EVOCK [2] applies the genetic programming paradigm to solve
the learning problems caused by the hypothesis representation language.

Learning Cases

Cases are past experiences which are memorized in order to assist in the solu-
tion of future problems. In general terms, a case can be described as the tuple
C=(Problem, Solution, Effects) where problem is the problem solved in a past
episode, solution is a description of the way the problem was solved and effects
is a description of the new situation resulting from applying the solution to the
problem.

By developing the first case-based planner (CHEF), Hammond helped to de-
fine the case-based approach to problem solving and to explanation [47]. Given
a set of goals and a current situation, the first task for CHEF was to find an old
plan that solved a past problem that is similar to the current problem. The next
tasks were to adapt the old solution to fit the new circumstances and to store the
new solution so that it can be reused in the future. However in addition to old
plans, Hammond illustrated the use of memory for plan adaptation, plan repair,
and failure anticipation. PRODIGY/ANALOGY [97] introduced the application
of derivational analogy and abstraction to planning. This system stored planning
traces to avoid failure paths in future exploration of the search tree. To retrieve
similar cases, PRODIGY/ANALOGY indexed them using the minimum precon-
ditions to reach a set of goals. The cased-based planning system PARIS [7] pro-
posed the introduction of abstraction techniques to store the cases organised in a
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hierarchical memory. This technique improves the flexibility of the cases adapta-
tion, thus increasing the coverage of a single case. Nowadays case based systems
try to apply CBR techniques to assist the search process of the state-of-the-art
planners. According to this idea, the SAYPHI planner [30] uses CBR to reduce
the number of explored nodes in the FF planner.

Learning Heuristic Functions

Most of the state-of-the-art planners are based on heuristic search over the state-
space (12 over the 20 IPC5 participants). The performance of these planners de-
pend strongly on defining a domain-independent heuristic function that provides
good guidance across the wide range of different domains. But as Jorg Hoffman
shows in [49] there are several domains where these heuristic functions underes-
timate the distance to the goal leading to poor guidance.

In [101] SungWook Yoon et al. proposed using an inductive approach to cor-
rect the domain-independent heuristic in those domains based on learning a sup-
plement to the heuristic from observations of solved problems in these domains.

Learning Hierarchical Control Knowledge

The input to a hierarchical planner includes a set of operators similar to the ones
used in classical planning and a set of methods describing how tasks should be
decomposed into subtasks in this particular domain. The specification of the hier-
archical methods by hand is a hard task as expert knowledge is needed. Learning
how to automatically define them is still an open issue.

The first system to automate the construction of abstraction hierarchies for
planning was ABSTRIPS [88]. In ABSTRIPS, the abstraction spaces are con-
structed by assigning number indicating the relative difficulty of achievement of
the preconditions of each operators (criticalities). First ABSTRIPS finds an ab-
stract plan that satisfies only the preconditions with the highest criticalities. Then
the abstract plan is refined by considering the preconditions of the next levels of
criticality and inserting steps to the plan to satisfy these preconditions until the
plan considers the lowest criticality level.

The ALPINE system [58] completely automates the generation of abstraction
hierarchies from the definition of a problem space. Each abstraction space in a
hierarchy is formed by dropping literals from the original problem space, thus it
abstracts the preconditions and effects of operators as well as the states and goals
of a problem.

The HICAP [71] architecture integrates a CBR system NACODAE [18] with
the hierarchical planner SHOP. NACODAE interacts with users to extract a stored
similar case that allows to solve the current problem. The system CASEADVISOR
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[23] stores plans to get information about how to solve a task instead of choosing
the refinement method. The CAMEL system [52] learns the expansion methods
for an HTN planner in military domains.

2.4.2 Learning Domain-Specific Planners

An alternative approach to learning planning search control consists of learning
domain-specific planners, i.e., programs that generate output plans to solve prob-
lems in a particular domain. This section reviews the diverse techniques to auto-
matically learn to solve planning problems of a particular domain given a number
of solved instances.

Learning General Policies with Decision Lists

A policy is a mapping between the world states and the preferred action to be ex-
ecuted in order to achieve a given set of goals. The problem of learning general
policies was first studied by Roni Khardon. Khardon’s approach, L2AcCT [57],
induced policies using a variation from the decision list learning algorithm [87].
This first approach had two main weaknesses: (1) it relied on background knowl-
edge that expressed key features of the domain, and (2) the resulting policies do
not generalize well. Hector Geffner in [67] proposes to solve the weaknesses
of the Khardon’s approach representing the general policies in a different way,
specifically in a concept language [42]. Concept languages have the expressive
power of fragments of standard first-order logic but with a syntax that is suited for
representing and reasoning with classes of objects.

Learning General Policies with Relational Decision Trees

Inducing decision trees is a very popular ML technique for classification. In a
decision tree the leaves nodes contain the classification values and the internal
nodes contain tests to divide the examples according to values of their attributes.
To make a classification with a decision tree one starts in the root of the tree and
applies the root’s test to the example. Then one takes the branch that corresponds
to the outcome of the test in the example and propagates the example to the corre-
sponding subtree. If the resulting subtree is a leaf node, one gets the classification
value; otherwise one applies the procedure recursively on the example and the
subtree. Unlike traditional decision trees, relational decision trees work with ex-
amples described in a relational language such as logic predicates. This means
that each example is not described by a single feature vector but by a set of facts.
This way, in relational decision trees test nodes do not contain tests about values
of examples’ attributes but queries about the facts holding in the examples.
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Planning the navigation of a mobile robot is a complex problem as environ-
ments are usually not totally observable and the information obtained through
sensor is frequently noisy. [91] and [26] propose the use of relational decision
trees to learn which action should be executed according to the observed current
state.

Learning General Policies with Genetic Programming

The conventional Genetic Algorithms [13] used evolution-inspired techniques to
manipulate and produce fixed-length chromosome strings that encoded solutions
to problems. Genetic programming (GP) is an automatic programming technique
developed by Koza [60] that extended the GA techniques to automatically manip-
ulate and produce computer programs. Lee Spector applied in [95] GP to learn
policies to solve planning problems in the blocksworld domain.

Learning General Policies with Reinforcement Learning

Reinforcement Learning (RL) include a set of learning techniques to compute
the optimal policy to reach a given goal by exploring the space state though trial
and error. In RL each learning experience consists of the action executed and
the reward received. The optimization methods used to obtain the best policy are
dynamic programming by Bellman and the control theory developed in the mid
50’s [4, 5, 61]. The major important benefit of these techniques is that can be
used to solve problems whether the actions model is known or not. In these cases
RL can follow two approaches: (1) Model-Based methods that try first to learn
the model of the environment and then apply dynamic programming methods to
obtain the optimal policy or (2) Model-Free Methods apply directly RL to obtain
the optimal policies.

Most work on RL has focused on propositional representations for the state
and the actions, so RL was not applicable to domains with a relational structure
-as the planning domains— without extensive feature engineering. Recently there
have been a few successful attempts to generalize RL to the relational setting [31,
56]. These attempts are based on combining RL with the new relational learning
techniques such as relational decision trees. Due to the use of a more expressive
representation language to describe states, actions and utility functions, RRL can
be potentially applied to planning tasks. But the problem of both RL and RRL
is that acquired policies, as the do not explicitly include knowledge about the
problem goals, do not generalise well the acquired knowledge, so every time a
new goal has to be achieved, new policies have to be learnt again, even if the
dynamics of the environment did not change.
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2.4.3 Learning Domain Models

This section reviews the planning systems that use ML techniques to automatically
acquire knowledge about domain models.

Domain Analysis

Domain Analysis include the ML techniques that acquire knowledge to improve
the speed and the quality of the planning process by analysing the description of
the problem before any planning has been done.

Huffman, Pearson and Laird in [51] proposed a system to detect errors in plan-
ning domain descriptions searching for too general or too specific preconditions,
incomplete effects or missing operators. The RIFO [73] system automatically de-
tected irrelevant information to state based planners. Literals were considered
irrelevant if they are not necessary to be true or false to obtain the solution plan.
TIM [37] extracted automatically the objects types according to their function-
ality. This information is useful to find symmetries in typed objects. SYMMET-
RICSTAN [38] took advantage of this to save planning time for the GRAPHPLAN
planner. This way if GRAPHPLAN chooses an action that results in a failure path
SYMMETRICSTAN prevents GRAPHPLAN from choosing its symmetric actions.

Learning Actions’ Schema

These techniques learn the parameters, preconditions and/or the effects of plan-
ning actions from past episodes of actions executions. Learning action’s schema
is a classic problem in Al so there are numerous approaches that have addressed
it. We revise the major ones according to two different dimensions: determinism
and observability.

o In deterministic and totally observable environments this problem has been
well studied. The LIVE system [92] learns operators with quantified vari-
ables while exploring the world. The EXPO system [45] refines incomplete
planning operators when the monitoring of a plan execution detects a diver-
gence between internal expectations and external observations. [98] learns
PRODIGY operators from the execution traces of the resulting solutions or
execution failures. The TRAIL system [6] limits its operators to an extended
version of Horn clauses so that ILP can be applied. The LOPE system [41]
proposed an integrated framework for learning, planning and executing ac-
tions.

e In stochastic and totally observable environments. Probabilistic world dy-
namics are commonly represented using graphical models, such as Bayesian
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networks (BNs) [40]. However, these representations do not make any as-
sumptions tailored towards representing planning actions dynamics. In [79]
Leslie Kaelbling et al. presented the first specific algorithm to learn proba-
bilistic planning operators.

e In partially observable environments there has been less work. The ARMS
system [100] learns planning actions through encoding example plan traces
as a weighted maximum satisfiability problem, from which a candidate
STRIPS action model is extracted. A data-mining style algorithm is used
in order to examine only a subset of the data given to the learner, so the
approach is approximate by nature. Hidden Markov Models can be used
to estimate a stochastic transition model from observations. However, the
more complex nature of the problem prevents scaling up to large domains.
These approaches represent the state transition matrix explicitly, and can
only handle relatively small state spaces. In [3] Eyal Amir introduced an
algorithm to exactly learn actions in partially observable STRIPS domains.
But there is no general efficient approach yet to cope with the problem of
partial observability in stochastic environments.

2.5 Discussion

The review of the existing deterministic planning techniques reveals there are still
two important open issues to be addressed:

¢ Domain independent planners are not currently able to address realis-
tic problems. Most planning systems require expert knowledge that help
them face realistic planning problems, i.e. control rules to handle user pref-
erences, restriction, quality metrics, .... However, in many of these prob-
lems, such expert knowledge may not be completely available; this is partly
because it is very hard to compile such knowledge, and it is partly because
there is no expert to provide it, e.g., in the space missions.

¢ Planning domain models are hard to design, validate and maintain.
The process of encoding a planning domain model is laborious. Diverse
bugs can be in models for a long time. At the present, most of the domain
model designers use only planners to develop and debug domain models,
but planners are not designed for this purpose. The International Compe-
tition on Knowledge Engineering for Planning and Scheduling (ICKEPS)
takes place for the second time in September of 2007 to motivate devel-
opments of specific automated tools to assist in designing, validating and
maintaining planning domains.
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Besides that, in the subfield of PUU there are some more challenges that have
to faced:

e Probabilistic planners only obtain robust plans when they have an accu-
rate description of the environment. But designing, validating and main-
taining non-deterministic planning domain models is very hard. Even in
simple planning domains like the blocksworld, when actions have stochas-
tic behaviour they may result in innumerable different outcomes. Specifying
by hand all of them and their probabilities is intractable, and if at a given
instant it is viable, they could vary over time.

e Current probabilistic planners do not find robust plans on a wide set
of benchmarks. The existing optimal approaches based on solving MDP’s
are only able to solve toy problems and the suboptimal ones based on reach-
ability analysis or relational representation of the MDP’s do not scale well.

Providing planners with learning abilities promises to be a successful approach
to face some of these problems, but at the moment deeper studies have to be done:

e The current learning-based planners are not competitive with state-
of-the-art non-learning planners. Most of the learning-based planners,
except recent approaches based on learning macro-actions and heuristics
[15, 101, 28] are not competitive with the state-of-the-art domain indepen-
dent planners with respect to performance on a wide set of benchmarks.
One of the main reasons is that frequently, the learning-based planners are
not evaluated very well in most studies, typically the evaluation is only fo-
cusing on a very small number of domains. So this planners are usually
quite brittle when encountering new domains.

e The model learning task has not been solved in stochastic environments.
There is a lot of research work done in learning actions models from ob-
servations in deterministic environments. But when the environment is
stochastic, there are just few works that only can learn simple probabilis-
tic actions model with no conditional effects [79].
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Chapter 3

Objectives

This chapter is a description of the objectives established for this Thesis.

The main aim of the thesis is providing an answer to the main open issues in
PUU based on complementing the planning process with learning abilities. Ac-
cording to this, the overall objective of the Thesis is the development of ML
mechanisms to efficiently assist AP to build robust plans in environments with
uncertainty even though the domain model is not complete.

Probabilistic planners only obtain robust plans when they have an accurate and
complete description of the environment. But recent planning applications like
controlling underwater autonomous vehicles’ (UAV’s), planetary rovers or space-
crafts have to address non-deterministic planning problems in domains whose dy-
namics are not accessible. At the moment, the model learning in environments
with uncertainty is very poorly-studied and there are just few works that only learn
simple probabilistic planning actions model with no conditional effects [79, 104].
The first objective is to propose machine learning mechanisms to capture the
performance of actions in environments with uncertainty. This ML mech-
anisms have to induce features to model the performance of the actions in the
environment from observations of the actions executions.

Most of the existing learning-based planners are not competitive with the state-
of-the-art planners across a wide range of different domains. The second objec-
tive is to propose a new PUU paradigm based on the integration of planning
and execution with learning mechanisms competitive with the state-of-the-
art probabilistic planners. The new PUU have to be based on efficient planning
and learning techniques that guarantee good results in terms of quality and time
in the standard test benches.

The existing test benches for PUU systems assume the worlds dynamics are
static, i.e., the actions’ performance does not change. This is a too restrictive as-
sumption for many real problems where the world dynamics change over time.
The third objective is the definition of test benches to evaluate the perfor-
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mance of PUU systems in dynamic environments.

The planning techniques proposed to tackle realistic planning problems are
frequently only used in simulators. The fourth objective is the development of
a software to address real planning task in environments with uncertainty.
Our aim is to have a software able to solve planning problems for at least these
two real applications:

e Synthesizing taylor-made work plans for university students in order to en-
sure their incremental and consistent learning of a given subject. The Span-
ish MEC project ADAPTAPLAN ! is developing an intelligent architecture
to assist teachers and student in the new tasks of the European Higher Ed-
ucation Space. The developed PUU software has to serve plans for this
architecture considering the workload of the different tasks and the students
profile. Besides, the PUU software have to monitor the execution of the
plans and propose new ones in case the students are not making the pre-
dicted progresses or in case they are exceeding the expectations.

e Controlling the navigation of the mobile robot Pioneer P3-DX (Figure 3.1).
Navigation is one of the fundamental tasks for a mobile robot. The major-
ity of the existing robot navigation techniques already yield highly efficient
solutions but as they do not manage relational knowledge they typically do
not transfer to other similar tasks. A relational abstraction of the naviga-
tion plans has several interesting and important properties: It would allow
the robot to generalize its navigation plans, and moreover, relational plans
are understandable by humans that can easily validate them by hand. The
developed PUU software have to propose relational navigation plans, and
monitor its executions proposing new plans in case the robot reaches unex-
pected situations.

©lg .{Qpﬁ’ \

Figure 3.1: The Pioneer P3-DX mobile robot in a corridor of the University Carlos
IIT de Madrid.

'http://adenu.ia.uned.es/adaptaplan/
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Chapter 4
Methodology

The International Planning Competition provides researchers with a framework
to evaluate the new developed planning systems. This framework consist of a
standard representation language (PDDL for deterministic planners and PPDDL
for non-deterministic planners), test benches, problem generators and metrics to
compare the planners’ performance. In this chapter I propose an evaluation of the
achievement of the this Thesis objectives based on the resources provided by this
competition:

4.1 The International Planning Competition

The IPC is a biennial event, hosted at the International Conference on Automated
Planning and Scheduling (ICAPS)! series. It was in 1998 when Drew McDer-
mott leaded a committee to create a common specification language for auto-
mated planners called PDDL and a collection of benchmarks to evaluate the dif-
ferent existing planning paradigms. In this first competition, IPC1, participated
deterministic planners from seven different universities. In 2000, Fahiem Bacchus
continued the work; this time the IPC2 attracted 15 different planners. In 2002,
the IPC3 competition was organised by Derek Long and Maria Fox and it fo-
cused on planning in temporal and metric domains posing a number of important
new challenges for planning. In 2004 IPC4 was organised by Stefan Edelkamp
and Jorg Hoffmann, and the event was extended and revised in several respects.
In particular, for the first time, the overall competition was split into a classical
part —a continuation of the previous events— and a non-deterministic part. The
non-deterministic part, co-organized by Michael Littman and Hakan Younes pre-
tended to evaluate the performance of the existing probabilistic planning systems.

'http://icaps-conference.org/
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The main contribution of this event was the introduction of a common represen-
tation language for probabilistic planners (PPDDL), and the establishment of the
first standard benchmarks. In 2006 the IPCS competition went on with this two
tracks format, in this case the organizers of the non-deterministic track, Blai Bonet
and Bob Givan, created a specific competition for conformant planners.

4.2 Evaluation

The achievement of the Thesis objectives will be tested in a four steps evaluation:

1. Test the performance of the proposed ML mechanisms (Objective 1).
To evaluate the efficiency of the developed learning techniques I will com-
pute the Mean Quadratic Error (MQE) between the domain model estimated
through ML and the true domain model, the one of the simulator. Start-
ing from a simple deterministic domain model, which is only consisting of
STRIPS actions, a probabilistic action model is estimated using the the ob-
servations of actions’ executions after trying to solve 5 random probabilis-
tic. The execution of actions is simulated with the software provided by the
probabilistic track of the IPC. This simulator allows to emulate stochastic
worlds where actions may have diverse outcomes. The current state of the
simulator can be totally observed at any time, and it is updated only when
a new action is executed. Figure 4.1 shows an overview of the architecture
proposed to test the performance of the learning mechanisms.
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Figure 4.1: Architecture proposed to test a PUU planner in a static environment.

-

In order to compute the MQE of the estimate domain model I will maintain a
set of pairs (state, action) obtained after solving problems randomly-
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generated with the IPC problem-generators. I will take each pair and com-
pare the estimation of the probabilities of the actions’ outcomes using the
estimated domain model and the true domain model. I will do this for all
the domains od the probabilistic track of IPC4 and IPCS.

2. Comparison between the proposed PUU paradigm and the state-of-the-
art PUU planners (Objective 2). 1 will evaluate the performance the new
PUU paradigm solving the IPC4 and IPCS test benches under similar con-
ditions. In the probabilistic tracks of the IPC, each planner attempts to solve
30 times every problem and its performance is measured according to the
average values of three dimensions:

e The number of times the planner has solved the given problem.
e The time the planner has spent solving the given problem.

e The number of actions the planner has needed to solve the given prob-
lem.

Unlike the IPC participant probabilistic planners, our PUU paradigm will
only have available a deterministic domain description consisting of STRIPS
actions because it does not need to a priori have a probabilistic action model
to solve stochastic planning problems.
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Figure 4.2: Architecture proposed to test the PUU planner in a dynamic environ-
ment.

3. Test the performance of the proposed PUU paradigm in dynamic envi-
ronments (Objective 3). 1 will evaluate the performance of the new PUU
paradigm in problems where the probabilities of the actions outcomes vary
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over time. | will define dynamics environments by randomly changing the
probabilities of the actions outcomes of the domain theory in the simulator
after a fixed number of problem solving attempts. Figure 4.2 shows an
overview of the architecture proposed to test a PUU planner in a dynamic
environment.

4. Test the performance of the proposed PUU paradigm when addressing
real planning tasks (Objective 4). Figure 4.3 shows an overview of the
architecture proposed to test the PUU planner in real applications. I will
evaluate this architecture when addressing the planning tasks of two real
applications:

e An intelligent architecture to assist teachers and students in the new
tasks posed in the European Higher Education Space.

e Controlling the navigation of the mobile robot Pioneer P3-DX.

Designer

Al

Deterministic
Domain

Updated Planning Plan
Domain
em Action Real World

Domain Probl

e L
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‘ Observations ’

Figure 4.3: Architecture proposed to test the PUU planner in a real application.

Problem

4.3 Work Plan

The following programme is set up with the aim of guiding the work towards the
achievement of the Thesis objectives. The steps 1-6 of the program are already
finished. Figure 4.4 shows the schedule for the fulfilling of steps 7, 8 and 9.
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May | June | July | August | Sep | Oct | Nov | Dec
Task | 7 7 8 - 8 - - | defence

Figure 4.4: Schedule for fulfilling steps 7,8 and 9 of the Thesis program.

. Exhaustive review of the existing literature in the PUU subfield. A deep
study about the advantages and limitations of the existing paradigms and
how they can be improved.

. Exhaustive review of the current literature in ML assisted planning. An
analysis of how these techniques are applied in deterministic planning and
how they can be applied to the PUU paradigms.

. Exhaustive review of the current literature about learning actions’ model.
This include learning action models in deterministic and stochastic domains
with full and partial observability.

. Development and evaluation of diverse ML techniques to learn knowledge
about the performance of stochastic actions.

. Implementation of an architecture that integrates planning, execution and
the new developed learning mechanisms.

. Comparison of the performance of the architecture with the state-of-the-art
non-deterministic planners test benches from the IPC4 and IPCS5.

. Definition of a test bench that allows the evaluation of the performance
of non-deterministic planners in dynamic and stochastic environments and
test of the performance of the architecture in this new test bench for non-
deterministic planners.

. Test of the performance of the architecture in two real planning applications:
in the frame of the ADAPTAPLAN project and in the frame of a robotic
navigation controlling.
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