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“Let us dedicate ourselves to what

the Greeks wrote so many years ago:

to tame the savageness of man and

make gentle the life of this world.”

- Robert F. Kennedy (Indianapolis USA 1968)



ABSTRACT

This thesis proposes a novel approach to rapid online task and high-level action plan-

ning, called Hierarchical Conformance Refinement (HCR), which focuses on robotics applica-

tions. HCR planning is domain-independent, geared towards problems with many complex

interacting constraints, and designed to minimise downtime and maximise productivity of

robots. HCR is built in Answer Set Programming (ASP), a declarative knowledge representa-

tion and reasoning paradigm. ASP is highly effective for solving complex planning problems

involving large amounts of descriptive domain knowledge. However, existing ASP planners

perform poorly for problems with long minimal plan lengths. HCR tackles this weakness, by

combining ASP with a novel mechanism for hierarchical refinement planning, and finds in

the union of their complementary capabilities, the overcoming of their weaknesses and rein-

forcement of their strengths. The resulting technique enables a flexible divide-and-conquer

method that exponentially reduces problem complexity and naturally supports online plan-

ning. This greatly improves speed and scalability to large problems with long plan lengths,

whilst maintaining the high expressivity and generality of existing ASP planners.

Simulated experiments ran on a combined blocks world and navigation domain show

that HCR planning significantly outperforms the classical approach to ASP based planning

by exponentially reducing execution latency and total planning times in the minimum plan

length of a problem. HCR planning reduced median execution latency by between 81 to 99%

and total planning time by between 42 to 98%, over classical ASP based planning, for only

between 0 to 11% reduction in plan quality, from the easiest to hardest problems tested.

For the most complex problem tested, a robot equipped with the HCR algorithm can reduce

total planning time from 607.0 to 14.1 seconds, and execution latency to less than 7 seconds.

This makes ASP planning fast enough to be used for practical robotics applications.
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Chapter One

Introduction

Autonomous robots are becoming highly capable and prevalent in the modern world. Robots

are now being deployed into human-populated spaces, including our homes and workplaces,

to perform practical tasks, previously done only by humans. However, despite this rapid and

promising progress, many fundamental open research problems still exist in the field.

This thesis focuses on the development of domain-independent automated planning

systems that can scale to the extreme size and complexity of physical automation problems.

The core requirements for such a system, are that it be both fast and general enough to be

useful for a wide variety of practical problems, where the available planning time is very small.

More specifically, the aim of this thesis is to develop an online hierarchical satisficing planner,

which generates discrete deterministic task and high-level action plans. Whereby, an online

planner minimises downtime and maximises productivity of autonomous agents by planning

partly overlapped with execution, and a satisficing planner reduces computational complexity

and planning time by searching only for satisfactory quality plans (rather than optimal).

The central idea of this thesis towards achieving this objective, is that solving planning

problems efficiently, requires a model and method for reasoning with them that promotes

two of the core concepts involved in human decision making; abstract reasoning and problem

decomposition. These concepts allow us to break down and solve arbitrarily large, complex,

and unseen problems, into many smaller and more manageable parts. Those parts can then

be dealt with distinctly and separately, allowing us to focus our reasoning and effort on only

the part(s) of a problem that are currently most important. This is the ability that enables

us to make progress towards even very long-term goals in our infinitely complex reality.

1



Introduction

1.1 Problem Statement

Planning is a fundamental reasoning capability required by any general-purpose autonomous

agent deployed into dynamic physical application domains, such as service robots for the

residential, retail, or hospitality sectors. The complexity and variety of tasks these robots

will be required to complete, makes it impossible to pre-program them to perform a fixed set

of repetitive actions, as is done with classical industrial robots, such as the robotic arms used

in manufacturing. Furthermore, when such robots are available in our homes and workplaces,

people will expect them to act promptly on instructions given, and to complete all desired

tasks as quickly as possible. General-purpose autonomous agents must therefore reason for

themselves to rapidly generate high-quality plans that complete and achieve arbitrary tasks

and goals, with little latency before execution, using only general techniques that can handle

size and diversity of physical domains, without relying on significant existing experience.

In automated planning, an agent is given an abstract domain and problem description,

and must use it to find a sequence of actions, which if executed in order, will transition some

arbitrary given initial state to some desired goals. This requires the advanced high-level

cognitive ability to reason about and simulate the effects of a series of related actions, on a

series of states of the world, prior to execution, and into often large future horizons.

There is one major challenge, the complexity of the type of problems that occur in

planning, typically explodes exponentially with both the minimum plan length (number of

actions needed to reach the “closest” goal state) (Korf, 1987; Bylander, 1994a) and the prob-

lem description size (the number of actions and variables needed to describe a problem and

plan) (C. A. Knoblock, 1990a). Specifically, in a search graph or tree, the time complexity of

naive exhaustive search is worse case O(bd), where b is branching factor (the mean number of

legal actions per state) and d depth of the shallowest goal state (the minimum plan length).

It is difficult to conceive this exceptional complexity, however (Russell and Norvig, 2016)

(from Page 80) provide a thorough description. As an intuitive example, consider the rela-

2



Introduction

tively simple game of Chess1. Up to 1046.25 valid states are estimated to exist (Chinchalkar,

1996), and whilst each player has “just” ≈ 30 average moves per turn, after only 5 turns, over

≈ 6.9× 1013 possible games exist (Shannon, 1950). Therefore, even for small branching fac-

tors, the exponential increase in search space with search depth, makes problems unsolvable

via any naive exhaustive search method. Clearly, almost all interesting practical problems,

which will likely have many more legal actions, cannot be solved in this manner.

The field of automated planning has now seen attention for more than five decades.

The majority of research has focused on developing methods to overcome its complexity.

Despite this, existing planners are either too slow, or too specialised and not general enough,

to be useful for most physical automation problems. Unfortunately, developing a general

planner, that is appropriate for a wide range of problems, typically comes at the cost of

greatly reduced computational efficiency, over more specialised techniques tailored specifi-

cally to only a few problems. Obtaining a planning algorithm that is both fast and general

is clearly non-trivial. The relevant existing approaches, from which the concept of the novel

approach contributed by this thesis was conceived, are now briefly reviewed to contextualise

the core thesis contributions. Chapter 2 presents the full literature review.

1.2 Background and Motivations

Classical state space planners have been studied extensively. Classical planners primarily

employ heuristic mechanisms to guide search and minimise problem complexity. For simple

problems, such as path planning, where an accurate estimate of the cost or “distance” to

the closest goal state can be found trivially, domain-specific heuristics can be optimally effi-

cient and extremely effective (Hart, Nils J Nilsson, and Raphael, 1968). However, for more

complex combined problems with many interacting constraints, such as those involving both

navigation and manipulation, accurate domain-specific heuristics can be difficult to obtain
1Although Chess is a competitive game, its complexity is indicative of most interesting planning problems.

3



Introduction

(without forming large machine learnt models), because there is rarely a direct or meaningful

way to measure the distance to the goal (Helmert, 2003). Fortunately, domain-independent

heuristics, which are typically based on the concepts of abstraction and problem decompo-

sition (aligning with the ideals of this thesis), can produce very effective general heuristics

because they can be extracted from any given problem description in a general way (Pearl,

1984). The downside, is that these heuristics often lead to limited expressiveness of a problem

representation, since they are restricted to what can be understood by the heuristic.

Answer Set Programming (ASP) based planning has in contrast seen significant praise

for its highly expressive and elaboration tolerant modelling language (Gelfond and Kahl,

2014a). ASP is a declarative non-monotonic logic programming paradigm that is now well

established as an effective alternative to classical heuristic planning (Erdem and Patoglu,

2018). It is highly applicable for discrete deterministic planning, since it: a) allows domain

knowledge to be written and extended easily through human-intuitive axiomatic logic rules;

b) supports complex Knowledge Representation and Reasoning (KRR) capabilities (such as

deriving the indirect effects of actions, reasoning about state constraints, or dealing with

recursive relations); and c) can handle the large amounts of facts and relations that must

be dealt with by a planning agent (Lifschitz, 2008). The satisfiability based general problem

solver used by ASP can handle complex combined problems, because the solver can reason

efficiently with large knowledge bases containing many highly interacting constraints, thus

giving great freedom in the expression of a problem representation (Gebser, Kaminski, Kauf-

mann, and Schaub, 2019). Unfortunately, in comparison to classical heuristic planners, ASP

planners perform poorly for problems with long plan lengths (Jiang et al., 2019), and the

general heuristics for classical planning are not appropriate for ASP planners.

On a separate track, Hierarchical Refinement (HR) planning has sought to employ the

human use of abstraction for problem solving, to greatly increase the efficiency of planners

when scaling to problems with long plan lengths, at the expense of minor losses in plan quality

(Sacerdoti, 1974). The use of abstraction has been studied extensively and is widely accepted

4
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as an effective method for simplifying reasoning tasks for humans and AI (Newell, Simon,

et al., 1972). Humans employ abstraction extensively when solving problems, e.g. planning

and giving explanations (Giunchiglia and Walsh, 1992). Through abstraction one is able to

focus on only that which is most important. Non-pertinent details are neglected to reduce

complexity or assumptions made to cope with unknowns (Timpf et al., 1992). For planning,

the concept is simple; only initially decide on the abstract goals or stages of a plan, allowing

the details to be dealt with later and as they appear. This allows us to plan achieve short-term

goals, which is exponentially simpler than planning to achieve long-term goals, and look for

only reasonable/satisfactory quality plans, which is usually considerably easier than finding

the optimal. If a long-term goal is unmanageable, the problem must first be broken down

into multiple short-term goals (in some sequence) that eventually realise the original goal.

Without this ability, the complexity of automated planning seems overwhelming. The goal

of HR planning is to capture this ability in order to avoid using heuristics. This allows HR

planning to reduce the complexity of planning without limiting expressivity or generality, if

small losses in the quality for generated plans are allowed for (Washington, 1994).

Existing HR planners employ a divide-and-conquer approach to break large planning

problems into many smaller sub-problems. The method generates a high-level abstract plan

in a relaxed model of the planning problem, where a sub-set of action preconditions are

ignored (C. A. Knoblock, J. D. Tenenberg, and Q. Yang, 1991). Each action of an abstract

plan is then “refined” separately, using its start state and previously ignored preconditions,

as the initial and goal states of a sub-problem at the next (more concrete) level. Solving this

sub-problem generates an expanded sub-plan. The central idea is that this method is effec-

tive for solving large planning problems with long plan lengths, since they are divided into

many linearly shorter and therefore exponentially simpler to find sub-plans (C. A. Knoblock,

1990a). Further, for complex problems, the necessary abstractions may be easier to obtain

than the equivalent heuristic. However, this did not always prove true for three reasons: a)

existing planners have very limited capacity to express abstractions, b) which leads to a very
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rigid mechanism for plan refinement that forces sub-problems to be solved independently,

and b) this requires an implicit assumption of independence between the sub-problems used,

which often fails (Bacchus and Q. Yang, 1994). Ultimately, HR planners of this form cannot

always find an appropriate abstraction for many interesting planning domains and problems,

and they are rarely able to consistently produce effective divisions of a problem.

Recent research has however shown that ASP can perform HR-like planning in a

flexible way using an alternative constraint addition based refinement method (S. Zhang,

F. Yang, et al., 2015). Recent research also suggests that ASP is well suited for representing

abstraction hierarchies, and that the variety and complexity of the abstractions that can be

expressed naturally in ASP exceeds that of older HR planners (Saribatur, 2020; Sridharan,

Gelfond, et al., 2019). Unfortunately, this research was limited in scope, lacking generality

in the refinement method and versatility in the problem division mechanisms, with critical

details of the theory missing, and very little of the implementations made public. Resultantly,

these works on ASP based HR planning have not garnered additional research interest.

1.3 Summary of Hierarchical Conformance Refinement

This thesis contributes Hierarchical Conformance Refinement (HCR), a novel approach to

discrete online task and high-level action planning, employing abstract reasoning and prob-

lem decomposition, to minimise down-time and maximise productivity of robots. HCR is

an ASP based HR paradigm, that combines the expressiveness and elaboration tolerance of

ASP with the speed and scalability of HR, for only minor losses in plan quality. The ap-

proach is human-intuitive, domain-independent, and geared towards problems with complex

interacting constraints and long plan lengths. Little domain- or problem-specific knowledge

is required by a HCR planner, other than a model of the domain’s dynamics, the capabilities

of the robot(s), and a specification of the abstraction hierarchy. A HCR planner, called ASH,

The ASP based online HCR planner, has been fully implemented with this thesis.
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HCR uses a new method of constraint addition plan refinement based on sub-goal

generation and achievement, which for the first time supports online partial-planning. Online

planning allows partial-problem solutions to be rapidly yielded to the robot(s), to greatly

decrease execution latency and total planning times. This is enabled through a generalised

concept of problem division, whilst simultaneously alleviating the problem dependencies that

existed in past HR planners, in order to increase the quality of generated plans. Further, HCR

supports an arbitrarily large hierarchy that allows the expression of any type of abstraction

to which a state abstraction mapping can be defined (explained below). This makes HCR

planning appropriate for a wide range of applications where the available planning time is

very small, and only the fundamental knowledge of the domain dynamics is known.

1.3.1 Mechanism and Benefits of HCR Planning

HCR planning is conceptually simple. A given planning domain and problem is defined over

an abstraction hierarchy, containing a unique model of the domain dynamics at each level,

where higher levels are abstractions of the lower. Models at different levels of abstraction are

connected through a state abstraction mapping, a function which maps all low-level states

to one abstract state at higher-level and all abstract states are mapped to at least once. The

intuition is that the constraints of a problem are gradually generalised or removed ascending

this hierarchy. The planner then generates and incrementally refines plans, as constraints

are gradually specialised or reintroduced descending the hierarchy, therefore breaking the

task of accounting for them into many distinct steps. The concept, is that this separation

makes it easier to account for the constraints than dealing with them all simultaneously.

The planning problems specified by each level are solved iteratively, in descending

order. Only in the highest and most abstract model is a complete classical plan generated.

Since each abstraction can reduce the problem description size and minimum plan length

linearly, the abstract search space is reduced exponentially, making the complexity of an ab-
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stract problem comparatively trivial to the original (C. A. Knoblock, 1990a). The abstract

plan is then successively refined at all lower levels. The plan refinement process involves

expanding plans with more actions, or specialising existing actions, to satisfy any specialised

or reintroduced problem constraints that were previously ignored in the abstraction. Ab-

stract plans increase linearly in length at each level of refinement. The length of the top-level

classical plan thus increases exponentially with the depth of the hierarchy.

The abstract plan is refined under the primary component of conformance refinement

planning, the conformance constraint. This requires that plans achieve the same effects and

remain structurally similar at all levels. The constraint is formed by a sequence of sub-goal

stages. Each stage is defined by the joint direct effects of the set of actions planned on a given

time step at the previous abstraction level. These must then be achieved in the same order at

the next level. The goal used in classical planning is then considered the final-goal. The idea

is that, following a path through the sub-goal stages when solving a more concrete problem,

should guide the planner to make monotonic progress towards achieving, or enabling actions

that achieve, the final-goal. The structure of an abstract plan, once found, thus makes it

easier to find conforming plans that solve the more complex/concrete problems.

More specifically, the conformance constraint provides four primary novel benefits;

1. It guides search by restricting the search space, this reduces search time simply by forc-

ing low-level planning to pass through states that satisfy the constraint (by achieving

the stages in the correct order), therefore eliminating from search any potential plans

that do not satisfy the constraint or achieve conformance with the abstract plan.

2. It allows complete-problems to be divided, and sub-divided at all levels, into sequences

of partial-problems, each defined by a contiguous sub-sequence of sub-goal stages from

the previous level (a generalisation of sub-problems used in past HR planners);

(a) Under the assumptions that minimal plan length scales linearly with problem size
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(in terms of number of sub-goal stages included), and that problem complexity

is exponential in the minimal plan length, then solving a sequence of partial-

problems is exponentially simpler than solving the respective complete-problem.

(b) Since partial-problems are solved independently, the planner is able to yield exe-

cutable partial-plans to the robot incrementally and online (continuously sending

more actions to the robot), and exponentially faster than finding a complete plan.

Since only the first partial-problem must be solved prior to execution (then pro-

gressively extended online, towards eventual achievement of the final-goal), the

execution latency and downtime of a robot can be greatly minimised.

3. Its flexibility as an ordering constraint maintains high quality plans. Since all sub-goal

stages included in the same partial-problem are considered and pursued simultaneously,

their achievement can interleave. This allows the achievement of early sub-goal stages

to be delayed if doing so better prepares for what is needed to achieve later sub-

goal stages sooner, and reduce overall plan lengths. The dependencies that occurred

between the sub-problems in past HR planners are therefore much alleviated.

4. It allows the progression of planning and search towards the final-goal (in terms of the

number of sub-goal stages achieved) to be observed externally and online, providing

highly desirable transparency and performance evaluation to human operators.

The downside of HCR planning is that optimal solutions are not guaranteed. Abstract

plans are generated non-deterministically and in ignorance of the original problem. As such,

there is no clear criteria for selecting the best abstract plan to refine. The requirement to

achieve conformance with abstract plans of unknown quality, can lead refinement planning

away from optimal solutions to more concrete problems. Further, the division of complete-

problems into partial-problems, can expose dependencies between sub-goal stages in different

partial-problems. These dependencies may reduce plan quality, if the solution to an early

partial-problem leaves the planner in a state which makes it harder to solve a later one.
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1.3.2 Abstraction Hierarchies in HCR Planning

HCR planning provides a novel ASP encoding that allows representation of an arbitrarily

large abstraction hierarchy. The hierarchy supports any abstract model, including any action

or state abstraction, to which a deterministic and exhaustive state abstraction mapping can

be defined from the original model to the abstract. This is possible, because HCR refines

plans based on action effects only, and therefore abstract and refined plans can be connected

at different levels through the state abstraction mapping between action effects.

To construct an abstraction hierarchy, the lowest-level model, called the ground model,

is designed first, and the abstract models are then designed iteratively “from the ground up”,

in ascending order. The ground model is a description of the actual problem to solve.

The abstract models are then created by applying an abstraction to another model,

called its original, this may be the ground or another abstract model. An abstract model

of a planning problem is a contraction on the original, with fewer states and/or more state

transitions. Plans yielded from abstract models only need to be achievable via actions from

the original, and are not executed in reality. This thesis explores abstraction in two contexts:

• Relax the problem, removing some of its constraints (typically negative effects or pre-

conditions of actions), allowing transitions between more states, with the intention of

reducing plan lengths (as less actions are necessary to achieve the final-goal).

• Apply a state abstraction, removing or generalizing actions and state variables (and

related constraints), reducing both the problem description size and quantity of valid

reachable states, with the intention of reducing search spaces and plan lengths.

The representation used in HCR planning is however more general and not restricted

to these two abstractions. A designer can modify, replace, delete, or preserve domain laws

however they wish, so long as a state abstraction mapping exists. Further, abstract models

can be constructed easily, because actions, state variables, and domains laws, are explicitly
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and quantitatively parameterised by abstraction level, whereby all such components that are

not modified, replaced, or deleted, are automatically preserved in an abstraction.

HCR intrinsically supports condensed domain models, the novel type of action and

state abstraction contributed by this thesis. Condensed models are intended to reduce prob-

lem description sizes by forming generalised and more granular action and state variables.

They extend past work (Sridharan, Gelfond, et al., 2019), by adding a relation over class

types, that specifies a logical coordination between at least two related classes that both

subordinate from one super-class. One is defined as the ancestor class and at least one de-

fined as the descendant class(s). Sets of entities of descendent classes, are combined into

abstract descriptor entities of the ancestor class, which serve to represent the union of the

descendants. For example, buildings and rooms are both ways of describing the location

of an object (building and room being related classes, which both subordinate to location).

If a ground model represents the location of objects based on the room they are in, a con-

densed model can be formed by only considering the location of objects relative only to what

building they are in, therefore increasing the granularity of the representation. In particular,

this class-based specification automatically generates all of the condensed model’s abstract

domain laws, including those that are modified, avoiding the need to manually re-write the

abstract domain laws (which was necessary in past work using similar abstractions).

1.3.3 HCR Online Planning Systems

This thesis proposes two core decision making systems involved in online HCR planning;

problem division strategies and online planning methods. A division strategy decides how

problems are divided, and an online method decides when they are divided and subsequently

solved. Both are separate external decision making systems, that plug into the algorithms

used by HCR planning, and are therefore general in the sense they can be customised to use

any desired algorithm to make decisions, or (external) knowledge bases to inform them.
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During the course of online planning the division strategy and online method together

construct and traverse a problem division diagram. This is a branching structure whose

nodes contain partial-planning problems and the partial-plans that solve them, and whose

arcs link abstract problems and plans, to their refinement problems and refined plans. Special

traversal links then denote the order in which partial-problems are solved and partial-plans

generated, allowing one to trace and observe the progression of online planning. Ultimately,

this controls how quickly and how often ground-level plans are yielded to the robot for

execution, and is therefore greatly influential in minimising down-times of the robot.

Note that since refinement problems refine abstract plans and abstract plans are

generated during planning, refinement problems which are deeper in the diagram depend on

problems which are shallower in the diagram. Similarly, since later partial-problems extend

earlier problems, a partial-problem depends on all problems to the left of it in the diagram.

Therefore, the diagrams must be constructed from left-to-right and from top-to-bottom.

Figure 1.1 is an example problem division diagram. Where the notation x : y denotes

problem number y at level x, and a −→ b denotes abstract plan length a expanding to refined

plan length b. The black downwards links from parent nodes to their children, represent the

generation of partial planning problems of the abstract plans in parent nodes. When a node

is visited, its problem is solved, when it is expanded, the refinement problem of its abstract

plan is divided. The red traversal links then denote the order nodes were visited in.

3:1
1 −→ 10

2:1
3 −→ 6

2:2
3 −→ 8

2:3
4 −→ 7

1:1
3 −→ 5

1:2
3 −→ 5

1:3
4 −→ 7

1:4
4 −→ 8

1:5
3 −→ 3

1:6
4 −→ 7

Figure 1.1: Problem Division Diagram Example.
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1.3.4 ASH: The ASP based HCR Planner

The Answer Set programming based Hierarchical conformance refinement planner (ASH) is

a domain-independent planner that implements the new HCR planning process proposed by

this thesis. A complete software implementation is available at Kamperis, 2023.

The diagram in Figure 1.2 is a conceptual drawing of the structure of ASH, where the

arrows indicate control and information flow between components. The following provides a

high-level description of the concept and intuitions behind the design. From the top;

1. The top purple box are ASH’s problem-specific inputs; the initial-state and final-goal,

and various configuration settings containing input parameters for ASH’s internal plan-

ning and search algorithms, and external decision making methods and strategies.

2. The left-hand blue boxes are a hierarchical planning domain definition, containing the

robot’s knowledge of the fundamental physical laws of the dynamic planning domain

in which it operates, and various abstractions of them. This knowledge consists of

the sequence of domain models arranged in an arbitrarily large abstraction hierarchy,

where adjacent levels are linked via the upwards state abstraction mapping (between

state variables). The ground-model, at level 1, is the most detailed model, defining all

original domain laws in the most specific forms needed to solve the actual original input

planning problem. Hierarchical levels l > 1 contain more abstract models obtained

by; removing or generalising domain laws/problem constraints, or by applying action

or state abstractions, from/to the ground-model. This can exponentially reduce the

complexity and description size of the abstract models of a planning problem.

3. The central red box is ASH itself, containing primarily: a) its planning algorithms and

sub-systems, for monolevel and hierarchical planning, sequential yield mode, and incre-

mental ASP search; b) the various decision making systems involved in online planning;

and c) its six operational modules that encapsulate ASH’s domain-independent ASP
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logic rules. These rules are used for defining (amoungst other things); the generation of

a complete problem definition, and constraints on what constitutes a valid state, state

transition, and solution to classical or conformance refinement planning problems.

4. The right-hand pink boxes indicate the flow of HCR planning. A plan is generated at

each level in the abstraction hierarchy in descending order. Only at the top-level is a

classical plan generated, at all lower levels a conformance refinement plan is generated

by refining the abstract plan from the previous level (under a conformance constraint

obtained from it), until a ground plan is obtained which solves the input problem.

5. The bottom green box are the planner outputs: a) the resulting hierarchical plan, a

hierarchy of monolevel plans over all abstractions linked by a conformance mapping;

b) and the experimental statistics and log files used for performance evaluation.
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Figure 1.2: Structure of ASH.
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1.4 Thesis Aim and Objectives

The aim of this thesis is to develop HCR planning, a new domain-independent online satis-

ficing action and task planning paradigm. HCR combines ASP with HR planning, with the

goals to reduce total planning and execution latency times of ASP based planners, to im-

prove their scalability to larger problems with long minimum plan lengths. The motivation

for improving ASP planning is that whilst it is powerful for expressing complex planning

problems, it is not currently fast enough to be used in most practical applications.

The individual objectives of thesis to achieve its aim are as follows:

• Develop the theory of and fully implement the proposed HCR planning approach:

– Overcome the primary limitation of ASP planners, by developing a general method

to employ HR to improve scalability to problems with long plan lengths.

– Overcome two main limitations of existing HR planners, by relaxing their rigid

plan refinement and problem division methods to; improve generated plan quality,

and support a wider range of abstract models to increase generality.

– Enable support for online planning, whereby planning is partly overlapped with

execution, in order to minimise the execution latency of robots.

• Experimentally evaluate the performance of HCR against classical ASP planning:

– Validate: a) whether the proposed approach scales more effectively to problems

with longer plan lengths than classical ASP planners whilst maintaining good

plan quality; and b) that online planning reduces execution latency of robots.

– Identify any limitations of HCR and paths for future work to overcome them.

Note that although HCR planning has been developed in this thesis with a focus on

robotics, HCR is a general tool that is applicable for many other automation tasks, such as

disassembly sequence planning for re-manufacturing and AI for video games.
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1.5 Thesis Novel Contributions

The following lists the specific novel contributions of the thesis:

• The conformance refinement concept to iterative hierarchical plan refinement, whereby

plans must achieve the same effects and remain structurally similar at all levels.

• The conformance constraint formed by sequences of sub-goals stages which must be

achieved in order but can interleave to alleviate dependencies between them.

• The introduction of online partial-refinement planning using partial-problems formed

by any contiguous sub-sequence of sub-goal stages, and associated decision making

systems; problem division strategies and online planning methods.

• A generalised hierarchical representation that supports any abstract model to which

an exhaustive deterministic state abstraction mapping can be defined.

• The class-based encoding that automatically generates condensed domain models.

1.6 Thesis Outline

The rest of this thesis is structured as follows. Chapter 2 presents the literature review,

identifying the primary issues with past planning approaches related to HCR planning.

Chapter 3 then: a) begins by highlighting the novelty of HCR planning that overcome those

issues; b) then presents the test planning domain used in this thesis; c) before presenting the

theory behind formal definitions for HCR hierarchical planning domains, planning problems,

and what constitutes their solutions. Chapter 4 provides all details of the implementation of

this theory, including the online planning systems, modules of ASH, and planning algorithms.

Chapter 5 contains the experimental evaluation of this implementation. Finally, Chapter 6

concludes by stating the successfulness of achieving the thesis aims and objectives.

16



Introduction

1.7 Theoretical Assumptions

The following describes the theoretical assumptions imposed by the scope of this thesis.

1. Completeness of Knowledge Assumption: The problem specification is assumed com-

plete and consistent. The planner must know all relevant domain laws, the complete

initial state, and the static structure of the domain (this includes all entities involved),

before planning and with certainty. In many real-world scenarios, this assumption will

not hold, since it is unlikely that the robot will know the initial domain state or struc-

ture without having to map out the domain, and as most dynamic domains are subject

to significant entropy, it is unlikely that existing knowledge will be correct for long.

2. Determinism of Execution Assumption: Generated plans are assumed to never fail,

because the plan’s execution is deterministic, i.e. it will progress exactly according to

the expected simulated sequence of states and state transitions. Hence, although the

proposed approach and provided planner can yield partial plans online, it does not

deal with plan failure, diagnostics, or re-planning. This assumption is inadmissible in

most dynamic domains, primarily because the existence of exogenous actors (such as

humans) will often change the state during execution unbeknownst to the robot.

3. Uniform Execution Time and Cost of Actions Assumption: All planned actions are as-

sumed to take a uniform amount of time to execute and have uniform cost. Therefore,

the current planner does not take into account (or optimise over) the execution time

or resource cost of a plan, and the amount of actions in the plan is assumed to suffi-

ciently represent its quality. This reduces plan optimisation to an action cardinality

minimisation problem. This assumption is often impractical since, for many real-world

applications, minimising execution time and resource costs will be of importance.

Future work proposed in Section 6.2 includes some ideas for extending the contribu-

tions of this thesis to relax these assumptions and handle the resulting problems.

17



Chapter Two

Literature Review

The field of automated planning has now seen attention for many decades. Its main research

goal is the development of algorithms that are expressive enough to model and fast enough

to solve the immensely complex planning problems that exist in practical applications.

This chapter reviews symbolic automated action and task planners which are relevant

to the contributions of this thesis. The review focuses primarily on the strategy that planners

use to construct a plan and on the representation used for modelling domains and problems.

The exact method used to search the space of possible plans to find a solution is not the focus

of this thesis. Symbolic action and task planning, particularly hierarchical planning, has

seen relatively little recent research attention and therefore some references may seem dated.

Most recent work in planning is closer to motion planning and usually uses probabilistic or

machine learning based methods which are not strictly relevant to this thesis.

This chapter first provides a general background on classical planning and a review

of abstractions used for heuristic classical planning. Second, it reviews hierarchical planning

in two main areas; hierarchical task and goal network planning, and hierarchical refinement

planning. Third, answer set programming as a tool for general problem solving is discussed.

Before finally, answer set programming for classical and hierarchical planning is reviewed.

The review includes primarily theoretical research works. However, recent applied

research in the field has seen interest, particularly for combined task and motion planning

(Guo et al., 2023) and human-robot collaboration (Wang et al., 2018; Evangelou et al., 2021).

These indicate a clear need for general, fast, and high quality planning algorithms.
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2.1 Classical Planning

Classical planning domains are defined by a discrete state transition system, a finite graph

whose nodes are states and edges are state transitions labelled by actions1. Solving a classical

problem requires searching this graph for a linear plan (a single finite sequence of actions),

which traces a path from the initial state to the goal state. Actions are planned sequentially

(one per step), and their effects are deterministic, instantaneous and Markovian.

Classical planning typically focuses on domain-independence, where a planner should

be able to interpret a description of any given planning domain (written in some modelling

language), which serves as a high-level specification for such a transition system. The possible

state transitions are described by “lifted” action schemas, that define only the preconditions

and effects of actions2. State constraints are not supported as standard in classical planning.

Therefore, ensuring that an invalid state is never reached requires carefully declaring action

preconditions and effects such that no state transition can end in an invalid state.

The seminal work on classical planning was the Stanford Research Institute Problem

Solver (STRIPS) (Fikes and Nils J. Nilsson, 1971), which was famously demonstrated on

“Shakey”, the world’s first intelligent mobile robot (SHAKEY, 1966-1972). STRIPS could

model simple robotics problems, such as performing navigation and reasoning about the

position of domain entities over time, and, in contrast to earlier planners using atomic repre-

sentations, it could handle the many facts and relations required for planning. STRIPS has

since inspired many highly expressive modern planning paradigms, including the Planning

Domain Definition Language (PDDL) (Ghallab, C. Knoblock, et al., 1998), which is now

generally considered the standardised formalism for modelling planning problems.

1Formally, a state transition system is a tuple Y = ⟨S,A, T ⟩, where S is the set of possible states, A
actions, and T state transitions (labelled by actions from A) (Nielsen, Rozenberg, and Thiagarajan, 1990).
If s is a state, a an action, and t = ⟨s, a, s′⟩ a state transition, then such a system can be defined by two
functions; actions(s) = {a1, ai, ..., an} which is the set of actions whose preconditions are satisfied in s, and
result(s, a) = s′ which is the state s′ resulting from applying the effects of a to s (defining a transition t).

2This implicitly defines the actions(s) and result(s, a) functions, and therefore a state transition system.
For more details and examples of how this works (for PDDL), see Pages 366-369 of Russell and Norvig, 2016.
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In PDDL an action schema represents a generalization used to generate all ground

instances of that action by binding the schema’s parameters to specific values. State variables

are then used to represent attributes of the domain state whose value can change over time.

Equation 2.1 is an example PDDL description declaring a locomotive Move action.

The effects allow the robot to move from location from to location to, if the following precon-

ditions are satisfied; the robot is located in from, and both locations are directly connected.

Notice that both the positive and negative action effects must be specified explicitly.

Action(Move(robot, from, to), (2.1)

PRECOND: In(robot, from) ∧ Connected(from, to)

EFFECT: ¬In(robot, from) ∧ In(robot, to))

PDDL planners use heuristics to reduce search complexity. A heuristic function takes

a state as input and estimates the remaining cost required to reach a goal state. This estimate

is used to bias search towards expanding potential plans of lowest cost, as these are likely to

reach a goal state the soonest. The best heuristics produce accurate estimates and are fast

to evaluate. To ensure optimal plans, heuristics must however be admissible and consistent.

An admissible heuristic is one that never overestimates the true cost of reaching a goal state

from any given state. A consistent heuristic is one where the estimated cost of reaching a

goal state from a state σ1, is less than or equal to the cost of reaching a connected state σ2,

plus the estimate of the cost of reaching a goal from σ2, for all states connected to σ1.

PDDL enables heuristics to be domain-independent because its action schemas al-

low heuristics to be extracted automatically from the problem description. Heuristics based

on abstractions are amoungst the most popular and effective towards this end (Bonet and

Geffner, 2001; Hoffmann, Sabharwal, and Domshlak, 2006) and are reviewed below. Unfor-

tunately, these heuristics can restrict the expressiveness of problem descriptions because they

are limited to what can be dealt with by the heuristic. Further, some require a pre-processing

step that is often computationally expensive and very rarely generalises.
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2.2 Abstractions for Classical Heuristic Planning

The intuition of heuristics based on abstraction, is to extract and solve a computationally

cheap abstract version of a problem, and then use its solution to provide heuristic estimates

for plans that solve the original problem. Given a classical planning problem representation

as a graph search, an abstraction can be formed simply by adding edges to and/or removing

nodes from it. It is strictly easier to find a goal node from any given start node in such an

abstract graph. The resulting plans must therefore underestimate the cost of an plan in the

original graph that transition between the same nodes. For the abstraction to be effective,

the time taken to find a solution to the abstract problem must be less than the time saved

by following its heuristic guidance. However, such abstractions are difficult to find.

Relaxed models have been studied and used extensively in the development of general

heuristics (Pearl, 1984). The most common examples are ignoring action preconditions or

ignoring delete lists (the negative effects of actions). The prior creates a model in which a

sub-set of (or potentially all) preconditions of actions are ignored (Sacerdoti, 1974). This

means that more actions are enabled in any given state and therefore less actions are needed

to reach a goal state (plan lengths are shorter). The latter creates a model where monotonic

progress towards the goal is always possible (Hoffmann, 2005), because actions never “undo”

the effects of other actions, and therefore actions can enable other actions but never disable

them. This again means that less actions are needed to reach a goal state since: a) when a

state that enables an action is reached, the action remains enabled for the rest of the plan,

and b) when a goal is achieved, it can never be unachieved. Both types of relaxed model can

be easily derived automatically from a PDDL description, and can form accurate heuristic

estimates3. However, for large problems, relaxed models alone are rarely sufficient, since

they do not reduce the number of states. Further, they are calculated by solving, an easier

but still expensive, abstract planning problem, for all states that are searched through.

3Relaxed models are however prone to local minima, since if critical problem constraints are removed,
the cost of the abstract plan can be far lower than the actual cost, reducing the effectiveness of the heuristic.
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Reducing the number of states and quantity of state variables needed to represent

the state can be achieved with state abstractions (Helmert, Haslum, Hoffmann, et al., 2007).

State abstractions can be problem- or domain-specific, and can either remove state variables

or group together a set of state variables into one generalised abstract variable. Typically,

problem-specific state abstractions are more powerful, because they can eliminate state vari-

ables that are not relevant to a particular problem. This can produce a compact represen-

tation, but they are hard to obtain, since the concept of relevance is rarely clear without

attempting to solve the problem. Domain-specific state abstractions are easier to obtain but

less powerful, since they can only use general properties of a domain to form an abstraction.

A different but effective technique instead decomposes a problem into many sub-

problems, each containing one sub-goal (Y. Chen, Hsu, and Wah, 2004b). For any given

state, the remaining goals yet to be achieved can be split into separate sub-goals, and then

pursued/solved independently. Given an assumption of independence between the sub-goals,

the computational cost of solving the decomposed problem is the sum of the costs of solving

the sub-problems, and the heuristic value approximated by the sum of the costs of the sub-

plans. Unfortunately, this assumption often fails because naively splitting the complete goal

into separate sub-goals, solving them independently, and then concatenating their solutions,

rarely produces a valid plan that reaches the complete goal (J. Tenenberg, 1988; Smith and

Peot, 2014). This problem can cause two affects: a) since an action in a later sub-plan can

unachieve a goal achieved by an earlier sub-plan, the concatenated plan might not achieve all

goals and is not a valid solution (although admissible for heuristic purposes); and b) two sub-

plans can contain redundant copies of the same action, making the cost of the concatenated

plan overestimate, and this be inadmissible for heuristic purposes. The discussion of sub-

problem/-goal decomposition is returned to in the following review of hierarchical planning.

3Pattern databases (Culberson and Schaeffer, 1998; Edelkamp, 2014) can be constructed to obtain a
heuristic knowledge base that can generalise to different problems in the same domain (avoiding repeatedly
solving the same abstract planning problem), but these can be very expensive to obtain and store. Similarly,
planning graphs (Blum and Furst, 1997), polynomial approximations of a search tree (similar to ignoring
delete lists in that monotonic progress to the goal can be made), can be constructed prior to planning, and
then searched for heuristic estimates, which is generally cheaper than abstract planning in a relaxed model.
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2.3 Hierarchical Planning

Hierarchical planning focuses on solving complex problems through divide-and-conquer, by

employing abstraction to break-down problems into many smaller problems. Amoungst the

most prominent techniques in hierarchical planning are Hierarchical Task Network (HTN),

Hierarchical Goal Network (HGN), and Hierarchical Refinement (HR) planners.

2.3.1 Hierarchical Task and Goal Network Planning

Hierarchical Task Networks (HTNs) (Erol, J. Hendler, and Dana S Nau, 1994b) and Hier-

archical Goal Networks (HGNs) (Shivashankar, 2015) are based on the idea of hierarchical

and recursive decomposition of tasks or goals (Bercher, Alford, and Höller, 2019), achieved

by enriching classical planning descriptions with additional decompositional methods.

Hierarchical network planners however use a different planning strategy to classical.

HTN planners are given; tasks, actions, and task decomposition methods. They start with an

initial network of abstract tasks to complete, each of which can be thought of as a high-level

description of an objective to be achieved. Where the network is essentially a directed graph

containing tasks, actions, and ordering constraints over them. Their methods then represent

pre-defined recipes for the possible ways to (recursively) replace these tasks with sequences

of progressively more specific sub-tasks and eventually concrete actions. HGN planners are

given; goals, actions, and goal decomposition methods. They start with a network of abstract

goals to achieve, and their methods are similar, but instead replace goals with sequences of

sub-goals, which are then achieved by concrete actions. In either case, the planner continues

to decompose tasks and goals until a classical plan (containing only actions) that achieves

the initial abstract tasks/goals is found. Importantly, the recursion depth of decomposition

(number of times a task/goal can be replaced by a sub-task/goal or action) is arbitrarily

large, allowing for a flexible and dynamic structure to the hierarchy mechanism.

23



Literature Review

HTN planning can be more intuitively illustrated by a decomposition tree, a structure

borrowed by this thesis. Such a tree shows graphically how methods (labelling horizontal

arrows) decompose tasks (at higher levels) into sub-tasks and actions (at lower levels). Figure

2.1 is an example tree using recursive methods for a simple object stacking problem.

HTN and HGN planning is considered more expressive than classical planning (mainly

because they can express undecidable problems (Ghallab, D. Nau, and Traverso, 2004)) and

can be very efficient if effective decompositional methods are used. However, they are limited

by the brittleness caused by the reliance on (the completeness of) their methods (Erol, J. A.

Hendler, and Dana S Nau, 1995). Large amounts of prior knowledge is needed to pre-define

methods with the best strategies for decomposing/solving problems. Further, they are only

optimal, if the methods pre-define optimal decompositions. Despite this, HTN planning is

popular, easy to implement, and many solvers exist (Georgievski and Aiello, 2015a), including

an ASP implementation (Dix, Kuter, and D. Nau, 2003). They are particularly popular in

video games, as many developers argue that HTN planning produces more natural agent

behaviour (J.-P. Kelly, Botea, Koenig, et al., 2007; J. P. Kelly, Botea, Koenig, et al., 2008).

Of interest, Guerilla Games’ Horizon Zero Dawn uses HTN planning to simulate and control

teams of multiple heterogeneous robots (Guerrilla, 2017). HGNs are much less popular than

HTNs, but are claimed to be more expressive and less brittle (Alford et al., 2016).

stack_objects(p, [o1, o2, o3])

recursive_stack(p, [o1, o2, o3])

stack(p, o1) stack_objects(o1, [o2, o3])

grasp_and_place(p, o1) recursive_stack(p, [o1, o2, o3])

grasp_object(o1) place_upon(p, o1) stack(o1, o2) stack_objects(o2, [o3])

Figure 2.1: A Partial Decomposition Tree for an Object Stacking Problem. Where o1, o2, o3
are objects, p a position, and [...] delimit some list. The method recursive_stack(p, [0n, ...])
recursively decomposes the task stack_objects(p, [on, ...]) by planning to stack the first listed
object in the given position, and then planning itself to stack the other objects on the first.
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2.3.2 Hierarchical Refinement Planning

Hierarchical Refinement (HR) planners represent and solve a classical planning domain and

problem over a hierarchy, containing multiple unique models of the domain and problem at

different levels of abstraction (C. A. Knoblock, 1990b). Abstractions used in HR planning are

obtained by removing the “details” of a problem, these are things which have sufficiently low

importance, to be initially ignored in order to make it easier to obtain an abstract plan, and

can be safely dealt with later by refining that abstract plan (Bacchus and Q. Yang, 1994).

Many abstractions used in heuristic planners are also used in HR planners. However, unlike

heuristic planners, HR planners don’t just use abstract plans to guide search. They generate

tangible abstract plans which are refined into actual solutions to the original problem.

Abstraction hierarchies for HR most commonly remove a sub-set of the constraints

of a problem in each model. The planner first finds a classical plan which solves the most

abstract and least constrained model of a problem. This forms a “skeleton” plan, that is then

successively refined through all more concrete models, under increasingly strict constraints,

until a plan that solves the original problem is obtained. Whilst the nature of the refinement

process itself differs between HR planners, refinement must consider any constraints ignored

in an abstraction, which are not satisfied by a skeleton plan, to be flaws that must be satisfied,

by either inserting new actions or replacing existing actions in the skeleton plan.

Existing HR Planners: ABSTRIPS and ALPINE

The seminal HR planners were ABSTRIPS (an extension of STRIPS) (Sacerdoti, 1974) and

ALPINE (C. A. Knoblock, 1991). The prior used relaxed abstract models which remove

only action preconditions, and the latter used reduced models which remove preconditions

and related facts. Both create abstractions over a STRIPS system by injecting a criticality

function, “which assigns to each predicate occurring in a precondition formula an integer
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value suggesting the difficulty of achieving [it]”, the lower the criticality of a precondition,

the longer it is ignored in the abstraction hierarchy, and therefore “the predicates having

high criticality are those [...] considered first” (J. Tenenberg, 1988; Giunchiglia, 1999).

They both function similarly; within the highest abstraction, the planner plans to

achieve the final-goal, with only the highest criticality action preconditions considered. Each

action of the resulting skeleton plan then forms its own distinct sub-problem. The planner

descends a level, reintroduces a sub-set of less critical preconditions, and calls itself recur-

sively to refine the skeleton plan. Each call involves solving a sub-problem by inserting a

sequence of new actions before the skeleton action (generating a sub-plan) to satisfy the rein-

troduced preconditions. Once all sub-problems at a given level are solved, their sub-plans

are concatenated to form another longer skeleton plan and sequence of sub-problems. The

planner descends another level, reintroduces even more preconditions, and refines the plan

further. This continues until the plan satisfies all preconditions, and therefore the original

problem is solved. If any sub-problem is unsolvable, the planner “backtracks” to the previous

level, to find a new skeleton plan and tries to refine that (Ballard and Hartman, 1986).

HR planning using relaxed models can be illustrated by a refinement diagram. They

show graphically how abstract plans (from the higher levels) contain plan flaws that require

additional actions to be inserted (in the refinements at the lower levels) to satisfy the rein-

troduced preconditions (labelling horizontal arrows) previously ignored in the abstraction.

Figure 2.2 is an example diagram for another simple object stacking problem.

As every abstraction can reduce the search space exponentially, the most abstract

version of problem is trivial to solve via classical planning (C. A. Knoblock, 1990a). Refining

the resulting skeleton plan into a solution to the original problem is then exponentially faster

than directly solving it by classical planning, because the solution to each sub-problem

involved in the refinement (a sub-plan) is linearly shorter, and therefore its complexity is

exponentially less than the complete problem (Bacchus and Q. Yang, 1994; Korf, 1987). The
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total complexity is the sum of complexities of all sub-problems, which is also exponentially

less than the complete. If the time taken to find the abstract solution is less than the time

saved by refining the abstract plan into a solution to the original problem (rather than solving

the original directly), HR planning will out perform heuristic classical planning.

Limitations of Existing HR Planners

The trade-off, is that HR planners rarely find optimal solutions. The main issue is that,

since abstract solutions are refined directly into actual solutions to the original problem, the

quality of an abstract plan is of critical importance. Unfortunately, the criteria for what

constitutes a “good” quality abstract plan are not obvious, as their quality is not known

until after they are refined. Therefore, there is no clear way to decide which abstract plans

are best to select for refinement, without having exhaustively refined them all.

Another fundamental problem with existing HR planners is the implicit assumption of

independence between the sub-problems involved (C. A. Knoblock, 1992), which often fails

in practice. Essentially, since sub-problems are solved independently and cannot “interact”,

their solutions are always “greedy” in that they are only locally optimal, and never consider

the requirements of other sub-problems. The final complete plan is resultantly rarely globally

optimal in any sense (C. A. Knoblock, J. D. Tenenberg, and Q. Yang, 1991). If there is enough

dependency between sub-problems, the planner may fail to refine a plan. The problem

is similar to that discussed in Section 2.2 with the sub-goal decomposition independence

assumption for heuristic planning. If two actions that can undo each others effects exist,

solving a later sub-problem (by achieving the preconditions of its action), might unachieve a

goal achieved by an earlier action from the skeleton plan (J. Tenenberg, 1988). This makes

the resulting plan invalid, as it does not satisfy all goals. There is therefore no guarantee

that any given abstract plan will be refineable. Selecting which abstract plan to refine, and

if or when to backtrack to select another plan to refine, can only be done on a heuristic basis.
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Finding an effective abstraction hierarchy is also a significant challenge in HR plan-

ning (Bacchus and Q. Yang, 1994). Abstractions must be carefully balanced: extensive

abstractions can increase abstract planning speed, but the resulting plans may be more chal-

lenging to refine, or lead planning further from the optimum. Unfortunately, the properties

that make abstractions beneficial are not well understood, and as such, there is no immedi-

ate guarantee a given abstraction will improve planner performance (Smith and Peot, 2014).

Further, many forms of abstraction continue to elude representation, with existing HR plan-

ners only creating abstractions and refining plans based only on action preconditions, which

are not appropriate for all problems, and in particular, only reduce abstract plan lengths but

not problem description sizes. This prevents the refinement process from replacing actions of

a skeleton plan, and requires that actions present in the abstract models always be present

in original. This prevents the use of action and state abstractions in HR planning, that

are known to be of great importance to reducing abstract problem complexity in heuristic

planning. Further, the requirements for actions of a skeleton plan to be present in a refined

plan, is what restricts existing HR planners only to single action refinement sub-problems.

put(o1, p2) put(o2, o1)

¬on(o2, o1)

put(o2, p3) put(o1, p2) put(o2, o1)

grasping(o2) grasping(o1) grasping(o2)

grasp(o2) put(o2, p3) grasp(o1) put(o1, p2) grasp(o2) put(o2, o1)

Figure 2.2: A Plan Refinement Diagram for an Object Stacking Problem. Where o1, o2 are
objects, and p1, p2, p3 are positions on a table where the objects can be placed. The initial
state is on(o1, p1), on(o2, o1) (objects stacked on p1 with o1 at the base and o2 on top) and
the goal is on(o1, p2), on(o2, o1) (move stack to p2). The middle-level removes a precondition
requiring an object to be grasped before it is moved and the top-level removes a precondition
preventing objects with another object on top of them being moved. The top-level classical
plan puts o1 onto p2 immediately (despite that o2 is on top of it) and then puts o2 on top
of o1. In the refinement at the middle level, o2 first needs to be taken from the top of o1
with the additional pink put action before o1 can be moved. In the refinement at the ground
level, all actions then require one of the proceeding orange grasp actions to enable them.
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2.4 Answer Set Programming

Answer Set Programming (ASP) is a declarative non-monotonic logic programming paradigm.

It is well established as a prominent technique for knowledge representation and reasoning,

and is particularly effective for combinatorial optimisation problems with large knowledge

bases (Kaminski, Schaub, and Wanko, 2017). Its successfulness is typically attributed to the

generality, expressiveness, and elaboration tolerance of the modelling language, and to the

now widespread availability of highly efficient solvers (Gebser, Leone, et al., 2018).

The central concept is to represent a problem as a logic program, whose models, called

answer sets, are the solutions to that problem (Gelfond and Lifschitz, 1988; Lifschitz, 2008).

Such a problem is defined declaratively; whereby one defines only its rules and constraints,

and the manner of searching for a solution is left unmentioned. ASP solvers can then find

solutions to any given problem in a general way4 (Gebser, Maratea, and Ricca, 2019).

In contrast to first-order logics, the non-monotonic logic used in ASP can support

reasoning about unknowns (lack of support for truth does not necessarily imply falsehood)

and the ability to update beliefs as new knowledge is gathered and integrated into a program

(Gebser, Janhunen, et al., 2015). In ASP, the logical connective not symbolises negation as

failure (naf ), also called default negation. Unlike classical negation, which stands for “p is

false”, naf stands for “there is no reason to believe p is true” (this is consistent with p being

false or unknown) (Clark, 1978). This supports defeasible processes, such as abductive and

commonsense reasoning, where defaults and assumptions can be used to resolve inconsisten-

cies resulting from uncertain or incomplete knowledge (Gelfond and Lifschitz, 1991).

Note 2.4.1 The reader does not need a deep understanding of ASP or non-monotonic logic

to understand the content of this thesis. The overview presented in this section, and a basic

understanding of first-order logic, discrete mathematics, and set theory, will be sufficient.

4This thesis is not concerned with the specifics of how ASP solvers work, or their history/development;
it is only concerned with how they can be used to solve complex problems efficiently and in a general way.
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2.4.1 Syntax and Semantics

An ASP logic program Π contains a set of logic rules of the abstract form head←− body . An

answer set of a program is a set of atoms ζ = {a1, ... , aq} which simultaneously satisfy all

program rules. Whereby, if rule’s body is satisfied, then so must its head. If a program has

an answer set it is satisfiable, otherwise it is unsatisfiable (Gelfond and Lifschitz, 1988).

The body of a rule is a (possibly empty) logical conjunction and the head is either;

empty, a single atom, a disjunction of atoms, a choice set, or an aggregate (Calimeri, W.

Faber, et al., 2012). The following are the general forms of all standard types of rules:

a0 ←− (2.2)

a0 ←− a1, ... , an, not an+1, ... , not ao (2.3)

a0 | ... | am ←− am+1, ... , an, not an+1, ... , not ao (2.4)

{a0, ... , am} ←− am+1, ... , an, not an+1, ... , not ao (2.5)

#agg c1 {a0, ... , am} c2 ←− am+1, ... , an, not an+1, ... , not ao (2.6)

←− a1, ... , an, not an+1, ... , not ao (2.7)

Where a is an atom of form p(t1, ... , tr) or its classical negation ¬p(t1, ... , tr), p a predicate of

arity r, and t a term. A term is a constant, variable, integer-valued mathematical expression,

or function symbol. A constant is either an integer or a lowercase string, and a variable is an

uppercase string. A function symbol is a symbol d(t1, ... , tr). Predicate and function symbols

will be abbreviated to p(t̄r) and d(t̄r) respectively, where t̄r is a r-length vector of terms. The

atoms a0, ... , am are the head atoms of the rules, and am+1, ... , an and not an+1, ... , not ao

are positive and negative body literals, respectively (a literal is negative iff naf negated).

The notation #agg denotes an aggregate head, where #agg ∈ {#count,#sum} expressing

cardinality and weight constraints, and c1 and c2 are upper and lower bounds (see Dell’Armi

et al., 2003 and Page 31 Gebser, Kaminski, Kaufmann, Lindauer, et al., 2022b).
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A rule with a head atom and no body is a fact (2.2), all answer sets must satisfy its

head as the body is always satisfied. A rule with exactly one head atom and at least one

body literal is a normal rule (2.3), an answer set must satisfy its head if its body is satisfied.

Where intuitively (but informally), a positive literal or head atom is satisfied iff it is in the

answer set ai ∈ ζ, and a negative literal is satisfied iff it is not in the answer set ai /∈ ζ.

In planning, normal rules may be used for example to define action effects, e.g. the axiom

“when a robot moves its location changes”. A rule with multiple head atoms, is either a

disjunctive rule (2.4) where the | denotes “exclusive or” such that exactly one of the head

atoms must be satisfied if the body is, or it is a choice rule (2.5) where any sub-set of the

atoms {a0, ... , am} (including the empty set) can be satisfied if the body is. An aggregate

rule (2.6) is essentially a cardinality or weight constrained choice rule. A rule with no head

atom and at least one body literal is an integrity constraint (2.7), no answer set can satisfy

its body as the head can never be satisfied. In planning, an integrity constraint may be used

as state constraints, e.g. the axiom “two objects cannot be in the same place”.

Finding Answer Sets

Finding the answer sets of an ASP program is typically done in two steps; grounding and

solving. In program grounding, all non-ground rules (containing variables) are replaced by

ground versions by substituting the variables with constants, obtaining a ground program

which can be solved. The ground program is typically of between polynomial to exponential

size with respect to the original non-ground input program. In program solving, a search is

then ran to find answer sets that satisfy the set of ground rules. Solving ASP programs to

compute answer sets is founded upon the concepts of Boolean Constraint and Propositional

Satisfiability (SAT) solving, and based upon the classical Davis-Putnam-Logemann-Loveland

(DPLL) (Davis, Logemann, and Loveland, 1962) procedure, but current modern solvers now

employ conflict-driven solving procedures (Gebser, Kaufmann, and Schaub, 2009) based on

Conflict-Driven Clause Learning (CDCL) (Marques-Silva and K. A. Sakallah, 1999).
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This thesis uses the modern ASP system Clingo series 5 (Gebser, Kaminski, Kauf-

mann, and Schaub, 2014) which integrates the Gringo series 5 grounder and the Clasp series

3 solver. Clasp supports parallel search via shared memory multi-threading (Gebser, Kauf-

mann, and Schaub, 2012b), and parallel prioritised optimisation of disjunctive logic programs

(Gebser, Kaminski, Kaufmann, Romero, et al., 2015). Clingo provides an API with bind-

ings in C, C++, Lua and Python, giving imperative control over the grounding and solving

processes (Gebser, Kaminski, Kaufmann, Lindauer, et al., 2022a; Kaminski, Schaub, and

Wanko, 2017); this enables incremental (multi-shot) solving capabilities (Gebser, Kaminski,

Obermeier, et al., 2015; Gebser, Kaminski, Kaufmann, and Schaub, 2019), allowing program

groundings to be re-used and successively expanded with additional knowledge.

Examples of ASP Programs and their Answer Sets

The following are some minimal sufficient examples of ASP programs and their answer sets.

Where a program is written as a set of rules and a dot “.” terminates each rule.

The program {a.} is satisfiable and has one answer set {a}, because a is a fact. The

program {b←− a. a.} containing a normal rule, is satisfiable and has one answer set {a, b}, be-

cause b can be derived from a. Removing a, the program {b←− a.}, is also satisfiable and has

one answer set { }, but this is the empty set because b cannot be derived since a is not known

to be true. The program {←− b. b ←− a. a.} containing an additional integrity constraint, is

however unsatisfiable and therefore has no answer set, because deriving b from a would violate

the integrity constraint. The program {{b} ←− a. a.} is satisfiable and has two answer sets

{a, b} and {a}, this is because deriving b from a is a choice, and therefore can, but does not

have to be present in an answer set. The program {←− b. {b} ←− a. a.} is satisfiable but now

again only has one answer set {a}. The program {a(V )←− b(V ). b(1). b(2).} containing vari-

ables (non-ground rules), is grounded to the program {a(1)←− b(1). a(2)←− b(2). b(1). b(2).}

(with variables expanded), is satisfiable and has one answer set {a(1), a(2), b(1), b(2)}.
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2.4.2 Classical Planning with ASP

ASP is highly applicable for discrete deterministic planning because it supports the complex

reasoning capabilities (such as deriving the indirect effects of actions, reasoning about state

constraints, or dealing with recursive relations) and can handle the large amounts of facts

and relations, that must be dealt with by a planning agent. Conversely, these can be very

difficult to manage in imperative programming languages such as C++ or Python.

In ASP, a planning domain is modelled axiomatically, as a program declaring only

the physical laws that govern the dynamic domain the robot operates in. This allows the

robot to reason for itself about how it can act upon and transition the state. A classical ASP

planning problem can then be obtained by adding an initial state and goal condition to the

program. The solver searches for a plan that satisfies the domain laws, and transitions from

the initial state to some goal state (solving the planning problem), using general heuristic

methods (Gelfond and Kahl, 2014a). For example, consider the simple planning domain:

{move(Robot, Room, I)} ←− (2.8)

in(Robot, Room, I)←− move(Robot, Room, I) (2.9)

←− move(Robot, Room1, I), in(Robot, Room2, I − 1), (2.10)

not connected(Room1, Room2)

←− not#count 1 {in(Robot, Room, I)} 1 (2.11)

←− in(Robot, Room1, I), in(Robot, Room2, I) (2.12)

{in(Robot, Room, I)} ←− in(Robot, Room, I − 1) (2.13)

These specify an action schema (where I denotes time) such that: the robot can plan a move

action that changes its location only between rooms connected to the room it is currently

in (rules 2.8-2.10), the robot must be in some room at any given time but cannot be in two

rooms at once (rules 2.11-2.12), if it does not move it stays in the same room (rule 2.13).
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The paradigm is therefore unlike classical rule based expert systems. The program

rules do not tell the robot what to do or how to do it, but instead tell it what it can do,

what its capabilities are, and what constraints its domain imposes upon it. This axiomatic

modelling allows compact expression of complex dynamic domains in an intuitive manner,

including those with many interacting constraints, in a way that allows new knowledge to be

added without having to modify existing knowledge5. A robot equipped with such a model,

then has the capacity to generalise from these axioms to solve arbitrary problems without

the need to express the search strategy or obtain a domain-specific heuristic.

Classical planning with ASP has proven effective in many applications (Esra Erdem,

2016; Grasso, Leone, and Ricca, 2013), such as; robotics (Erdem and Patoglu, 2018), health-

care (Dodaro, Galatà, et al., 2018; Erdem, Erdogan, and Öztok, 2011; Gebser, Guziolowski,

et al., 2010) and industry (Falkner et al., 2018). This includes; planning and monitoring for

simulated teams of house keeping robots (Aker, Patoglu, and Erdem, 2012), a delivery robot

system built on an ASP extension of the Robot Operating System (ROS) (Quigley et al.,

2009; Andres, Obermeier, et al., 2013; Andres, Rajaratnam, et al., 2015), coordinating teams

of unmanned aerial vehicles (Balduccini, Regli, and Nguyen, 2014), general PDDL planning

(Dimopoulos et al., 2017), and real-world service robots (Khandelwal et al., 2017).

Despite their success, existing approaches to planning using ASP have continued to

prove intractable for problems with very long minimal plan lengths (see Jiang et al., 2019

for a thorough empirical evaluation of the performance of ASP based planning). Whilst

ASP performs well on highly constrained problems (where the constraints of the problem

can be exploited to eliminate large amounts of the search space), the size of the ground

logic program always explodes exponentially in the length of the plan. In contrast, classical

heuristic planners tend to perform better for problems with long plan lengths6, but are less

effective at handling large problem descriptions and are less expressive than ASP. Notably,

5E.g. expanding the above to allow object manipulation, does not require changes to the current rules.
6Note that it is difficult to directly compare classical ASP planners with heuristic planners (based on the

PDDL) since they use different encodings (it is hard to define the exact same problem) and search strategies.
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classical heuristic planners lack the capacity to express state constraints. The other main

flaw of ASP is its poor performance when dealing with action costs, and its inability to

handle continuous costs. ASP is therefore typically only effective for problems where the

primary criteria for plan quality are the length of and quantity of actions in a given plan7.

2.4.3 Search Strategies for ASP based Planning

There are two ways to search for a solution to a planning problem represented by an ASP

program: one-shot and incremental (sometimes called multi-shot) search.

In one-shot search, the ASP grounder and solver are called only once. The maximum

search length must be pre-defined and fixed prior to search, to obtain a finite-sized grounding.

One-shot search is easy to implement, but the fixed search length is problematic for two

reasons: a) the plan length that solves a given problem is not known and hard to predict

before search, and b) optimisation is needed to guarantee the minimal length plan is found.

If the search length is less than the minimal plan length, then the planner will fail, and the

program grounding cannot be re-used for another solve (with a longer search length).

Incremental search allows the ASP grounder and solver to be called multiple times,

by incrementally expanding the program grounding, therefore removing the need to know or

predict the maximum search length. Search starts with a search length of 1 and increases

to some limit k ∈ N : k ≥ 1. For each step i ≥ 1, the program is then solved to check

for a solution of that length. At the first step where the program is satisfiable, the planner

returns having found the guaranteed minimum length plan8 (without optimisation). Because

the program grounding is re-used and expanded only to the minimum search length, this

ensures a minimum size grounding and overall grounding time. However, the implementation

is more complex, requiring extra imperative code to control the incremental solve.
7If other quality criteria are needed then they must be expressed as a discrete preference relation over

actions (since enforcing a preference relation can be reduced to a combinatorial optimisation problem).
8This is conceptually very similar in nature to how an iterative deepening depth-first search works.
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2.4.4 Hierarchical Planning and Abstraction in ASP

Representing and reasoning with abstraction hierarchies for HR planning in ASP has seen

attention in the literature, particularly within the context of ASP based “action languages”9.

There exists only a few such publications which are relevant to this thesis. However, these

have provided substantial inspiration and foundations for its core contributions.

Representing Transition Systems at multiple levels of Abstraction

Sridharan, Gelfond, et al. (2019) proposed the REBA system, which represents a planning

domain as two “tightly-coupled” state transition systems simultaneously, both of which could

be used for planning. REBA’s focus was on the state representation, using their (rather

unfortunately named) “refinement” models, written in the action language ALd (Gelfond and

Inclezan, 2013). The system used a domain-specific state abstraction, in which the abstract-

level was a “coarse” resolution model, and the original-level a “fine” resolution model, of the

domain, each connected by a many-to-one upwards state space mapping called “bridging

axioms”. This allowed for example, a representation in which rooms are defined as being

composed of a set of cells. Whereby, at the coarse level, the location of objects is considered

only relative to what room they are in, and at the fine level, the location is considered

relative to specifically what cell of the room they are in. This creates an abstraction which

reduces the quantity of possible states, without entirely deleting properties of the state

representation. Sridharan, Gelfond, et al. (2019) showed that ASP can model more powerful

state abstractions than those common in most heuristic and HR planners.

The nature of planning in REBA is quite different to HR planning. ASP is not used

directly to refine plans. Instead the technique is to find a coarse resolution ASP plan and then

use probabilistic decision making to implement each abstract action at the fine resolution10.
9An action description language (Gelfond and Lifschitz, 1998) is a high-level natural language notation

for ASP programs used for describing state transition diagrams of dynamic systems (Babb, 2015).
10This extended similar past work (S. Zhang, Sridharan, and Wyatt, 2015; S. Zhang and Stone, 2017).
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This allows navigation planning to be broken down to finding a coarse ASP plan between

rooms, which is then refined to a fine probabilistic plan between the cells of those rooms.

The system, only supported a two-level hierarchy, primarily because abstraction levels

were not represented quantitatively or explicitly within predicates. Instead the prefixes

“course” and “fine” had to be manually added to function symbols representing state literals.

Further, REBA’s abstractions were defined only by relations between entity constants, and

not their class types. As a result, all abstract domain laws for the coarse resolution had

to be re-written manually. REBA’s creators claim that it would be possible to extend their

theory to representing more than two levels. However, this would imply some ability to refine

ASP based plans at the higher levels, since probabilistic decision making can only occur at

the lowest level. No clear mechanism or semantics for either such technique was provided.

Unfortunately, the available code snippets for REBA do not fully implement the proposed

system and do not correspond to the theory. ASP planning occurs only at the fine level,

whilst the coarse level is entirely defined in terms of the fine, which cannot be acted upon

by the agent. Moreover, no mechanism for changing the level at which planning occurs is

obvious, without having to manually rewrite large amounts of the provided code.

Constraint Based HR Planning with Action Language BC

S. Zhang, F. Yang, et al. (2015) used a three-level abstraction hierarchy written in the action

language BC (Lee, Lifschitz, and F. Yang, 2013) for HR planning in a logistics domain. A

novel constraint addition based approach to abstract plan refinement was used, in which

abstract actions “bottlenecked” search whilst solving the original problem. This was done by

encoding abstract action effects as integrity constraints that must be achieved before fixed

time steps during plan refinement. Resultantly, abstract actions did not have to be included

in more concrete plans, and the planner was able to replace them with better quality actions

found during plan refinement. The method first generates a plan at the most abstract level
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of 1, and then refines that plan in ascending order, until the most concrete level of 3 is

reached11. S. Zhang, F. Yang, et al. (2015) propose two algorithms: PlanHG, which refines

all actions in the abstract plan in one call by satisfying all state constraints simultaneously;

and PlanHL, which refines each abstract action separately by recursively calling the planner

in a depth-first manner. It is claimed that this technique gave “orders of magnitude” faster

planning, for a loss in plan quality of only approximately ≈ 11.25% on average.

S. Zhang, F. Yang, et al. (2015) proved that hierarchical plan refinement and prob-

lem division for HR in ASP is possible. Their primary contribution is the effectiveness and

flexibility of the constraint based plan refinement technique, which significantly reduces over-

all planning time whilst maintaining good plan quality. Unfortunately, they only support

sub-problems that refine single abstract actions (causing exaggeration of the dependency

problem) and they failed to leverage problem division for online planning. The major flaw

with their theory was however, that it required the pre-computation of a step bound esti-

mation function. This function was used to determine the time step by which each abstract

action effect must be achieved in a refined plan. This function requires the maximum length

of a refined sub-plan for all abstract actions in a given problem to be known prior to plan-

ning12, which appears to require generation of all possible state transitions over all levels

in the hierarchy. This would clearly be intractable to compute for any non-trivial problem.

The cost of obtaining this function is unfortunately not included in the results.

There is also no description given of how the abstraction hierarchy is represented

or constructed. This implies that a separate ASP encoding is used for each abstraction

level, but this cannot be verified as the encoding is not provided. They further appear to

have designed their abstraction hierarchy in a reverse manner, that is, they have started by

choosing a well performing abstract model, and then designed more concrete models that

are appropriate for the abstract model. However, this is counter intuitive, as an abstraction

11This is the opposite of how an abstraction hierarchy is usually defined, typically the highest level is the
most abstract level, and hierarchical planning progresses in descending order (i.e. from top to bottom).

12They refer to this as the minimal number of steps needed to optimally achieve the effects of the action.
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hierarchy should be constructed in an upwards manner. One must start with a model of the

actual practical problem to solve, and abstractions should be created to simplify its solving.

Finally, since no mapping was used between the state representation at different levels of

the hierarchy, the integrity constraints defining the effect of abstract actions must also be

present in the original model, limiting state abstractions to only those that remove state

variables, and preventing those that modify them (such as REBA’s models).

Unfortunately, since no implementation, complete domain and problem encoding, and

no methodology for generating or storing their critical step bound estimation function, was

published with the work, it has not been possible to directly continue this research.

Generating Generalised Plans by Abstraction under ASP Semantics

Saribatur (2020) and Saribatur and Eiter (2018a) explored abstraction for ASP based plan-

ning in the context of the computation of generalised abstract plans which “get to the essence

of a problem [...] by disregarding irrelevant details and computing abstract plans [...] with

the potential to understand the key elements of a [ASP] program that play a role in finding

a solution [to a planning problem]”. Their discussion focuses on: a) the concept of relevance,

whereby irrelevant details must be removed from a problem to keep its complexity manage-

able; and b) the notion of generalisation, in which the common and distinguishing properties

of objects are used to group or split them apart in the reasoning process to further manage

complexity and ease abstract reasoning. Saribatur (2020) claim their method is close to the

human use of abstract thinking for problem solving, which is core to efficient planning.

As an example of the theory, consider a blocks world problem with multiple tables and

sets of blocks to be stacked, encoded as an ASP program. A problem-specific abstraction can

be formed over object constants (entities) by generating an abstract program, which groups

together all tables that are not part of the goal (and therefore irrelevant to the problem), into

one constant. This would allow abstract planning to avoid considering all irrelevant tables
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in detail, reducing the problem description size. Saribatur and Eiter (2021) then propose

an abstraction mapping which links all atoms in the original and abstract ASP programs.

This method allows abstract plans to be linked to their refinements directly through their

actions (which requires also abstracting over the time domain). The work of Saribatur and

Eiter (2021) is however only theoretical and has not been implemented. Yet, its foundations

on previously implemented abstractions for ASP programs (Saribatur, Schüller, and Eiter,

2019; Eiter, Saribatur, and Schüller, 2019) supports the soundness of the theory.

2.5 Summary

ASP has been proven highly appropriate for representing and solving discrete deterministic

planning problems. ASP is effective for problems with many complex interacting constraints

and large problem descriptions. Unfortunately, ASP based planning is fundamentally limited

because it performs quite poorly for problems with very long minimum plan lengths.

Hierarchical planning, problem decomposition, and the use of abstraction, are highly

prominent in many aspects of the research on automated planning, and have been proven

as powerful tools in reducing complexity of problem solving. Past research has attempted

to combine ASP based planning with these techniques to overcome its limitation. This has

shown that ASP is appropriate for representing hierarchies and reasoning with abstractions,

and that HR planning can be elegantly achieved in ASP via a constraint addition approach.

However, existing approaches have been obscure, impractical, and had poor generality.

This thesis proposes and fully implements the HCR planning paradigm, a novel ap-

proach for combining ASP and HR planning. The core goals are to overcome the limitations

of past works and improve the speed, performance, versatility, and scalability of ASP based

planning towards being effective for practical applications. The first section of the following

chapter describes the specific details of how HCR planning improves upon past work.
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Fundamentals of HCR Planning

This chapter introduces the core fundamental theoretical foundations used in Hierarchical

Conformance Refinement (HCR) planning. The design is described and exemplified in the

context of the implementation contributed by this thesis, the Answer Set programming based

Hierarchical conformance refinement planner (ASH), introduced in Section 1.3.4.

3.1 Preliminary Definitions and Terminology

In classical planning, a plan is a single linear finite-length sequence of discrete actions. Such

a plan is henceforth called a monolevel plan. In HCR planning, plans are also arranged in

hierarchies, consisting of multiple monolevel plans at different levels of abstraction. Such

an arrangement is called a hierarchical plan. The structure of hierarchical plans is such

that; higher levels contain short and generalised actions and plans, and lower levels contain

longer expanded and more specialised actions and plans. The ground-level plan is the desired

solution to the original planning problem, which is executed by the robot(s). The objectives

are to, minimise the time taken to find and maximise the quality of, the ground plan.

A classical plan is always complete, whereby it starts in the initial-state and must

achieve the goal. The single “end” goal used in classical planning will henceforth be referred

to as the final-goal. This is because HCR planning is also enriched with sequences of sub-goal

stages. These are intermediate goals, which must be achieved by a plan in the correct order,

towards the path to the final-goal. Resultantly, HCR problems and plans can also be partial.
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That is, a partial-plan can solve only part of the complete problem, because a partial-plan

can achieve only a sub-sequence of the sub-goal stages. Complete refinement plans achieve

the final-goal from the initial state, and also pass through a sequence of intermediate states

that satisfy the sub-goal stages in order. Partial refinement plans do not have to start in the

initial state or reach the final-goal. They can start from any sub-goal stage achieving state,

and end in any later sub-goal achieving state, progressing the planner partly towards the

final-goal. A sequence of partial-plans can then be concatenated to form a complete plan.

HCR planning therefore occurs over two axes; the vertical and the horizontal. The vertical

axis represents the descending progression of abstract plan refinement over the abstraction

hierarchy (from top-to-bottom), and the horizontal axis represents the ascending progression

of partial-plan extension along the sub-goal stage sequence (from left-to-right).

3.2 Novelty of HCR over Past Work

HCR planning combines the strengths of ASP and HR planning, with the goal to achieve

both generality and speed. It overcomes the significant limitations of existing HR planners,

including those implemented in ASP, whilst generalising the concept to support rapid online

planning. The following details the novel contributions of HCR over past work in depth.

Previous HR planners such as ABSTRIPS and ALPINE (discussed in Section 2.3.2)

refined abstract (skeleton) plans based on achieving preconditions of abstract actions. This

limited them to using abstractions based only on the removal of action preconditions, and

supported only single-action refinement sub-problems. HCR planning instead refines abstract

plans based on achieving the effects of abstract actions, a process enforced by the conformance

constraint. This is a planning constraint that require a refined plan to achieve the same effects

and remain structurally similar to an abstract plan. The conformance refinement method is

inspired by past work on constraint based HR planning in ASP (discussed in Section 2.4.4).

This past work did allow constraints other than preconditions to be removed in abstractions,
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and supported state abstractions. However, the rigid integrity constraint based method

that guided plan refinement caused three main problems: it a) only supported single-action

refinement sub-problems; b) required a constraint on the achievement time of abstract action

effects to be pre-calculated prior to plan refinement; and c) only supported abstractions that

removed, but not modified or generalised, problem constraints, actions, and state variables.

The following section details how the conformance constraint overcomes these limitations.

3.2.1 Refinement Based on Conformance Constraints

HCR planning proposes a fundamentally novel mechanism of plan refinement and problem

division. In past HR planners, a complete abstract plan that achieves the final-goal was only

generated at the most abstract level. Abstract plans were then refined directly, whereby the

refinement process required inserting new actions to satisfy any previously ignored problem

constraints. This required the same actions to exist in the abstract and original models, and

only allowed refinement planning to expand plans by adding actions. In HCR planning, a

complete plan (possibly by concatenating multiple partial-plans) that achieves the final-goal

is generated at all levels. Abstract plans are refined by conformance, whereby abstract action

effects are passed as sequences of sub-goal stages to refinement planning. The refinement

process requires generating a completely new plan that both achieves the final-goal, as well

as the sequence of sub-goal stages in the same order as the actions that produced them, on

the path towards the final-goal. This approach is more flexible, because it only tells the

planner what needs to be achieved, and in what order, rather than forcing the planner to

include particular actions in a plan refinement. In addition, it removes the need to apply

fixed constraints on the achievement time of abstract action effects. By introducing a state

abstraction mapping over state variables, action and state abstractions can change the entire

problem representation used in an abstract model. This means that completely different

actions can exist in the abstract and original models, allowing refined plans to expand in

length, and existing actions to be specialised into or replaced by more detailed variants.
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The primary novel contributions of the conformance constraint are:

• High quality satisficing planning : The flexibility provided by the goal-sequence enables

the interleaving property. This allows the simultaneous consideration and pursuit of

sub-goal stages included in the same problem. The interleaving property enables the

achievement of earlier sub-goal stages in the same problem to be delayed, to better

prepare the resulting state for achieving later sub-goal stages sooner, if doing so reduces

overall plan lengths. The dependencies that were highly exaggerated by existing HR

planners are therefore heavily alleviated. The goal-sequence used in HCR planning

also removes the restriction where each individual abstract action had to be refined as

a separate sub-problem, and makes problem division optional, as follows:

– When problems are not divided, a complete refinement problem is solved. Whereby,

all abstract actions are refined simultaneously and a global problem is considered.

Dependencies between sub-goal stages are thus entirely eliminated, by allowing

global interleaving, increasing search efficiency for little loss in plan quality.

– When complete problems are divided, they can be broken into partial-problems,

each refining a contiguous sub-sequence of sub-goal stages, thus still constituting a

multiple action refinement problem. However, a series of local problems must now

be considered, and dependencies are only partly alleviated, since only dependent

sub-goal stages in the same partial-problem are allowed to interleave. Conse-

quently, solutions to partial problems can be non-optimal, since the last sub-goal

stage in a partial-problem is “greedily” achieved, without consideration for the

requirements of sub-goal stages in later partial-problems or the final-goal. This

can cause later partial-plans to unachieve components of the final-goal achieved

by earlier partial-plans, reducing the quality of the refined plans. However, a gen-

eral heuristic mechanism is employed, which biases planning during early partial-

problems to pre-emptively achieving final-goals where possible. This helps to

achieve better quality partial-plans, as they are extended to the final-goal.
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• Rapid online planning : Complete refinement planning improves the planning speed

only from the restriction on the search space provided by the conformance constraint.

Online partial refinement planning gains much greater speed by reducing the minimum

plan length of each partial-problem linearly, and thus their complexity exponentially.

By initially only generating a partial-plan at each level also allows the planner to rapidly

propagate to the ground-level. A robot can begin execution with just the first partial-

plan, which can then be extended to the final-goal online (during execution). This can

reduce execution latency and total planning times exponentially as follows. Let the

complexity of a complete planning problem be O(bd) where b is the average branching

factor and d is the plan length, which is exponential in d. Then partial-planning can

reduce the complexity to O(n ∗ bd/n) where n is the number of partial-problems. This

is equivalent to O((d/p) ∗ bp) where p = d/n is the average partial-plan length, which

is linear in d, if n increases proportionally so that p remains constant given d.

• Support for concurrent action planning : Concurrent action planning allows more than

one action to be planned per time step. This can occur if a set of actions, which would

form a sub-sequence in a sequential action plan, are arbitrarily ordered, whereby their

order could be permuted and still be a valid plan. HCR provides a set of general con-

straints to handle concurrent action planning. This is beneficial because it compresses

plan lengths and thus may reduce planning complexity and time. Moreover, because

it does not impose a strict ordering over achieving the effects of arbitrarily ordered

actions, it provides flexibility to plan refinement, which may increase plan quality.

3.2.2 Generalised Hierarchy Representation

HCR planning aims to support a large variety of abstract domain models, to make the

approach appropriate for as wide range of domains and problems as possible. To support

action and state abstractions able to modify actions, state variables, and domain laws,
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Sridharan, Gelfond, et al. (2019) and Saribatur (2020) propose different methods of mapping

together arbitrarily different plans between abstractions. HCR planning instead introduces

a new state abstraction mapping between state variables in different domain models. This

maps actions of an abstract plan to those of their refined plans through their effects (encoded

as sub-goals), and never directly through actions. The mappings allow reasoning about

the achievement of sub-goals defined by an abstract state representation, even when an

action or state abstraction is used. Such an abstraction can modify actions, state variables,

and domain laws, such that the abstract representation is entirely different to the original.

The hierarchical representation of HCR therefore supports any abstract model to which a

deterministic and exhaustive state space mapping exists, whereby each original state maps

to exactly one abstract state, and each abstract state is mapped to from at least one original

state. This greatly increases the generality of HCR over previous HR planners.

HCR planning can support an arbitrarily large abstraction hierarchy and allows the

entire hierarchy to be represented by one ASP program. This is because, unlike previous

systems, abstraction levels are represented explicitly and quantitatively in predicates repre-

senting actions, state, and domains laws. Any action, state variable, or domain law that is

not modified, replaced, or removed in an abstract model, is preserved implicitly, and has its

abstract version generated automatically from the non-ground ASP program, without the

need to manually re-write it. The planning algorithms can then automatically ground the

hierarchy at any abstraction level to use any domain model(s) needed for planning.

This thesis further contributes condensed abstract domain models, as introduced in

Section 1.3.2 and discussed further in Section 3.5.2. They apply action and state abstractions

that automatically modify actions and state variables for the abstract model, to increase the

granularity of the representation. Condensed abstract domain models extend past literature

(Sridharan, Gelfond, et al., 2019), primarily to ease the specification of the models through

a class-based relation. This relation enables the abstract generalized versions of the actions,

state variables, and domain laws in the condensed model to be generated automatically.
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3.2.3 The Operational Modules of ASH

ASH is designed to be modular to promote extensibility. The operational modules of ASH are

its domain-independent ASP parts. The modules can solve any hierarchical planning domain

or problem given to ASH in a general way. The modules include constraints that define how

the search for plans occur in a declarative manner. These constraints are called planning

constraints, as they are general definitions for what constitutes a state, state transition, and

a plan. They differ from problem constraints, which are definitions for the nature of and

what constitutes a solution to a specific planning problem. This design greatly reduces the

implementation complexity of the necessary imperative search and control algorithms1.

ASH is built in Python and the Clingo ASP system (Gebser, Kaminski, Kaufmann,

Lindauer, et al., 2022b; Gebser, Kaminski, Kaufmann, and Schaub, 2014). This obtains a

light-weight and highly portable planner, which combines the declarative KRR and general

problem solving power of ASP, with the clear and concise imperative control of Python

through the Clingo API (Gebser, Kaminski, Kaufmann, Lindauer, et al., 2022a). For the

purposes of this thesis, Clingo gives two particularly powerful features of interest:

1. Incremental solving : which allows planning when the maximum planning horizon (min-

imum plan length) is not known2 (Gebser, Kaminski, Kaufmann, and Schaub, 2019).

2. Selective grounding via program parts : which allows modularisation, parameterisation,

and dynamic modification (during incremental solving), of generalised ASP programs.

The operational modules of ASH are program parts which group together the ASP

rules that define how HCR planning works based on their function. Most importantly, these

rules encode the definitions of what it constitutes for a plan to be the solution to a classical

or conformance refinement planning problem3. The modules function as follows:
1Usually, in classical planners, the search algorithm is written entirely imperatively, which can cause

proliferation in code complexity and reduction in elaboration tolerance as features are added to the planner.
2See Section 2.4.3 for a brief explanation of the benefits of incremental ASP solving over one-shot solving.
3These definitions are presented later in Section 3.6 and the rules of the modules in full in Section 4.4.
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1. Instance Relations Module (IRM): Creates the instance relation constraints, contain-

ing type constraints and ancestry constraints. These control what entity constants

replace variables occurring in rules. In particular, it ensures the correct and automatic

generation of the abstract domain laws of condensed domain models.

2. State Representation Module (SRM): Ensures that the state representation is always

complete and valid. When refinement planning, it ensures the state is simultaneously

represented over an adjacent pair of abstraction levels, allowing reasoning about con-

formance with abstract plans containing action or state abstractions.

3. Plan Generation Module (PGM): Generates actions, ensuring state transitions are

legal, and plans are “classical complete” whereby they achieve the final-goal. Further,

it contains the general concurrency conditions, that define when a set of actions can

be planned on the same time step (this is desirable because it compresses plans and

better represents the ordering constraints over the actions in a plan).

4. Conformance Refinement Module (CRM): Ensures that refined plans conform to the

abstract plan from the previous adjacent abstraction level which it refines, by gener-

ating and enforcing the conformance constraints. This requires that plans are “confor-

mance complete” whereby they achieve all included sub-goal stages in order.

5. Optimal Planning Module (OPM): Optimises plans under two metrics of plan quality;

the minimisation of the number of actions during concurrent action planning, and

maximisation of pre-emptively achieved final-goals during online planning.

6. Final-Goal Generation Module (FGM): Generates a conforming final-goal definition

across the whole abstraction hierarchy from only a ground-level specification. This

therefore ensures that all plans at every level correctly end in a state where all state

literals in the final-goal map to each other. This avoids the need for the designer to

manually specify the final-goal individually at every level. The module also helps to

diagnose problems in the specification if a consistent final-goal cannot be found.
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3.3 Appropriate Domains for HCR Planning

A domain and problem are appropriate for HCR planning for a meaningful abstraction of

them can be formed. HCR planning is therefore designed for complex problems with many

complex interacting constraints. These are the problems that promote the use of abstrac-

tions, because abstractions are effective for simplifying reasoning about and accounting for

those constraints. It is important to note that the nature of the abstraction hierarchy must

currently be specified manually by a human designer. This may be a significant knowledge

engineering challenge, since it is likely that the most appropriate abstraction hierarchy will

change substantially between different domains of interest. The proposed framework, logic

encoding, and provided implementation, seek to help to ease this task significantly.

The idea is that abstract planning should deal with only the most fundamental con-

straints of a problem. This allows the planner to form an abstract solution which represents

some meaningful ordering over achieving the core stages of a plan that can solve the original

problem (under its full constraints). The sub-goals should tell the planner not only how

to achieve the final-goal, but how to “approach” the final-goal, by enabling actions that ac-

count for the fundamental constraints of the original problem. Whereby, the desire is that

a plan would still have to take the same path to the final-goal, even if the sub-goals were

not there. Importantly, a meaningful sequence of sub-goal stages are those that cannot hold

simultaneously, and must be achieved in order to reach the final-goal. If the sub-goals can

all hold simultaneously, this indicates that the planning constraints do not actually require

that one sub-goal needs be achieved before the other, and the abstraction is ineffective. The

development of general abstraction hierarchies that would give meaningful sub-goals for any

given planning problem is however a question not within the scope of this thesis.

The following section describes the example and test domain used in this thesis, which

is designed to contain the type of constraints that exist in interesting practical problems,

and are appropriate for HCR planning but also exemplify its current limitations.
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3.4 The Blocks World Plus Example and Test Domain

The Blocks World (BW) is a classic manipulation problem in robotics (Gupta and Dana S

Nau, 1992). The original BW consists of a set of cuboid blocks, that are initially stacked or

scattered on a table. Each block is given a unique number, and the objective is to stack the

blocks into tower(s) on the table in (ascending or descending) numerical order. Whilst simple

conceptually, BW problems are renowned for being challenging to solve, particularly for sub-

goal based planners, mainly because they involve interacting constraints. In particular, a

block cannot be moved if there is another block on top of it, and as a result, the order of

moving/stacking the blocks is critical towards solving the problem in the fewest moves.

Path planning (navigation) and object transportation (logistics) are also typical prob-

lems in robotics (Helmert, 2003). This requires finding the shortest path between locations

whilst carrying cargo. Whilst also simple, this is needed in almost all physical domains.

To demonstrate and experimentally test ASH, a novel extension of the original BW,

called the Blocks World Plus (BWP) domain is proposed. The BWP is a combined manipu-

lation and path planning/transportation problem, where the robot must collect the necessary

blocks from around the domain, before solving the BW part of the problem. The complexity

of the BW part is increased by colouring the blocks, and requiring them to be stacked in

descending order towers of unique colour. The complexity of path planning is increased by

adding doors between certain rooms, requiring the robot to have a free hand to open them.

Figure 3.1c shows the structure of the BWP domain. It is composed of four rooms:

a starting, store, and puzzle room, each divided into two cells, and a hallway divided into

three cells. The dashed lines are connections, which may be blocked by a closed doorway. In

cell 1 of the puzzle room there is a table, with two sides, to stack the blocks on. Four blocks

start on the table in the configuration of Figure 3.1a and two red blocks start in cell 0 of the

store room. The objective is to stack the blocks into the configuration of Figure 3.1b.
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The initial configuration presents a classical reasoning challenge in planning, known

as the “Sussman anomaly” (see Page 398 Russell and Norvig, 2016). This occurs when the

final-goal is naively split into non-interleaved sub-goals, whereby achieving one sub-goal can

cause another to be unachieved. For example, moving block 2 atop block 3, before moving

block 3 from the top of block 1, will prevent block 1 from being moved. Such a predicament

will require the blue tower to be completely rebuilt in order to finish solving the problem.

Talos, an anthropomorphic mobile robot, starts in cell 0 of the starting room. Talos

has two prehensile manipulator arms, each of which is an assembly composed of an extensible

limb and a hand that can grasp objects. To grasp an object, Talos must first extend a limb

and align the hand attached to that limb, with the object. However, due to safety concerns,

Talos is not allowed to move unless, he has first retracted all of his manipulator arms.
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(b) Final-Goal Configuration.
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Figure 3.1: BWP Example Domain.
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3.5 Hierarchical Planning Domains

A hierarchical planning domain is a declarative knowledge base, which describes the physical

properties, laws, and structure of a dynamic domain over an abstraction hierarchy.

Definition 3.5.1 (Hierarchical Planning Domain) A hierarchical planning domain,

defined over the range of abstraction levels4 l ∈ [1, tl], is defined by the tuple:

DDtl = ⟨H tl, Stl, Rtl,M tl−1⟩ (3.1)

Where each element is a finite set of facts or logic rules, the class abstraction hierarchy H tl is

a class typing system for entity constants, the domain sorts Stl declare the actions available

to the robot(s) and the state variables that represent the physical properties of the domain

state, the domain laws Rtl declare dynamic and static axiomatic laws that define how the

domain (and its abstractions) physically behave, the state abstraction mappings M tl−1 link

different state representations between adjacent pairs of abstraction levels in the hierarchy.

Definition 3.5.2 (Domain Model) Every individual level in the abstraction hierarchy is

considered to be a unique planning domain model, defined formally as follows5:

DMpl =


⟨H tl, Stl(pl) ∪ Stl(pl + 1), Rtl(pl) ∪Rtl(pl + 1),M tl−1(pl)⟩ pl ∈ [1, tl)

⟨H tl, Stl(pl), Rtl(pl), ∅⟩ pl = tl

(3.2)

Where if pl = 1 then the model is ground, otherwise it is abstract. If pl = tl then the model is

top-level abstract. For an abstract model at pl > 1, the model at level pl−1 is called its original

model, this is the model from which the abstract was designed. The top-level abstract model

differs from all others because it includes the definition of the domain sorts (which defines

the state representation) at only one abstraction level (defining a classical representation),

4The notation l ∈ [1, tl] and l ∈ [1, tl) denotes l ∈ ([1, tl] ∪ N) : tl ∈ N and l ∈ ([1, tl) ∪ N) : tl ∈ N.
5Where some X l(pl) is simply the sub-set of facts or rules from X l related to the model at level pl.
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whereas all others models include the sorts over a pair of two adjacent abstraction levels,

the abstract and original, simultaneously (defining a refinement representation, explained

in more detail below). All non-top-level original models must include the state abstraction

mapping to its abstract model. Whilst this mapping is needed for refinement planning in

the original model, it is intuitively only defined when creating the abstract model.

3.5.1 Actions and State

A planning domain must provide a representation of actions and state, and the constraints

that underlie them, to allow reasoning about and generation of plans that solve arbitrary

problems in that domain. The following formalises the vocabulary towards this end.

A planned action is one that a robot intends to execute at a given time step and

abstraction level, which usually causes a physical state transition and progresses the robot

towards some goal. A state transition is a change between two different states on successive

time steps at the same abstraction level, caused by the direct and indirect effects of a set

of planned actions. In sequential action planning, exactly one action must be planned on

each state transition until the goal is achieved. Whereas, in concurrent action planning at

least one action must be planned on each state transition. A state is a finite complete set

of state literals that hold simultaneously at a given time step and abstraction level. A state

literal represents the temporal assignment of a state variable from one of its argument tuples

(from its domain) to one of its values (from its codomain). As described previously, a state

variable is a function that describes some property or feature of the domain. Therefore, a

state literal represents its value in a state, at a given time step and abstraction level.

There are three physical laws that underpin all others in maintaining a valid state as

a plan progresses towards some given goal. These are defined in full later in Section 4.4.2.

For now, it is sufficient to understand that these laws function as follows;
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• the continuity constraint keeps the state complete and consistent, where all argument

tuples for all state variables are assigned exactly one value at any given time step,

• the law of inertia prevents state variables changing value unless affected by the robot,

• and the closed world assumption states that anything not known to be true is false.

These laws therefore define what changes and what stays the same when an action is executed.

This allows ASH to focus on concise descriptions of the effects of actions, whereby the result of

an action’s execution is specified only in terms of what changes, and everything else implicitly

stays the same. It is therefore only necessary to specify the positive and direct effects of

actions. Where, the direct effects are fluent state literals explicitly added to the state when

an action is executed, whilst contradictory literals are implicitly deleted automatically6.

3.5.2 Planning Domain Models

A planning domain model serves as a specification for the laws of a domain at a distinct level

of abstraction. They each specify an ASP encoding which describes a unique discrete state

transition system, for some ground or abstract model of the planning domain, which can be

used to reason about planning problems in that model of the domain. Recall that the higher

levels of the hierarchy contain increasingly abstract models, and the lower more concrete.

The abstract models are obtained by removing or generalising problem constraints, or by

applying action or state abstractions. This reduces abstract plan lengths or the description

size of the abstract models of a planning problem. The models therefore create a specification

for a hierarchy of state transitions systems, where higher levels are reductions on the lower,

and whose states (at different levels) are linked directly by the state abstraction mappings.

Where a reduced state transition system has; fewer states (as occurs in state abstractions),

or more possible state transitions (as occurs with relaxed models), respective to the original.
6In planning paradigms, such as PDDL (Ghallab, C. Knoblock, et al., 1998) actions require an explicit

“delete” list (the action’s negative effects, literals removed from the state when an action is executed).
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The state abstraction mapping used in HCR planning exists to allow representation

of any action and state abstraction that modifies the actions and state variables used in the

model, and not just those that remove them. HCR planning can in fact support any abstract

model to which such a state abstraction mapping can be defined. In state abstractions where

the abstract state variables are modified (such as in condensed models described below), the

original level state variables are replaced by different abstract versions of the state variables.

Since conformance refinement requires that refined plans achieve the same effects as the ab-

stract plan they refine, and the effects of the abstract plan may be defined by abstract state

variables which don’t exist at the original level. To reason about the achieving those same

effects therefore requires; maintaining the representation of, and providing the state abstrac-

tion mapping to, the abstract version of the state during plan refinement (linking different

versions of the state variables7). This is why non-top-level models at levels pl < tl (which

can be used for refinement planning) must include the domain sorts (containing available

actions and state variables) and domain laws for both the current refinement planning level

pl and previous abstract level pl+1. This allows the state to simultaneously be represented

over a pair of adjacent abstraction levels called the state representation levels. To achieve

this, any laws containing the special constant sl ∈ {pl, pl + 1} : pl ∈ [1, tl), are expanded to

automatically8 obtain the versions for state representation levels9 pl and pl + 1.

For a correct specification, the states of the transition systems described by the models

must be fully linked, whereby the state abstraction mapping is exhaustive and deterministic.

This is such that all abstract states must be mapped to from at least one original level state,

and all original level states must map to exactly one abstract state. This is important, as it

ensures all abstract states are accessible from some original level state, which is needed to

be able to achieve the same effects of abstract actions during refinement planning10.

7Note that even if a state variable does not change then both copies are persevered in the current theory.
8In past work using abstraction hierarchies in ASP, it was not possible to do this automatically because

abstraction levels were not represented explicitly in predicates used to encode state literals and actions.
9Intuitively, if pl = tl, then this does not occur, because the model is solved by classical planning.

10This requirement does not ensure that all abstract states are reachable in the original model, as the
original level state which links to the abstract might not be reachable in the original version of a problem.
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The BWP domain has three abstraction levels; the ground model (level 1), and two

abstract models: the first (level 2) is a condensed model of the ground, and the second (level

3) a relaxed model of the condensed. These models are described in Sections 3.5.2 and 3.5.2.

The diagram in Figure 3.2 shows the structure of ASH loaded on the BWP domain. Notice

that both the conformance constraints at both levels are defined by the condensed state

representation, but the abstraction mappings are different. Both the condensed and relaxed

(above the condensed) models use the condensed state representation, which is different to

the more detailed state representation used in the ground model. Therefore, both models

generate conformance constraints containing sub-goal stages that are defined by state literals

in the condensed representation. The state abstraction mapping between these two abstract

models is therefore direct and one-to-one. Whereas, the mapping between the ground and

condensed model is many-to-one, from the large quantity of detailed states of the original

model to the smaller quantity of more granular states of the condensed model.
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Figure 3.2: Structure of ASH for the BWP Domain.
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The Ground Model

The ground model is the most detailed model of the domain and problem. It represents the

actual problem to be solved and its solution is the plan sent to the robot for execution. It is

therefore also the level at which the initial state and final-goal is given. When constructing

an abstraction hierarchy, the ground model should always be designed first, and appropriate

abstract models are then designed iteratively “from the ground up”, in ascending order.

The ground model is not the same as the concrete model. The term concrete refers to

the (usually continuous time and space) models used at execution-time by a robot’s low-level

actuator and sensor controllers. The ground model still maintains a level of abstraction over

the concrete; ground-level actions should be the most abstract discrete instructions that can

be understood and directly executed (in a general manner) by the robot’s controllers. It

must therefore be only as expressive as needed, to account for the nature of the domain and

capabilities of the robot, and no more expressive. Irrelevant detail should always be avoided

to minimise complexity and obtain a minimally sufficient description. For example, a grasp

action is typically appropriate for the ground model, because the robot can be equipped with

a specialised algorithm for trajectory control of its manipulator arms, and with dexterous

grasping of arbitrary shaped objects11. In contrast, a single action that commands the robot

to move an object from one location to another is unlikely to be detailed enough, this still

requires some planning to achieve and therefore should be handled by the ground model.

Unfortunately, a ground model that is sufficiently expressive for most general pur-

pose robotics applications (such as service robots) is usually too complex to be manageable

for classical ASP planning. These applications necessitate generality, because they require

handling a very wide range of different problems in a given domain. The abstract models,

abstract planning, plan refinement, and problem division of HCR planning are therefore of

importance, because they reduce problem and domain model complexity in a general way.

11The concrete grasping algorithm may need specific knowledge of the object’s properties to grasp it, but
this should come from the robot’s visual apparatus or external knowledge bases, not the ground model.
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Abstract Models

An abstract model is a simplification or generalisation of its original model and problem.

The effects of actions planned in an abstract model only need to be achievable via actions

from the original model and are not executed in reality. The initial state and final-goal of

the abstract problem is automatically abstracted from that of the original.

When creating an abstract model, one should remove some of the details of the origi-

nal, but preserve its most fundamental constraints. This can greatly reduce abstract planning

complexity and time, by reducing the size of the problem description and/or length of plans,

with respect to the original model. Abstract plans should have a structure that guides search

and allows problem divisions to be made, to reduce planning time in the original model by

more than it takes to find the abstract plan. Recall that a core concept is to break-down a

problem’s constraints by progressively removing them when ascending the hierarchy during

its construction. These constraints are progressively reintroduced when descending the hier-

archy during plan refinement, expanding plans and specialising actions to account for them.

This makes it easier to account for the constraints than considering them all at once.

Finding an effective hierarchy does pose a significant knowledge engineering challenge.

In particular, abstractions must be carefully balanced. If an abstract model removes too

many constraints, its abstract plans might become of too poor quality, not guide search

enough, or not allow meaningful divisions to made, and thus be too difficult to refine. If it

removes too few, it might become too difficult to find its abstract plans. The most effective

abstractions may also vary between domains. However, since abstract models simplify or

generalise their originals, they are typically appropriate for a larger range of problems than

the originals. Abstract plans are therefore also generalisations that can be refined in multiple

ways to solve many different original problems. This makes abstract models general problem

solving tools. However, it also makes it much less clear for; a) the designer to select the best

abstract model to use, and b) the planner to select the best abstract plan to refine.
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Relaxed Abstract Domain Models

Relaxed models are a simple yet often effective technique for creating abstractions of a

planning domain. As such, they are very well established in the literature both for heuristic

search and HR planning (see Sections 2.2 and 2.3.2). A relaxed model of a domain is obtained

by applying simplifications which remove (i.e. relax) the enabling constraints of actions. The

intention is to increase the number of applicable actions per state, by ignoring constraints

that would usually forbid them, and resultantly increase the quantity of connected states.

This makes it easier to find a state that satisfies the final-goal, because fewer actions (and

shorter plans) are needed to achieve, or enable those that achieve, the final-goal.

This thesis uses a specific type of relaxed model which permits only the deletion of

action preconditions, and everything else is preserved. Specifying a relaxed model simply

requires flagging the sub-set of action preconditions to be deleted. The rest of the domain

laws are automatically copied to the relaxed model. The state representation in the relaxed

model is identical to the original, and the state abstraction mapping is trivial to define,

direct, and one-to-one (since state variables map to themselves). Relaxed models of this

form have an important property known as the upward solution property. This property

states that any solution to the original model of a planning problem is also a solution to its

relaxed model. This property holds because the original solution satisfies all constraints of

the relaxed problem, plus those that were deleted to obtain it (J. Tenenberg, 1988).

The relaxed model used in the BWP domain removes all preconditions of locomotive

actions, allowing Talos to move instantly between any two locations with one action (even if

they are not directly connected), and removes a sub-set of the preconditions of manipulation

actions, allowing Talos to grasp objects without having to first extend its manipulators arms.

During plan refinement, a relaxed abstract locomotive action will for example expand to a

sequence of locomotive actions, travelling along a path between the start and target locations

of the relaxed action.
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Condensed Abstract Domain Models

Condensed models apply an action and state abstraction to a planning domain and problem

by removing or generalising actions and state variables. They are a natural and ubiquitous

method for creating abstractions, as the concept comes from how humans describe the world

at different levels of detail. The intention is to reduce both abstract problem description

sizes and plan lengths, by abstracting away related sets of small and detailed entities, called

descendants, and replacing them with larger abstract descriptor entities, called ancestors.

These ancestors represent the combination of a set of their descendants, which are its parts or

pieces (things it is composed of or made from), and which together give the ancestor certain

properties as a whole. This reduces the number of entities needed to express a problem,

resulting in fewer actions, state variables, and therefore fewer states and shorter plans.

Since the state representation in a condensed model is a reduced generalised form of

the original model, the state abstraction mapping is many-to-one. This is because multiple

original level state literals (containing descendent entities) may map to any given abstract

state literal (containing ancestor entities), since ancestors can have multiple descendants.

Whilst condensed models result in a more granular description, the abstraction mapping is

still direct, due to the connection given by the ancestor-descendent relationship. This also

minimises loss of information during plan refinement, because a condensed abstract plan is

a generalisation of an original level plan, and its refinement is (one of) its specialisations.

Condensed models are specified through a class-based relation on the types of entities,

in which a sub-set of original level class types (descendent classes) are deleted and replaced

by abstract classes (ancestor classes)12. The ancestor classes gain an inheritance from all

the super-classes of the descendent class types (called class inheritance overriding). These

12The class based specification of condensed models is conceptually similar to abstractions by analogical
mappings proposed by Tenenberg J. Tenenberg, 1988. However, the key difference is that condensed models
aim to reduce both the number of entities (i.e. constants) needed to express a problem through a class-based
relation, whereas Tenenberg’s abstractions are concerned specifically with reducing the number of class types
(which he refers to as unary sort predicates) needed to express the entities within the problem.
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class overrides therefore specify a logical coordination between two concrete classes, the

ancestor and (one of) its descendent classes (some specific concepts), both of which can be

subordinated to the same abstract class, the super-class of the descendent (some generic

concept). More specifically, the two concrete classes are sub-classes, which are related to

each other by a relationship such that instances of one class are (partially) composed of (a

set of) instances of the other class, and both inherit from and are both more specific than the

abstract super-class. This differs fundamentally from standard inheritance, which is solely a

logical subordination, where one concept is strictly more specific than the other.

The condensed model used in the BWP specifies rooms as the union of their con-

stituent cells, the puzzle table as the union of its two sides, and Talos’ manipulator arm

assemblies as the union of an upper limb and a grasper hand. Specifically, a manipulator

arm assembly is an ancestor, which serves as an abstract descriptor for the combination of

its descendant parts that compose it; an extensible limb, and a hand that can grasp objects.

In the condensed model, the parts are abstracted away, and the arm is viewed as a single

whole which has the abilities to extend and grasp objects, derived from its parts, simplifying

the description. Similarly, a room is interpreted as an abstract descriptor for its constituent

cells. In the condensed model, these cells are abstracted away, and Talos only considers

locations relative to whole rooms. A condensed abstract navigation plan will therefore be a

sequence of move actions between such rooms, and the plan’s refinement will then expand

into a “guided” sequence of move actions between the constituent cells of those same rooms13.

This concept can significantly reduce the reasoning complexity of planning. This is because

the complex search in the original model’s problem space is guided by the requirement to

achieve conformance with the abstract plan. In this case, the requirement to move through

the same rooms as the abstract plan “focuses” search on only the relevant parts of the original

problem space.

13The conjecture is that the existence of a condensed plan, implies the existence of a specialisation of that
plan at the original level, obtained by expanding actions related to ancestors into actions related to their
descendants. Vice versa, the existence of an original plan implies the existence of a generalisation at the
abstract (a contraction of the original plan). However, this is not formally proven, and left to future work.
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3.5.3 Refinement Trees

Refinement trees are structures that represent conformance refinements of plans. Studying

refinement trees help us understand how the structure of an abstraction hierarchy affects

plan refinement14. Refinement trees show how plans are expanded and actions specialised,

to account for the planning constraints introduced at each level of hierarchical refinement15.

The head of the tree is an abstract action set, which creates a sub-goal stage. Its

branches lead to its children, a refined (expanded and specialised) sub-plan containing orig-

inal actions. The children: achieve the same effects as those in the head (and its sub-goal

stage), enable actions that do so, or are more detailed specialisations of the head actions.

Two example refinement trees for the BWP domain are presented below. The top-level

green nodes are actions planned in a relaxed model, middle-level blue nodes the condensed,

and bottom-level pink nodes the ground. The horizontal dashed arrows denote the creation

and achievement of a sub-goal stage between the vertical action connections they cross.

Sub-Figure 3.3 is a navigation planning tree for the robot Talos (denoted by t) moving

to puzzle room pr starting from starting room sr. In the relaxed model, mobility constraints

are ignored, and Talos can move instantly to any location, therefore he reaches the puzzle

room with one action, creating one sub-goal stage. In the condensed model, Talos may move

only between connected rooms, hence (assuming the puzzle room door is open) he reaches the

puzzle room with two actions, by moving through the hallway, creating two more sub-goal

stages. In the ground model, the individual cells of the rooms are represented, and Talos

must move between cells of these rooms; firstly reaching cell 1 of the hallway, then cell 2, and

finally cell 0 of the puzzle room, achieving the middle-level sub-goal stages in sequence. In

14It is important to note that refinement trees are not constructed during planning, but can be extracted
from a hierarchical plan after planning to visualise refinements, and are a purely representative structure.

15These are similar to the decomposition tress used in HTN planning, except instead of applying methods
to decompose the abstract task in the head into sub-tasks and actions in a pre-defined manner, HCR planning
infers a sub-goal stage from the abstract actions and the refinement planner then dynamically generates a
new sub-plan which achieves that sub-goal stage under the stricter constraints of the original problem.
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the abstract planning phase, the effect of each abstract action specifies some desired location

L or way-point that must be reached as part of the solution to the problem. Thesse abstract

actions are planned without consideration of how location L will be reached. The simplifying

assumption of the abstraction therefore being that there exists some complete path that can

reach L. The refinement of an abstract locomotive action requires finding a minimal path

to L by planning an expanded sequence of possibly more specialised locomotive actions.

Sub-Figure 3.4 is a manipulation planning tree for Talos grasping a block b. In the

relaxed model, Talos is freely able to grasp the block with his manipulator arm assembly

arm with one action. In the condensed model, the arm must be extended prior to grasping

the block, requiring an additional action to achieve the top-level sub-goal stage, and again

creating two more. In the ground model, the arm is decomposed into its parts; a limb and

hand. Extension of the manipulator arm is achieved by extending its descendant limb, and

grasping of the block is achieved by grasping it with its descendent hand. However, grasping

the object requires one additional alignment action to enable it. In this case, the effects of a

grasp action in the abstract planning phase specify that a given object should be obtained

for later use in the problem solution. A grasp action is planned without consideration of

where exactly the object is, or what other objects may need to be moved to reach it. The

assumption being that there is some way in which the object can be obtained. The refinement

then requires planning a sequence of actions that enable the robot to grasp the object. These

actions could involve moving other objects that obstruct Talos from reaching or grasping the

desired object, or moving to an exact location from which the object is reachable.

Refinement trees therefore give us a peek at what is actually happening in confor-

mance refinement, and show us how the structure of the abstraction hierarchy affects the

refinements. They also hint at some of the main challenges in conformance refinement. In

particular, it is difficult to predict the length of a sub-plan that an abstract action will refine

into. This is true for multiple reasons. The constraints removed by an abstract model will

either not affect all actions, or not affect all actions equally. Therefore, two different abstract
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actions are likely to refine to different length sub-plans for the same abstract-original model

pair. Further, problem constraints (particularly the preconditions of actions) can be condi-

tional on the state, therefore a constraint that it relevant to a particular action in one state,

may not be relevant to the same action in a different state. This means that the sub-plan

length is highly dependent on the state at the end of the previous sub-plan, which is difficult

to predict reliably, and it is only guaranteed to satisfy the previous sub-goal stage. This

means an action that occurs more than once in an abstract plan, might refine to different

length sub-plans. Finally, as aforementioned, there are usually multiple solutions to planning

problems, and HCR planning does not currently have a mechanism for choosing the optimal

solution. HCR is therefore intrinsically non-deterministic in the selection of which abstract

plan to refine, as well as in the selection of which partial-plan to accept as the solution to

partial-problems. The quality of the abstract and early partial-plans selected will impact

the quality of refined plans and later partial-plans, and their sub-plan lengths.

t⇒ move31(pr)

in3
1(t) = pr

t⇒ move21(hw) t⇒ move22(pr)

in2
1(t) = hw in2

2(t) = pr

t⇒ move11((1, sr)) t⇒ move12((0, hw)) t⇒ move13((1, hw)) t⇒ move14((0, pr))

Figure 3.3: A Refinement Tree for a Locomotive action.

t⇒ grasp31(arm, b)

grasping31(t, arm) = b

t⇒ config21(arm, extend) t⇒ grasp22(arm, b)

config21(t, arm) = extend grasping22(t, arm) = b

t⇒ config11(limb, extend) t⇒ config12(end, align(b)) t⇒ grasp13(end, b)

Figure 3.4: A Refinement Tree for a Manipulation Action.
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3.5.4 Class Hierarchy

The class hierarchy is a formal structuring of class types used to identify all entities that

exist in a planning domain. The class hierarchy used in HCR planning is unusual, as it is an

inheritance hierarchy declared over an abstraction hierarchy. This creates three-dimensional

directed graph, where the nodes are class types and the edges relations between classes.

Furthermore, the class hierarchy contains intrinsic support for the specification of condensed

abstract domain models, based on a novel class inheritance overriding mechanism.

Every real and tangible thing in the domain is an entity, and all entities have at least

one class type. Class types are organised such that; a class that inherits from another is

a sub-class, and the class that it inherits from is its super-class. Entities are an instance

of their own base class type (the class type they are declared at) and all of the super-class

types from which their base class inherits. For example, the class object is the set of all real

things possessing a physical body and must have a location, and the class location is the set

of locations objects can be located in. There are many sub-types of object and location. The

sub-types of object can be robot, door, block. The sub-types of location can be; building,

room, cell. Note that intangible concepts, such as boolean values can also be entities.

Definition 3.5.3 (Class Hierarchy) Formally, the class hierarchy is defined by the tuple:

H tl = ⟨Ψ,Φ, Ktl, I, O⟩ (3.3)

Where all elements are a finite set of facts: Ψ is the set of entity constants of the form ψκ,

defining an entity whose name is ψ and whose most base class type is κ; Φ is the set of ancestry

relations of the form ϕ(ψ1, ψ2) indicating that the entity ψ1 is an ancestor of the descendent

entity ψ2; Ktl is the set of class types of the form κl, defining a class type whose name is κ

declared at level l ∈ [1, tl]; I is the set of inheritance relations of the form ι(κ1, κ2), indicating

that κ1 is a super-class of κ2; and O is the set of override relations of the form o(κ1, κ2, κ3).
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Overrides are novel, they indicate that entities of class κ1 are ancestors that have descendants

of class κ2, from which the ancestors derive an inheritance to the override class κ3. For any

override o(κ1, κ2, κ3) ∈ O, there must also be inheritance relations {ι(κ3, κ1), ι(κ3, κ2)} ⊆ I,

and the classes must be declared such that {κx3 , κ
y
1, κ

z
2} ⊆ Ktl where x ≥ y > z.

These elements are encoded in ASP by facts of the form:

An entity ϵ(ψκ) is: entity(κ, ψ) (3.4)

An ancestry relation ϵ(ϕ(ψ1, ψ2)) is: ancestry_relation(ψ1, ψ2) (3.5)

A class type ϵ(κl) is: class(l, κ) (3.6)

An inheritance relation ϵ(ι(κ1, κ2)) is: super_class(κ1, κ2) (3.7)

An override relation ϵ(o(κ1, κ2, κ3)) is: override_class(κ1, κ2, κ3) (3.8)

More specifically, the three-dimensional graph representing the class hierarchy is de-

fined as follows. Its nodes are labelled by class names. Its directed vertical arcs define the

downwards propagation of classes across the abstraction hierarchy. Its directed horizon-

tal arcs define inheritance relations between super- and sub-classes at the same level. Its

undirected vertical arcs define override relations between inheritance arcs at different levels.

Notice that multiple inheritance is allowed, whereby a sub-class can have many super-classes.

Class types exist at the level at which they are declared and all lower levels, such that

for a class declared as κl, a class κm is added automatically to K for all m ∈ [1, l]. Therefore,

any class that is not declared at the top-level of the hierarchy is said to have been deleted

at all levels above its declared level. Any entity declared with a deleted class as their base

class will also be deleted at those levels. A entity is then an instance of its base class, and

all its super-classes, at all abstraction levels at or below the level at which the base class is

declared. Unless, the entity is an ancestor and an override relation exists which breaks its

inheritance from one of its super-classes and passes that inheritance to one of its descendant

entities. This concept is non-trivial and is best described by the examples that follow.
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The class hierarchy graph is represented declaratively in ASP via instance relation

constraints. These are logic predicates used to constrain what entity constants replace entity

variables occurring in non-ground ASP rules. The desire and need for this is described in

Section 3.5.5. An instance relation constraint can be any of the following:

• A type constraint insta_of(l, κ, ψ) which says that entity ψ is an instance of class κ

at abstraction level l. The short-hand isal(ψ, κ) will be used to denote this.

• A ancestry constraint child_of(l, ψ1, ψ2) which says that entity ψ2 is the child (direct

descendant) of ψ1, and desce_of(l, ψ1, ψ2) which says that entity ψ2 is any (possibly

indirect) descendant (child, or child of child, etc) of ψ1, at abstraction level l. The

short-hands chil(ψ1, ψ2) and desl(ψ1, ψ2) respectively will be used to denote this.

• A sibling constraint16 siblings(l, ψ1, ψ2) which says that entity ψ1 and ψ2 are siblings,

whereby they are both the child of some same ancestor entity, at abstraction level l.

The short-hand sibl(ψ1, ψ2) will be used to denote this.

The generation of these constraints over different abstractions is fully automatic.

However, unlike abstractions of the state space, which are defined in an upwards manner

(i.e. abstract spaces are defined in terms of ground spaces), the class hierarchies are generated

in a downwards manner. The generation of the hierarchy can be thought of as the discovery

of class types from K and their respective entity instances from Ψ as the details of the ground

level planning problem are progressively uncovered as the abstraction level is incrementally

reduced. The generation of the instance relation constraints is defined as follows:

• All entities are instances of their own class at the same abstraction level:

isal(κ, ψ)⇐ ψκ, κl

• And are instances of all their super-classes at the same abstraction level:

isal(κ1, ψ)⇐ isam(κ2, ψ), ι(κ1, κ2), ψ
κ, κl

16The siblings relation is used when two related descendants of an ancestor are in a problem constraint.
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• As well as the next lower level if its type is not overridden by one of its descendants:

isal−1(κ, ψ)⇐ isal(κ, ψ),¬overriddenl−1(κ, ψ)

• An override type of an ancestor entity is overridden at a given level if one of its

descendants inherits from that override type at that level:

overriddenl−1(κ3, ψ1)⇐ isal(κ1, ψ1), isa
l−1(κ2, ψ2), isa

l(κ3, ψ1), isa
l−1(κ3, ψ2),

desl−1(ψ1, ψ2), o(κ1, κ2, κ3)

• An entity is a child of another at all levels they exist if there is an ancestry relation

between them:

chil(ψ1, ψ2)⇐ ϕ(ψ1, ψ2), isa
l(κ1, ψ1), isa

l(κ2, ψ2)

• An entity is a descendant of another if either: the entity is the child of the other entity;

or by transitivity if the entity is a descendant of some different entity, which is itself a

descendant of the other entity:

desl(ψ1, ψ2)⇐ chil(ψ1, ψ2)

desl(ψ1, ψ3)⇐ desl(ψ1, ψ2), des
l(ψ2, ψ3)

• Entities are siblings if they are both the child of the same entity at the same level:

sibl(ψ2, ψ3)⇐ desl(ψ1, ψ2), des
l(ψ1, ψ3), ψ1 ̸= ψ2

sibl(ψ2, ψ1)⇐ sibl(ψ1, ψ2)

In a condensed model, the ancestor classes inherit from the override classes because the

descendent classes are no longer present, having been deleted to create the abstract model.

This is such that the ancestor classes can act as the abstract descriptions for the combination

of the original descendent classes. In the original model, instances of the ancestor class yield

the override classes back to their descendants from which they originally derived them. The

ancestor classes remain present in the class hierarchy, and can be referred to explicitly, but

are no longer linked to the override classes by an inheritance relation. Descendent classes

affected by the model can always be safely deleted from the hierarchy, if all the super-
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classes from which they inherit are overridden, and therefore the inheritance relations from

all their super-classes are transferred to their ancestor classes. All system rules containing

the override classes are generalised to entities of the ancestor classes, and none are removed.

A state variable or action whose domain or range is defined by an override class is called

a condenser variable or action respectively. If the domain is defined by an override class,

then fewer literals are needed to represent a state. If the codomain is reduced, fewer possible

literals will exist overall, and therefore fewer possible states exist. If the domain of an action

is defined by an override class, fewer possible actions will exist, leading to lower branching

factors. If some of the super-classes of a descendent class are not overridden, then the

descendent class can still be deleted. However, any rules containing that descendent class as

a type constraint will be deleted from the domain laws. A descendent class can have only one

direct ancestor class, but it can have multiple indirect ancestor classes, if its direct ancestor

also has ancestors. For example, room is the direct ancestor of cell (through the override

class location), and building may be the direct ancestor of room, and thus by transitivity,

building is the indirect ancestor of cell (all of which are locations). An entity of a descendent

type must have exactly one ancestor entity for each of its override types17. An entity of an

ancestor type must have at least one descendant entity for each of its descendent types18.

Part of the class hierarchy graph for the BWP is given in Figure 3.5. This describes

the composition of: (3.5a) Talos’ manipulator arms as an assembly of an extensible upper

limb and a grasper hand; (3.5b) rooms as sets of cells; and (3.5c) the puzzle table having

two sides. These graphs formally represent the concepts described in Section 3.5.2. Consider

Sub-Figure 3.5a as an example: manipulator arms have extensible upper limbs, both can be

considered capable of extending and retracting themselves, the arm only as a result of having

the extensible upper limb. There is therefore a logical coordination between the arm as a

17If no ancestors existed, then there will be no version of the descendent entity at the abstract level to
yield its inheritance to the override type to (since class types are never propagated up the hierarchy).

18If no descendants existed, the inheritance of the override class to the ancestor class does not get overrid-
den, and the ancestor entity continues to be the descriptor used at the original level. This would not make
sense for the semantics, as abstraction hierarchies are created in an upwards manner and therefore ancestor
entities should only be added as abstract descriptors for original level entities that already exist.
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whole and its limb, both of which subordinate from the abstract concept of being extensible.

Similarly, manipulator arms have attached grasper hands, both can be considered capable

of grasping objects, the arm only as a result of having the hand. More formally; level 2 is

the condensed model, where the ancestor class arm inherits from its two override classes,

extensible and grasper, as indicated by the solid horizontal arcs because its descendant

classes have been deleted. At this level, all arms are therefore considered to be extensible and

capable of grasping objects, irregardless of their components. Level 1 is the ground model, the

classes from the previous level are propagated down, and the two descendant classes limb and

hand are introduced. The dotted vertical arcs indicate the overrides o(arm, limb, extensible)

and o(arm, hand, grasper) between the ancestor and descendant classes. These break the

inheritance relation of the override classes to the ancestor class arm at level 2, and yields

them back to its descendant classes, such that limb and hand now inherit from extensible

and grasper respectively at level 1. Therefore, at this level, given that we now represent an

arm’s components explicitly, the limb specifically is considered extensible and the hand is

capable of grasping objects, rather than the arm as a whole having these properties.

extensible2

extensible1 limb1 arm1 hand1 grasper1

arm2 grasper2

extensible grasper

Inheritance relations link
classes that exist at the
same abstraction level.

(a) Sub-Graph for Talos’ Manipulator Arm Composition.
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(c) Sub-Graph for Surface Composition.

Figure 3.5: Part of the Class Hierarchy Graph for the BWP containing Override Relations.
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3.5.5 Domain Sorts

The domain sorts declare the robots’ available actions and the domain’s state variables, for

each domain model in an abstraction hierarchy. Where state variables can be fluent (dynamic

and whose values can change in time) or static (fixed and cannot change). The domain laws

then use these actions and state variables to specify the domain’s dynamic behaviour.

To achieve an intuitive and compact encoding, the sorts are specified using functions

of typed variables. Specifically, a sort is a possibly multivariate (n arity) named function of

several class typed entity variables (called the parameter variables) to either a class typed

entity variable or simply a boolean (called the value variable). Where the parameter and

value types define the domain and codomain of the function respectively. For actions and

statics, the value variable must be boolean19. Where the boolean value of an action simply

defines whether it was planned or not. The general forms of these functions are as follows:

action_name : parameter_type0 × ... parameter_typen −→ boolean (3.9)

fluent_name : parameter_type0 × ... parameter_typen −→ value_type (3.10)

static_name : parameter_type0 × ... parameter_typen −→ boolean (3.11)

For example, an action defining a robot’s ability to move (by locomotion) and a state variable

defining the location of objects can be denoted respectively as follows:

move : robot, location −→ boolean (3.12)

in : object −→ location (3.13)

The literal meaning of these declares that; a robot can move to any location, and all objects

must have a location. For the ASP solver to reason with these, they must be grounded into

atoms by replacing the parameter and value types with constants (this is described later).
19Statics can only take boolean values because the value of statics cannot change. Therefore, non-boolean

statics cannot make the representation more compact, as negative literals are not represented explicitly.
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Definition 3.5.4 (Domain Sorts) Formally, the domain sorts are defined by the tuple:

Stl = ⟨Atl, F tl, Ctl⟩ (3.14)

Where all elements are finite non-empty sets, Atl is the set of actions of the form κr ⇒ al(κ̄n),

F tl is the set of fluent state variables of the form f l(κ̄n) = κυ, and Ctl is the set of static

state variables of the form cl(κ̄n). Where κr is the robot type (the type of robot that can

execute this action20), a, f , and c are unique function names (strings over a fixed alphabet),

κ̄ a vector (κ0, κi, ... κn) of parameter types of length n (function domain of arity n), κυ a

value type (function codomain), and l ∈ [1, tl] the abstraction level the sort is defined at.

Actions are split into sequential and concurrent actions. Only one sequential action

can be planned on each time step. Whereas an arbitrarily large set of concurrent actions can

be planned on each time step, if they meet certain concurrency constraints. These constraints

enforce that a set of concurrently planned actions must be executable by the robot (if ground)

or their effects achieved during refinement planning (if abstract), either simultaneously or

sequentially in any order. Fluents are split into inertial and defined fluents (as in Gelfond

and Inclezan, 2013). Inertial fluents can be affected directly by actions, and obey the law of

inertia, whereby their value cannot change unless affected (directly or indirectly) by actions.

Defined fluents cannot be affect directly by actions, and are instead defined entirely in terms

of other fluents, but therefore can be changed indirectly by actions.

These sorts must be encoded into ASP as non-ground logic rules of the forms:

An action ϵ(κr ⇒ al(κ̄n)) is: action(pl, P,R, a(T̄n))←− body(a)pl : P ∈ {se, co} (3.15)

A fluent ϵ(f l(κ̄n) = κυ) is: fluent(sl, B, f(T̄n),Υ)←− body(f)sl : B ∈ {in, de} (3.16)

A static ϵ(cl(κ̄n)) is: static(hl, c(T̄n))←− body(c)hl (3.17)

20The robot type parameter is separated out for generality and to build-in support future work that will
extend to multiple heterogeneous robot problems (problems were the robots have differing capabilities).
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Where T̄n is a vector of entity variables (T0, Ti, ...Tn), se and co denote a sequentially and

concurrently executable action respectively, and in and de denote an inertial and defined

fluent respectively21. All entity variables in the head of a sort declaration must be in a type

constraint in its body to define its the domain and codomain, such that:

body(a)l ={inst_of(l, κr, R), inst_of(l, κ1, T1), ... inst_of(l, κn, Tn)} (3.18)

body(f)l ={inst_of(l, κ1, T1), ... inst_of(l, κn, Tn), inst_of(l, κυ,Υ)} (3.19)

body(c)l ={inst_of(l, κ1, T1), ... inst_of(l, κn, Tn)} (3.20)

Where κi ∈ κ̄n and Ti ∈ T̄n. The predicates in the head of the sort declarations are sort

constraints, used in domain laws to define the sorts used in them. The non-ground action

and state variable declarations will expand during program grounding to a set of variable-

free atoms of these predicates, defining all available actions that can be planned and possible

state literals that can hold on some time step at a given abstraction level22. These are

obtained automatically by replacing all variables R, Ti, and Υ, with entity constants of the

same class type. The argument set for such variables is all entities of the parameter type,

and the domain of a function is the set of all n-tuples combining those arguments.

For example, given the entities; {talos} of type robot and {kitchen, bathroom} of type

location, then the action declaration in 3.12 would become action(l, talos,move(kitchen))

and action(l, talos,move(bathroom)) defining all locomotive actions Talos can plan (talos⇒

movel(kitchen) and talos ⇒ movel(bathroom)), and the fluent declaration in 3.13 would

become fluent(l, ine, in(talos), kitchen) and fluent(l, ine, in(talos), bathroom) defining all

of Talos’ possible locations (inl(talos) = kitchen and inl(talos) = bathroom)).

These ASP sort constraints are overly verbose to write in-text. Therefore, the follow-

ing short-hand notation is used to define the type of variables occurring in a sort:

21The type of actions and fluents will not be explicitly denoted in the short-hand to reduce clutter.
22Note that these are all the possibilities for actions and state literals, not those that are actually planned

or hold in a state, therefore they are grounded only once and don’t include a step parameter.
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R$κr ⇒ action_namel(T1$κ1, ... Tn$κn) (3.21)

fluent_namel(T1$κ1, ... Tn$κn) = Υ$κΥ (3.22)

static_namel(T1$κ1, ... Tn$κn) (3.23)

Where the capital letters are (as usual) variables for non-ground rules, and the type name

to the right of the dollar sign $ is the type constraint imposed on that variable.

Equations 3.24 and 3.27 are typed declarations for the move location actionR$robot⇒

inl(L$location) and the in location fluent inl(O$object) = L$location respectively. The type

of the single parameter of the move action and the value of the in fluent are location. Since

location is an override class defined by relation o(room, cell, location) (described in Fig-

ure 3.5b), these are called a condenser action and fluent. During program grounding, the

location typed variable L, is replaced by entity constants of the sub-class which inherits

from location in current model; that is room in the condensed model and cell in the original

model. This automatically obtains a correctly type constrained version of this state variable

for the two models from one declaration. These are shown in Equations 3.25 and 3.26 for

the move action, and Equations 3.28 and 3.29 for the in fluent. Where the class to the right

of the @ notation is the override class, and to the left the ancestor or descendent class that

takes the inheritance from the override class in the current model. If the relevant override

class is a sub-class of the type constraint declared on the parameter or value variable of the

sort then the←− notation is used to denote this. These semantics provide a clear and precise

class based mapping between the actions and state variables in the different models.

The action and state abstraction provided by condensed models is powerful in reducing

the problem description size. Consider the inl(O$object) = L$location fluent. It condenses

the state representation, combining multiple cells from the ground model into fewer rooms in

the condensed. In the BWP, this reduces the number of state literals for the possible object

locations from 97 in the ground model to only 47 in the condensed, a 99.7% reduction.
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R$robot⇒movepl(L$location) (3.24)

R$robot⇒move2(L$room@location) (3.25)

R$robot⇒move1(L$cell@location) (3.26)

insl(O$object) = L$location (3.27)

in2(O$object) = L$room@location (3.28)

in1(O$object) = L$cell@location (3.29)

The following shows further condenser actions and fluents describing how the compo-

sition of Talos’ manipulator arms affect the grasp and component configuration actions in

the condensed and ground models (based on the override relations from Figure 3.5a):

R$armed_robot⇒ grasppl(G$grasper,O$object) (3.30)

R$armed_robot⇒ grasp2(M$arm@grasper,O$object) (3.31)

R$armed_robot⇒ grasp1(E$hand@grasper,O$object) (3.32)

R$armed_robot⇒ configurepl(C$component, S$state) (3.33)

R$armed_robot⇒ configure2(M$arm@extensible←− component, S$state) (3.34)

R$armed_robot⇒ configure1(L$limb@extensible←− component, S$state) (3.35)

Any or all of the terms and the value for a sort can be constrained by an override type.

If there is more than one override then not all combinations of the ancestor and descendent

types are necessary. For example, the action $robot⇒ putpl($grasper, $graspable, $surface)

where both grasper and surface are declared override types, only the fully condensed ver-

sion $robot ⇒ put2($arm@grasper, $graspable, $table@surface) and the completely origi-

nal version $robot⇒ put1($hand@grasper, $graspable, $side@surface) are represented. All

the other versions $robot⇒ putl($arm@grasper, $graspable, $side@surface) and $robot⇒

putl($hand@grasper, $graspable, $table@surface) are not needed and are excluded23.

23Note that for state variables, the excluded versions can be inferred by taking the Cartesian product of
the arguments of the pair of state literals for the condensed and original version of the state variable.
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3.5.6 Representation of Planned Actions and States in ASP

In order to generate plans, and represent and reason about actions and states, predicates

must be added that parameterise actions and state literals by abstraction level and time.

• Let f l
i (t̄n) = υ and f l

i (t̄n) ̸= υ be positive and negative fluent state literals, and cl(t̄n)

and ¬cl(t̄n) be positive and negative static state literals, which hold at abstraction

level l and discrete time step i, and whose arguments are (ti, ... tn) and values are υ.

– In ASP fluent literals are encoded by the predicate holds(L, F, V, I):

ϵ(f l
i (t̄n) = υ) = holds(l, f(t̄n), υ, i)

ϵ(f l
i (t̄n) ̸= υ) = not holds(l, f(t̄n), υ, i)

– In ASP static literals are encoded by the predicate is(L,C):

ϵ(cl(t̄n)) = is(l, c(t̄n))

ϵ(¬cl(t̄n)) = not is(l, c(t̄n))

• Let σl
i = {f l

i (t̄o) = υ, ... cl(t̄o), ...} be a complete state, a finite set of positive fluent

and static state literals at the same abstraction level l and discrete time step i.

– The ASP encoding is a finite set of atoms:

ϵ(σl
i) = {ϵ(ν) | ν ∈ σl

i} : ν ∈ {f l
i (t̄n) = υ, cl(t̄n)}

• Let ς li = {f l
i (t̄o) = υ, ...} be a partial fluent state, a finite subset of fluent state literals

from a complete state, which is consistent such that it contains no contradictions24.

– The ASP encoding is a finite set of atoms:

ϵ(σl
i) = {ϵ(νli(t̄o) = υ) | (νli(t̄o) = υ) ∈ σl

i}

• Let δli = ⟨σl
i, σ

l+1
i ⟩ be a state pair, a tuple of states at abstraction levels l and l + 1.

– The ASP encoding is a finite set of atoms:

ϵ(δli) = ϵ(σl
i) ∪ ϵ(σl+1

i )

24A contradiction is a pair of fluent state literals with the same argument tuples but different values.
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• Let r ⇒ ali(t̄n) be an action planned by the robot r to occur or be executed at abstrac-

tion level l and discrete time step i whose arguments are (ti, ... tn).

– In ASP planned actions are encoded by the predicate occurs(L,R,A, I):

ϵ(r ⇒ ali(t̄n)) = occurs(l, r, a(t̄n), i)

• Let αl
i = {r ⇒ ali(t̄), ...} be a concurrently planned action set, a finite set of planned

actions at the same abstraction level l and discrete time step i.

– The ASP encoding is a finite set of atoms:

ϵ(αl
i) = {ϵ(r ⇒ ali(t̄n)) | (r ⇒ ali(t̄n)) ∈ αl

i}

• Let τ li = ⟨δli, αl
i+1, δ

l
i+1, ς

l
i+1⟩ be the state transition occurring from the execution of

action set αl
i in state σl

i[δ
l
i] where ς li+1 is the direct effects of the action set on σl

i+1[δ
l
i+1].

– The ASP encoding is a finite set of atoms (note that ς li+1 is a subset of σl
i+1[δ

l
i+1]):

ϵ(τ li ) = ϵ(δli) ∪ ϵ(αl
i+1) ∪ ϵ(δli+1)

• Let πl
j,k = {τ li | i ∈ [j, k]} be a monolevel plan, a finite contiguous sequence of state

transitions at the same abstraction level l and over the discrete time steps j ≤ i ≤ k.

– The ASP encoding is a finite set of atoms:

ϵ(πl
j,k) =

k⋃
i=j

ϵ(τ li )

• Let λl+1
ϱ = {f l

ϱ(t̄) = υ, ...} be a sub-goal stage at sequence index25 ϱ, a finite set of

positive fluent literals at abstraction level l + 1, equivalent to the partial-state ς lϱ.

– In ASP a sub-goal is encoded by the predicate sub_goal(L, F, V, S):

ϵ(λl+1
ϱ ) = {sub_goal(l, f(t̄), υ, ϱ) | (f l

ϱ(t̄) = υ) ∈ λlϱ}

• Let Λl+1
φ,ϑ = {λl+1

ϱ | ϱ ∈ [φ, ϑ]} be a conformance constraint, a finite sequence of sub-goal

stages at abstraction level l + 1 and between sequence indices φ ≤ ϱ < ϑ.

– The ASP encoding is a finite set of atoms:

ϵ(Λl+1
φ,ϑ) =

ϑ⋃
ϱ=φ

ϵ(λl+1
ϱ ) | λl+1

ϱ ∈ Λl+1
φ,ϑ

25Note that the sequence index of a sub-goal is the time step it was planned at in its abstract plan.

77



Fundamentals of HCR Planning

3.5.7 Domain Laws

The domain laws contain the core descriptive knowledge base of the robot(s). It is a set of

logical axioms that encode the fundamental physical laws of the dynamic domain in which

the robot(s) operate. A robot can use these to intelligently find plans and in a general way,

by simulating how the effects of its actions can change the state towards any given goal.

The type of axiomatic knowledge the system laws can contain is intuitive and easily

provided by humans. This can include (but is not limited to26) the following concepts:

1. Causal Relations : These relate to cause and effect, including the direct effects of actions

and casual connections between physical properties of the domain (where changing one

thing causes another thing to change as well). For example; “moving causes a location

change” and “moving whilst holding an object also moves the object”.

2. Non-Causal Relations : These are non-casual connections between physical properties

of the domain, such as a relation that a set of things must hold simultaneously (but

one thing doesn’t cause the others), and constraints on what constitutes a valid state

of the world. For example; “an object that is on a table is above the table” and “it is

not possible for two objects to occupy the same space simultaneously”.

3. Enabling Constraints : These are constraints on the execution of actions, including

conditions that must hold prior to an action being executed (called preconditions) or

constraints that make it impossible for the effects of an action to result in a valid state.

The classic example is of course; “you can not put a square peg in a round hole”.

The ability to induce these types of axioms and generalise from them to solve arbitrar-

ily complex and unseen problems, is core to human intelligence. The intuition is then, that a

robot equipped with these axioms, and some mechanism for reasoning with them, captures

an essence of the high-level reasoning and problem solving skills that humans possess.
26ASP can represent any axiomatic knowledge that can be expressed in formal logic, few restrictions exist.
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To keep the syntax and semantics of domain laws clear and concise, a sub-set of the

action language BC (a high-level notation for answer set programs) with a small notational

extension is employed to represent them. The general forms of the laws are as follows:

• Action Effects:

⟨action : pl, i⟩ causes ⟨effect : pl, i⟩ if ⟨conditions : pl, i− 1⟩

• Action Preconditions:

⟨action : pl, i⟩ requires ⟨precondition : pl, i− 1⟩ if ⟨conditions : pl, i− 1⟩

• State Variable Relations:

⟨result : sl, i⟩ if ⟨conditions : sl, i⟩

• State Variable Constraints:

impossible ⟨conditions : sl, i⟩

Where the notation l, i after the colon, define are the abstraction level l and time

step i, of the planned actions and state literals allowed in the given clause, action is any

planned action, effect is a positive inertial fluent literal, precondition is any positive or

negative fluent literal, result is any state literal, and condition is a conjunction of state

literals. Effects and preconditions are included only for the planning level pl. Whereas state

relations and constraints included for both state representation levels sl, to ensure that an

invalid state relative to the abstract level is not reached during refinement planning. The

body of an effect and precondition, and the requires clause of a precondition, is conditional

of the previous state at step i−1. The causes clause of an action effect is applied, and state

relations and constraints are conditional on, the current state at step i. Action effects add

the fluent literal in the causes clause to a state in which the action in the head is planned

if the previous state satisfies its body. Preconditions prohibit the action in the head from

being planned from a previous state which satisfies its body but does not satisfy the fluent

literal in the requires clause. State relations force the state literal in the head to hold in a
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state which satisfies its body. State constraints prohibit any state that satisfies its body.

The requires clause of action preconditions is not standard in BC and is added since

it has a closer correspondence to the ASP encoding. It is simply an alias for the BC law:

⟨precondition : pl, i− 1⟩ before ⟨action : pl, i⟩ if ⟨conditions : pl, i− 1⟩

The semantics of these types of law can be described more intuitively as follows:

1. Action effects are causal relations, defining state transitions, by linking actions to their

direct deterministic Markovian and instantaneous effects27 on the current state when

executed. These effects may change dynamically if conditioned on the previous state.

2. Action preconditions are enabling constraints describing direct conditions on actions

that must hold in the previous state before they can be planned in the current state.

3. State variable relations28 can define both causal and non-causal relations, these can be

the indirect effects of actions (which can avoid the need to define complex conditional

effects that typically have poor elaboration tolerance) and dependencies between the

values of different state variables (including recursive and transitive dependencies).

4. State variable constraints can define non-casual relations and indirect enabling con-

straints. These are always constraints between the values of different state variables,

which specify conditions that cannot physically hold, to prevent invalid states. These

can define enabling constraints, as they prevent an action from being planned if its

effects lead to an invalid state29, this can be a much more compact and elaboration

tolerant method of defining enabling conditions than action preconditions.
27Deterministic Markovian and instantaneous effects of an action a depend only on the previous state s,

and are applied only in the resulting state s′, such that there is one possible s′ for the transition ⟨s, a, s′⟩.
28It is possible to specify a planning domain without state relations and constraints, but this can lead

to errors and poor elaboration tolerance, because action effects and preconditions also need to specify their
indirect effects and enabling conditions, which must be carefully engineered to ensure an invalid state is
never reached. This is one of the main benefits of ASP based planning over classical heuristic planning.

29It is important to note that because fluents can only take one value in each state, non-boolean fluents
do not need state variable constraints to prevent them from taking more than one value at a time.
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Definition 3.5.5 (Domain Laws) Formally, the domain laws are defined by the tuple:

Rtl = ⟨Etl, P tl, V tl, U tl⟩ (3.36)

Where each element is a finite set, Etl is the set of action effects, P tl the set of action pre-

conditions, V tl the set of state variable relations, and U tl the set of state variable constraints.

These are formally declared by the above laws of action language BC, using the short-hand

notation for type constrained sorts defined in 3.21, 3.22, and 3.23, as follows:

Effect30: R$κr ⇒ apli (T̄$κ̄
a
n) causes fpl

i (T̄$κ̄fn) = Υ$κυ if conspli−1

Positive Precondition: R$κr ⇒ apli (T̄$κ̄
a
n) requires fpl

i−1(T̄$κ̄
f
n) = Υ$κυ if conspli−1

Negative Precondition31: R$κr ⇒ apli (T̄$κ̄
a
n) requires fpl

i−1(T̄$κ̄
f
n) ̸= Υ$κυ if conspli−1

Fluent Relation: f sl
i (T̄$κ̄

f
n) = Υ$κυ if conssli

Static Relation: csli (T̄$κ̄
c
n) if conssli

Constraint: impossible conssli

Where the notation T̄$κ̄sn is a vector of short-hand type constrained entity variables of the

form (T0$κ
s
0, ..., Tn$κ

s
n), the superscript s ∈ {a, f, c} is the sort which that vector is related

to, and the conditions consli contain: a) the set of conditions of the law; b) a conjunction

of state literals at the abstraction level denoted by the super-script l and c) the time step

denoted by the sub-script i. The type constraint on a given entity variable does not have to

be the same for every place the variable occurs in a domain law, but for some entity to be

substituted for that variable, the entity must satisfy every type constraint on that variable.

30The fluent in the head of an effect must be a positive inertial fluent. They cannot be negative because
inertial fluents can be non-boolean (whereby they can have more than two possible values), and therefore a
negative effect (that deletes a positive literal from the state) would have a non-deterministic effect (which is
undefined and not permitted). Explicit delete lists for actions are not needed (as they are in many classical
planning languages, such as PDDL), since the continuity constraint and closed world assumption require
that each state literal take exactly one value at any given time and all other values are implicitly false.

31For a boolean fluent, a literal f l
i (t̄) = false is a positive literal and cannot be considered a negative

literal, since it explicitly sets the value of the variable to false, but for a non-boolean fluent, a literal f l
i (t̄) ̸= υ

is a negative literal as it does not explicitly set the value but instead prevents υ for being the value.

81



Fundamentals of HCR Planning

The ASP encoding of the action language BC used by ASH is different to the standard

encoding. To ensure the semantics and soundness of the language are preserved, a bidirec-

tional translation between the standard encoding and the encoding used by ASH is therefore

defined in Appendix A. Encoding the laws in ASH is simple and defined as follows:

• For each Action Effect;

– Replace: R$κr ⇒ apli (T̄$κ̄
a
n) causes fpl

i (T̄$κ̄fm) = Υ$κυ if conspli−1

– With: effect(pl, R, a(T̄ a
n ), i, f(T̄

f
m),Υ, i)←− ϵ(conspli−1), body

pl(a, f)

• For each Positive Action Precondition;

– Replace: R$κr ⇒ apli (T̄$κ̄
a
n) requires fpl

i−1(T̄$κ̄
f
m) = Υ$κυ if conspli−1

– With: precond(pl, R, a(T̄ a
n ), i, f(T̄

f
m),Υ, true, i)←− ϵ(conspli−1), body

pl(a, f)

• For each Negative Action Precondition;

– Replace: R$κr ⇒ apli (T̄$κ̄
a
n) requires fpl

i−1(T̄$κ̄
f
m) ̸= Υ$κυ if conspli−1

– With: precond(pl, R, a(T̄ a
n ), i, f(T̄

f
m),Υ, false, i)←− ϵ(conspli−1), body

pl(a, f)

• For each Fluent State Variable Relation;

– Replace: f sl
i (T̄$κ̄

f
n) = Υ$κυ if conssli

– With: holds(sl, f(T̄ f
n ),Υ, i)←− ϵ(conssli ), body

sl(f)

• For each Static State Variable Relation;

– Replace: csli (T̄$κ̄
c
n) if conssli

– With: is(sl, c(T̄ c
n))←− ϵ(conssl), bodysl(c)

• For each State Variable Constraint;

– Replace: impossible conssli

– With: ϵ(conssli )
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Where the conditions consli are translated by replacing all state variables with their ASP

encoding (as defined in Section 3.5.1), such that ϵ(consli) = {ϵ(dli = υ) | (dli = υ) ∈ consli},

and the bodyl(...) of each ASP rule contains a sort constraint for each sort occurring in any

clause of the domain law32. Notice that action effects and preconditions have a specialised

encoding, where the action and state literal in the head are enclosed in predicates effect and

precond. These allow the domain-independent rules of the operational modules of ASH to

reason with and apply effects and enforce preconditions in a general way (see Section 4.4.3).

The following is a sub-set of the core domains laws for the BWP. The full list is given

in Appendix B and the complete ASP encoding can be found at Kamperis, 2023.

• Action Effects:

– When a robot moves its location changes accordingly;

R$robot⇒ movepl(L$location) causes inpl(R$object) = L$location

– When a robot grasps an object with a grasper the object becomes grasped;

R$robot⇒ grasppl(G$grasper,O$graspable)

causes graspingpl(R$robot, G$grasper) = O$graspable

– A robot can change the configuration of its components;

R$robot⇒ configurepl(C$component, S$state)

causes configurationpl(R$robot, C$component) = S$state

• Action Preconditions:

– A robot can only move between connected locations;

R$robot⇒ movepl(L$location)

requires connectedpl(L1$location, L2$location) = true

if inpl(R$robot) = L2$location, pl < 3

32To constrain the type of a parameter or value variable to a sub-class of the type constraint used to
declare the sort, an extra type constraint must also be added to bodypl (using the isal(T, κ) predicate).
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– A robot can only move if all of its manipulator arms are retracted;

R$robot⇒ movepl(L$location)

requires configurationpl(R$robot, C$component) = retracted

if partpl(R$robot, C$component), isapl(C, extensible)

– A robot can only grasp an object which shares its location;

R$robot⇒ grasppl(G$grasper,O$graspable)

requires inpl(R$object) = inpl(O$object)

– A robot can only grasp an object with a grasper if the grasper is extensible and it

is extended or if it is attached to another extensible component33 that is extended;

R$robot⇒ grasppl(G$grasper,O$graspable)

requires configurationpl(R$robot, G$component) = extended

if partpl(R$robot, G$component), isapl(G, extensible)

R$robot⇒ grasppl(G$grasper,O$graspable)

requires configurationpl(R$robot, E$component) = extended

if partpl(R$robot, G$component), partpl(R$robot, E$component),

sibpl(G,E), isapl(E, extensible)

• State Variable Relations:

– An object that is grasped by a robot shares the location of the robot;

inpl(R$object) = inpl(O$object) if graspingpl(R$robot, G$grasper) = O$graspable

– A block that is on a table or the side of a table is the base of a tower;

tower_basesl(B$block, T$tower) = true if onsl(B$object) = T$surface

– A block that is the base of a tower is in that tower;

in_towersl(B$block, B$block) = true if tower_basesl(B$block) = true
33The siblings relation between classes limb and hand to the ancestor class arm on the override classes

extensible and grasper respectively represents the fact that a hand is attached to a limb.
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– A block that is on top of another block is in the same tower as the block it is on;

in_towersl(B1$block,B2$block) = true

if onsl(B1$object) = B2$surface, in_towersl(B2$block,B3$block) = true

• State Variable Constraints:

– A block cannot have more than one block on top of it;

impossible onsl(B1$block) = B2$block, on
sl(B1$object) = B3$surface, B2 ̸= B3

– A robot cannot be grasping a block that has another block on top of it;

impossiblegraspingsl(R$robot, G$grasper) = B1$block, on
sl(B1$object) = B2$surface

Static definitions and relations that encode the static structure and map of the domain

are written simply as state relations, sometimes with no conditions. For example, the state-

ment connectedl(store_room, hallway) unconditionally defines the connection between the

store room and hallway and the relation connected1((R,X1)$cell, (R,X2)$cell)ifX2 = X1+1

defines the connections between adjacent cells of a room in the ground model.

As with the domain sorts, during program grounding, any laws containing override

classes in their type constraints are expanded automatically, to obtain versions related to

the condensed and original models automatically. This avoids the need to manually re-write

the domain laws for the condensed abstract model (as was necessary in past work that used

similar abstractions), and obtains a far more compact encoding, over the more cumbersome

entity constant based relation used in Sridharan, Gelfond, et al., 2019. The following shows

how the action effect for the locomotive move action expands to a version for moving between

rooms in the condensed model and for moving between cells in the original:

R$robot⇒ movepl(L$location) causes inpl(O$object) = L$location (3.37)

R$robot⇒ move2(L$room@location) causes in2(O$object) = L$room@location (3.38)

R$robot⇒ move1(L$cell@location) causes in1(O$object) = L$cell@location (3.39)
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3.5.8 State Transition Systems

A state transition system described by the domain laws can be viewed as a directed graph,

whose nodes are states and arcs are transitions (labelled by actions). Speaking conceptually,

action effects “create” arcs of the graph, action preconditions “delete” a sub-set of those arcs,

and state variable constraints “delete” states and all arcs connected to those states. Planning

can then be seen as searching for a path within this graph34 (see Section 2.1 for details).

Each planning domain model has its own state transition system graph (as described in

Section 3.5.2). Given the specification of an exhaustive deductive state abstraction mapping,

each node of an abstract model’s graph is then mapped to from at least one node of its original

model’s graph, and each node of the original maps to exactly one abstract of the abstract.

The example graph in Figure 3.6 describes a state transition system, in which a robot

r is able to move between two rooms a and b, and is able to close or open a door d between

those rooms. The solid arrows indicate transitions that can occur from the execution of a

given action in any the four possible states of this system. The dashed arrows (on the lower

states) indicate a prohibited transition, that moving between a and b is not possible when d

is closed. Notice for example, that moving has no effect on the state of the door, since it is

not one of the effects of the move action, and therefore stays the same by inertia.

inl(r) = a
configl(d) = open

inl(r) = b
configl(d) = open

inl(r) = a
configl(d) = closed

inl(r) = b
configl(d) = closed

r ⇒ movel(b)

r ⇒ movel(a)

r ⇒ closel(d) r ⇒ openl(d) r ⇒ closel(d) r ⇒ openl(d)

r ⇒ movel(b)

r ⇒ movel(a)

Figure 3.6: An Example State Transition System Graph.

34In practice, the transition graph is not actually constructed, as this would be intractable even for simple
problems. The graph is simply representative of the possible states and transitions of a planning domain.

86



Fundamentals of HCR Planning

3.5.9 State Abstraction Mappings

The state abstraction mappings propagate the state representation in an upwards manner,

from the current planning level pl to the previous adjacent level pl + 1. This links together

the state transition systems described by each domain model in the hierarchy, and maintains

a consistent conforming state pair over the state representation levels sl. Where a state or

state literal of an original model, conforms with one of its abstract model, if the original

maps to the abstract deductively, whereby the original cannot map to another abstract.

More formally, conformance between abstract and original state literals is given by:

∃fpl
i (t̄) = ν1 ∈ σpl

i , f
pl+1
i (t̄) = ν2 ∈ σpl+1

i .fpl
i (t̄) = ν1 7→ fpl+1

i (t̄) = ν2. (3.40)

There are two types of state abstraction mapping, fluent and static. Fluent mappings

are used primarily to enforce plan conformance. They allow reasoning about the achievement

of sub-goal literals, planned in and relative to the state representation of an abstract model,

when refinement planning in the original. Static mappings ensure that static relations remain

invariant over the abstraction hierarchy. The general form of the mapping is similar to a

state relation, except: a) the result is replaced by an abstract state variable (at abstraction

level pl+ 1); and b) the conditions are replaced by an original state variable (at abstraction

level pl) and a set of ancestry constraints if the abstract variable is a condenser, as follows:

⟨abstract variable : pl + 1, i⟩ if ⟨original variable : pl, i⟩ and ⟨ancestry constraints : pl⟩

Definition 3.5.6 (State Abstraction Mappings) Formally, the state abstraction map-

pings are defined by the tuple:

M tl−1 = ⟨FM tl−1, CM tl−1⟩ (3.41)

Where FMpl,pl+1 are fluent mappings and CMpl,pl+1 are static mappings, defining the relation

between the dynamic and static state respectively. These are declared by the above law of

action language BC, using the short-hand notation of type constraints, as follows:
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Fluent Mapping: fapl+1
i (T̄$κ̄fan ) = Υ$κυ if fopli (T̄$κ̄

fo
n ) = Υ$κυ, cons

pl

Static Mapping: capl+1
i (T̄$κ̄can ) if copli (T̄$κ̄

co
n ), cons

pl

Where fa and fo, and ca and co, are used to denote the abstract and original versions of the

variables35. The notation is similar to the domain laws, except conspl contains (a possibly

empty) set of ancestry constraints related to parameter or value variables of condenser state

variables, such that conspl ⊆ {chipl(ta, to)∨despl(ta, to) | ta ∈ T̄ da, to ∈ T̄ do} where d ∈ {f, c}.

For an exhaustive specification, every state variable must have an abstraction mapping.

The ASP encoding of a state abstraction mapping is again similar to a state relation:

• For each fluent state abstraction mapping:

– Replace: fpl+1
i (T̄$κ̄fn) = Υ$κυ if fpl

i (T̄$κ̄fn) = Υ$κυ, desc
pl

– With: holds(pl + 1, f(T̄ f
n ),Υ, i)←− holds(pl, f(T̄ f

n ),Υ, i), ϵ(cons
pl), bodysl(fa, fo)

• For each static state abstraction mapping:

– Replace: cpl+1
i (T̄$κ̄cn) if cpli (T̄$κ̄

c
n), body

sl

– With: is(pl + 1, c(T̄ ca
n ))←− is(pl, c(T̄ co

n )), ϵ(conspl), bodysl(ca, co)

Where ancestry constraints are translated by replacing all constraints with their

ASP encoding as defined in Section 3.5.4, such that ϵ(conspl) = {child_of(l, ϕ1, ϕ2) |

chil(ϕ1, ϕ2) ∈ conspl} ∪ {desce_of(l, ϕ1, ϕ2) | desl(ϕ1, ϕ2) ∈ conspl}, and the bodysl(...)

contains a single sort constraint for the given state variable in the abstraction mapping.

The nature of these mappings are specific to the type of abstract model being created.

Recalling that if the abstract state representation relative to the original is unchanged, as in

relaxed models, the mapping is one-to-one, such that all state variables map to themselves,

making the mapping trivial to define. Whereas, if a state abstraction is used, as in condensed

35The abstract and original versions of the variables have the same name in both models. This is a point
of novelty over REBA (Sridharan, Gelfond, et al., 2019) which required renaming of abstract state variables.
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models, the mappings are instead many-to-one. For condensed models, such mappings are

very simple and general to define. All condenser variables simply map from their descendants

to their ancestors, and all other variables map to themselves. More formally:

• For all condenser state variables, and for all variables Tk$κk in their parameter vector

T̄n$κ̄n constrained by an override class add the state abstraction mapping:

fpl+1
i (T̄n) = υ if fpl

i (T̄n) = υ, despl(Tk, Tk)

• For all fluent condensers whose value variable Υ$κυ is defined by an override add:

fpl+1
k (t̄n) = Υ if fpl

k (t̄n) = Υ, despl(Υpl+1,Υpl)

An abstract condenser state literal (containing ancestor entities) therefore holds, if

any of the original state literals (containing descendants) that map to the abstract holds.

The following encode the state abstraction mappings from the BWP domain, defining

a disjunctive definition where an object is in a room if it is in any cell of that room. If a

robot moves to a room in an abstract plan, this can then be achieved by moving to any cell

of that room in the refinement. This is admissible, since if the room is accessible, then it will

always be possible to move into the room by reaching some cell (no problem constraint can

block this, as condensed models can only generalise planning constraints, not remove them).

• If an object is in a location that is a descendant of some ancestor location, then that

object is also located in the ancestor location;

inpl+1(O$object) = AL$location if inpl(O$Object) = DL$location, despl(AL,DL)

• If descendant locations are connected then so are their ancestors;

connectedpl+1(AL1$location,AL2$location) = true

if connectedpl(DL1$location,DL2$location) = true,

descpl(AL1, DL1), desc
pl(AL2, DL2)
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3.6 HCR Planning Problems

This section provides formal definitions for hierarchical and monolevel planning problems.

3.6.1 Hierarchical Planning Problems

A HCR hierarchical planning problem fundamentally requires generating and successively re-

fining plans over multiple levels of an abstraction hierarchy defined by a hierarchical planning

domain. This is done by solving the most abstract monolevel problem, and then iteratively

solving progressively more concrete monolevel planning problems, downwards over the hierar-

chy in descending order to the ground-level. This movement over the levels in the abstraction

hierarchy during hierarchical planning is called the vertical axis of HCR planning.

Only at the top-level, in the most abstract and least constrained domain model, must

a classical monolevel problem be pre-defined and solved directly. Classical planning prob-

lems must always be complete, whereby they start in the initial-state and must achieve the

final-goal. At all lower levels, conformance refinement monolevel problems are dynamically

created and solved to refine (at least part of) an abstract plan obtained from the previous

adjacent abstraction level. Conformance refinement monolevel planning problems can be ei-

ther complete or partial. A partial-problem refines any contiguous sub-sequence of sub-goal

stages, and a complete-problem refines the entire sub-goal sequence from the previous ab-

straction level. A partial-problem with multiple sub-goal stages or a complete-problem is a

combined-problem. A sequence of partial-problems is a divided problem, since they represent

divisions of the respective combined problem which would include all the sub-goal stages in

that sequence of partial-problems. Solving a complete (classical or conformance refinement)

problem always obtains a complete plan that finalises the given abstraction level. Solving

a sequence of partial-problems requires successively extending the partial monolevel plan

into a complete plan, by incrementally solving the partial problems across the goal sequence
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in ascending order from left-to-right. This progression across the goal and partial-problem

sequence during online planning is called the horizontal axis of HCR planning.

A partial refinement planning problem does not necessarily have to start in the initial-

state or achieve the final-goal. It must only achieve a contiguous sub-sequence of the sub-goal

stages obtained from the abstract plan at the previous abstraction level. A partial-problem

that starts in the initial-state is an initial partial-problem, otherwise it is non-initial. The

start state of a non-initial partial-problem is the end state of the monolevel partial-plan

that solved the previous partial-problem that the same level. A partial-problem that must

achieve the final-goal (and the last sub-goal stage) is a final-problem, otherwise it is non-

final. By definition, a partial-problem cannot be both initial and final, since it would then

be complete. A sequence of partial refinement problems which starts with an initial problem

and ends with a final problem, defines a division over the respective complete refinement

problem. Solving such a sequence of partial-problems and concatenating their partial-plans

therefore constitutes the solution to the complete problem. This is because it results in

a monolevel plan that is initial, final, achieves the complete sequence of sub-goal stages

obtained from the abstract plan at the previous abstraction level, and is therefore complete.

There are two modes in which a HCR planner can solve a hierarchical planning prob-

lem: offline and online planning modes. In offline planning, all refinement problems must

be complete, and solved in a single descending ordered sequence, whereby the vertical pro-

gression is always downwards. All problems are solved prior to plan execution, because the

planner can only yield actions to the robot when a complete ground-level plan is found. In

online planning, refinement problems are permitted to be partial; the vertical progression can

move up and down the hierarchy, whilst the horizontal progression extends plans along the

goal and problem sequence. Only a partial ground-level plan is found prior to execution, and

is extended by a left-to-right incrementation over the sequence of partial-problems during

execution. The constraints underlying this process are described in the following Chapter 4

where problem division strategies and online planning methods are proposed.

91



Fundamentals of HCR Planning

3.6.2 Specifying a Hierarchical Planning Problem

The problem specific planner inputs are needed to specify a hierarchical planning problem.

• Initial state: The initial state is the state from which the robot must begin execution.

It must include the initial location and configuration of all entities in the domain. It is

given as a complete set of positive fluent state literals at the ground-level on step zero.

• Final-goal : The final-goal specifies the objective the robot must reach at the end of

plan execution. It includes the desired location and configuration of a sub-set of the

entities in the domain. It is given as a set of positive and negative fluent state literals at

the ground-level with no time step. These are called final-goal literals (defined later).

To obtain a hierarchical planning problem, the initial state and final-goal must be

expanded, to create conforming initial states and final-goals over every abstraction level in

the hierarchy. This ensures that for all complete monolevel plans in a hierarchical plan: the

initial state and the sub-set of the end states related to the final-goal fluents, will both map

to each other exhaustively and deductively through the state abstraction mappings.

Definition 3.6.1 (Hierarchical Planning Problem) A hierarchical planning problem in

the hierarchical planning domain DDtl is denoted by the tuple:

HP tl = ⟨DDtl,Σtl,Ωtl⟩ (3.42)

Σtl = {δ10, ... δtl−1
0 , σtl

0 } (3.43)

Ωtl = {ω1, ... ωtl} (3.44)

Where Σtl are the initial states and Ωtl the final-goals, both of which are defined over all

models in the abstraction hierarchy at levels [1, tl]. At the top-level tl, only a single initial

state σtl
0 is needed to solve the top-level classical planning problem, whilst at all lower levels

l ∈ [1, tl) an initial state pair δl0 is needed to solve the conformance refinement problems.
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3.6.3 Representation of Final-Goals

The final-goal is a logical conjunction of final-goal literals to be achieved at the end of a

monolevel plan. A final-goal literal is essentially a fluent state literal with no time step. A

fluent state literal can only be assigned as a final-goal literal, if its state variable is declared

as a goal-fluent state variable. This is necessary to reason about generating a conforming

final-goal over the abstraction hierarchy. When planning, the final-goal is asserted to hold

on the terminal state of a plan at some fixed time step k. If there exists a plan that can

reach such a state, then the problem is solvable with a plan within time step k.

• Let gf(f l(t̄)) denote the declaration of the fluent f l(t̄) as a final-goal fluent;

– The ASP encoding is an atom:

ϵ(gf(f l(t̄))) = goal_fluent(l, g(t̄))

ϵ(gf(f l(t̄))) = goal_fluent(l, g(t̄))

• Let gl(t̄) = υ and gl(t̄) ̸= υ be positive and negative final-goal literals respectively;

– The ASP encoding is an atom:

ϵ(gl(t̄) = υ) = final_goal(l, g(t̄), υ, true)

ϵ(gl(t̄) ̸= υ) = final_goal(l, g(t̄), υ, false)

• Let ωl = {gl(t̄) = υ, ..., gl(t̄) ̸= υ, ...} be a final-goal set, a finite set of goal literals;

– The ASP encoding is a set of atoms:

ϵ(ωl) = {ϵ(gl(t̄) = υ) | (gl(t̄) = υ) ∈ ωl}

∪ {ϵ(gl(t̄) ̸= υ) | (gl(t̄) ̸= υ) ∈ ωl}

The following rules are a partial encoding of the initial state and final-goals of BWP

problems. The rules give the initial and desired goal position of the blocks as depicted in

Figures 3.1b and 3.1b. Block 5 and 6 start in cell 0 of the store room, whilst the other four

blocks start stacked on the table. The goal is to stack the blocks in descending order towers

of unique colour, with block 6 on the right and block 3 on the left. The abstract state and
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final-goal literals are the only possible interpretations of those at the ground-level.

on1
0(block1) = (table, left) on1

0(block2) = (table, right) (3.45)

onsl>1
0 (block1) = table onsl>1

0 (block2) = table (3.46)

onsl
0 (block3) = block1 onsl

0 (block4) = block2 (3.47)

in1
0(block5) = (store_room, 0) in1

0(block6) = (store_room, 0) (3.48)

insl>1
0 (block5) = store_room insl>1

0 (block6) = store_room (3.49)

gfpl(on(B$block)) (3.50)

g1(on(block3) = (table, left)) g1(on(block6) = (table, right)) (3.51)

gpl>1(on(block3) = table) gpl>1(on(block6) = table) (3.52)

gfpl(complete_tower(C$colour)) (3.53)

gpl(complete_tower(C$colour) = true) (3.54)

3.6.4 Monolevel Planning Problems

A hierarchical planning problem is solved as a sequence of monolevel problems. There is at

least one descending sequence of monolevel problems over the vertical axis of planning. If

online planning with problem division is enabled, there may also be an ascending sequence

of partial-problems over the horizontal axis of planning at each abstraction level.

Definition 3.6.2 (Monolevel Planning Problem) A monolevel planning problem of a

hierarchical planning problem HP tl is defined by a four tuple containing: a single domain

model for classical problems, or a pair of domain models for refinement problems; the start

state; possibly a final-goal; and possibly a conformance constraint. The domain models,

initial state, and final goals are obtained from the hierarchical problem definition, whereas

the conformance constraint can only be obtained from an abstract plan.
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A monolevel problem is denoted by MP pl,κ
j,φ,ϑ where κ is the problem’s sequence num-

ber, j its start step, and φ and ϑ are the first and last indices of its goal-sequence, such that

the problem size is 1 + (ϑ−φ). A problem is conformance refinement if it includes sub-goal

stages, otherwise it is classical. Note that a monolevel problem includes the entire domain

definition within it. However, when the problem is solved, the ASP program is grounded to

automatically represent only the models relevant to the problem it defines.

If a problem is at the top-level pl = tl, then it must be a complete classical planning

problem. A complete classical monolevel planning problem is defined by the tuple:

MP pl,1
0,1,1 = CP pl = ⟨DDtl, σpl

0 , ω
pl, ∅⟩ (3.55)

Where CP pl is a simplified notation for classical problems. The classical problem is initial

(j = 0), and is the first and only problem at the top-level (κ = 1). It contains only the

final-goal and no sub-goals, and has a size of 1 to represent inclusion of the final-goal.

If the problem is below the top-level pl < tl then it is a conformance refinement

planning problem. It additionally includes a sub-sequence of the conformance constraining

sub-goal stages. These sub-goal stages are produced from some abstract plan obtained at the

previous level, to be achieved by refinement planning at the current. Conformance refine-

ment problems can have any non-zero size. A complete or partial conformance refinement

monolevel planning problem at planning level pl ∈ [1, tl) is defined by the tuple:

MP pl,κ
j,φ,ϑ =



⟨DDtl, δpl0 , ω
pl, λpl+1

1,ϖ ⟩ pl < tl,κ = 1, j = 0, φ = 1, ϑ = clen(pl + 1)

⟨DDtl, δpl0 , ∅, λ
pl+1
φ,ϑ ⟩ pl < tl,κ = 1, j = 0, φ = 1, ϑ < clen(pl + 1)

⟨DDtl, δplj , ω
pl, λpl+1

φ,ϑ ⟩ pl < tl,κ > 1, j ≥ 0, φ ≥ 1, ϑ = clen(pl + 1)

⟨DDtl, δplj , ∅, λ
pl+1
φ,ϑ ⟩ pl < tl,κ > 1, j ≥ 0, φ ≥ 1, ϑ < clen(pl + 1)

(3.56a)

(3.56b)

(3.56c)

(3.56d)

Where clen is a function of the form len : N>0 −→ N>0 such that l 7→ k defines the complete

plan length at level l. The termϖ = clen(pl+1) denotes the length of the complete monolevel
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plan from the previous level. This also defines the number of sub-goal stages that have to

be refined to find a complete refinement plan at the current level. Therefore, λpl+1
φ,ϑ ⊆ λpl+1

1,ϖ

is a contiguous sub-sequence of sub-goal stages refined by a partial-problem.

A problem is initial if it starts in the initial state at step j = 0, otherwise it is non-

initial and starts in some intermediate state at some step j > 0. An initial problem is the

first in sequence problem at the given level such that κ = 1. All non-initial problems are later

in the sequence such that κ > 1. A problem is final if it includes the final-goal, otherwise it

is non-final. If a problem is both initial and final then it is complete, otherwise it is partial.

A partial problem that is both non-initial and non-final is called an intermediate partial-

problem. A classical problem must always be complete, whereas a conformance refinement

problem can be partial. Therefore, given the above definitions, case 3.56a is a complete

refinement problem, case 3.56b is an initial partial refinement problem, case 3.56c is a final

partial refinement problem, and case 3.56d is an intermediate partial problem.

If a conformance refinement problem is initial (j = 0) then φ = 1, and it must include

the first sub-goal stage produced from the previous level (3.56a and 3.56b). If the problem

is non-initial (j > 0) then φ ∈ (1, clen(pl + 1)], and is a partial-problem which extends the

existing solution to previous partial-problems at the given level (3.56c and 3.56d). If the

problem is final then it is the last in sequence partial problem at that level. It must include

both the last sub-goal stage produced from the previous level and the final-goal. Where the

last sub-goal stage is produced from the final-goal achieving abstract action set.

Most elements of a monolevel problem are obtained from the hierarchical problem

specification: the domain model being planned in is DDtl[HP tl]; if the problem is initial the

start state is {σpl
0 , δ

pl
0 } ∈ Σtl[HP tl]; and if the problem is final the final-goal is ωpl ∈ Ωtl[HP tl].

If the problem is non-initial, it starts in the terminal state of the partial plan which solved

the previous partial-problem at κ− 1. The sub-goal stages λpl+1
φ,ϑ are then obtained from the

abstract plan that was generated at the previous adjacent abstraction level pl + 1.
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3.6.5 Templating Partial-Problems

Non-initial partial-problems can only be fully defined once their start state is obtained from

the end state of the partial-plan that solves the previous partial-problem at the same level.

To remedy this, a sequence of partial-problems can be templated, whereby the refinement

problem of a contiguous sub-sequence of sub-goal stages is pre-allocated to that problem.

This makes it possible to make multiple divisions over a combined refinement problem of an

abstract plan, despite that only the start state of the first partial-problem is known.

Templating of partial-problems is handled by the ∆ function. This maps a partial-

problem’s abstraction level and sequence number to the range of sub-goal stages it refines:

∆ : N,N, −→ (N,N) (3.57)

such that pl,κ 7→ (φ, ϑ)

The function is partial of the number of partial-problems, since no fixed limit on the number

of problems is imposed prior to planning. Intuitively, the only constraint on this function is

that the sub-goal stage range of partial-problems must follow contiguously such that:

∀pl,κ.∆(pl,κ) = (φ, ϱ),∆(pl,κ + 1) = (ϱ, ϑ) (3.58)

The function is constructed by a problem division strategy during online planning.

The ability of HCR planning to solve combined refinement problems can overcome

dependencies between sub-goal stages. The desire is to maximise the number of problem

divisions, but to divide only between independent partial-problems (grouping dependent sub-

goals together), since this will minimise the complexity of the overall problem and achieve the

best possible quality plan (under the given conformance constraint). A sequence of partial-

problems are independent if the concatenated partial-plans are equal in length to a complete

plan generated from solving the respective complete refinement problem. Unfortunately, to

know this for certain requires solving both the complete and divided problems.
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3.7 Planning Problem Solutions

This section provides formal definitions for the solutions to hierarchical and monolevel plan-

ning problems. The operational models of ASH, presented in Section 4.4, contain the encod-

ing of these definitions as ASP rules, which allows ASP to perform HCR planning.

3.7.1 Classical Problem Solutions

Classical planning finds the solution to a monolevel planning problem by directly solving the

complete original version of the problem: namely the problem containing the original domain

model, and the initial state and final-goal. The solution to a classical monolevel planning

problem is called a classical complete monolevel plan. A classical complete monolevel plan

is simply one that starts in the initial state and achieves the final-goal of the problem.

Definition 3.7.1 (Final-Goal Satisfaction and Achievement) A state σpl
k satisfies the

final-goal set ωpl iff all final-goal literals in the set are in that state, such that:

fgsat(ωpl, σpl
k )⇔ (∀(gpl(t̄) = υ) ∈ ωpl. (fpl

k (t̄) = υ) ∈ σpl
k ) ∧ (3.59)

(∀(gpl(t̄) ̸= υ) ∈ ωpl. (fpl
k (t̄) = υ) /∈ σpl

k )

Whereby, all positive final-goal literals are in the state, and all negative literals are not. A

monolevel plan πpl
j,k achieves the final goal ωpl iff its end state satisfies the final-goal:

fgach(ωpl, πpl
j,k)⇔ fgsat(ωpl, σpl

k [δ
pl
k [τ

pl
k−1]]), τ

pl
k−1 ∈ π

pl
j,k (3.60)

An initial monolevel plan πpl
0,k (one that starts at j = 0) is final on monolevel problemMP pl,1

0,1,ϑ

iff the plan achieves the final-goal of the problem such that fgach(ωpl[MP pl,1
0,1,ϑ], π

pl
0,k).

Definition 3.7.2 (Classical Complete Monolevel Plan) An initial monolevel plan πpl
0,k

is classical complete on a complete classical monolevel planning problem CP tl iff the plan
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both start’s in the problem’s initial state and includes the final-goal. This is such that:

clc(MP pl,1
0,1,1, π

pl
0,k)⇔ fgach(ωpl[CP tl], πpl

0,k) ∧ (3.61)

σpl
0 [δ

pl
0 [τ

pl
0 ]] = σpl

0 [CP
tl], τ pl0 ∈ π

pl
0,k

Similarly, an initial monolevel plan πpl
0,k is classical complete on a complete conformance

refinement monolevel planning problem MP pl,1
0,1,ϑ iff the plan starts in the problem’s initial

state pair and is final on the problem. This is also true if for a sequence of partial refinement

problems which divide the complete refinement problem, in which case the monolevel plan

is the concatenation of a sequence of partial-plans. This is such that:

clc(MP pl,1
0,1,1, π

pl
0,k)⇔ fgach(ωpl[MP pl,1

0,1,ϑ], π
pl
0,k) ∧ (3.62)

δpl0 [τ
pl
0 ] = δpl0 [MP pl,1

0,1,ϑ], τ
pl
0 ∈ π

pl
0,k

Recalling that, for classical problems it is necessary that the initial state be only a single

state σpl
0 , because the state is represented at only a single level pl during classical planning.

Whereas for conformance refinement problems it is necessary that the initial state be an

state pair δpl0 , because the state is represented over an adjacent pair of abstraction levels

sl ∈ {pl, pl + 1} during conformance refinement planning (to allow abstract reasoning).

3.7.2 Conformance Refinement Problem Solutions

Conformance refinement planning finds the solution to a monolevel planning problem by

refining the solution to an abstract model of a problem into a solution to the original. Such a

problem contains both the abstract and original domain model, the conformance constraint

obtained from an abstract plan, and the initial state and final-goal. The solution to a

complete conformance refinement monolevel planning problem is a conformance complete

monolevel plan. Such a plan is classical complete, is a solution to the original problem,

satisfies the conformance constraint, and is thus also a refinement of the abstract plan.
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The conformance constraint used in conformance refinement planning acts as a speci-

fication for the structure of a refined plan. When a refined plan is generated, a conformance

mapping is built, which serves to represent how the refined plan’s structure satisfies the con-

straint, therefore defining how the plan constitutes the refinement of the abstract plan. It

is desirable and necessary that this ordering over achievement of sub-goal stages be flexible.

Whereby, the number of steps and actions between the achievement of any given sub-goal

stage and the next should not be fixed prior to planning. It is necessary, because it is rarely

possible or computationally cheap enough to accurately predict the length of a given sub-plan

before refinement. It is desirable, because it enables the interleaving property which exists

because the planner is able to dynamically delay the achievement of sub-goal stages. How-

ever, recall that refined plans are not guaranteed to be minimal in length. This is because

the requirement to conform with the abstract plan (achieve the same effects by achieving its

sub-goal stages in sequence), might require taking a non-optimal path to the final-goal.

Each sub-goal stage involved in a refinement planning problem is achieved by a distinct

sub-plan. A contiguous sequence of sub-plans then forms a partial or complete plan. A

contiguous sequence of partial-plans, containing an initial partial-plan and a final partial-

plan, can be concatenated to a complete-plan. The start state of each non-initial sub- or

partial-plan is known only to satisfy the previous sub-goal stage, and is otherwise unknown

until it has been achieved by the previous sub- or partial-plan. The original level action set

that causes the terminal state transition of a refined sub-plan is its matching-child, of the

parent abstract action set that produced the sub-goal stage refined by that sub-plan.

A core requirement for a refined plan to satisfy a conformance constraint is the concept

of unique sub-goal stage achievement. To uniquely achieve a sub-goal stage, there must not

be an interpretation of the sub-plan where the matching-child would be anywhere other than

the end of the sub-plan. Unique achievement does not require minimal “greedy” achievement,

as this would prevent the interleaving property from functioning. Sub-plans are allowed to

have actions within them that are not directly related to the achievement, or enabling the
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achievement, of its sub-goal stage. A sub-set of actions in a sub-plan might prepare for

something needed to achieve a later sub-goal stage that is included in the same combined

refinement problem. Therefore, it might be possible to make a specific sub-plan shorter, and

allow its sub-goal stage to be achieved earlier in the short-term. However, this might make

it harder to achieve the later sub-goal stages, and therefore increase the overall plan length.

There are two different ways the achievement of sub-goal stages in a conformance

constraint can be enforced during refinement planning. These are as follows:

1. Simultaneous Sub-Goal Literal Achievement : All sub-goal literals in a stage must be

uniquely achieved by the matching-child action set of the refined sub-plan of the parent

abstract action set. This is such that, all sub-goal literals must be simultaneously

satisfied (hold true at the same time) in the terminal state of the refined sub-plan, and

to ensure unique achievement, no other state of the sub-plan can also do so.

2. Sequential Sub-Goal Literal Achievement : Individual sub-goal literals in a stage can be

achieved by any action set of the refined sub-plan of the parent abstract action set. Only

a non-empty sub-set of the sub-goal literals must be uniquely achieved by the matching-

child. Consequently, each sub-goal literal must be satisfied in any intermediate state of

the refined sub-plan. To ensure unique achievement, the matching-child must satisfy

at least one of the sub-goal literals that was not satisfied in an intermediate state.

Importantly, it is permitted for a sub-goal literal that is satisfied in an intermediate

state of a sub-plan, to then be unsatisfied in a later state of the sub-plan.

The conjecture is that simultaneous this is likely to provide the strongest conformance

constraint, by applying the greatest restriction on the search space. However, it requires that

all abstract effects of the parent action set being refined to be satisfiable in the same original

level state, when the original is mapped back to the abstract state. It may not always be

possible to do this. This is likely to not be possible during concurrent action planning,

in which a large number of abstract actions might be planned on the same step, whose
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effects cannot be simultaneously achieved under the stricter constraints of the original model.

Sequential achievement is a more relaxed constraint intended to overcome this limitation.

Sequential achievement instead allows each individual sub-goal literal to be satisfied in any

of the states of a sub-plan. Therefore, if all sub-goal literals in a stage are achievable in some

state of the original model, then an abstract action set will then always be refinable.

Definition 3.7.3 (Sub-Goal Stage Satisfaction and Achievement) A sub-goal stage

λpl+1
ϱ is satisfied by a state pair δplk iff all sub-goal literals are in the original level state:

sgsat(λpl+1
ϱ , δplk )⇔ λpl+1

ϱ ⊆ σpl+1
k [δplk ] (3.63)

A sub-plan πpl
j,k simultaneously achieves a sub-goal stage λpl+1

ϱ iff it ends in a state that

satisfies all sub-goal literals in the stage:

sim_sgach(λpl+1
ϱ , πpl

j,k)⇔ sgsat(λpl+1
ϱ , δplk+1[τ

pl
k ]), τ plk ∈ π

pl
j,k (3.64)

Sub-plan πpl
j,k sequentially achieves sub-goal stage λpl+1

i iff it ends in a state that satisfies at

least one sub-goal literal, and all other literals are satisfied in intermediate states:

seq_sgach(λpl+1
ϱ , πpl

j,k)⇔ sgsat(B, δplk+1[τ
pl
k ]), B ⊆ λpl+1

ϱ , τ plk ∈ π
pl
j,k, (3.65)

(∀(fpl+1
ϱ (t̄) = υ) ∈ (λpl+1

ϱ −B).

∃ τ pli ∈ π
pl
j,k. sgsat({f

pl+1
ϱ (t̄) = υ}, δpli+1[τ

pl
i ]))

Sub-plan πpl
j,k achieves sub-goal stage λpl+1

ϱ iff it simultaneously or sequentially achieves it:

sgach(λpl+1
ϱ , πpl

j,k)⇔ sim_sgach(λpl+1
ϱ , πpl

j,k) ∨ seq_sgach(λpl+1
ϱ , πpl

j,k) (3.66)

The sub-plan πpl
j,k uniquely achieves subgoal stage λpl+1

ϱ iff it does not contain within it

another shorter sub-plan that would intermediately achieve the stage in less steps:

uni_sgach(λpl+1
ϱ , πpl

j,k)⇔ sgach(λpl+1
ϱ , πpl

j,k) ∧ (∄ πpl
j,a ∈ π

pl
j,k. sgach(λ

pl+1
ϱ , πpl

j,a)) (3.67)
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Definition 3.7.4 (Conformance Constraint Satisfaction) A monolevel plan πpl
j,k satis-

fies a conformance constraint containing the sub-goal stages λpl+1
φ,ϑ iff it uniquely achieves all

stages in ascending order, such that:

con(λpl+1
φ,ϑ , π

pl
j,k)⇔ (∀λpl+1

ϱ ∈ λpl+1
φ,ϑ−1. ∃! (π

pl
a,b, π

pl
b,c) ⊆ πpl

j,k. (3.68)

(uach(λpl+1
ϱ , πpl

a,b) ∧ uach(λ
pl+1
ϱ+1 , π

pl
b,c)))

∧ uach(λpl+1
φ , πpl

j,x) ∧ uach(λ
pl+1
ϑ , πpl

y,k)

Whereby, for all sub-goal stages at indices ϱ ∈ [φ, ϑ− 1) there is exactly one contiguous pair

of sub-plans (πpl
a,b, π

pl
b,c) ⊆ πpl

j,k, where the prior sub-plan uniquely achieves the sub-goal stage

λpl+1
φ before the latter uniquely achieves the next stage λpl+1

ϱ+1 . This is such that the end step

of the first is the start step of the second. The first sub-plan must commence in the start

step of the plan πpl
j,x and the last sub-plan terminates in the end step of the plan πpl

y,k.

A sub-goal stage is satisfied in an intermediate state if: a) the state has conformance

with the stage, and b) the stage is current in the state. That is, the previous stage has been

satisfied in a earlier state, and the next stage in a later state, and the current stage must

not be satisfied in any state between the earlier and current state (unique achievement).

Definition 3.7.5 (Conformance Complete Monolevel Plan) A monolevel plan πpl
0,k is

conformance complete on planning problem MP pl,1
0,1,ϑ iff it is classical complete and satisfies

the conformance constraint containing its subgoal stages:

crc(MP pl,1
0,1,ϖ, π

pl
0,k)⇔ clc(MP pl,1

0,1,ϖ, π
pl
0,k) ∧ (3.69)

con(λpl+1
1,ϖ [MP pl,1

0,1,ϖ], π
pl
0,k)

This also holds if πpl
0,k is the concatenation of a sequence of partial plans {πpl

0,i, π
pl
i,j, ...π

pl
j+x,k}

which solves a partial-problem sequence of length n, such that:

∀κ ∈ [1, n]. con(λpl+1
φ,ϑ , π

pl
i,j ∈ π

pl
0,k), λ

pl+1
φ,ϑ ∈ λ

pl+1
0,ϖ [MP pl,1

0,1,ϖ],∆(κ) = (φ, ϑ) (3.70)
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If the partial plan πpl
i,j ∈ π

pl
0,k that achieves the last sub-goal stage does not achieve

the final-goal such that uach(λpl+1
ϖ , πpl

i,j)∧¬ach(ωpl, πpl
i,j), then the sub-plan πpl

j,k ∈ π
pl
0,k where

ach(ωpl, πpl
j,k) is called the trailing sub-plan of πl

0,k. This is because πpl
j,k does not achieve any

sub-goal stage from the previous level and therefore does not refine part of the abstract plan.

Trailing plans can occur when refining from a condensed model. This is because the

original state is more detailed than the condensed. For a fluent condenser state variable,

many original state literals can map to one given condensed literal. Thus, it is possible for

many original states to satisfy the last sub-goal stage, but not the final-goal. Achieving the

last sub-goal stage, might not achieve the final-goal, and the trailing plan must do so.

The diagram in Figure 3.7 depicts the conformance refinement planning process. The

blue squares are states, red circles actions, and green diamonds sub-goal stages. The upper-

level is an abstract plan and the lower-level is its conformance refinement. The downwards

vertical dashed arrows indicate the production of sub-goal stages from the direct effects of

abstract action sets. The upwards vertical dotted arrows indicate conformance between the

plans: the initial states have total conformance (all state original literals map to the abstract),

the intermediate states have sub-goal stage conformance (original level states satisfy the sub-

goals from the abstract actions and original level actions achieve the same effects), and the

end states have final-goal conformance (all final-goal literals map to the abstract).
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Figure 3.7: Example Depicting the Conformance Refinement of some Abstract plan.
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3.7.3 Solving Problems by Concurrent Action Planning

Concurrent action planning is a technique intended to improve planning speed and generated

plan quality. When a set of actions are planned concurrently, it represents that in the model

those actions where planned, no problem constraint exists that require them to be planned

sequentially. Therefore, these planned actions are arbitrarily ordered, and can be executed

by the robot if they are ground, or achieved in a refinement if they are abstract, in either any

sequence or all simultaneously. That is, any sequential permutation of the action set would

be a valid sequential action plan. If the actions are abstract, the sub-goals produced from

the effects of the concurrently planned actions can then be combined into a single stage. The

individual sub-goal literals don’t have to be achieved in any particular order, as they would

if they were in separate sub-goal stages, nor should they have to be achieved simultaneously.

The potential benefits of concurrent action planning are two-fold;

• Compression of Plan Lengths : Concurrent action plans should be shorter than se-

quential plans, because they compress sub-sequences of arbitrarily ordered actions into

a single set. This is beneficial because planning time grows exponentially with plan

length (Jiang et al., 2019). However, there may be an overhead introduced by the

increased complexity of the necessary concurrency constraints presented below.

• Path of Least Commitment : Concurrent action planning takes a path of least commit-

ment in refinements, because it doesn’t order actions, and therefore individual sub-goal

literals into separate stages, until this is absolutely necessary to obtain a valid plan

within a given model. This is important, because abstract models remove problem

constraints by design. In contrast, in sequential action planning, the planner always

has to choose one sequential action plan to return. If there are no problem constraints

that require a strict order over planning a set of actions in an abstract model, the

planner must therefore non-deterministically choose some random ordering over those
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actions. This happens despite the order can have a impact on the quality of the plan’s

refinement. This is because stricter constraints may exist in the original model that

can mean that one specific order produces the best quality plan. This is particularly

important, since HCR planning cannot currently backtrack. The downside is that the

conformance constraint will potentially not be as effective at restricting the search

space. This is because it is the more flexible and therefore likely less restrictive.

Determining whether actions are arbitrarily ordered and can be planned concurrently

is not a trivial reasoning problem. This is why so few existing planners support it. Consider

a blocks world example where a robot plans to move a block A from the top of a tower to

the table, and concurrently plans to move some other block B on top of A. This results in a

valid state, where A is on the table and B is atop A. However, the order of executing these

actions is not arbitrary. If B is moved on top of A first, it is not possible to move A at all.

The planner must be able to understand that a precondition for moving block A is that no

other block is on its top. Therefore, the planner cannot concurrently plan an action that has

the effect of putting a block on top of A, as this disables the action of moving A.

To enable concurrent action planning for HCR, this thesis therefore contributes a set

of general concurrency constraints that allow the planner to determine if the preconditions

and effects of a sequence of actions makes them arbitrarily ordered:

1. Multiple concurrently planned actions cannot lead to an invalid state,

2. Multiple concurrently planned actions cannot affect the same fluent,

3. A set of concurrently planned actions must be sequentially plannable in any permuta-

tion. This requires than the effects of an action cannot unachieve the precondition of

any other action planned concurrently on the same step. More specifically the effect

of an action must not cause a fluent to take a value that violates the precondition of

another action (the effect cannot falsify a positive or “truify” a negative precondition).
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3.8 Hierarchical Plans

The following formally defines the structure of HCR hierarchical plans.

Definition 3.8.1 (Hierarchical Plan) A hierarchical plan is a function, that maps plan-

ning level l and problem number κ, to a monolevel plan. The monolevel plan mapped to

progresses the horizontal axis of online planning along the sub-goal sequence as attained

by solving problem number κ, at level l on the vertical axis. This represents how the plan

evolves during the process of hierarchical planning. A hierarchical plan is formally denoted

as follows:

ηtl : l ∈ [1, tl],κ ∈ N>0 −→ ⟨πl
j,k, γ

l
φ,ϑ, ρ⟩ (3.71)

The function maps abstraction level l and problem number κ to: a monolevel plan πl
j,k which

solved problem κ; a conformance mapping γlφ,ϑ linking the monolevel plan to the sub-goal

stage range of the abstract (partial) plan which it refines; and a boolean ρ ∈ {⊤,⊥} defining

whether the monolevel plan is final. The partial-problem template function ∆(l,κ) = (φ, ϑ)

is intuitively linked to the sub-goal stage range of the conformance mapping γlφ,ϑ.

The function ∆ is total on the abstraction level range (for all levels is the function

defined), since the size of the abstraction hierarchy is pre-defined prior to planning. However,

it is partial on the problem number range (only for a contiguous sub-sequence of the index

set N>0 is the function defined), since the number of partial-problems is not fixed.

In the planning algorithms, the function complete : N −→ {⊤,⊥} such that l 7→ ρ is

used as an alias for ρ[ηtl(l, problems(l))], and function problems : N −→ N such that l 7→ κ

records the current number of partial-problems that have been solved at the given level.

The levels of a hierarchical plan must be completed in descending order, i.e. in the

sequence (l)1l=tl, as by definition an abstract plan must be complete, before its complete

refinement can be generated, as the entire sub-goal stage sequence is needed to do so.
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The conformance mapping defines the links between abstract plans and their confor-

mance refinements. It is a downwards one-to-one mapping, from sequence index ϱ ∈ [1, ϑ] of

a sub-goal stage produced from an action set at abstract level l+1, to the time step i ∈ [1, k]

of the matching-child action set that achieved it at original level l:

A partial function: γlϑ,k : [1, ϑ] ⊆ N>0 −→ [1, k] ⊆ N>0 : k ≥ ϑ (3.72)

Such that: ϱ ∈ [1, ϑ] 7→ i ∈ [ϱ, k]

ϱ /∈ [1, ϑ] 7→ null

The function literal γlϑ,k(ϱ) = i can therefore be read as; the plan time step i at level l, upon

which the sub-goal stage at sequence index ϱ was achieved. Where intuitively, for any ϱ 7→ i

then i ≥ ϱ, since at least one action is required to achieve each sub-goal stage.

Hierarchical plans are built dynamically during the process of hierarchical planning.

New levels are added to a hierarchical plan over the vertical axis of planning, whilst in online

planning, partial-plans are extended across the horizontal axis of planning. This requires a

hierarchical plan to be an extensible structure that can be constructed incrementally. The

following defines how a hierarchical plan is extended when a monolevel problem is solved.

Definition 3.8.2 (Construction of Hierarchical Plan) If ζplj,k is the answer set that

solves a conformance refinement planning problem MP pl,κ
j,φ,ϑ and ηtl is a hierarchical plan,

then the plan πpl
j,k which solves the monolevel planning problem is extracted as follows:

πpl
j,k = {τ

pl
i | i ∈ [j, k]} : ϵ(τ pli ) ∈ ζplj,k (3.73)

The conformance mapping is extracted as follows:

∀ϱ ∈ [φ, ϑ]. γlϑ,k(ϱ) =


i ∈ [j, k] : sgls_ach_at(l, ϱ, i) ∈ ζplj,k if ϱ ∈ [φ, ϑ]

ϕl
φ−1,j−1(ϱ) if ϱ ∈ [1, ϑ− 1]

(3.74)
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And the hierarchical plan is extended as follows:

πpl
0,k[η

tl(pl)] =


πpl
0,j[η

tl(pl,κ − 1)] ∪ πpl
j,k if κ ̸= 1, j > 0

πpl
j,k if κ = 1, j = 0

(3.75)

ρpl[ηtl(pl)] =ρpl+1[ηtl(pl + 1)] = ⊤ ∧ γ(pl,κ) = len(pl + 1) (3.76)

If the plan at the previous level is complete, and the plan achieves the last sub-goal stage

from the previous level, then the plan is final and extends that level to be complete.

Plan Expansion Factor and Expansion Balance

Hierarchical plans have two properties for measuring the complexity of HCR planning and

quality of refined plans. These are the plan and problem expansion factor and balance.

The monolevel plan expansion factor θ is the factor by which a complete (concate-

nated) refined monolevel plan increases in length over the complete (concatenated) abstract

plan it refines. It is a unit-less ratio of lengths, with a lower-bound of 1.0 (no expansion has

happened), and no upper bound. Expansion factors are important, because they tell us how

much progress is made by refinement in a particular domain model. If the expansion at a

given level is too low, then this may indicate a model is not abstract enough, and insufficient

progress is made during plan expansion for the model to be effective. If the expansion factor

is too high, this may indicate that a model is too abstract, and there may be too few sub-goal

stages to restrict the search space or promote problem divisions at the next level.

The overall hierarchical plan expansion factor Θh of a hierarchical plan is the ratio of

the top-level classical plan’s length to the ground-level plan’s length. It is given by:

Θh =
clen(1)

clen(tl)
(3.77)
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The smoothed monolevel plan expansion factor Θs of a hierarchical plan is the most balanced

monolevel plan expansion factor. Whereby, it is the target value of θ such that achieving

θ = Θs would spread the expansion of plans evenly over the hierarchy. It is given by:

Θs =
tl−1
√
Θh (3.78)

This equation holds because the length of monolevel plans can increase exponentially in the

depth of the hierarchy, and therefore require only a linear increase in hierarchy depth to

scale to problems with exponentially longer plan lengths, such that:

mlen(l) = clen(tl)×Θtl−l
s (3.79)

Where mlen is a function of the form mlen : N>0 −→ N>0 such that l 7→ k defining the

maximum possible plan length achievable at level l given Θs.

The conjecture is that, because planning complexity is exponential in the plan length,

spreading the expansion of plans evenly over the hierarchy is desirable. This is because

it implies that the complexity of refinement planning is also evenly spread, and that the

constraints of a problem are therefore evenly broken down over the hierarchy. This spread

is measured by the hierarchical plan expansion balance, in two ways:

• The balance deviation Bd is the coefficient of deviation (ratio of the standard deviation

to the mean) of the monolevel plan expansion factor over the entire hierarchy,

• The balance error Be is the normalised mean absolute error between the monolevel plan

expansion factor and the smoothed plan expansion factor over the entire hierarchy.

The two balances Bd and Be are unit-less, with lower-bounds of 0.0 indicating perfect balance

(all plans expand equally), and no upper-bound. Both are normalised measures and can be

used to compare between different planning domains and problems. The balance deviation

assumes that plan lengths are normally distributed whereas the balance error does not.
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Representing Hierarchical Plans

Hierarchical plans generated by HCR planning are graphical structures, and as such can be

represented diagrammatically. However, due to the multiple monolevel plans involved and

complex conformance mappings between them, it can be difficult to do so compactly.

To keep the representation minimal, the states are left implicit, and the abstraction

mappings are not included. Only the following are displayed: actions; their effects if they

either form a sub-goal to be passed to the next level, or achieve a sub-goal from the previous

level; the links between actions and their effects; and the conformance mappings. Further,

although a hierarchical plan is a vertical structure, where more abstract plans exist at the

higher levels, and more concrete plans at the lower, when they are depicted diagrammatically,

they are drawn horizontally, where more abstract plans are written to the left, and more

concrete plans to the right, “nested” amoungst the abstract actions, like a tiered list.

The diagram in Figure 3.8 is a minimal example of a hierarchical plan, depicting the

independent partial-refinement of a single abstract locomotive plan over three abstraction

levels36. On the left-hand side of the diagram, the cyan nodes are actions, the solid blue

downwards arrows indicate the sequence of actions in the same monolevel plan, whereas

the blue upwards dashed arrows link actions of a refined sub-plan to the abstract action

from the previous level which they refine. On the right-hand side, the magenta nodes are

action effects, and the dashed red arrows from left-to-right link actions to their effects. If

these effects are abstract then they are sub-goals to be achieved by the refined plans. The

solid red upwards arrows indicate the conformance mapping between abstract and refined

plans, by linking low-level action effects to higher-level action effects which they achieve

when mapped to the state abstraction. On the far right, a link over all levels always exists,

mapping up from the effects of the last ground-level action. This is because the last action

of a refined plan must achieve the same effects as the last action from the abstract plan.
36Note that although this hierarchical plan could be represented as a refinement tree, hierarchical plans

are strictly more general that refinement trees, as they can have an entire monolevel plan at the top-level.
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The nature of the plan itself is as follows. A robot r starts in the starting room rt_r

in cell 1 (rt_r, 1) and its goal is to be in the store room st_r. At the top-level of 3, the

robot can plan just one abstract action which immediately moves it to the store room, as

the relaxed problem ignores the preconditions requiring movement between only connected

locations. At the next level of 2, this precondition is reintroduced, and therefore to reach the

store room (and achieve the same effects as the top-level abstract action) it must first move

through the hallway hw, therefore expanding the plan to two actions. At the ground-level,

the robot must consider which cells of the rooms to move through; it minimally uniquely

achieves the effect of the first abstract action from the previous level by moving to cell 1 of

the hallway, and then achieves the effect of the second action by moving to cell 1 of the store

room. This expands the plan to four actions. Unfortunately, this hierarchical plan, which

contains only three levels and a ground-plan length of four actions, is already almost too

large to present on a page, indicating the difficulty of graphically presenting these structures.

r ⇒ move3(st_r) in3(r) = st_r

r ⇒ move2(hw) in2(r) = hw

r ⇒ move1((st_r, 1))

r ⇒ move1((hw, 1)) in1(r) = (hw, 1)

r ⇒ move2(st_r) in2(r) = st_r

r ⇒ move1((hw, 0))

r ⇒ move1((st_r, 1)) in1(r) = (st_r, 1)

Figure 3.8: An Example Hierarchical Plan. Depicted is a three-level hierarchical locomotive
plan (discrete path plan) in the BWP domain (see Figure 3.1 for the complete structure of

the BWP domain and 3.2 for the hierarchy structure used in BWP problems).
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Chapter Four

Algorithms and Decision Making

Systems for HCR Planning

This chapter presents the online planning systems, HCR planning algorithms, and the oper-

ational modules of ASH that define the domain-independent rules for HCR planning.

4.1 Online Planning Systems

Problem division strategies and online planning methods are decision making systems used

in online planning. They together decide how the algorithm moves along the vertical and

horizontal axes of planning. In doing so, they construct and traverse the problem division

diagram, a structure that represents how a hierarchical problem was divided and solved.

Division strategies decide the number and size of partial-problems that divide a combined

refinement problem, and online methods decide when to divide and solve them.

4.1.1 Problem Division Diagrams

A problem division diagram is a branching structure, containing within it a tree, whose nodes

contain monolevel planning problems and the monolevel plans that solve them, and whose

arcs link abstract planning problems and plans to their refinement planning problems and

refined plans. Traversal links then denote the order in which problems are solved and plans
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generated. This allows one to trace and observe the progression of online planning across the

many monolevel planning problems that may be involved in a hierarchical problem. When a

node is visited, its planning problem is solved, when it is expanded, the refinement problem

of its abstract plan is divided. Multiple abstract nodes can be joined before expanding them,

which constitutes the concatenation of their abstract plans, before problem division occurs

over their combined refinement problem. When a traversal link descends downwards from a

node, it must first be expanded to create at least one node to visit at the next level.

There are two important properties used to measure the balance of problem division

diagrams: the partial-problem size balance and partial-plan expansion balance. The partial-

problem size balance can be measured in two ways: the problem balance deviation µd is

the coefficient of deviation over the size of all partial-problems that divide the complete

combined refinement planning problem; and the problem balance error µe is the normalised

mean absolute error between each partial-problem’s actual size and their “perfectly” balanced

size normalised by the complete problem’s size. Where the perfectly balanced size is the

complete combined refinement problem’s size divided by the number of partial-problems.

The partial-plan expansion balance can also be measured in two ways: the plan balance

deviation βd is the coefficient of deviation over the expansion factor of all partial-plans that

where concatenated to form a complete monolevel plan; and the plan balance error βe is

the normalised mean absolute error between each partial-plan’s length and their “perfectly”

balanced length normalised by the complete plan’s length. Where the perfectly balanced

length is the complete concatenated plan’s length divided by the number of partial-plans.

4.1.2 Problem Division Strategies

A problem division strategy commits divisions over a combined refinement problem prior to

refinement planning. They are called by the hierarchical planning algorithm immediately

after an abstract plan is refined (if requested by the online method), and once committed,
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any divisions made over its refinement problem cannot be modified or removed. Divisions

create templates for partial refinement problems through the ∆ function. This is because

they define only the sub-goal stage range of the partial-problems, but not their start states.

See Section 3.6.4 for the definition of partial-problems and the ∆ templating function.

There are three division strategies presented in this thesis. The Basic strategy makes

templates for a desired number of partial-problems for each combined refinement problem

that is divided, regardless of their size. The Hasty and Steady strategies dynamically decide

how many partial-problems to make templates for based on a desired problem size bound.

Assumptions of Homogeneous Strategies

All three strategies in this thesis are homogeneous. Homogeneous division strategies are

uninformed and decide upon problem divisions based only on the length of an abstract plan.

They do not consider the actions of a plan, the constraints under which they were planned

in the abstract model, or the effects of the more elaborate constraints of the original model

on the abstract plan’s refinement. The following assumptions must therefore be applied:

1. Balanced Refinements Assumption: The minimum length plan that solves a refinement

planning problem increases linearly with its size, whereby all abstract action sets refine

to equal length sub-plans (all refinement trees are balanced). A sequence of homoge-

neous size partial refinement problems are therefore all solved by homogeneous length

partial-plans. If planning time increases exponentially with plan length, then planning

time also increases exponentially with problem size and plan expansion factor1.

2. Uniform Probability of Dependency Assumption: The quantity of divisions made over

a combined refinement problem is directly proportional to the probability that at least

one pair of mutually dependent problems will exist in the resulting sequence. In other

1The requirement for balanced trees would restrict this to integer expansion factors (which are unlikely).
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words, placing a division between any given pair of sub-goal stages is equally as likely

to reveal a dependency between them, prevent interleaving and reducing plan quality.

Under this assumption, the position of divisions has no impact on the probability of

causing a dependency, only the number of divisions and sizes of the problems.

Because constraints removed by an abstract model will either not to affect all actions,

or not to affect all actions equally, neither of these assumptions is likely to hold in practice.

These assumptions are challenged in the experimental studies in Chapter 5 and plans for

future work on informed strategies that relax these assumptions are given in Section 6.2.

Making Homogeneous Partial-Problems

Since division of integers does not always produce an integer, it is not always possible to

make a sequence equal sized partial problems over an abstract plan. As a result, some flexi-

bility with the definition of a homogeneous sized sequence of partial problems is necessary.

Therefore, a sequence of partial problems is considered homogeneous if their sizes differ by no

more than 1 sub-goal stage. Homogeneous divisions can be made via the following method:

1. To attempt to divide an abstract plan of length k into (at most) n partial problems,

2. Template m = min(k, n) partial problems from d = m− 1 division points such that;

(a) msmall = m− (k mod m) “small” problems of size ssmall = ⌊k/m⌋,

(b) mlarge = (k mod m) “large” problems of size slarge = ssmall + 1 = ⌈k/m⌉,

This is guaranteed to produce an m length sequence of homogeneous partial problems

of size s ∈ {x, x+ 1} : x ∈ N>0,

3. Bias the order of the problem sequence such that the small problems occur first and

the large follow (in an attempt to reduce execution latency and early wait times).
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The Basic Strategy

The Basic strategy takes a combined refinement problem of an abstract plan of length k, and

divides it into an m length sequence of partial problems, each of size as close to s ≈ k/m

as possible. The input parameters to the Basic strategy are given as a vector of integers.

Each integer defines the number of divisions to make over combined refinement problems of

abstract plans, for each non-ground abstraction level in the hierarchy, in descending order.

An important point is that the basic strategy is not guaranteed to produce a homoge-

neous sequence of partial problems across the entire sequence at any particular abstraction

level. It is only guaranteed to produce a homogeneous sequence over the combined refine-

ment problem of a particular abstract plan. If that abstract plan is not a complete plan,

then the strategy is making sub-divisions of a problem. Resultantly, it cannot guarantee

partial-problems of that abstract plan will also be homogeneous to other partial-problems

of different abstract plans from the previous adjacent abstraction level. A trade-off is likely

needed: more divisions may in theory reduce overall problem complexity, but may also reduce

concatenated plan quality. Reduced plan quality is due to a proliferation of errors, caused

by dependencies induced by the increased number of non-interleaving partial problems.

The Basic strategy always produces balanced problem division diagrams, in the sense

that each parent node has the same number of children (given that the given number of

problems to template is smaller than the length of the abstract plans). However, because

there is no guarantee that refinement trees will be balanced, there is no guarantee that

there will be balance over the length of partial-plans that solve the partial-problems in the

nodes at any given level. When those nodes are expanded independently, there is therefore

also no guarantee that there will be balance over the size of the children of different parent

nodes. This means that a sequence of homogeneous sized partial-problems, rarely refines to a

sequence of homogeneous length partial-plans. Due to the way the Basic strategy and online

planning methods work, if the partial-plans are abstract, the divisions over their combined
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refinement problems will be made independently, all dividing into a equal number of partial-

problems despite the variance in their size (a small combined problem is divided as many

times as a large problem). Resultantly, an accumulating effect can occur, which causes the

variance in the size of partial-problems and plans to increase with the depth of the problem

division diagram. Below the second-to-top-level, all the partial problems do not share a

common parent node. If the refinements of the highest level of partial problems are not

balanced partial-plans, then the next level of partial-problems will not be balanced either.

Size Bound Strategies: Hasty and Steady

The size bound based strategies Hasty and Steady make dynamic length sequences of ho-

mogeneous partial-problems based on a desired problem size bound. They take a combined

refinement problem of an abstract plan of length k, and divides it into an arbitrary num-

ber of partial-problems each of size as close to the desired bound b as possible. Whereby,

larger combined refinement problems are divided into more partial-problems, and vice versa

for smaller problems. The input parameters are given as a vector of integers. Each inte-

ger defines the desired size bound, as the quantity of sub-goal stages to be allocated to all

partial-problems, for each non-ground abstraction level in the hierarchy, in descending order.

This more flexible but simple approach is intended to reduce the variance in the size of

partial-problems across the problem sequence at a given level in a problem division diagram.

This is because the size of the combined refinement problem being divided does not matter to

the size-bound based strategies, given that the size of the problem is bigger than the bound.

However, note that Hasty and Steady still assume that the size of a refinement problem is

an accurate measure of its complexity. The conjecture is however, that by keeping partial-

problems homogeneous across the entire problem sequence at a given level, may avoid the

issue with the Basic strategy, whereby the effect of unbalanced refinements on the variance

of the length of partial-plans is less likely to accumulate down the hierarchy.
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Hasty and Steady only add one extra initial step to the decision making process over

Basic, in which they decide dynamically on the number of divisions to make over a combined

refinement problem based on a size bound. The difference between Hasty and Steady, is how

they handle the case where size of the combined refinement problem is not divisible by the

size bound. For Hasty, the bound is a limit on the maximum size of partial-problems, since

problems cannot be larger than the bound. For Steady, this is a limit on the minimum size,

since problems cannot be smaller than the bound. The input for both is simply a vector of

positive non-zero integers defining the size bound to use for each abstraction level. Note that

the bound value at the lower levels of the hierarchy must never be larger than the bound

value at a higher level2). The strategies therefore function as follows:

• Attempt to divide the combined refinement problem of an abstract plan of length k

into a quantity m of homogeneous partial-problems proportional to n, such that:

– n = max(1, k/bl) where bl is the size bound at level l.

• Since n is not always an integer, it is of course first necessary to round to obtain a valid

number of problems (this is the only functional difference between Hasty and Steady):

– Hasty: m = ⌈n⌉ such that m ∈ {n, n+ 1},

– Steady: m = ⌊n⌋ such that m ∈ {n− 1, n}.

• Invoke the Basic strategy to template the m homogeneous partial-problems.

The intuition behind the design of these strategies is that: a) Hasty favours planning

speed by biasing problems to be smaller and therefore faster to solve; b) Steady favours plan

quality by biasing problems to be larger and therefore avoiding dependencies (by allowing

more capacity for interleaving). Whilst this is a notable functional difference, the most

important factor in the performance of the strategies is likely to be the selection of the

bound value itself. This will be therefore tested in the experimental studies.

2Since expansion factors are always > 1.0, the strategies cannot make a problem smaller than the bound,
unless the top-level plan is shorter than the bound, or lower-level bounds are larger than higher-level bounds.
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Problem Division Scenarios

Problem division scenarios are a simple structure that represent how the combined refinement

problem of a single abstract plan is divided into a sequence of partial refinement problems.

They are essentially a detailed view on a single node in a problem division diagram.

Figure 4.1 contains example division scenarios that could be produced from Hasty

and Steady. The time steps and resulting sub-goal stage indices are shown on the scenarios’

horizontal axes. The index of the left division point is exclusive, whilst the right division

point is inclusive, of the sub-goal stage index range of the templated partial problems3.

Both scenarios show some abstract plan of length 10, being divided based on a size bound

of 4. Since 10/4 = 2.5, Hasty makes 3 heterogeneous partial-problems, and Steady makes 2

homogeneous partial-problems. Whilst the functional difference between these strategies is

small, they do produce significant differences in how they produce partial-problems.

Problem 1 (size = 3) Problem 2 (size = 3) Problem 3 (size = 4)

1 2 3 4 5 6 7 8 90 10

(a) Scenario for Hasty: Partial-problems are no bigger than the bound,
causing a larger quantity of smaller sized problems.

Problem 1 (size = 5) Problem 2 (size = 5)

1 2 3 4 5 6 7 8 90 10

(b) Scenario for Steady: Partial-problems are at least as big as the bound,
causing a smaller quantity of larger sized problems.

Figure 4.1: Homogeneous Division Scenarios for Hasty and Steady over Abstract Plans of
Length 10 and Size Bound of 4.

3This is because, the divided abstract plan starts from the initial state at step 0, but the first sub-goal
stage index is 1, since this is the first step upon which an abstract action can be planned. All non-initial
partial problems start from the state in which the last sub-goal stage from the previous problem was achieved.
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4.1.3 Online Planning Methods

Online planning methods decide how the problem division diagram is traversed and therefore

when problems are solved and combined refinement problems divided. They control how

often ground-level partial-plans are yielded to the robot, resultantly impacting execution

latency and yield times of partial-plans. These are general decision making systems and

few constraints exist on which order problems are solved or abstract plans divided. The

only fundamental constraint, is that problems must be templated, solved, and divided in

descending order over the vertical axis and in ascending order over the horizontal axis.

The most obvious online planning methods preform a depth-first or breadth-first

traversal of a problem division diagram. Both cases are well defined and intuitive, as there is

only one possible path that can be taken through any given problem division diagram. The

following describes both these methods and one further method that combines them.

Ground-First

The ground-first method performs a depth-first traversal of the problem division diagram.

It solves only the first available partial-problem at a given abstraction level before moving

to the next level. The method therefore tells the planner to solve and immediately expand

only the lowest and left-most problem node in the diagram. It then only returns to higher

levels when all currently available lower refinement problem nodes have been solved.

The method first solves only the initial partial-problem at each level, to propagate

directly down to the ground-level and yielding the first executable ground-level partial-plan

as quickly as possible, to minimise execution latency. It then subsequently plans downwards

from the lowest level at which an unsolved refinement problem exists, to solve and yield the

next ground-level partial-problem and plan as quickly as possible, to minimise non-initial

wait and minimum execution times. See Section 5.1.2 for details on these timing criteria.
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In ground-first, as soon as a problem is solved and an abstract plan is generated, its

combined refinement problem is divided and at least part of the plan is refined immediately.

Combined refinement problems of abstract plans are therefore divided independently from

all other abstract plans at the same level. This may exaggerate the problems of accumulating

partial-problem imbalance of the Basic problem division strategy discussed previously.

Complete-First

The complete-first method perform a breath-first traversal of the problem division diagram,

solving all partial-problems at a given level before moving to the next. The planner always

solves the highest unsolved problem in the diagram. Every problem at a given level is solved

before concatenating their partial-plans and then dividing the concatenated plan.

This successively completes each level in descending order, until the ground is reached

and completed. The only planning increments that yield executable ground actions to the

robot(s) are those that start at the ground-level, this only happens after all abstract levels

have been completed. The execution latency time is likely to be higher than ground-first be-

cause all abstract levels have to be completed before planning at the ground-level. However,

once the ground-level is reached, all planning increments solve just one ground-level partial-

problem, and yield an executable partial-plan, therefore likely obtaining lower non-initial

wait and minimum execution times than ground-first after the initial latency.

Unlike the ground-first method, by always concatenating the entire abstract plan at

any given level before making problem divisions, any difference in abstract plan lengths is

not propagated to the next level, and therefore cannot accumulate. Since the expectation is

that the abstract levels will be fast to solve, and account for a relatively small proportion of

the total planning time compared to the ground-level planning time, the conjecture is that

this benefit may come at the cost of only minorly increased execution latency time.
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Hybrid

The hybrid online planning method uses a combination of ground-first and complete-first. It

first solves only the initial partial-problems to propagate directly down to the ground-level

as fast as possible, and then successively completes each level in descending order.

The idea is to obtain both the low execution latency of ground-first and the more

regular problem division diagram structure of complete-first. Intuitively, if the execution

time of the initial ground-level partial-plan is greater than the wait time for the second

partial-plan, then the robot will not experience any downtime after execution, therefore

gaining the benefit of complete-first without losing any of the speed of ground-first.

Online Method Examples

The following Figures 4.2 and 4.3 contain example problem division diagrams4 for the Basic

and Steady problem division strategies. The partial problem and plan size balance score

is one minus the mean over all non-top-levels of the coefficient of deviation of the problem

size or plan length, and is calculated over all problems/plans at a given level. A score of

1.0 indicates perfect balance, and values lower than 1.0 indicate unbalance. The diagrams

for the Basic strategy show that the complete-first method can give better partial-problem

and plan balancing that ground-first5 and hybrid, because the whole abstract plan at level

2 is divided simultaneously. In contrast, the diagrams for the Steady strategy show that

good balance can be achieved by all methods, due to the requirement to divide based on the

problem size bound. This also causes the Steady strategy to produce an irregular number of

partial-problems when it expands a node, as compared to the rigid structure of Basic. For

both strategies, there may be small trade-offs in terms of execution latency and average wait

times of partial-plans, based on how the method traverses the tree and expands nodes.

4These diagrams are examples and not indicative of actual experimental results for a real problem.
5A lower problem-bound of 2 is used for ground-first for Basic to keep the size of the diagram manageable.
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3:1
1 −→ 10

2:1
5 −→ 8

2:3
5 −→ 13

1:1
4 −→ 6

1:2
4 −→ 8

1:1
6 −→ 9

1:2
7 −→ 12

(a) Ground-first Problem Division Diagram for Basic Strategy with Problem-bound of 2.
The partial-problem balance score is ≈ 0.86 and the partial-plan balance score is ≈ 0.69.

3:1
1 −→ 10

2:1
3 −→ 6

2:2
3 −→ 8

2:3
4 −→ 7

10 −→ 21

1:1
7 −→ 12

1:2
7 −→ 11

1:3
7 −→ 12

(b) Complete-first Problem Division Diagram for Basic Strategy with Problem-bound of 3.
The partial-problem balance score is ≈ 0.91 and the partial-plan balance score is ≈ 0.90.

3:1
1 −→ 10

2:1
3 −→ 6

2:2
3 −→ 8

2:3
4 −→ 7

7 −→ 15

1:1
2 −→ 3

1:2
2 −→ 4

1:3
2 −→ 3

1:4
5 −→ 7

1:1
5 −→ 8

1:2
5 −→ 10

(c) Hybrid Problem Division Diagram for Basic Strategy with Problem-bound of 3.
The partial-problem balance score is ≈ 0.68 and the partial-plan balance score is ≈ 0.68.

Figure 4.2: Problem Division Diagrams using the Basic Problem Division Strategy.
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3:1
1 −→ 10

2:1
3 −→ 6

2:2
3 −→ 8

2:3
4 −→ 7

1:1
3 −→ 5

1:2
3 −→ 5

1:3
4 −→ 7

1:4
4 −→ 8

1:5
3 −→ 3

1:6
4 −→ 7

(a) Ground-first Problem Division Diagram for Steady Strategy with Size-bound of 3.
The partial-problem balance score is ≈ 0.84 and the partial-plan balance score is ≈ 0.77.

3:1
1 −→ 10

2:1
3 −→ 6

2:2
3 −→ 8

2:3
4 −→ 7

10 −→ 21

1:1
3 −→ 5

1:2
3 −→ 5

1:3
3 −→ 6

1:4
4 −→ 8

1:1
4 −→ 4

1:2
4 −→ 7

(b) Complete-first Problem Division Diagram for Steady Strategy with Size-bound of 3.
The partial-problem balance score is ≈ 0.84 and the partial-plan balance score is ≈ 0.80.

3:1
1 −→ 10

2:1
3 −→ 6

2:2
3 −→ 8

2:3
4 −→ 7

7 −→ 15

1:1
3 −→ 5

1:2
3 −→ 5

1:3
3 −→ 6

1:4
4 −→ 8

1:1
4 −→ 4

1:2
4 −→ 7

(c) Hybrid Problem Division Diagram for Steady Strategy with Size-bound of 3.
The partial-problem balance score is ≈ 0.84 and the partial-plan balance score is ≈ 0.80.

Figure 4.3: Problem Division Diagram using the Steady Problem Division Strategy.
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4.2 Additional Techniques for Online Planning

This section briefly describes three additional techniques proposed for potentially improving

the performance and generated plan quality of online planning.

4.2.1 Final-Goal Preemptive Achievement

Final-Goal preemptive achievement is a heuristic optimisation method, that biases the plan-

ner towards attempting to preemptively achieving final-goal literals during non-final partial-

problems. This is beneficial when refining from a model that uses a state abstraction, such

as a condensed model. This is because when sub-goal stages are generated from abstract

actions that are planned in a state abstraction and which achieve abstract final-goal literals,

those sub-goal stages do not necessarily require the correct achievement of the corresponding

original level version(s) of the same final-goal literals during refinement planning. The effect

is very similar to the cause of trailing plans described in Section 3.7.2, which occurs from the

fact that there are many original level states that achieve the same effects of abstract actions

encoded in a sub-goal stage, but many of those states will not achieve the more specific

original level final-goal. For example, placing a block on the table in the condensed model of

the BWP domain creates the effect on2
i (blockn) = table. This effect can be achieved by the

talos⇒ put2i (block, table_left) or talos⇒ put2i (block, table_right) actions, since both map

to the abstract effect. Since the side of the table upon which the blocks must be stacked

does matter towards achieving the final-goal in the original model, in any non-final partial

problem, the planner needs some method to determine which original level action is prefer-

able to achieve the final-goal. Without this, early partial-problems that do not have context

of the final-goal, can have very poor quality solutions relative to the complete problem.

Final-goal pre-emptive achievement defines a preference relation over original level

action selections towards achieving final-goal literals, which is reduced to an optimisation
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problem. The optimisation forces the ASP solver to find a plan containing the maximum

possible number of actions whose effects pre-emptively achieve positive final-goal literals.

Informally, the preference requests the planner to select actions whose effects achieve positive

final-goal literals in non-final partial-problems, if doing so does not reduce the partial-plan’s

quality. It cannot force the planner to generate a longer than minimal plan in order the

pre-emptively achieve a final-goal literal. For example, if there are two actions that can be

used in a partial-plan that still achieve all sub-goal stages, but one achieves a final-goal literal

and the others do not, then the choice between the actions can be considered arbitrary in

the local context of the partial-problem itself. The one that achieves the final-goal literal

is however considered preferable in the global context, because it is more likely to leave the

resulting partial-plan in a state that makes it easier to achieve other final-goal literals.

4.2.2 Saved Program Groundings

In all existing literature on ASP based hierarchical planning, a new unique logic program

was always created to solve each individual monolevel planning problem. In HCR planning,

it is possible to avoid this, because later partial-problems at any given abstraction level

simply extend earlier problems along the goal sequence. Resultantly, the grounding of an

existing logic program used to solve an early partial-problem can be saved, that is held in a

suspended state, and re-loaded and extended to solve the next in sequence partial-problem

at the same level. This can be done by simply adding the sub-goal stage sequence related

to the next problem to the program. To enforce the division between the partial-problems,

the existing partial-plan at the given level is re-inserted into the program to “fix” it to the

grounding, therefore preventing it from being changed. This constitutes the same effect as

making a problem division by discarding the old program and creating a new one.

Saved groundings are potentially beneficial because they avoid the need to re-ground

non-incremental ASP program parts, such as the class hierarchy, domain sorts, and en-
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tity instance constraints. Online planning requires many monolevel problems to be solved

throughout the hierarchical planning process. Each of which usually requires their own logic

program to solve. Saved groundings may therefore eliminate a large amount of computa-

tional overhead. The downside is that the grounding may grow in size as it is extended along

the sub-goal and partial-problem sequence. This may adversely affect search efficiency.

4.2.3 Partial-Problem Blending

Partial-problem blending is a simple technique that partly merges adjacent partial-problems,

in an attempt to alleviate dependencies between sub-goal stages even in online planning. It

involves including in the current partial-problem an early sub-sequence of the sub-goal stages

from the next partial-problem. This allows the sub-goal stages in the current partial-problem

to be achieved non-greedily with respect to the blended sub-goal stages from the next.

Partial-problem blending is enabled by passing a “blend quantity” (a natural number)

to the hierarchical planning algorithm. This then captures the necessary blended sub-goal

stages for each partial-problem6. When a partial-problem includes blended sub-goal stages,

the part of the partial-plan which achieves the blended sub-goal stages is discarded. This

leaves the end state of the partial-plan better prepared for the next partial-problem. The

blended sub-goals are then refined again when the next partial-problem is solved, therefore

being achieved in non-greedily with respect to all the sub-goal stages in that partial-problem.

If there is a dependency between any of the sub-goal stages in the current partial-problem

and the blended sub-goal stages, this simple method enables interleaving to eliminate those

dependencies. The downside of this method is that blending can only eliminate dependencies

between adjacent partial-problems. Further, blending is likely to increase computational

costs due to the need to refine some sub-goal stages twice. Consequently, any improvement

in plan quality is likely to come with the trade-off of increased planning time.
6The full details of the implementation are not described here, since the concept is simple, but the code

for handling blends can be complex. The reader is advised to consult the code repository for details.
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4.3 Logic Programs and Answer Sets

The following defines bespoke notation for constructing and representing ASP programs and

their answer sets over an abstraction hierarchy as is necessary for HCR planning.

Definition 4.3.1 (ASP Program) A Clingo ASP program (Gebser, Kaminski, Kaufmann,

Lindauer, et al., 2022b) conforming to the ASP-Core-2 language standard (Calimeri, W.

Faber, et al., 2012) and represented over an abstraction hierarchy is denoted by:

Πpl,tl
j,k (R0, ..., Rm) −→ Zpl

j,k = {ζ
pl
j,k,0, ..., ζ

pl
j,k,n} : (m,n) ∈ N (4.1)

Where (R0, ..., Rm) is a vector of sets of ASP logic rules (the program rules) and the finite set

Zpl
j,k = {ζ

pl
j,k,0, ..., ζ

pl
j,k,n} are the program’s answer sets. The program contains the constants;

• pl ∈ N ∩ [1, tl] the current planning level,

• sl = {pl, pl + 1} ∩ [1, tl] the possible state representation levels,

• tl ∈ N≥2 the abstraction hierarchy’s top-level,

• j ∈ N ∩ [0, k) the time step to start planning from,

• k ∈ N>j the current search length (the current maximum time step).

Rules of a program and atoms of an answer set with an abstraction level parameter (always

the first) will have arguments in the range l ∈ [pl, tl], and those with a time step parameter

(always the last) will have arguments in the range i ∈ [j, k]. Almost all rules/atoms have an

abstraction level parameter, representing the level(s) in the hierarchy they exist at, whereas

only those that relate to actions, state, and sub-goals have a step parameter.

Such a program has two parts; a base part containing static knowledge of a fixed size,

and a cumulative part containing dynamic knowledge dependent on, increasing in size, and

possibly changing, with search length k. When incremental solving, the base part is grounded

only once, but the cumulative part is grounded and extended on every step i ∈ [j, k].
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4.4 Operational Modules of ASH

The operational modules of ASH define the domain-independent logic rules used for HCR

planning and problem generation. Each module is a set of rules with a distinct functional

role. The modules are then built into a single general declarative knowledge base, and by

selectively grounding them, an ASP program can be set to various “operational modes” for the

needs of different HCR planning algorithms. There are two types of module; static modules

(part of the base program) and incremental modules (part of the cumulative program).

A module header declaration is denoted in the form:

N (param1 : dom1, parami : domi, ..., paramn : domn) (4.2)

WhereN is the module name, the vector (param1 : dom1, parami : domi, ..., paramn : domn)

are the module’s parameters, parami is a parameter name (a string over some fixed alphabet),

and domi is the domain of the parameter. The module’s rules may contain any parameter

name as an atom or term (as they are replaced by their arguments during grounding).

A module used as part of a selective program grounding is denoted in the form:

Πpl
j,k(N (arg1, argi, ... , argn), ...) (4.3)

An argument for each parameter is given in the vector (arg1, argi, ... , argn) at the time of

building an ASP program, except for time steps parameters of incremental modules (always

j or k). Time steps parameters are dynamically assigned their arguments as the program

is extended for increased search length k. This is because there is no fixed limit on the

search length or size of the program grounding. Since most modules include parameters for

abstraction levels and time step bounds, all of which can be inferred from the program, to

reduce verbosity, these parameters will be omitted when denoting the use of such a module in

a program grounding. For example, the program Πpl
j,k(A(pl, j, k)) will be reduced to Πpl

j,k(A).
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4.4.1 Instance Relations Module

The instance relations module generates the ground type and ancestry constraints (described

in Section 3.5.4) used to define the domain and codomain of actions and state variables

declared in the domain sorts (described in Section 3.5.5). The module header is as follows:

IRM(tl : N>0) (4.4)

This is the only static module used in HCR planning. It is grounded only once as a separate

initial step, generating the type and ancestry constraints, and by extension the domain sorts.

All rules in the IRM are then sub-sequentially simplified away and reduced to facts.

The rules of the instance relations module function as follows:

• Rules 4.5-4.7: All entities are instances of; their base class type at the declared level

of that class, their super-class types at the same level as their most base class, and all

the same class types at the next level which are not overridden by a descendant.

• Rules 4.8-4.9: An entity that is an instance of an ancestor class loses its inheritance to

an override class at a level at which an instance of any of its descendant classes exist.

• Rules 4.10: An entity is a child of another at a given level if there is a ancestry relation

between them, and they both exist at that level.

• Rules 4.11-4.12: An entity is a descendant of another if either: the entity is the child

of the other entity; or, by transitivity, if the entity is a descendant of some different

entity which is itself a descendant of the other entity.

insta_of(l, κ, ψ)←− entity(κ, ψ), class(l, κ) (4.5)

insta_of(l3, κ1, ψ)←− insta_of(l2, κ2, ψ), super_class(κ1, κ2), κ1 ̸= κ2

entity(κ3, ψ), class(l3, κ3), class(l1, κ1), l1 ≥ l2 (4.6)
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insta_of(l − 1, κ, ψ)←− insta_of(l, κ, ψ), not ovr_at(l − 1, κ, ψ) (4.7)

ovr_at(l − 1, κ, ψ1)←− ovr_by(l − 1, κ, ψ1, ψ2),

insta_of(l, κ, ψ1), insta_of(l − 1, κ, ψ2) (4.8)

ovr_by(l − 1, κ3, ψ1, ψ2)←− desce_of(l − 1, ψ1, ψ2), ovr(κ1, κ2, κ3),

insta_of(l, κ1, ψ1), insta_of(l − 1, κ2, ψ2),

insta_of(l, κ3, ψ1), insta_of(l − 1, κ3, ψ2) (4.9)

child_of(l, ψ1, ψ2)←− ances_rel(ψ1, ψ2), insta_of(l,_, ψ1) (4.10)

desce_of(l, ψ1, ψ2)←− child_of(l, ψ1, ψ2) (4.11)

desce_of(l, ψ1, ψ3)←− desce_of(l, ψ1, ψ2), desce_of(l, ψ2, ψ3) (4.12)

4.4.2 State Representation Module

The state representation module ensures correctness of the state representation. Informally,

it ensures that the initial state is complete, and then ensures that all future states continue

to remain complete throughout time, as planned actions transition them sequentially. It is

the smallest module, but is crucial as it is always included when generating and solving all

problems, except generation of final-goals. The module header is as follows:

SRM(j : N>0, i : N>j, re : {cl, cr, hr}) (4.13)

Where j and i are the start and current search steps respectively (as they are in problem

definitions), and re is the state representation mode; cl stands for classical, cr for refinement,

and hr for hierarchical. The semantics of the state representation modes are as follows:

• Classical : The classical mode represents the state at the current planning level only
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sl = {pl}. This mode is only used for the single top-level classical planning problem.

• Refinement : The refinement mode simultaneously represents the state over an adjacent

pair of levels; the current planning level and the previous sl = {pl, pl+1}. This mode is

required for conformance refinement problems, to allow reasoning about conformance

of a refined plan with the abstract plan it refines (see Section 3.5.1 for details).

• Hierarchical : The hierarchical mode represents the state over all levels in the hierarchy

simultaneously sl = {1, ..., tl}. This is used to generate conforming initial states over

all levels when defining a hierarchical planning problem (see Section 3.6.2 for details).

The state representation module contains only four rules (introduced in Section 3.5.1):

• Rule 4.14: Law of awareness ; A generator choice rule, which obtains a complete initial

state, by allowing the generation of any fluent state literal (assuming the argument

tuple of the state variable was explicitly assigned a value in the problem definition).

• Rule 4.15: Law of continuity ; An integrity constraint, which requires exactly one fluent

state literal in the state for each unique argument tuple of all fluent state variables.

• Rule 4.16: Law of inertia; propagate the value of fluents through time if there is reason

to believe that their value has been changed (by the actions of the robot).

• Rule 4.17: Closed world assumption for defined fluents ; If a defined fluent is not known

to be true, then it is assumed to be false.

{holds(l, f(t̄), ν, 0) } ←− fluent(l,_, f(t̄), ν) (4.14)

←− not { ν : holds(l, f(t̄), ν, k) } = 1, f luent(l,_, f(t̄),_) (4.15)

holds(l, f(t̄), v, k)←− holds(l, f(t̄), ν, k − 1), not not holds(l, f(t̄), ν, k), (4.16)

fluent(l, ine, f(t̄), ν)

holds(l, f(t̄), false, k)←− not holds(l, f(t̄), true, k), f luent(l, def, f(t̄),_) (4.17)
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The law of inertia is of particular interest, as it encodes a defeasible principle, which

ensures that if a fluent has not been assigned a new value by the effects of an action on

the current time step, then it takes its existing value from the previous time step, therefore

ensuring that the system state does not change unless perturbed. This works through the

double naf literal, which allows the conclusion (f l
i (t̄) = ν) ∈ σl

i to be derived from the

premise (f l
i−1(t̄) = ν) ∈ σl

i−1 without deductive support, if the conclusion is consistent in the

state σl
i
7. If the robot plans an action whose effects change the value of the fluent, either

directly (through an action effect) or indirectly (through a state relation), then the law of

continuity defeats the law of inertia, and the old value of the fluent cannot not be propagated

to the next time step (because each fluent may only take one value at a time).

It is now possible to formally define a valid state and a valid state pair:

Definition 4.4.1 (Valid State) A valid state is a state that satisfies the rules of the state

representation module and the laws of a (pair of) domain model(s). This requires that the

state be complete according to the law of continuity and consistent with the domain laws.

Specifically, a state σpl
j is classical valid in DMpl of DDtl, iff the ASP program

containing the domain model, the state, the state representation module in classical state

representation mode, and the instance relations module has exactly one answer set:

Πpl,tl
j,j (DDtl, ϵ(σpl

j ), IRM,SRM(cl)) −→ Zpl
j,j = {ζ

pl
j,j,0} (4.18)

If pl < tl then the planning domain model can be used for conformance refinement planning,

and therefore state pairs must be represented to allow reasoning about conformance of refined

plans with abstract plans from the model DMpl+1. The definition is similar, a state pair

δplj = σpl
j ∪ σ

pl+1
j is called conformance valid if the program has exactly one answer set:

Πpl,tl
j,j (DDtl, ϵ(δplj ), IRM,SRM(cr)) −→ Zpl

j,j = {ζ
pl
j,j,0} (4.19)

7In other words, the truth of f l
i−1(t̄) = ν in the previous state σl

i−1 is sufficient support for its truth in
the immediately next state σl

i, even though this conclusion may be defeated by additional knowledge.
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It is important to understand that if a state σpl+1
j is classical valid in DMpl+1, then it is

not guaranteed that there will exist some state pair δplj = σpl
j ∪ σ

pl+1
j containing σpl+1

j that

is conformance valid in DMpl. Intuitively, this is because an abstract domain model could

remove enough constraints to allow a state that is valid at the abstract model, but which

cannot be mapped to from any valid states of the more constrained original model8.

It is also now possible to define generation of initial states over the hierarchy:

Definition 4.4.2 (Conforming Initial State Generation) A ground-level initial state

is valid if the ASP program containing the entire hierarchical planning domain, the initial

state, the state representation module in hierarchical state representation mode, and the

instance relations module has at least one answer set:

Π1,tl
0,0 (DD

tl, ϵ(σ1
0), IRM,SRM(hr)) −→ Z1

0,0 ̸= ∅ (4.20)

If there is exactly one answer set Z1
0,0 = {ζ10,0,0} then the initial state is consistent, such that

there is exactly one interpretation of the state at all abstract levels of the hierarchy.

The initial states of some hierarchical problem HP tl then become:

Σtl = {ϵ(σtl
0 ) ∈ ζ10,0,0} ∪ {δl0 | ϵ(δl0) ∈ ζ10,0,0} : l ∈ [1, tl) (4.21)

If there is more than one answer set, then the initial state is inconsistent, because multi-

ple interpretations of the abstract initial state exist, and therefore no single deterministic

definition of the hierarchical problem can be obtained. This can only happen if the state

abstraction mapping is not exhaustive and deterministic9. If there are no answer sets, then

the initial state is invalid with the domain laws according to Definition 4.4.1.

8Since state relations and constraints cannot be removed in relaxed or condensed models used in this
thesis (only converted to more general versions in condensed models), there is no reason to believe that a
valid state of an abstract model will not have a valid state of the original that maps to it. Noting that, even
in condensed models, a generalised version of a domain law containing ancestor entities only exists because of
its original version of the law containing descendent entities which maps to it on their class override relations.

9There is some original model state literal which maps to multiple state literal of its abstract model.
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4.4.3 Minimal Planning Module

The minimal planning module ensures that planned state transitions are legal, and generated

plans are minimal in length and classical complete (according to Definition 3.7.2). It applies

action effects, enforces action preconditions, handles final-goal achievement, enforces condi-

tions for concurrent action planning, and applies the solution checking constraint (ensuring

programs are satisfiable only when a solution exists). The module header is as follows:

MPM(j : N>0, i : N>j,mb : N≥j, af : {⊤,⊥}, yi : {⊤,⊥}, co : {⊤,⊥}) (4.22)

Where j and i are the start and current search steps respectively, mb is the minimum search

length bound, af is a boolean which indicates whether the problem being solved is final, yi

is a boolean which enables or disables sequential yield planning mode, and co is a boolean

which enables or disables concurrent action planning. The minimum search length bound is

disabled if the given value is 0, otherwise it is enabled. As aforementioned, the minimum

search length bound is equal to the size of a conformance refinement planning problem. Note

that if sequential yield planning mode is enabled, then the minimum search length bound

must be disabled. It is also an error for the minimum search length bound or sequential

yield planning mode to be enabled when solving a classical planning problem.

The rules of the minimal planning module function as follows:

• Rule 4.23: Generator choice rule for planning actions at the current planning level.

• Rules 4.24-4.25: Activity constraint; plan exactly one action on each step in sequential

action planning, plan at least one action on each step in concurrent action planning.

• Rule 4.26: Apply the direct effects of an action on the time step it was planned at.

• Rules 4.27-4.28: The action precondition integrity constraints, ensuring that an action

cannot be planned in a state that does not satisfy (violates) its preconditions.
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• Rules 4.29-4.30: Goal satisfaction rules; a positive final-goal literal is satisfied if its

fluent literal holds, a negative final-goal literal is satisfied if its fluent literal does not.

• Rule 4.31: Standard final-goal achievement; always enforce achievement of the final-

goal if the problem is final and sequential yield planning is disabled.

• Rules 4.32-4.33: Sequential yield final-goal achievement; if sequential yield planning is

enabled, then create an external atom, which when set to true (by the sequential yield

planning algorithm) indicates that the end of the sub-goal stage sequence has been

reached. This enables the volatile rule that enforces achievement of the final-goal.

• Rule 4.34: A monolevel plan is incomplete whilst any final-goal literal is unsatisfied.

• Rule 4.35: For each planned action, generate a sub-goal literal for each of its direct

effects, whose sequence index is the time step i which it was planned at.

Since action effects and preconditions can be state dependent or state independent, the time

step parameter of the effect or preconditions atoms can be omitted. There is resultantly a

version of each of these rules with such substitutions made, excluded here for conciseness.

{occurs(l, r, a(t̄), i)} ←− (4.23)

←− not occurs(l, r, a(t̄), i) = 1, co = ⊥ (4.24)

←− not occurs(l, r, a(t̄), i) ≥ 1, co = ⊤ (4.25)

holds(l, f(t̄), υ, i)←− effect(l, r, a(t̄), f(t̄), υ, i), occurs(l, r, a(t̄), i) (4.26)

←− precond(l, r, a(t̄), f(t̄), υ, true, i), (4.27)

not holds(l, f(t̄), υ, i− 1), occurs(l, r, a(t̄), i)

←− precond(l, r, a(t̄), f(t̄), υ, false, i), (4.28)

holds(l, f(t̄), υ, i− 1), occurs(l, r, a(t̄), i)
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goal_sat(l, f(t̄), υ, true, i)←− goal(l, f(t̄), υ, true), holds(l, f(t̄), υ, i) (4.29)

goal_sat(l, f(t̄), υ, false, i)←− goal(l, f(t̄), υ, false), not holds(l, f(t̄), υ, i) (4.30)

enforce_achieve_fgoals(i)←− af = ⊤, yi = ⊥ (4.31)

#external seq_achieve_fgoals(i)←− af = ⊤, yi = ⊤ (4.32)

enforce_achieve_fgoals(i)←− seq_achieve_fgoals(j), i ≥ j (4.33)

no_plan_exists(i)←− goal(l, f(t̄), υ, B), (4.34)

not goal_sat(l, f(t̄), υ, B, i),

enforce_achieve_fgoals(i) : B ∈ {true, false}

sub_goal(l, r, a(t̄), f(t̄), υ, i)←− occurs(l, r, a(t̄), i), effect(l, r, a(t̄), f(t̄), υ, i) (4.35)

The remaining core part of the planning module is Rule 4.37, the solution checking

constraint, a volatile rule specific for each search step i > j, which check whether a plan

exists of length i−j. Essentially, the external atom query(i) has its value set to true on each

search step i, checking for the existence of a plan by activating the integrity constraint. The

atom no_plan_exists(i) is the false only iff all final-goals and sub-goal stages have been

achieved. If they have not, then the integrity constraint evaluates to true and the program

is unsatisfiable. The program will therefore only have an answer set when a valid plan exists.

Because the program is solved incrementally in the time step sequence (i)ki=mb, when such

an answer set is found, then it is guaranteed to contain a minimal plan by definition.

#external query(i)←− (4.36)

←− no_plan_exists(i), query(i), i > (mb− 1) (4.37)

The minimal planning module also handles concurrent action planning by enforcing

the concurrency constraints proposed in Section 3.7.3. Recall that the purpose of concurrent

action planning is to compress the length of plans and to provide more information about
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the ordering constraints underlying actions. This is achieved by allowing sub-sequences of

actions that are arbitrarily ordered to be grouped into one set. The constraints are restated:

1. Multiple concurrently planned actions cannot lead to an invalid state,

2. Multiple concurrently planned actions cannot affect the same fluent,

3. A set of concurrently planned actions must also be sequentially plannable in any permu-

tation, this requires than the effects of an action cannot not unachieve the precondition

of any other action planned concurrently on the same step. Specifically, the effect an

action must not cause a fluent to take a value that violates the precondition of another

action (the effect cannot falsify a positive or “truify” a negative precondition).

The first constraint does not need to be handled explicitly, since no answer set can contain

an invalid state. Additional rules are needed to handle the latter constraints. Rule 4.38

handles the second and Rules 4.39 and 4.40 handle the third.

←− occurs(l, r1, a(t̄)1, i), occurs(l, r2, a(t̄)2, i), a(t̄)1 ̸= a(t̄)2, r1 ̸= r2,

effect(l, r1, a1, f(t̄), v1, i), effect(l, r2, a2, f(t̄), v2, i) (4.38)

←− occurs(l, r1, a(t̄)1, i), occurs(l, r2, a(t̄)2, i), a(t̄)1 ̸= a(t̄)2, v1 ̸= v2,

effect(l, r1, a(t̄)1, f(t̄), v1, i), precond(l, r2, a(t̄)2, f(t̄), v2, true, i) (4.39)

←− occurs(l, r1, a(t̄)1, i), occurs(l, r2, a(t̄)2, i), a(t̄)1 ̸= a(t̄)2,

effect(l, r1, a(t̄)1, f(t̄), v, i), precond(l, r2, a(t̄)2, f(t̄), v, false, i) (4.40)

It is now possible to define a legal state transition and monolevel plan:

Definition 4.4.3 (Legal State Transition) A legal state transition is a state transition

that satisfies the rules of the state representation module, the minimal planning module,

and the laws of (a pair of) domain model(s). This requires the start and end states of the
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transition be valid, and the change between states be consistent with the domain laws.

Specifically, a state transition τ plj is classical legal in DMpl of DDtl, iff the ASP

program containing the domain model, the state transition, the rules of the state represen-

tation module in classical state representation mode, the instance relations module, and the

minimal planning module with final-goal achievement disabled, has exactly one answer set:

Πpl,tl
j−1,j(DD

tl, ϵ(τ plj ), IRM,SRM(cl),MPM(−1,⊥,⊥, co)) −→ Zpl
j−1,j = {ζ

pl
j−1,j} (4.41)

The state transition is conformance legal if the same program with the state representation

module in conformance refinement state representation mode has exactly one answer set:

Πpl,tl
j−1,j(DD

tl, ϵ(τ plj ), IRM,SRM(cr),MPM(−1,⊥,⊥, co)) −→ Zpl
j−1,j = {ζ

pl
j−1,j} (4.42)

It is not guaranteed that a classical legal state transition τ pl+1
j will have a single conformance

legal state transition τ plk where both σpl+1
j−1 ⊂ δplj−1 and σpl+1

j ⊂ δplj , such that the start and

end states of the refinement state transition map to the start and end states of the classical

state transition. This is intuitive, since abstract models remove or generalise constraints

with the desire to reduce abstract plan lengths, by allowing state transitions that would not

be possible in the original. Therefore, typically a sequence of state transitions are needed to

form a path between the same start and end states in the original model.

A monolevel plan is legal if either program (re ∈ {cl, cr}) has exactly one answer set:

Πpl,tl
j,k (DDtl, ϵ(πpl

j,k), IRM,SRM(re),MPM(−1,⊥,⊥, co)) −→ Zpl
j,k = {ζ

pl
j,k} (4.43)

Such a plan is final if it has an answer set with the final-goal enforced:

Πpl,tl
j,k (DDtl, ϵ(πpl

j,k), IRM,SRM(re),MPM(−1,⊤,⊥, co)) −→ Zpl
j,k = {ζ

pl
j,k} (4.44)

Intuitively, if the start state of the plan is the initial state of the hierarchical planning problem

at the given level according to Definition 3.7.2 then the plan is classical complete.
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4.4.4 Conformance Refinement Module

The conformance refinement module enforces the conformance constraint in refinement plan-

ning problems. It ensures that all sub-goal stages included in the problem, are achieved by

the refined plan, in the same order as the actions from the abstract plan which produced

them. This constitutes the refined plan achieving the same effects as the abstract plan.

Therefore, the refined plan attains conformance with the abstract plan, as it expands and

specialises to satisfy the stricter planning constraints of the original problem. This is the

definition of conformance refinement planning. The module header is as follows:

CRM(j : N>0, k : N>j, φ : N>0, ϑ : N≥φ, at : {seqa, sima}, yi : {⊤,⊥}) (4.45)

Where j and k are the start and current search steps respectively, and φ and ϑ are the first

and last sub-goal stage indices (again, as they are in problem definitions), at is the sub-goal

stage achievement type; seqa stands for sequential achievement, and sima for simultaneous

achievement, and yi is a boolean which enables or disables sequential yield planning mode.

The rules of the conformance refinement module function as follows:

1. Rule 4.46: Standard sub-goal stage inclusion; for each time step i greater than the

starting step j, include all the sub-goal stages at sequence indices ϱ between the first

and last indices of the monolevel problem φ and ϑ inclusive.

2. Rule 4.47: Set sequential yield sub-goal stage index ; defines the external atom for

setting the current last in sequence sub-goal stage index for sequential yield mode.

3. Rule 4.48: Sequential yield sub-goal stage inclusion; for each time step i greater than

the step y at which the current last sub-goal stage at index x was added, include all

sub-goal stages at sequence indices ϱ between the first index of the monolevel problem

φ and the current last x. I.e. include the current and all previous sub-goal stages.

141



Algorithms and Decision Making Systems for HCR Planning

Where y is the step after the previous sub-goal stage at index x− 1 was achieved.

4. Rule 4.49: the current sub-goal stage to be achieved from the starting step j is initially

the first sub-goal stage at index φ.

5. Sequential sub-goal stage achievement;

(a) Rule 4.50: Sub-goal literal satisfaction; a current sub-goal literal is satisfied on a

step in which it holds in the state.

(b) Rule 4.51: Current sub-goal goal literal sequential propagation; a current sub-goal

is propagated to the next time step if it has not yet been satisfied. Therefore, if

the sub-goal literal is satisfied, it is not propagated. This individual evaluation of

propagation allows sub-goal literals to be achieved sequentially.

6. Simultaneous sub-goal stage achievement;

(a) Rule 4.52: the current sub-goal stage is not simultaneously achieved whilst any

of its sub-goal literals with its index are not satisfied in the current state,

(b) Rule 4.53: the sub-goal literals from the previous time step i− 1 are propagated

to the current time step i, if the subgoal index that was current at time step i− 1

has not yet been simultaneously achieved.

7. Rule 4.54: if the sequence index that was current at the previous time step is no longer

current at i, then the next in sequence subgoal stage index ϱ+1 becomes current at i.

8. Rule 4.55: a sub-goal stage is achieved on the last step upon its index is current (that

is, it is current up until and inclusive of the time step at which it is satisfied in a state).

9. Rule 4.56: the current sub-goal stage sequence index ϱ to be achieved at k is equal to

the index value of the current sub-goal literals.

10. Rule 4.57: the plan is incomplete whilst there is at least one current subgoal at step i

i.e. all subgoal sequence indices must be exhausted to complete the plan.
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include_sub_goal_index(ϱ, i)←− yi = ⊥, ϱ ∈ [φ, ϑ], i > j (4.46)

#external current_last_sgoals(ϱ, i)←− yi = ⊤, ϱ ∈ [φ, x], i > j (4.47)

include_sub_goal_index(ϱ, i)←− yi = ⊤, ϱ ∈ [φ, x], i ≥ y,

cur_last_sub_goal_index(x, y) (4.48)

cur_sub_goal(pl + 1, f(t̄), υ, φ, i)←− sub_goal(pl + 1, f(t̄), υ, φ) (4.49)

sub_goal_sat(l + 1, f(t̄), v, ϱ, i)←− cur_sub_goal(l + 1, f(t̄), v, ϱ, i− 1),

holds(l + 1, f(t̄), v, i) (4.50)

cur_sub_goal(l + 1, f(t̄), v, ϱ, i)←− at = seqa, cur_sub_goal(l + 1, f(t̄), v, ϱ, i− 1),

uach_sub_goals(l + 1, ϱ, i− 1) (4.51)

unach_sub_goals(l + 1, ϱ, i)←− cur_sub_goal_index(l + 1, ϱ, i),

cur_sub_goal(l + 1, f(t̄), v, ϱ, i),

not sub_goal_sat(l + 1, f(t̄), v, ϱ, i) (4.52)

cur_sub_goal(l + 1, f(t̄), v, ϱ, i)←− at = sima, cur_sub_goal(l + 1, f(t̄), v, ϱ, i− 1),

unach_sub_goals(l + 1, ϱ, i− 1) (4.53)

cur_sub_goal(l + 1, f(t̄), v, ϱ+ 1, i)←− sub_goal(l + 1, f(t̄), v, ϱ+ 1),

include_sub_goal_index(ϱ, i),

cur_sub_goal_index(l + 1, ϱ, i− 1),

not cur_sub_goal_index(l + 1, ϱ, i) (4.54)

sglsach_at(l + 1, ϱ, i)←− cur_sub_goal_index(l + 1, ϱ, i),

unach_sub_goals(l + 1, ϱ, i) (4.55)

cur_sub_goal_index(l + 1, ϱ, i)←− current_sub_goal(l + 1, f(t̄), v, ϱ, i) (4.56)

no_plan_exists(i)←− include_sub_goal_index(ϱ, i),

current_sub_goal(l + 1, f(t̄), v, ϱ, i) (4.57)
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4.4.5 Plan Optimisation Module

The plan optimisation module handles optimisation of plan according to final-goal preemp-

tive achievement and concurrent action planning. The module header is as follows:

POM(j : N>0, k : N>j, ω
pl, co : {⊤,⊥}, pa : {⊤,⊥}) (4.58)

Where j and k are the start and current search steps respectively, ωpl are the final-goal

literals at level pl, co is a boolean which enables or disables concurrent action planning, and

pa is a boolean which enables or disables final-goal pre-emptive achievement.

Optimisation over answer sets is using weak constraints. These are similar to integrity

constraints, except when they are satisfied, instead of making the program unsatisfiable, they

add their weight to the cost of the answer set. The ASP solver is then guaranteed to find an

answer set with minimum total cost (sum of weights of all satisfied weak constraints). The

minimisation of actions in concurrent action planning is implemented according to a weak

constraint defined by Equation 4.5910, which applies unit cost of one for each planned action.

A satisfiable plan is then guaranteed to contain a minimal number of actions. Final-goal

pre-emptive achievement is implemented according to a weak constraint defined by Equation

4.60. This applies a negative unit cost (a reward) whenever an action’s effect achieves a final-

goal literal. A satisfiable plan is then guaranteed to contain a maximal number of actions

which pre-emptively achieve final-goal literals. Note that 4.59 is applicable only iff co = ⊤

and 4.60 iff pa = ⊤. To handle multiple objectives when both are enabled, the solver can

simply minimise 4.59 and then 4.60, separately, since they are non-interacting.

k∑
i=j

1←− r ⇒ apli+1(t̄) ∈ α
pl
i+1[τ

pl
i ] : τ pli ∈ π

pl
j,k (4.59)

k∑
i=j

−1←− r ⇒ apli+1(t̄) ∈ αl
i+1[τ

l
i ], f

l(t̄) = v ∈ ς li+1[τ
l
i ], fg(t̄) = v ∈ ωpl : τ li ∈ πl

j,k (4.60)

10Equations representing the weak constraints are presented instead of rules for clarity and conciseness.
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4.4.6 Goal Abstraction Module

The goal abstraction module serves only to generate a conforming final-goal over all levels

in an abstraction hierarchy. The module header, takes no parameters, as follows:

GAM() (4.61)

The goal abstraction module converts all final-goal literals into standard fluent state literals.

A partial state containing only fluents declared as final-goal fluents are then represented over

all levels in the abstraction hierarchy simultaneously (as with initial state generation). The

initial state at all abstraction levels is then converted back to final-goal literals, resulting in

the conforming set of final-goals for a hierarchical planning problem.

1. Rules 4.64-4.63: Ground-level final-goals are applied as state literals in the initial state.

2. Rules 4.64-4.65: Convert the initial state back to final-goal literals.

3. Rules 4.66-4.67: Defined final-goals must be satisfied in the initial state; if the defined

final-goal must hold true, then it cannot hold false, and if the defined final-goal must

hold false, then it cannot hold true.

4. Rules 4.68-4.70: The goal abstraction module contains three rules from the state repre-

sentation module; law of awareness, law of continuity, and the closed-world assumption

for defined fluents, each of which is modified to only apply to final-goal fluents.

holds(l, f(t̄), ν, 0)←− final_goal(l, f(t̄), ν, true) (4.62)

not holds(l, f(t̄), ν, 0)←− final_goal(l, f(t̄), ν, false) (4.63)

final_goal(l, f(t̄), ν, true)←− holds(l, f(t̄), ν, 0), goal_fluent(l, f(t̄)) (4.64)

final_goal(l, f(t̄), ν, false)←− not holds(l, f(t̄), ν, 0), goal_fluent(l, f(t̄)) (4.65)
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←− holds(l, f(t̄), false, 0), final_goal(l, f(t̄), b, b),

inst_of(l, bool, b), f luent(l, defined, f(t̄),_) (4.66)

←− holds(l, f(t̄), true, 0), final_goal(l, f(t̄), b1, b2),

inst_of(l, bool, b1), inst_of(l, bool, b2), b1 ̸= b2,

f luent(l, defined, f(t̄),_) (4.67)

{holds(l, f(t̄), ν, 0) } ←− fluent(l,_, f(t̄), ν), goal_fluent(l, f(t̄)) (4.68)

←− not { ν : holds(l, f(t̄), ν, k) } = 1, f luent(l,_, f(t̄),_),

goal_fluent(l, f(t̄)) (4.69)

holds(l, f(t̄), false, k)←− not holds(l, f(t̄), true, k), f luent(l, def, f(t̄),_),

goal_fluent(l, f(t̄)) (4.70)

It is also now possible to define generation of the final-goal over the hierarchy:

Definition 4.4.4 (Conforming Final-Goal Generation) A ground-level final-goal is

valid if the ASP program containing the entire hierarchical planning domain, the final-goal,

the instance relations module, and the goal abstraction module, has at least one answer set:

Π1,tl
0,0 (DD

tl, ϵ(σ1
0), IRM,GAM) −→ Z1

0,0 ̸= ∅ (4.71)

If there is exactly one answer set Z1
0,0 = {ζ10,0,0} then the final-goal is consistent, such that

there is exactly one interpretation of the final-goal at all abstract levels of the hierarchy.

The final-goals of some hierarchical problem HP tl are then:

Ωtl = {ωl
0 | ϵ(ωl

0) ∈ ζ10,0,0} : l ∈ [1, tl] (4.72)

As with initial-state generation in Definition 4.4.2; if there is more than one answer set the

final-goal is inconsistent, and if there are no answer sets then the the final-goal is invalid.
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4.5 Planning Algorithms and Systems

This section presents the four core planning algorithms used in HCR planning.

1. Hierarchical Planning Algorithm: Controls hierarchical and online planning progres-

sion along the horizontal and vertical axes of planning, according to decisions made

by the online planning method. Generates monolevel planning problems by extract-

ing: the problem’s initial state and final-goal from the hierarchical planning domain

definition; or its intermediate starting state and conformance constraints for the cur-

rent hierarchical plan if the problem is a partial refinement planning problem, and; the

sub-goal stage range for the given problem as decided by the problem division strategy.

2. Monolevel Planning Algorithm: Loads the necessary operational modules of ASH and

constructs the ASP program for a given monolevel planning problem from the domain

and problem specific components passed from the hierarchical planning algorithm.

3. Sequential Yield Planning Algorithm: Inserts and minimally achieves each individual

sub-goal stage of a conformance refinement planning problem sequentially. This allows

the progression of search towards the final-goal to be observed externally.

4. ASP Incremental Search System: Handles the search for plans that solve any given

monolevel planning problem, by incrementally grounding and solving the ASP program

passed from the monolevel planning algorithm for that problem. Incremental search

continues until a minimal solution is found, or a search length or time limit is reached.

Each algorithm and their subordinate functions include at least one return statement,

and explicit success or failure declarations. A return statement has its usual meaning of

returning the result of resolving an algorithm call. A success declaration states that the

algorithm has found the expected result and a valid solution, whereas a failure declaration

states that the expected result could not be obtained and returning would be an error.
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The following special keywords are used to denote calls to the Clingo ASP system

used by ASH. Keyword build constructs the program’s Abstract Syntax Tree (AST) ready

for grounding and solving. Keywords base ground Πpl
j,k ground the base program part

of the logic program, and keywords inc ground Πpl
j,k ground the incremental part of the

logic program up to the current search length; this extends all program parts with the

step parameters j, k as their first parameters (see Section 4.4). Keywords load grounding

Πpl
j,k reloads an existing program that has previously been grounded, store grounding Πpl

j,k

makes such a grounding available for loading, and delete grounding Πpl
j,k deletes such a

grounding. Keywords extend Π1 with Π2 extends the program Π1 with the grounding of

Π2. Keyword solve attempts to solve the logic program, checking if a solution exists whose

length is equal to the given search length. Keyword simplify cleanups and simplifies the

logic program: it is used in incremental solving to prepare the logic program from the next

search step. Keywords assign external variable = value on Πpl
j,k and release external

variable = value on Πpl
j,k, set and unset the value of externable variables within the logical

problem. These variables can be changed externally in the logic program by an imperative

algorithm between each step of incremental grounding and solving of a program.

4.5.1 Hierarchical Planning Algorithm

The hierarchical planning algorithm is the primary workhorse and controls the process of

HCR planning. It is summarised in pseudo code Algorithm 1. It functions as follows:

1. The hierarchical problem is first initialised. The initial-state and final-goal are given

to the HCR planner only at the ground-level (which is the actual problem to solve, see

Section 3.6.1). Initialising the hierarchical problem then requires generating conforming

initial states and final-goals over the entire abstraction hierarchy using Algorithm 2,

such that all monolevel plans in a hierarchical plan start and end in conforming states

(see Section 3.6.2 for why this is necessary, and Definitions 4.4.2 and 4.4.4 for details).
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• A program is built that represents the state of the hierarchical planning domain

over all abstraction levels simultaneously (hierarchical representation hr, see Sec-

tion 4.4.2), the ground-level initial-state is then included, and the program is

solved. This automatically abstracts the initial-state to all abstract levels. This

is such that the resulting answer set contains a conforming initial-state over all

monolevel problems in the hierarchical planning problem11. If there is no answer

set, then the initial-state is invalid. If there is more than one answer set, then

the initial-state is inconsistent, and the planner cannot find a unique conforming

interpretation of the ground-level initial-state at all abstraction levels.

• This happens similarly for the final-goals, except the goal abstraction module is

used instead of the state abstraction module (in hr mode) (see Section 4.4.6). It

is necessary to use a separate module, because only fluents specified as final-goal

fluents are part of the final-goal specification, all others are left unmentioned12.

2. Hierarchical planning begins by solving the most abstract top-level classical problem.

• The top-level classical plan is then used to initialise the hierarchical plan,

• The combined refinement problem of this plan is then immediately divided.

3. Planning then proceeds to enter the online partial-planning loop.

• This continues for an indefinite number of increments until the problem is solved,

• The hierarchical problem is solved once all abstraction levels in the hierarchical

plan are complete. It is sufficient to check whether the ground-level is complete.

4. Call the online planning method to determine: the highest-level hl ∈ N>0 and lowest-

level ll ∈ N[hl,1], of the contiguous level range over the vertical axis of hierarchical

planning, involved in the current online planning increment, and; whether to divide

divide ∈ {⊤,⊥} the refinement problems of abstract plans during this movement.
11To have initial-state conformance all fluent state literals must map to each other deterministically.
12To have final-goal conformance only the fluent state literals in the partial state defined by the final-goal

fluents must map to each other, all other fluents can freely take any other value.
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• Ground-first chooses hl as the highest non-final level and ll as the ground-level,

• Complete-first chooses both hl and ll as the highest non-final level,

• Hybrid chooses ground-first initially and complete-first subsequently.

5. Update number of solved problems and find size of the current monolevel problem,

6. Obtain a complete definition of the monolevel problem by extracting the necessary

components from the hierarchical plan using Algorithm 3. If the problem is partial

and non-initial, find its start state from the hierarchical plan’s conformance mapping.

7. Call the monolevel planning algorithm to solve the monolevel problem.

8. Update the hierarchical plan with the monolevel plan that solved the problem.

9. Call the division strategy (if requested) to make divisions over the combined refine-

ment problem of the monolevel plan (if it is abstract), and update the partial-problem

templating function ∆ (see Section 3.6.5 for details of this function).

• Recall the following functions introduced previously: the number of monolevel

problems that have been solved at a given level problems(l) = κ; the num-

ber of abstract partial-plans whose refinement problems have been divided over

divided(l) = n; whether the monolevel plan at a given level is complete complete(l) =

ρ; and the current concatenated monolevel plan length mlen(l) = k.

• The division strategy can be called every time a monolevel plan is generated if

requested by the online method. When the strategy is called, it takes as argu-

ment the number of problems that have been divided at the given level so far

divided(l) = n and the current problem number problems(l) = κ. The strat-

egy must then concatenate and divide the combined refinement problem of all

partial-plans that solved the partial-problems in the range [n,κ].

10. End both loops, return to step 3 if level ll has been reached, else return to step 4. If

the ground-level is final, break instead the loop and return the ground-level plan.
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4.5.2 Monolevel Planning Algorithm

The monolevel planning algorithm handles the creation of ASP logic programs that define

monolevel classical or conformance refinement planning problems and makes calls to search

for solutions to those problems. It is agnostic to the process of hierarchical planning.

The monolevel planning algorithm is summarised in pseudo code in Algorithm 4, it

also relies on auxiliary Algorithm 5 to create the necessary logic programs.

There are three search modes that the monolevel planning algorithm can use;

1. Standard Search Mode: The standard incremental search mode, in which the planner

incrementally increases the search length in ascending order (i)∞i=1. It starts from the

initial step i = 1, checks for a solution (by solving the logic program) at every time

step, and returns on the first step one is found, guaranteeing a minimal length plan.

2. Minimum Search Length Bound Search Mode: Similar to the standard search mode,

except the planner does not check for a solution until a minimum bound on the plan

length has been reached to reduce search time. The bound is currently used only for

refinement problems, and is equal to the number of sub-goal stages in the problem.

3. Sequential Yield Search Mode: A novel search mode presented in Sub-Section 4.5.3.

4.5.3 Sequential Yield Planning Algorithm

The sequential yield planning algorithm works alongside the monolevel planning algorithm.

It modifies the manner in which search is performed, such that the sub-goal stages of a com-

bined refinement planning problem are “inserted” and considered sequentially. The planner

then searches for a tentative solution that minimally achieves each first sub-goal stage in

sequence, until it achieves the last sub-goal stage, and the solution is accepted.
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The sequential yield algorithm is summarised in pseudo code in Algorithm 6. The

current_last_sgoals and seq_ach_fgoals external atoms are used to set the current sub-

goal stage index in the CRM and enforce achievement of the final-goal at the end of the

sub-goal sequence in the MPM, see Sections 4.4.4 and 4.4.3 for details. Step parameter h

reflects/tracks the search length reached to minimally achieve the current sub-goal stage.

The purpose and benefits of the algorithm is two-fold;

1. Observable Planning : The progression of the planner towards a solution to the given

problem, in terms of the number of achieved sub-goal stages, can be directly observed

during planning (in contrast, in standard search there is no way to observe how close

the planner is to a solution until one is found). For a human operator, it is beneficial

to be able to gauge the length of time to wait before the robot begins execution.

2. Faster Planning : There is the potential that sequential yielding could reduce planning

time. The idea is that if no solution to the problem exists at a given search length,

then proving so requires exhausting the search space. Whereas, if a solution does exist,

it might be found after having exhausted only part of the search space. Given that se-

quential yield search will contain multiple search steps upon which a tentative solution

exists, much of the necessary search could be avoided using the proposed approach.

4.5.4 The Incremental Search System

The incremental search system handles the incremental ASP grounding and solving process

used for finding minimal length plans. The system functions as summarised in Algorithm 7.

For a description of the primary benefits of incremental ASP search see Section 2.4.3. The

algorithm uses the query external atom to progress the time step of the solution checking

constraint from theMPM as the search length increases, see Section 4.4.3 for details.
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Algorithm 1 Hierarchical Conformance Refinement Planning Algorithm.

1: procedure hierarchical_plan(HDtl, σ1
0, ω

1, at, yi, co, pa, sg, blend, s_lim, t_lim)
2: Parameters: HDtl is a hierarchical planning domain, σ1

0 is a ground-level initial
state, and ω1 is a ground-level final-goal, at ∈ {seq_a, sim_a} is the sub-goal achieve-
ment type, yi ∈ {⊤,⊥} enables sequential yield planning, co ∈ {⊤,⊥} enables con-
current action planning, pa ∈ {⊤,⊥} enables final-goal pre-emptive achievement of ωpl,
sg ∈ {⊤,⊥} enables saved program groundings, blend is the sub-goal blend quantity,
s_lim and t_lim are the maximum search length and time limit.

3:
4: Initialise the hierarchical planning problem.
5: Σtl,Ωtl ← hierarchical_problem(HDtl, σ1

0, ω
1)

6: HP 1,tl ← ⟨HDtl,Σtl,Ωtl⟩
7:
8: Solve classical problem, initialise hierarchical plan, and divide its refinement problem.
9: MP tl

0,0,0 ← ⟨DDtl, σtl
0 , ω

tl, ∅⟩
10: πtl

0,k ← monolevel_plan(MP tl
0,0,0, null,⊥,⊥, ∅, s_lim, t_lim, null)

11: ηtl[tl, 1] ← πtl
0,k, ∅,⊤

12: ∆, n ← division_strategy(ηtl, tl, 1, 1)
13: divided(tl) ← n
14:
15: Loop handling horizontal axis of online planning.
16: while The ground-level is incomplete (¬complete(1)) do
17: Call online method to determine level range for current online planning increment.
18: ll, hl, divide ← online_method(ηtl)
19:
20: Loop handling vertical axis of hierarchical planning.
21: for all pl ∈ [ll, hl] in the sequence (pl)llpl=hl do
22: problems(pl) ← problems(pl) + 1
23: κ ← problems(pl)
24: φ, ϑ ← ∆(pl,κ)
25:
26: Obtain monolevel problem and call monolevel planning algorithm to solve it.
27: MP l

j,φ,ϑ ← monolevel_problem(HP tl, ηtl, pl,κ, φ, ϑ)
28: πl

j,k, γφ,ϑ←monolevel_plan(MP l
j,φ,ϑ, at, yi, co, pa, ω

pl, λφ,ϑ+blend, s_lim, t_lim)
29: ηpl,tl[pl,κ] ← ⟨πl

j,k, γφ,ϑ, ρ⟩
30:
31: Call division strategy to allow it to divide any undivided plans.
32: if Online method requests problem division (divide = ⊤ ∧ pl ̸= 1) then
33: ∆, n ← division_strategy(ηtl, pl, divided(pl),κ)
34: divided(pl) ← n

35:
36: declare success
37: return π1

0,k = {π1
j,i[η

1,tl(1,κ)] | κ ∈ problems(1)}
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Algorithm 2 Generate Conforming Initial States and Final-Goals over the Hierarchy.

1: function hierarchical_problem(HDtl, σ1
0, ω

1)
2: Parameters: HDtl is a hierarchical planning domain, σ1

0 is a ground-level initial
state, and ω1 is a ground-level final-goal.

3:
4: Build, ground, and solve a program representing the initial state over the hierarchy.
5: Π1,tl

0,0 ← build Π1,tl
0,0 (DD

tl, ϵ(σ1
0), IRM,SRM(hr))

6: ground all Π1,tl
0,0

7: Z1,tl
0,0 ← solve Π1,tl

0,0

8: if There is exactly one answer set (Z1,tl
0,0 = {ζ10,0,0}) then

9: The ground-level initial-state has a unique interpretation at all abstract levels.
10: Σtl ← {ϵ(σtl

0 ) ∈ ζ10,0,0} ∪ {δl0 | ϵ(δl0) ∈ ζ10,0,0} : l ∈ [1, tl)
11: else
12: The ground-level initial-state has multiple interpretations at some level.
13: declare failure
14:
15: Build, ground, and solve a program representing the final-goal over the hierarchy.
16: Π1,tl

0,0 ← build Π1,tl
0,0 (DD

tl, ϵ(ω1), IRM,GAM)

17: ground all Π1,tl
0,0

18: Z1,tl
0,0 ← solve Π1,tl

0,0

19: if There is exactly one answer set (Z1,tl
0,0 = {ζ10,0,0}) then

20: Ωtl ← {ωl | ϵ(ωl) ∈ ζ10,0,0} : l ∈ [1, tl]
21: else
22: The ground-level final goal has multiple interpretations at some level.
23: declare failure
24:
25: return Σtl and Ωtl
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Algorithm 3 Obtain Monolevel Problem Definition.

1: function monolevel_problem(HP tl, ηtl, pl,κ, φ, ϑ)
2: Parameters: HP tl is a hierarchical planning problem, ηtl is a hierarchical plan, pl

is the current planning level, κ is the current problem number at that level, and [φ, ϑ]
is a sub-goal stage range.

3:
4: Get sub-goal stages to refine.
5: πpl

0,z ← ηtl(pl + 1, problem(pl + 1))

6: λpl+1
φ,ϑ ← {λpl+1

ϱ = ςpl+1
ϱ [τ plpl + 1ϱ] | τ plpl + 1ϱ ∈ π

pl
0,z}

7:
8: if First sub-goal stage index is not the first φ ̸= 1 then
9: Start from end state of last partial-plan.

10: πpl
a,b, γ

pl
c,d ← ηtl(pl,κ − 1)

11: j ← γplc,d(φ− 1)

12: δplj ← δplj [τ
pl
j ∈ π

pl
a,b]

13: else
14: Start from the initial-state.
15: j ← 0
16: δplj ← σpl ∈ Σtl[HP tl]

17:
18: Determine whether the problem is final.
19: if The monolevel plan at previous level is complete and requested sub-goal stage

index range includes last sub-goal stage complete(pl + 1) = ⊤ ∧ ϑ = mlen(pl + 1) then
20: ωpl ← ωpl ∈ Ωtl[HP tl]
21: return ⟨DDtl, δplj , ω

pl, λpl+1
φ,ϑ ⟩

22: else
23: return ⟨DDtl, δplj , ∅, λ

pl+1
φ,ϑ ⟩
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Algorithm 4 Monolevel Classical and Conformance Refinement Planning Algorithm.

1: procedure monolevel_plan(MP pl
j,φ,ϑ, at, yi, co, pa, ω

pl, sg, λφ,ϑ+blend, s_lim, t_lim)
2: Parameters: MP pl

j,φ,ϑ is a monolevel planning problem, at ∈ {seq_a, sim_a} is
the sub-goal achievement type, yi ∈ {⊤,⊥} enables sequential yield planning, co ∈
{⊤,⊥} enables concurrent action planning, pa ∈ {⊤,⊥} enables final-goal pre-emptive
achievement of ωpl, sg ∈ {⊤,⊥} enables saved program groundings, λφ,ϑ+blend are any
blended sub-goal stages, s_lim and t_lim are the maximum search length and time
limit.

3:
4: Build the program representing the monolevel problem.
5: Πpl

j,k ← build_program(MP pl
j,φ,ϑ, at, yi, co, pa, ω

pl, λφ,ϑ+blend)
6:
7: t_start ← system_time()
8: if Sequential yield planning is enabled (pl < tl and yi = ⊤) then
9: ζplj,t_total,0, i, t_total ← yield_solve(Πpl

j,k, j, s_lim, φ, ϑ, af, t_start, t_lim)
10: else
11: ζplj,t_total,0, i, t_total ← inc_solve(Πpl

j,k, j, s_lim,mb, t_start, t_lim)

12:
13: if Saved grounding is enabled and problem is non-final (sg = ⊤ and af = ⊥) then
14: store grounding Πpl

j,k

15: else
16: delete grounding Πpl

j,k

17:
18: Extract and return the monolevel plan and conformance mapping.
19: declare success
20: πl

j,k, γφ,ϑ ← extract ϵ(πl
j,k) and ϵ(γφ,ϑ) from ζplj,t_total,0

21: if Blending is enabled (blend ̸= 0) then
22: πl

j,p ← {τ li | πl
j,k : i ∈ γφ,ϑ+blend(ϑ)}

23: return πl
j,p and γφ,ϑ

24: else
25: return πl

j,k and γφ,ϑ
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Algorithm 5 Build ASP Program for Monolevel Planning.

1: function build_program(MP pl
j,φ,ϑ, at, yi, co, pa, ω

pl, λφ,ϑ+blend)
2: Parameters: MP pl

j,φ,ϑ is a monolevel planning problem, at ∈ {seq_a, sim_a} is
the sub-goal achievement type, yi ∈ {⊤,⊥} enables sequential yield planning, co ∈
{⊤,⊥} enables concurrent action planning, pa ∈ {⊤,⊥} enables final-goal pre-emptive
achievement of ωpl, λφ,ϑ+blend are any blended sub-goal stages.

3:
4: Build a logic program representing the monolevel problem to solve.
5: if Problem type is classical (pl = tl) then
6: Πpl

j,k ← build Πpl
j,k(MP pl

0,0,0, IRM,SRM(cl),MPM(0,⊤,⊥,⊥))
7: base ground Πpl

j,k

8:
9: else if Problem type is conformance refinement (pl < tl) then

10: Determine final-goal achievement.
11: af ← complete(pl + 1) ∧ ϑ = mlen(pl + 1)
12:
13: Enable and calculate minimum search length bound.
14: mb ← 0
15: if Sequential yield is disabled yi = ⊥ then
16: mb ← j + (ϑ− φ)
17:
18: Build the program (currently j = k).
19: Πpl

j,k ← build Πpl
j,k(MP pl

j,φ,ϑ, IRM,SRM(re),MPM(mb, af, yi, co),

20: CRM(at, yi),POM(ωpl, co, pa))
21:
22: if Blending is enabled (blend ̸= 0) then
23: Πpl

j,k ← extend Πpl
j,k with λϑ+1,ϑ+blend

24:
25: if Saved grounding is available and enabled (sg = ⊤ and j > 0) then
26: load grounding Πpl

0,j−1

27: Πpl
j,k ← extend Πpl

0,j−1 with Πpl
j,k

28: else
29: base ground Πpl

j,k

30: return Πpl
j,k
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Algorithm 6 Sequential Yield Planning Algorithm.

1: procedure yield_plan(Πpl
j,k, s_start, s_lim, φ, ϑ, af, t_start, t_lim)

2: Parameters: Πpl
j,k is an ASP program defining a monolevel planning problem to

solve, s_start and s_lim are the start step and step limit, [φ, ϑ] is a sub-goal stage
range, af ∈ {⊤,⊥} determines if the problem is final, s_lim and t_lim are the maximum
search length and time limit.

3:
4: Keep track of program and planning time over multiple searches.
5: Πpl

j,h ← Πpl
j,k

6: t_total ← t_start
7:
8: Generate a partial-plan that reaches up to each sub-goal stage in sequence.
9: for all ϱ ∈ [φ, ϑ] in the sequence (ϱ)ϑϱ=φ do

10:
11: Set externals to reflect current progression along sub-goal stage sequence.
12: if Sub-goal index surpasses first (ϱ > φ) then
13: release external current_last_sgoals = ϱ− 1 on Πpl

j,h

14: assign external current_last_sgoals = ϱ on Πpl
j,h

15: if Sub-goal index is last and problem is final (ϱ = ϑ and af = ⊤) then
16: assign external seq_ach_fgoals = ⊤ on Πpl

j,h

17:
18: Incremental solve until answer set is found achieving up to sub-goal stage ϱ.
19: ζplj,h,0, t_total ← inc_solve(Πpl

j,h, h, s_lim, 0, t_total, t_lim)

20:
21: Return if all sub-goal stages have been exhausted.
22: declare success
23: return ζplj,h,0 and t_total
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Algorithm 7 Incremental Search Algorithm.

1: procedure inc_search(Πpl
j,k, s_start, s_lim,mb, t_start, t_lim)

2: Parameters: Πpl
j,k is an ASP program defining a monolevel planning problem to

solve, s_start and s_lim are the start step and step limit, mb is the minimum search
length bound, s_lim and t_lim are the maximum search length and time limit.

3:
4: Solve the program incrementally in ascending order (skip the search length bound).
5: for all i ∈ (s_start+mb, s_lim] in the sequence (i)

s_lim
i=s_start+mb+1 do

6:
7: Πpl

j,i ← extend Πpl
j,k to step i

8: inc ground Πpl
j,i

9:
10: Set externals to reflect current search length.
11: if Search step surpasses first (i > j + 1) then
12: release external query = i− 1 on Πpl

j,i

13: assign external query = i on Πpl
j,i

14:
15: Attempt to solve the logic program.
16: Zpl

j,i ← solve Πpl
j,i

17:
18: if The program is satisfiable (Zpl

j,i ̸= ∅) (has an answer set for length i) then
19: declare success
20: t_total ← system_time() - t_start
21: return ζplj,i,0 ∈ Z

pl
j,i and t_total

22:
23: else if Time limit has been reached (t_total ≥ t_limit) then
24: declare failure
25:
26: simplify Πpl

j,i

27:
28: The search could not find an answer set in the given step range.
29: declare failure
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Chapter Five

Experiments

This chapter contains simulated experimental trials of the ASH implementation of the pro-

posed HCR planning approach. The experiments determine if HCR planning has achieved

the aims and objectives of this thesis given in Section 1.4. Specifically, the experiments

answer whether HCR allows ASP based planning to: a) scale to problems with long plan

lengths, and b) reduce the downtime of robots, for c) small losses in plan quality.

5.1 Experimental Setup

All experimental planning problems where ran in the BWP domain described in Section 3.4

whose abstraction hierarchy structure is depicted in Figure 3.2. The planning problems are

solved as if the planner has never solved the domain or problem before, and has no prior

experience to guide it. Experiments were run for each of; classical, HCR offline (h-offline),

and HCR online (h-online), planning modes. For a given experimental configuration, classical

and h-offline planning modes were always ran 25 times. Whereas, the h-online planning mode

was ran 50 times, to account for the increased non-determinism of the planning algorithm

that occurs from the problem division for online partial-planning. This gives reasonably

sized samples to analyse consistency and non-deterministic properties of the planner.

5.1.1 Problem Instances

Three different experimental problem instances in the BWP domain were ran:
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1. P1: In the first, all doors between the rooms start open, 4 blocks start in the puzzle

room table and 2 in the store room, meaning that Talos only has to make one trip to

the store room. The minimal ground-level plan length is 39 steps.

2. P2: In the second, the doors between the hallway and both the store and puzzle

rooms start closed, requiring Talos to first open them to achieve the goal. The minimal

ground-level plan length becomes 53 steps (increasing by 14 steps).

3. P3: The third extends the second, by moving block 4 to start in cell 0 of the store room

(instead of on the puzzle room table), requiring Talos to now make two separate trips

to the store room to move all 3 blocks to the puzzle room. The minimal ground-level

plan length becomes 67 steps (increasing by another 14 steps).

The same entity constants were used throughout all problems to ensure the problem

description size was unchanged. The minimal ground-level plan length for each problem

is taken as the length of the shortest possible sequential action plan that can be found by

classical ASP based planning. Plan quality is then determined by comparison of the number

of actions in the plan to this optimal value as described in the following Sub-Section.

5.1.2 Performance Criteria

The following performance criteria are used to evaluate the performance of HCR planning1.

The criterion for plan quality is always the quantity of actions in a plan. For sequential

action plans, the number of actions in the plan is by definition the same as its length. For

concurrent action plans, quality must be determined by the number of actions in the plan and

not the length. This is because the worse case must be assumed, in which all concurrently

planned actions will actually have to be executed sequentially by the robot.

1There are a great many experimental statistics produced by ASH, far too many to present in this thesis.
For a full list of all raw results and log files from ASH see experiments results in Kamperis, 2023.
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The performance criteria for planning time are as follows;

• The total planning time is the grand total time necessary to obtain a complete ground-

level plan. For HCR planning, this is the sum of the planning times over all abstraction

levels. For classical planning, this is simply the planning time at the ground-level.

• The execution latency time is the time taken to yield the first ground-level partial-

plan in online planning. This is the time between the robot commencing planning and

commencing plan execution. For classical and h-offline, this is equal to the total time.

• The wait time is the time the robot has to wait between the planner yielding any given

ground-level partial-plan or action and the next partial-plan or action (if there is one).

• The minimum execution time is the time it would need to take the robot to execute

a given partial-plan or action to exceed the wait time of the next, and therefore avoid

downtime having to wait for the next partial-plan or action to be yielded by the planner.

In some cases, the ASP program grounding and solving times are split. The grounding

time is the time taken to obtain the ground ASP program, indicating the complexity of the

program. Solving time is the time taken to exhaust the search space, check for plan existence,

and return any such plan, indicating the complexity of the problem search space.

To allow comparison of performance between different planning problems and config-

urations, variations on the aggregate scores used in the International Planning Competition

(IPC) (Pommerening and A. Torralba, 2018) are used to form plan quality and planning

time scores. These are combined to obtain an overall performance grade. The objective is to

obtain a grade of 1.0, requiring a quality and time score of 1.0. Anything less than 1.0 is sub-

optimal. The functions used to calculate the scores are hyperbolic and logarithmic. They

are designed such that scores reduce very rapidly after exceeding the optimal plan quality

or acceptable lag time. This heavily penalises even slightly sub-optimal performance.

• The plan quality score is Qs =
C∗
C

where C∗ is the optimal plan quality (the minimal
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ground-level classical plan length for the given planning problem) and C is the number

of actions in the plan being evaluated. This hyperbolic function causes decay in quality

score which tends to zero as the number of actions in the plan approaches infinity.

• There are four time scores: the total time TTs, the execution latency time LTs, mean

non-initial wait time WTs, and mean minimum execution time per action MTs scores.

A time score is V Ts = K − (ln(t− (K − 1)) / ln(1800))×K, if the planning time t (in

seconds) is greater than K, otherwise the score is 1.0. This logarithmic function causes

an exponential decay in time score which tends to zero as the time value approaches

the planning time limit. Where 1800 is the planning time limit of half an hour in

seconds and the variable K is the acceptable lag time per (partial-)plan or action. The

acceptable lag time per (partial-)plan is 5 seconds. This is the maximum total time,

execution latency time, or mean non-initial wait time, for the planner’s performance

to be optimal2. The acceptable lag time per action is 1 second. This is the maximum

minimum execution time per action, for the planner’s performance to be optimal3.

– The overall time score is then denoted by Ts. For classical and h-offline planning,

the total time score is the overall time score Ts = CTs. For h-online planning,

the mean of the latency, non-initial wait, and minimum execution time per action

scores, is the overall time score such that Ts = 1
3
{LTs,WTs,MTs}.

– The execution latency time score measures the planner and robot’s lag4. The

average wait time score measures the planner’s ability to remain consistent in

yielding partial plans after the initial lag. The mean minimum execution time

per action score measures the ability to avoid possible downtime of the robot.

• The performance grade G measures the trade-off between planning time and plan

quality. The grade is the product of plan quality and overall time score G = Qs × Ts.
2This is therefore the maximum total; completion, latency, or wait time, that we are willing to wait before;

the robot can commence plan execution, or between finding one partial-plan and the next, respectively.
3This is the maximum time that we are willing to wait between yielding one action and the next.
4The assumption of the execution latency time is that the planner has already generated enough actions

to occupy it for long enough to obtain the next partial plan before it runs out of actions to execute.
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5.1.3 Non-Determinism

The following results indicate spread in timing results, even when generated plan lengths

are the same. This is because ASP solvers are non-deterministic and there is no guarantee

that the search will happen in the same way or that the same solution will be obtained

every time. For classical ASP based planning, it is expected that the non-determinism of

search will cause significant variance in planning time between different experimental runs.

For HCR planning, it is expected that the conformance constraint will reduce the variance

in planning time over classical. This is expected because the sub-goal stage sequence that

forms the conformance constraint is intended to guide search towards the final-goal.

5.1.4 Statistical Representations

The median is used as the statistical measure of the central tendency, and the upper and

lower quartiles as the measure of the spread of the results over all repeated trails for the

same experimental configuration5. The timing statistics are obtained from Python’s highest

resolution performance clock and are the real time to make a call to the ASP system6.

Results are presented primary by graphical plots. Bar plots show the median value

and include error bars indicating the 50% confidence interval over all experimental runs for

the given configuration. Box plots instead show the median, upper and lower quartiles, the

maximum and minimum values, and any outlier values over all runs. Histogram plots show

the density of runs as a percentage that obtained the given statistical value for the given

configuration. Line plots show the median value and the 50% confidence interval around the

median. Regression plots do not include the confidence interval as it is not meaningful.

The following statistical tests of significance between measurements in different data
5The mean and standard deviation is not used as there is no guarantee the data is normally distributed.
6Time taken to construct Python objects that encapsulate answer sets and to parse those answer sets,

is not included in the timing statistics, since they do not represent any meaningful property of the planner.
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sets are used to compare the relative performance between different experimental configura-

tions. The Kruskal-Wallis H-test is used as for global comparisons between many data sets.

It tests the null hypothesis that the population median of all of the data sets are equal (it

is a non-parametric version of ANOVA). The Mann-Whitney-Wilcoxon signed rank test is

used for pair-wise comparisons between two different but related data sets. It tests the null

hypothesis that the distribution of the differences between two paired data sets is symmetric

around zero (it is a non-parametric version of the paired T-test). If the null hypothesis

is true, then this implies that the data sets are drawn from the same distribution. In both

cases, the null hypothesis is rejected if the test indicates less than 5% probability of its truth.

In this thesis, this is taken as sufficient evidence to support the alternative hypothesis, that

a significant difference in the median or distribution of the data sets exists7.

5.1.5 Hardware and Software Specifications

All experiments were run on the same desktop computer8, running Microsoft Windows 10

Home 64-bit (10.0, Build 19043) operating system, AMD Ryzen 5 3500X 6-Core Processor

@ 3593 Mhz, 16384MB 3000Mhz RAM, and ASUSTeK PRIME A320M-K motherboard.

Python’s default CPython version 3.9.3 and the standard Clingo ASP system version

5.5 was used by ASH. Clingo was always invoked in parallel-mode, with 6 competing threads.

All other settings for Python and Clingo were default. Pandas version 1.4.4 was used to store

results generated by ASH, Xlsxwriter version 3.0.3 to save results in Microsoft Excel files,

and Matplotlib version 3.5.2 and tikzplotlib 0.10.1 were used to generate plots.

All timing statistics were gathered using Python 3.9’s highest resolution performance

clock. The time taken to parse answer sets and extract plans and conformance mappings

are not included in timing statistics, as it is not a meaningful property of HCR planning.
7This does not mean that the alternative is accepted. It does not prove the data are different, only that

there is low probability (less than 5%) that the difference in the data occurred by random chance.
8All efforts were made to ensure ASH was the only user process running during experiments.
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5.2 Results and Evaluation

This Section presents a variety of experimental trails. To prevent fragmentation, the results

and evaluation of each test set are combined, and each set accepts or rejects some hypothesis.

5.2.1 Overview and Structure of Experimental Test Sets

Four test distinct sets are presented in the following Sub-Sections as summarised in 5.3.

Firstly, the ASH planner’s performance is tested between the different planning modes;

classical, h-offline, and h-online with the Basic problem division strategy and ground-first

online planning methods. The intention of this test set is to determine whether the HCR

planning paradigm can outperform classical ASP based planning. The hypothesis is that

HCR planning will reduce planning time for small losses in plan quality, and scale better

to problems with longer minimal plan lengths over classical planning. Furthermore, it is

expected that h-online planning will out-perform h-offline planning, with lower total planning

and execution latency times, but the chance of dependencies between partial-problems is

likely to reduce plan quality of h-online over h-offline. The following then evaluate the

properties that affect the performance of different HCR planning configurations.

Secondly, h-offline is tested and compared for all combinations of: simultaneous (sima)

and sequential (seqa) sub-goal stage achievement, and all search modes; standard, minimum

search length bound enabled (min-bound), and sequential yield (seq-yield). The intention is

to determine which attains the best performance. The hypothesis is that these should only

affect planning time and there is no reason to believe they will affect plan quality.

Thirdly, h-online with the Basic problem division strategy is tested for all possible

combinations of the bounds 2, 4, and 6. This is such that; the possible bounds are (J,K) | J ∈

{2, 4, 6}, K ∈ {2, 4, 6} : J ̸= K, where J is the bound value for the strategy at abstraction
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level 2 andK for level 1. Where the bound values of Basic are the number of partial-problems

n to divide a combined refinement problem into. The intention is to determine how the bound

values affect planning time and plan quality. The hypothesis is that a large number of bounds

will reduce planning time but is more likely to reduce plan quality. This is because large

bound values, result in more problem divisions, which it is likely to skew the distribution of

plan lengths positively, due to the increased chance of problem dependencies occurring. The

effects are then evaluated of: final-goal pre-emptive achievement, concurrent action planning,

saved program groundings, and partial-problem blending. This is to determine how these

additional proposed techniques influence the performance of h-online planning.

Finally, h-online with the size-bound based strategies Hasty and Steady is tested

for all possible combinations of the bounds 2, 4, and 6, where the bounds values at lower

abstraction levels were not allow to be larger than those at the higher levels. This is such that;

the possible bounds are (J,K) | J ∈ {2, 4, 6}, K ∈ {2, 4, 6} : J ≥ K. Where the size-bound

values of Hasty and Steady are the size in number of sub-goal stages in each partial-problem.

This evaluates whether the move dynamic decision making of the size bound strategies will

achieve between balance in problem sizes, and resultantly achieve better and more consistent

plan quality. These are also tested for all online planning methods; ground-first, complete-

first and hybrid. This is to evaluate trade-offs between time scores and plan quality score

for each of these methods. It is expected that: ground-first will achieve the best time scores,

due to it prioritising low latency and wait times; complete-first will achieve the best quality

scores, due to it only dividing complete refinement problems to reduce imbalance in problem

sizes, and; hybrid will achieve a middle-ground between the two other methods.

5.2.2 Performance Comparison of Different Planning Modes

Figure 5.1 contains box plots of the distribution of performance grades and scores for each

planning mode and planning problem for sequential and concurrent action planning. H-offline
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includes data for all sub-goal achievement types and search modes, and h-online includes all

decision bound values for the Basic division strategy and ground-first online method.

Tables 5.1 and 5.2 contain the median grounding time (GT), solving time (ST), total

planning time (TT), and the ground-level number of planned actions (AC), for each planning

mode, for sequential and concurrent action planning. Where the timing values for HCR

planning are the sum over all abstraction levels, and for classical are just the ground-level

times. Tables 5.3 and 5.4 contain the aggregate planning times; execution latency time

(LT), mean wait time per partial-plan (WT), total planning time (TT), and the ground-level

number of planned actions (AC); for h-online and h-offline planning modes as the percentage

of the respective value for classical, for sequential and concurrent action planning.

For sequential action planning, the plots in Figure 5.1 indicate that h-online has

the best median performance grades and classical has the worst for all problems. Classical

and h-offline produce a tight spread around the median grades, whereas h-online produces

visibly much higher spread particularly for P2. Quality scores for classical are of course

always optimal, and h-offline achieves good median quality scores of at least ≈ 0.92 in all

cases. Whereas, h-online rarely achieves optimal plan quality with the lowest average and

minimum quality scores, but was at least ≈ 0.90 in all cases. In the best case, plan quality

for h-online was greater than or equal to the average case for h-offline. But in the average

and worst case, plan quality for h-online was always less than those of h-offline, except for

problem P1. Time scores for classical are the worst for all problems. H-offline performs

notably better but is still sub-optimal. Whereas, h-online performs excellently, consistently

achieving optimal time scores, and even in the worst case of P3 (the most complex problem)

achieving a score of at least ≈ 0.90 which is far greater than the best case for h-offline

and classical for all problems. Whilst median quality scores for classical and h-offline are

similar between problems, their time scores are drastically different and clearly decrease

substantially as the problem size and minimal plan length increases. This indicates that

the planning time of classical and h-offline are highly dependent on the problem size and
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minimal plan length. However, for both quality and time scores, classical and h-offline have

a tight spread about the median for all problems. This leads to the low spread in their

grades, indicating that classical and h-offline perform consistently. In contrast, h-online has

similar medians for both scores between problems, and low spread in time scores, but high

spread in quality scores. This leads to the high spread in its grades, indicating that h-online

performs relatively inconsistently.

For sequential action planning, Tables 5.1 and 5.3 indicate that the median total,

solving, and grounding times were always lower for HCR planning over classical. Total times

for h-offline were between 74% and 9% and for h-online between 58% and 2% of classical,

from the easiest to hardest problems. The reduced solving time for h-offline confirms the

expectation that conformance constraints restrict the search space. The even greater reduc-

tion for h-online confirms the expectation that partial-planning reduces problem complexity.

Specifically, the median total planning times for classical at 13.5, 38.2, and 607.0 seconds,

and for h-online at 7.9, 10.6, and 14.1 seconds, for problems P1, P2, and P3 respectively,

indicate an exponential reduction in planning time for h-online over classical as the plan

length of a problem increases. The execution latency time for h-online was between 19%

and 1% of classical, which is less than 7 seconds in all cases. The wait time for h-online

was between 5% and 1% of classical, which is less than 3 seconds in all cases. This confirms

the expectation that h-online partial-planning greatly reduces execution latency and average

wait times over complete h-offline or classical planning.

For concurrent action planning, the plots in Figure 5.1 indicate again that h-online

has the best median performance grades. However, the performance grades for classical are

better than h-offline for problems P1 and P2, and only for P3 does classical perform the worst.

Classical and h-offline produce an even tighter spread around the median grades compared

with sequential action planning. Whilst h-online continues to produce higher spread, it is

reduced over sequential action planning, again particularly for P2. Quality scores for classical

are no longer optimal at ≈ 0.98 in all cases. H-offline again achieves good median quality
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scores of at least ≈ 0.90. Whereas, h-online continues to have the lowest quality scores, with

notably worse best case quality scores, that are always less than or equal to the worst case

for h-offline. It was expected that quality scores for HCR planning would improve under

concurrent action planning. The conjecture was that it provides more specific information

about the ordering over achieving sub-goals than sequential, see Section 3.7.3 for details

and examples. However, this is not reflected in the results. The cause of non-optimal and

generally lower quality concurrent action plans over sequential even for classical is discussed

in Section 5.2.7. Unlike sequential action planning, the time scores for classical exceed that of

h-offline for P1 and P2, leading to its better grades in the same cases. However, h-offline does

again greatly outperform classical for P3. Whereas, h-online continues to perform excellently

in all cases. Notably, h-online time scores for concurrent action planning are slightly worse

than sequential action planning. This implies that: the improvement in planning speed

attained by online partial-planning, caused by solving a sequence of problems with linearly

shorter plan lengths, is greater than that attained by concurrent action planning, caused by

the linear compression of concurrent action plans. This is likely because partial-planning

is already sufficient to achieve optimal time scores, and cannot be further improved by

concurrent action planning. The additional time needed to ground the rules that handle

the concurrency conditions may be the cause of the worse time scores. The median quality

scores for classical and h-offline continue to be similar between different problems, but their

time scores continue to decrease as the problem size and minimal plan length increases. This

indicates that concurrent action planning is not sufficient to make classical or h-offline able

to handle arbitrarily large problems. However, for both quality and time scores, classical

and h-offline have an even tighter spread about the median for each problem compared with

sequential action planning, indicating that concurrent action planning does make classical

and h-offline performance more consistent overall. H-online continues to have similar medians

for both scores between problems, and low spread in time scores. However, its spread in

quality scores is notably lower than for sequential action planning, particularly for P2. This

leads to lower spread in grades, indicating that concurrent action planning also makes h-
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online performance more consistent overall.

For concurrent action planning, Tables 5.2 and 5.4 indicate that the median total,

solving, and grounding times lower for HCR planning over classical only for problem P3.

Total times for h-offline were between 152% and 24% and for h-online between 153% and 14%

of classical, from the easiest to hardest problems. The latency time for h-online was between

39% and 3% of classical and the wait time was between 13% and 1% of classical. Whilst

median total planning times are not reduced for concurrent action planning to the extent

that they are for sequential action planning, h-online is still able to greatly reduce execution

latency and average wait times over h-offline and classical. Note that concurrent action

planning has higher grounding times for all problems and planning modes than sequential

action planning. This supports conclusion that there is increased time complexity involved

in grounding the rules that enforce the concurrency constraints.

The immediate conclusions from this test set are as follows. H-online performs better

on average than classical and h-offline for all problems, but is significantly less consistent.

Whilst h-online’s time scores are excellent, often optimal, and highly consistent for all prob-

lems, its quality scores perform the worst, and appear to vary sufficiently enough that the

spread of its grades becomes the largest overall. Despite this, the quality of h-online plans

are still good, and given its excellent performance grades, the losses appear to be an accept-

able trade-off given the substantial increase in planning speed exhibited. Concurrent action

planning does make plan quality scores more consistent for classical, h-offline, and h-online,

but also leads to a reduction in average quality. Further, whilst concurrent action planning

improves time scores for classical and h-offline, this improvement is not sufficient to make

them optimal for any problem, and does not improve scalability to the more complex prob-

lems by a meaningful amount. In contrast, h-online experiences no significant improvement

in time scores under concurrent action planning, this is explored further in Section 5.2.4.
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(b) Planner Performance Grades and Scores for Concurrent Action Planning.

Figure 5.1: Planner Performance Grades and Scores for each Planning Mode, Planning
Problem, and Action Planning Type.
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Table 5.1: Raw Planning Times in Seconds and Number of Planned Actions for Sequential
Action Planning.

Problem P1 P2 P3
Mode GT ST TT AC GT ST TT AC GT ST TT AC
Classical 7.3 10.5 13.5 39 10.5 34.6 38.2 53 15.0 592.0 607.0 67
H-Offline 6.2 3.8 10.0 39 9.2 7.4 16.8 53 14.3 36.2 50.0 71
H-Online 6.4 1.5 7.9 41 8.4 2.2 0.9 59 10.7 3.2 14.1 75

Table 5.2: Raw Planning Times in Seconds and Number of Planned Actions for Concurrent
Action Planning.

Problem P1 P2 P3
Mode GT ST TT AC GT ST TT AC GT ST TT AC
Classical 8.9 1.2 6.5 40 13.0 3.7 12.4 54 19.3 120.1 139.4 68
H-Offline 8.7 1.3 9.9 40 12.9 4.1 17.0 56 18.7 13.5 32.2 74
H-Online 9.1 0.9 10.0 44 13.7 1.4 14.7 64 17.7 1.8 19.5 84

Table 5.3: Aggregate Planning Times in Seconds and Number of Planned Actions for
Sequential Action Planning as Percentage of Classical Planning.

Problem P1 P2 P3
Mode LT WT TT AC LT WT TT AC LT WT TT AC
H-Offline 74 74 74 100 44 44 44 100 9 9 9 106
H-Online 19 5 58 105 10 2 28 111 1 1 2 112

Table 5.4: Aggregate Planning Times in Seconds and Number of Planned Actions for
Concurrent Action Planning as Percentage of Classical Planning.

Problem P1 P2 P3
Mode LT WT TT AC LT WT TT AC LT WT TT AC
H-Offline 152 152 152 100 137 137 137 104 24 24 24 109
H-Online 39 13 153 110 31 10 119 119 3 1 14 124
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Level-wise Number of Planned Actions between Planning Modes

Figure 5.2 contains bar plots that break-down the number of planned actions over all ab-

straction levels, for each planning mode9, planning problem, and action planning type. The

plots indicate that, as expected, all plans contain the same number of actions at the classical

planning level of 3. Interestingly, in all cases, the median plan lengths at level 2 are also

always the same for h-offline and h-online, except for problem P3 under sequential action

planning where h-offline and h-online have 4 more actions than classical. In contrast, at

level 1, h-offline and h-online typically produce lower quality plans with more actions than

classical. For sequential action planning, h-online is never optimal, with its plans containing

up to 10 more actions than classical. Whereas, h-offline is optimal for all problems except

for P3 where its plans contain 5 more actions than classical. For concurrent action planning,

h-online performs even worse, with its plans containing up to 18 more actions than classical.

Whereas, for h-offline only performs optimally for problem P1, with P2 and P3 containing

up to 8 more actions than classical. It is clear therefore, that the ground-level of 1 reached

by refining from the condensed domain model at level 2, has the biggest influence on the

reduction in plan quality that occurs during plan refinement. The specific reasons causing

sub-optimality of HCR plans are described and discussed later in Section 5.2.6.

Level-wise Planning Times between Planning Modes

Figure 5.3 contains bar plots that break-down the total planning time spent at all abstraction

levels, for each planning mode, planning problem, and action planning type. The plots

indicate that, as expected, that planning time at the most abstract classical planning level

of 3 is always the same for all planning modes, and is much less than the amount of time

spent planning at the lower abstraction levels. This confirms our expectations that abstract

9In HCR planning, all monolevel plans at each level are generated as part of the same hierarchical
problem. In classical, the monolevel plan at each level is generated as an independent monolevel problem.
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models can reduce planning time exponentially over their original model. For sequential

action planning, a clear exponential reduction in planning time can be see for h-offline and

h-online over classical at abstraction level 1. This is most noticeable for the problems with

longer minimal plan lengths, indicating again that the benefit of HCR planning becomes

more pronounced when scaling to larger problems. At level 2, the reduction in planning

time for h-offline and h-online planning over classical is small for problems P1 and P2. This

suggests that HCR planning is most beneficial when plan lengths are long. In contrast, for

concurrent action planning, the exponential reduction in planning time for h-offline and h-

online over classical is only clearly observable for P3. Otherwise, no meaningful difference in

planning time between the modes for P1 and P2 exists. This indicates that the compression

on plan lengths achieved by concurrent action planning can make classical and h-offline

planning competitive with h-online for small problems. However, is still not sufficient to

achieve arbitrary scalability to large problems. The planning time for h-online is greater

when using concurrent action planning. This indicates that it does not provide additional

benefit over the time saved by partial-planning, which already achieves optimal time scores.

Step-wise Search Times between Planning Modes

Figure 5.4 contains exponential regression line plots of total search time per search length for

each planning mode, planning problem, and action planning type. Note that the Y axis scale

is different between the action planning types. The plots indicate clearly that both classical

and h-offline display exponentially increasing search times with search length. Classical

search times exceed that of h-offline in all cases except P1 and P2 with concurrent action

planning. This is expected given that classical’s time score is better than h-offline in these

cases. Particularly for problem P3, the exponential trend for classical presents an extremely

steep curve compared to h-offline. H-offline in contrast displays a relatively shallow and

close to linear trend for the majority of the early search length. H-online however, displays

a linear increase in search time for the entire search length for all cases. Relative to classical
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and h-offline, the search time of h-online appears to remain constant with search length,

particularly for sequential action planning. However, the maximum search length for h-

online is greater than that of classical and h-offline in all cases. This is because it produces

longer and lower quality plans, indicating that although h-online experiences lower search

times per step, the trade-off is that it has to search much farther than classical and h-offline.

These results therefore support the expectations that: search times for classical ASP

based planning increase exponentially with search length, as was claimed in past work (Jiang

et al., 2019); h-offline planning can heavily reduce search times due to the existence of the

conformance constraint, but search times still increase exponentially with search length; and

that h-online planning does reduce search times from increasing exponentially to increasing

linearly with search length, an exponential reduction over classical and h-offline. This con-

firms the expectation that solving a sequence of partial-problems can reduce overall problem

complexity, from exponential down to linear, in the minimum length plan.
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Figure 5.2: Level-Wise Number of Actions for each Planning Mode, Planning Problem, and
Action Planning Type.
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5.2.3 Affect of Sub-Goal Stage Achievement Type and Search Mode

The following evaluates the affects of sub-goal stage achievement type and search mode using

h-offline and sequential action planning. Their observed performance are assumed to hold

in general, and the best performing type and mode are used in all further experiments.

Figure 5.5a contains box plots of the grades, time scores, and quality scores, for each

search mode and achievement type taken as median over all planning problems. The plots

indicate almost identical values for medians, quartiles, and ranges, for both sub-goal stage

achievement types given a particular search mode. Only for sequential yield search is there a

very minor benefit in the minimum time score for simultaneous achievement. Paired tests for

the same search mode but different achievement type do not indicate statistically significant

differences between the median time scores of different achievement types. As such, only

sequential achievement will be used throughout the rest of these experimental studies for this

reason, and because it is necessary in concurrent action planning. However, a clear limitation

of this evaluation is that most sub-goal stages contain exactly one sub-goal literal in the BWP

problems, because the vast majority of actions only have one direct effect. Since at least

one sub-goal literal has to be uniquely achieved in the end state of a sub-plan, regardless

of achievement type, a sub-goal stage containing exactly one literal is always achieved in

the same way (see Section 3.7.2 for details). The nature of the conformance constraint

is therefore similar for both achievement types. Future work should seek to perform this

evaluation for planning problems where more actions have multiple direct effects.

Figure 5.5b is a bar plot of median overall planning time score for each search mode

and small problem. The scores indicate that min-bound is the best performing search mode

for all problems, scoring ≈ 4 to 5.5% higher than the next best performing mode. Whereas,

seq-yield performs better than standard by ≈ 1.5 to 2.5 for all problems except P1. Paired

tests for the same problem but different search mode indicate statistically significant dif-

ferences between the median time scores of different search modes. Further, the confidence
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interval of time score for all search modes and problems was always less than or equal to

0.06 and less than 10% of the total time score, indicating consistent performance.

Figure 5.5c is a bar plot of the sum over all abstraction levels of the grounding and

solving times as a percentage of the total planning time for each search mode, taken as

the median over all achievement types and planning problems. The plot indicates that for

standard and min-bound search modes, the percentage contribution of grounding and solving

times is very similar at ≈ 52 and ≈ 48 respectively, whereas seq-yield shows ≈ 10% greater

grounding time and lesser solving time. The difference between min-bound and standard is

not statistically significant but the difference between them and seq-yield is significant.

Figure 5.5d is a relational line plot of total search time per search length for each

search mode and refinement abstraction level on small problem P3 only. The plots indicate

that for both levels 1 and 2, the standard and min-bound search modes both display smooth

exponential trends. The majority of the search time occurs near the end of the search length.

Except for some notable early spikes, the total search time for min-bound however remains

slightly below standard by ≈ 1s, for all but the last ≈ 3 steps of abstraction level 2. The early

spikes occur when the minimum search length bound is reached on average, and indicates

the cumulative time taken to ground the program at all steps below the bound. Below the

bound, the search time per step is zero, since search does not actually occur on those steps.

For abstraction level 1, two distinct early spikes exists, because there are multiple possible

abstract plan lengths at level 2. In contrast, seq-yield planning mode has no clear underlying

trend, for either level, with erratic changes and large spread in the search time with search

length. This indicates significantly greater non-determinism in the time performance of

seq-yield planning mode. At abstraction level 2, seq-yield’s search time is lower than both

standard and min-bound at all steps. However, at abstraction level 1, seq-yield has higher

times than both standard and min-bound until step ≈ 65. After this step, the total search

time for seq-yield remains lower than standard and min-bound, and does not experience the

rapidly exponentially increasing search times that standard and min-bound do.
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5.2.4 Online Planning with the Basic Division Strategy

This section first evaluates the performance of different decision bound values for the Basic

problem division strategy on all planning problems, with sequential action planning, sequen-

tial sub-goal stage achievement, and min-bound search mode. The following sub-sub-sections

then evaluate how: concurrent action planning, final-goal pre-emptive achievement, saved

program groundings, and partial-problem blending affect planner performance.

Figure 5.6a contains box plots of the grades, time scores, and quality scores, for each

planning problem and decision bound value combination (2, 2), (2, 4), (2, 6), (4, 2), (4, 4),

(4, 6), (6, 2), (6, 4), and (6, 6). The plots indicates clearly that different bound values do

lead to different median and spread of quality scores. This confirms the expectation that the

quantity and size of partial-problems does have an impact on plan quality. Simultaneously,

different decision bounds that produce the same number of ground-level partial problems can

result in different plan quality. The bound value combinations producing the best median

and lowest spread in quality scores are (2, 2), (2, 4), (4, 2), (4, 4), with the absolute best

being (4, 2). The larger bound values decrease quality scores for problems P2 and P3. This

indicates that diminishing returns in terms of time score as the total number of problem

divisions increases. Even a small number of divisions is sufficient to exponentially reduce

planning complexity over classical and h-offline planning with minimal reduction of plan

quality. This substantial difference in quality scores for different bound values explains the

spread in the overall quality scores of h-online planning for any given planning problem that

were observed in Section 5.2.2. All bound values give optimal time scores for P1 whereas for

P2 and P3 only the high bound values are optimal but all are above ≈ 0.92.

Figure 5.6b contains bar plots of median execution latency time (LT), average non-

initial wait time per partial-plan (WT), average minimum execution time per action (MT),

and total time (TT), for all planning problems and decision bound value combinations. The

plot indicates that higher decision bound values can lead to lower execution latency, average
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wait, and minimum execution times. Specifically, bounds (4, 6) and (6, 6) produce the lowest

wait and minimum execution times for all problems, followed closely by (4, 4) and (6, 4).

Note that all bounds with 2 in them perform relatively poorly. This explains the better

times scores for the higher bound values of P3, again confirming the expectation that for

problems with long plan lengths, more divisions are necessary to achieve optimal time scores.

For the ground-first online planning method, smaller partial-problems allow the planner to

propagate to and yield ground-level partial-plans faster and more frequently.
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Problem and Plan Balancing

Figure 5.7 contains box plots of: median partial-problem size factor sm, partial-plan ex-

pansion factor θm, partial-problem balance deviation µd, partial-problem balance error µe,

partial-plan balance deviation βd, and partial-plan balance error βe; for each all planning

problems taken as the median over all bound values10. The plot indicates that at abstraction

level 2 the Basic strategy achieves good partial-problem and plan balancing, with less than

≈ 0.25 problem balance deviation and error, and ≈ 0.8 plan balance deviation and error,

with low spread around the median values, for all problems. In contrast, at level 1 the Basic

strategy shows greatly increased median and spread in partial-problem and plan balance

errors for all problems. For P2 and P3 the problem balance error at level 1 is ≈ 10 times

greater than level 2. However, the median partial-plan balance deviation is lower at level

1 than level 2 for all problems. This discrepancy between the balance deviation and error

may exist because the deviation assumes the length of partial-plans is normally distributed,

which there is no reason to believe is ture, and is therefore less robust than the balance error.

The balance deviation is however less sensitive to extreme values than the balance error, and

therefore the discrepancy may be caused by high positive skew in partial-plan lengths.

The expectation was that the highly naive decision making of the basic problem

division strategy and ground-first online planning method may typically lead to an accumu-

lation of errors in problem and plan balance descending the hierarchy. This is because the

imbalance in the length of sub-plans means that a sequence of homogeneous size partial-

problems is unlikely to refine to a sequence of homogeneous length partial-plans. When

those non-homogeneous partial-plans are each sub-divided independently and then further

refined again, they will likely each produce greatly different partial-plan lengths. However,

due to the discrepancy between the balance deviation and error statistics, it is not possible

to accept or reject this. Future work should seek to explore the cause of this discrepancy.
10Note that the partial-plan size factor is the median over all partial-problems of the ratio of the partial-

problem size to the complete-problem size at that abstraction level. See Section 3.8 for the definition of
expansion factor and Section 4.1.1 for the definition of the balancing criteria.
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Final-Goal Pre-emptive Achievement

Figure 5.8a contains box plots of the grades, time scores, and quality scores, with final-

goal pre-emptive achievement enabled and disabled, for all planning problems, taken as the

median over all bound value combinations (2, 2), (2, 4), (4, 2), and (4, 4). The plots indicate

that final-goal pre-emptive achievement did greatly improve and increase consistency in

grades and quality scores for all problems. Higher median and lower spread is distinct in

all cases. Further, time scores do not appear to be adversely affected when pre-emptive

achievement is enabled. Paired tests for the same planning problem but comparing pre-

emptive achievement enabled against disabled, indicate statistically significant differences

between the median grades and quality scores, but insignificant differences between time

scores, with and without pre-emptive achievement enabled. This indicates that final-goal

pre-emptive achievement does greatly improve plan quality without significant downside.

Figure 5.8b is a relational line plot of total search time per search length with final-

goal pre-emptive achievement enabled and disabled for all planning problems, taken as the

median over all bound value combinations (2, 2), (2, 4), (4, 2), and (4, 4). The plots indicate

that search times both with pre-emptive achievement enabled and disabled are similar at all

search lengths until step: ≈ 47 for P1, ≈ 80 for P2, and ≈ 112 for P3. At these points, the

search time with pre-emptive achievement disabled diverges and increases in an exponential

trend relative to with pre-emptive achievement enabled. Interestingly, despite that time

scores do not differ significantly, the plot shows clearly that the majority of the search time

with pre-emptive achievement disabled is spent searching beyond the longest plan found

with pre-emptive achievement enabled for all problems. Therefore, although even with pre-

emptive achievement disabled h-online planning is fast enough to achieve optimal time scores,

it can be substantially slower than with pre-emptive achievement enabled, as a direct result

of the lower quality plans generated. This benefit of pre-emptive achievement in reducing

search times is likely to be more pronounced for problems with longer plan lengths.
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Concurrent Action Planning

The section provides more depth to the evaluation of the performance of concurrent action

planning in online planning for the Basic division strategy and ground-first online method.

Figure 5.9a contains box plots of the grades, time scores, and quality scores, for each

action planning type; sequential and concurrent, and planning problem, taken as the median

over all bound value combinations (2, 2), (2, 4), (4, 2), and (4, 4). The plots indicate worse

median quality scores for concurrent action planning over sequential by up to ≈ 0.1 for all

problems. Time scores are always optimal for both action planning types on problem P1,

but median time scores are worse for concurrent action planning for P2 and P3. However,

this difference in time scores is small at less than ≈ 0.05. The grades for concurrent action

planning resultantly clearly perform worse than sequential by at least ≈ 0.1 for all problems.

The quartiles and range for both scores and the grades show a similar spread about the

median value for both action planning types. This implies little difference in performance

consistency between action planning types for the Basic strategy and ground-first method.

Figure 5.9b contains box plots of the grades, time scores, and quality scores, for each

action planning type and bound value combination, taken as the median over all problems.

The plots again indicate worse median quality scores for concurrent action planning over

sequential in all cases, with the largest bound value combination notably performing the

poorest, but again little difference in time scores. Despite this, the grades for concurrent

action planning continue to perform worse overall for all bound values. However, the spread

in grades and quality scores for concurrent action planning is clearly lower than sequential

for all bound values. Unlike the previous plot, this indicates that concurrent action planning

does produce more consistent performance than sequential action planning.

Figure 5.9c is a relational line plot of total search time per search length for each

action planning type and planning problem, taken as the median over all bound value com-
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binations. The plots indicate clearly higher total search time for concurrent action planning

over sequential action planning for all problems, with more than double the time for con-

current at many steps. This is likely caused by the increased grounding time of concurrent

action planning identified previously. The maximum search length for concurrent action

planning is however slightly lower for all problems. This due to the compression of plan

lengths that occurs due to the concurrent action sets. This saves some time by avoiding

search at the highest search lengths. However, this does not appear to be sufficient to coun-

teract the increased search times of concurrent action planning. The reasons why concurrent

action planning achieves worse quality scores despite generating shorter plans is discussed in

Section 5.2.7. Interestingly, since time scores do not appear to be greatly adversely affected,

the increased search time does not heavily negatively impact performance. This increased

cost may become more pronounced for larger problems with longer minimal plan lengths.

These results reinforce the conclusion that concurrent action planning relative to se-

quential for h-online planning with the Bas division strategy and ground-first online method,

reduces median performance grades and scores but does increase consistency. Particularly,

quality scores are significantly adversely affected for concurrent action planning.

Saved Groundings

Figure 5.10a contains box plots of the grades, time scores, and quality scores, for each

of discarded and saved program groundings and for each planning problem, taken as the

median over bound values (2, 2), (2, 4), (4, 2), and (4, 4). The plots indicate that quality

scores are identical for both discarded and saved groundings in all cases. This is expected,

as the grounding type should not affect plan quality. In contrast, the time scores for saved

groundings are identical for P1, but worse for both P2 and P3 by ≈ 0.08. Paired tests for the

same bound values and problem but different grounding type indicate statistically significant

differences between median times scores of different grounding types for P2 and P3. The
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indicates that saved grounds were not successful in reducing planning times.

Figure 5.10b is a bar plot of the sum over all abstraction levels of the grounding and

solving times as a percentage of the total planning time for each program grounding type,

taken as the median over all planning problems and bound values. The plot indicates a small

reduction in the percentage contribution of grounding time and increase in solving time for

saved groundings. Paired tests for the same bound values and problem but different ground-

ing type indicate statistically significant differences between median percent grounding times

of different grounding types for all planning problems. This confirms our expectations that

saved groundings help to reduce the need to re-ground the base part of the ASP program.

Figure 5.10c is a bar plot of the aggregate time scores types used to calculate h-online’s

overall time score, taken as the median over all bound values and planning problems. Whilst

saved groundings perform relatively well for minimum execution time per action score, they

perform poorer for execution latency time score average wait time scores relative to discarded

groundings. This explains the lower overall time scores for saved groundings.

Figure 5.10d is a relational line plot of grounding times (GT) and solving times

(ST) against search length for both grounding types and both refinement levels on planning

problem P3 only. This sheds some light on why these differences of scores occur. Note that

in saved groundings, there is an overhead on inserting the existing plan into the program

and “fixing” it to the grounding to cause a problem division, which is not accounted for

in step-wise times. Further, the peaks and troughs caused by the minimum search length

bound are not easy to see in the line for discarded groundings, as they are cancelled out

by the substantial overlap of the different decision bound values. The plot indicates that

the saved grounding provides generally lower and more consistent grounding and solving

times that discard groundings at level 1, but in contrast higher times at level 2. For saved

groundings, the increased solving time at level 1 is clearly great enough to determinant the

average wait time for non-initial partial-problems to reduce the overall time score over the
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discarded grounding, despite the lower search times at level 1. This increased solving time

at level 1 appears to be partially caused by an unforeseen problem with saved groundings.

Whereby, they are no longer able to benefit from the minimum search length bound after the

first partial-problem at any given level. This is because, once enabled, the solution checking

constraint in the minimal planning module cannot be disabled. Therefore, the incremental

search algorithm is must solve the program even below the minimum search length bound.

These results are therefore considered inconclusive as to the effectiveness of saved

program groundings. Further research and development is necessary to overcome the limita-

tions of the current implementation. More elaborate evaluation must be done to determine

if saved groundings can be useful in general for reducing planning times in HCR planning.

Partial Problem Blending

Figures 5.11a and 5.11b contains box plots of the grades, time scores, and quality scores,

for each bound value combination (2, 2), (2, 4), (4, 2), and (4, 4), and blend quantity in the

range [0, 3], taken as the median over all planning problems, using sequential and concurrent

action planning respectively. The plots indicate that in all cases, blending increases median

plan quality scores over not blending, for a minor reduction in time scores. Further, for

the higher bound values, that cause a larger number of partial-problems, the higher blend

quantities produced better median and reduced spread of plan quality scores.

Figure 5.11c contains box plots of the grades, time scores, and quality scores, for

each blend quantity and planning problem taken as the median over both action planning

types and bound values. This plot indicates that the above benefits of blending on plan

quality holds for all planning problems tested. In particular, it is notable that the worst case

minimum quality score is improved when blending in enabled (with any quantity) over not

blending for all problems. Further, for problems P2 and P3 a blend quantity of 3 always

produced the best upper quartile and maximum performance grades.
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Global tests between different blend quantities taken as the average over all decision

bound values and problems indicate statistically significant differences in the median quality

score in all cases. Paired tests for the same problem and decision bound values but different

blend quantities indicate statistically significant differences in median quality scores for P2

and P3 when blending is enabled (with any quantity) as compared to not blending at all

for all bound values. However, the differences in median grades and scores between different

blend quantities were rarely statistically significant. In contrast for P1, the difference in

quality scores was only statistically significant when the difference in the number of partial-

problems involved in the two compared data sets was at their extremes.

These results therefore support the conclusion that blending is an effective strategy for

improving the quality and consistency of plans generated by h-online planning. This benefit

is particularly pronounced for problems with longer minimal plan lengths and where the

number of partial-problems involved was large. However, the performance benefit between

different blend quantities was not always clear or statistically significant. More evaluation

is necessary done to discover the link between the performance of different blend quantities,

planning problems, and problem division strategy decision bound values.
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5.2.5 Online Planning with Size-Bound Division Strategies

This section evaluates the performance of different decision bound values for the Hasty and

Steady size-bound based problem division strategies and the three online planning methods;

ground-first (gf), complete-first (cf), and hybrid (hy). With sequential action planning,

sequential sub-goal stage achievement, and the min-bound search mode.

Figure 5.12 contains box plots of the grades, time scores, and quality scores, for all

online planning methods and proactive size-bound strategies, taken as the median over all

decision bound value combinations for bound values 2, 4, and 6, on problem P3 only. The

plots indicate very marginal differences between configurations. In all cases, both Hasty and

Steady have almost identical medians and spread over grades and both scores. Time scores

are optimal with no spread and few outliers for both ground-first and hybrid, whereas for

complete-first times scores are slightly below optimal at ≈ 0.96. Quality scores are sub-

optimal in all cases, but are slightly worse for complete-first at ≈ 0.88 as compared to 0.90

for ground-first and hybrid. This is then reflected similarly in the grades. In comparison to

the best bound values for the Basic strategy shown in Figure 5.9a no obvious benefit for the

size bound based strategies exists. Paired tests for the same problem but different types of

strategy (size-bound against problem-number bound) only indicates a significant difference

in quality scores when comparing against the poorest performing bound values of Basic.

Figure 5.13 contains box plots of the quality scores, for all online planning methods,

size-bound strategies, and decision bound value combinations (2, 2), (4, 2), (4, 4), (6, 2),

(6, 4), (6, 6), on problem P3 only. The plots show that the median plan quality score always

exceeds 0.75. In all cases, the highest median score is achieved by bound values (6, 6), and

the lowest score by bound values (2, 2). Bound values (4, 2) and (6, 2) (both containing

a bound value of 2 within them) are then consistently worse than (4, 4) and (6, 4). This

indicates the problem size bound values do have a consistent impact on plan quality. A

bound value of 2 is appears too small and leads to worse plan quality, whereas the larger
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bound values produce better plan quality on average. Those with bound values of (2, 2) also

produce the highest spread and the least consistency in plan quality between runs. Between

strategies and online methods, very similar results can be seen in most cases, indicating that

the difference between the strategies and methods are marginal.

Global tests between all three different division strategies taken as the average over

all decision bound values on problem P3 do not indicate statistically significant differences in

the median grades and scores in any case. Paired tests for the same online planning method

and decision bound values between Hasty and Steady again do not indicate statistically

significant differences in median grades and quality scores in any case.

It was expected that Steady would achieve better plan quality and that Hasty would

achieve better planning time score. However, these results indicate that the difference be-

tween the strategies is perhaps too small to make a significant difference for planning prob-

lems of this size. Similarly, it was expected that the complete-first and hybrid methods

would achieve better plan quality and that ground-first would achieve better planning time

score. However, whilst complete-first does produce marginally worse grades than hybrid and

ground-first, the difference is too small to make a significant difference. The open question

is whether the choice of division strategy and online method will become more important

when scaling to larger problems with longer minimum plan lengths.

Figure 5.14 contains box plots of partial-plan expansion factor and balancing statistics

for both size-bound strategies, taken as the median over all online planning methods and all

bound values, on problem P3 only. The plot indicates that at abstraction level 2 the size-

bound strategies achieve good partial-problem and plan balancing, with less than ≈ 0.10

problem balance deviation and error, and less than ≈ 1.00 plan balance deviation and error,

and with low spread around the median values, for both strategies. At level 1, the size-

bound strategies continue to produce good balancing, with less than ≈ 0.60 problem balance

deviation and error, and less than ≈ 1.40 plan balance deviation and error, but with higher
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spread about the median values, for both strategies. In contrast to the Basic strategy, which

exhibited very poor balance error at level 1, the lower balance error of the size-bound based

strategies confirms the expectation that they help to keep the size of partial-problems is well

balanced over the hierarchy. The accumulation in balance error caused by the Basic strategy

does not occur with the size-bound based strategies.
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5.2.6 The Fundamental Reasoning Problems of HCR Planning

This section first describes the specific issues that lead to reductions in plan quality for HCR

planning over classical in the experiments. The generalised fundamental reasoning problems

of HCR planning that cause these specific issues are then stated in the following sections.

H-offline for problem P2 could find a sub-optimal plan. For this problem, only a single

issue occured. This issues was due to one decision made in the condensed model at level 2.

In the condensed and ground models, the existence of closed doors is considered, which Talos

needs a free hand to open. It is optimal to open both doors before picking up both blocks

from the store room, otherwise he would need to drop a block to open a door. In the ground

model, Talos must move to different cells of the hallway to open these doors. It is then

optimal to open the puzzle room door first, and then the store room door, before proceeding

to collect the blocks. However, in the condensed model, where locations are only considered

with respect to rooms rather than cells, Talos can open both doors without having to move.

The order of opening the doors can therefore be chosen arbitrarily in the condensed model,

because the resulting plan length is identical in both cases. In ≈ 50% of runs, Talos chooses

to open the store room door first, requiring two extra actions to refine to the ground-level.

Concurrent action planning can alleviate this issue. It allows the planner to take the

path of least commitment to avoid non-deterministically choosing some arbitrary order over

opening the doors in the condensed model. This is enabled by planning both the arm extend

actions concurrently on the same step, then both the grasp door actions, and then both the

door actuate actions. This enables the refinement planning at the original level to choose

either order in the refined plan, allowing the puzzle room door to always be opened first.

Unfortunately, the solution is imperfect because the two extend, two grasp, and two actuate

action sets, are each in their own separate sub-goal stages. Whilst sequential achievement

allows each of these individual action effects in the same sub-goal stage to be achieved in

any order, the sub-goal stages as wholes still need to be achieved in the given order. As
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a result, when Talos opens the first door in the refinement, he has to extend both of his

arms in order to achieve the first sub-goal stage before grasping the first door. This means

that an additional extend action always has to be included in the refined plan, making it

impossible to get the optimal plan with concurrent action planning. Then, because he cannot

simultaneously grasp both door handles in the original model, he cannot achieve the second

sub-goal stage before opening the first door. He therefore opens the first door, before the

third sub-goal stage relating to opening the doors even becomes current. Whilst the plan is

refinable, the conformance constraint is clearly not guiding the planner to make monotonic

progress towards the final-goal. This leads to a reduction in plan quality.

H-offline P3 always found sub-optimal plans. This occured because Talos has to make

two trips to the store room to collect the three blocks that now start there. In the ground

model, it is optimal to first open only the store room door, collect one block on the first trip,

then open the puzzle room door with his spare hand, and finally place the block on the table.

However, in the condensed model, it is always optimal to open both doors immediately upon

entering the hallway, as they can be opened from the same location. Since this decision must

be maintained in the refinement, the optimal ground plan can never be found. Resultantly,

the choice of whether to take one or two blocks on the first trip to the store room becomes

arbitrary in the condensed model. A further issue occurs if Talos takes only one block in the

first trip in the relaxed model. In this case, when he reaches the puzzle table, it is possible

for him to then arbitrarily use his spare arm to move blocks on the table. However, in the

ground model, Talos must extend his arm before being able to move blocks. This demands

extra redundant actions to be inserted during the refinement to use this spare arm. Those

extra actions would be unnecessary if those blocks were moved later, when the remaining two

blocks are carried from the store room. This is because his second arm has to be extended

anyway to place the second block being carried from the store room onto the table.

H-online for all planning problems also experienced dependencies between the partial-

problems involved. The most prolific example was when a problem division fell between Talos
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extending his arm and grasping a block. The plan Talos generates in the condensed model

involves entering the store room, immediately extending his arms and then grasping the

blocks. This is because Talos can grasp the blocks from anywhere in the store room in

this model. In the ground model however, before he can grasp the blocks, Talos needs one

additional action to move from cell 1 to cell 0 of the store room. If a division is made between

the sub-goal stages generated from the extend and grasp actions from the condensed model,

Talos minimally achieves extension of his arms whilst still in cell 0 and unable to grasp the

blocks. The planner cannot insert the additional move action in the first partial-problem.

This is because it has no knowledge that the precondition of the grasp action necessary to

achieve the next sub-goal stage that requires Talos to be in cell 1 and that this movement is

disabled by extending his arms. As a result, Talos must retract, move, and then re-extend

his arms in the next partial problem, as he is unable to move with his arms extended.

A less prolific but more extreme issue occured if Talos never has to enter the puzzle

room in the first partial-problem in the condensed model of planning problem P3. This

means that the puzzle room door is left closed at the end of the first partial-plan. If Talos

chooses to take two blocks in the first trip to the store room in the relaxed model, then he

will then end the first partial-plan with both hands filled with blocks when he enters the

hallway. Therefore, he must plan additional actions to drop one of the blocks to be able to

open the door, and then pick the block back up again. This dependency is always propagated

to level 1. However, this happens rarely, because the sub-goal stage that requires entering

the puzzle room is always either the 3rd or 4th in sequence out of 20, depending on whether

the planner chooses to move only one or both blocks from the store room on the first trip in

relaxed model. Therefore, this issue only happens if the first partial-problem is only of size

2 or 3, and both blocks are moved in the first trip. In all other cases, it does not happen,

because of the ignorance problem in the condensed model at level 2. Whereby, it is always

optimal to open both doors at the same time when first entering the hallway, and therefore

the planner always opens both the doors in the first partial-problem.

202



Experiments

The Ignorance Problem

The ignorance problem is the most intrinsic reasoning problem in HCR planning. It occurs

from the lost knowledge about the constraints of the original problem in the abstract. This

lost knowledge can cause the planner to make decisions in such ignorance, that are optimal

in the context of the abstract problem, but which when maintained in the refinements (to

achieve conformance) may be poor with respect the constraints of the original. This can occur

repeatedly at all abstract levels, leading to an accumulation of errors down the hierarchy.

There exist two general causes of the ignorance problem identified from the experi-

ments presented in this thesis. These are derived from; the loss and generalisation of action

enabling constraints, within condensed and relaxed abstract models, respectively:

1. Loss of enabling constraints, can allow an abstract action to be planned, that is un-

constrained in an abstract state, but the matching original actions that achieve the

same effects, are constrained in many of the original states that map to the abstract.

When such an abstract action is refined, additional original actions may be required

to enable an action that achieves the same effects. These additional original actions

may be unnecessary had a different (but still valid) abstract action been selected.

2. Generalisation of enabling constraints, can allow a contiguous sub-sequence of abstract

actions, that are unconstrained in an abstract model, to be planned in an arbitrary

order. If these actions become constrained in the original model, additional original

actions may be required to achieve the effects of the abstract actions in the same order

during refinement. These may be unnecessary were the ordering changed.

The ignorance problem cannot currently be avoided automatically. This is because

HCR planning does not currently support backtracking, and the planner cannot measure

relative plan quality11. Therefore, the planner cannot know what abstract plan is the best
11This would require generating multiple different abstract plans and comparing all possible refinements.
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to select for refinement and cannot return to higher levels to revise abstract decisions that

appear poor during refinement. The open question is whether the properties of abstract

models that cause these problems can be minimised whilst still getting the speed benefits.

The Dependency Problem

The dependency problem occurs in online planning due to the division of complete-problems

into partial-problems. If a division falls between dependent partial-problems, decisions made

in the early partial-problems which are locally optimal (in the short term), might not be

globally optimal (in the long term) respective of the complete problem. More specifically,

after solving the earlier problem, and accepting the partial-plan as the partial solution up

to the minimal achievement of its last in sequence sub-goal stage, the planner might be left

in a state that makes it harder to solve the next partial-problem, because the planner is

unable to consider and prepare for, what it will need to more easily solve the next problem.

The dependency problem can lead to an accumulation of errors across the problem sequence,

which can then cascade to and further accumulate at the lower-levels of the hierarchy.

In the BWP, the dependency problem was caused by interacting enabling conditions

between abstract actions. It occured when placing a division before a sub-goal stage produced

from an abstract action that has multiple enabling conditions, achieved by multiple earlier

abstract actions, but where one enabling action disables the other. If the enabling conditions

are generalised in the condensed model, a more specialised enabling condition may exist for

actions at the original level that achieve the same effects as the abstract action. The more

specialised preconditions may however not be satisfied by achieving the same effects as the

abstract actions. Therefore, multiple abstract actions that achieve the enabling conditions

of a later abstract action, must all be refined together to avoid the dependency problem.

The open question is whether the dependency between partial-problems can be pre-

dicted and then minimised with more intelligent and dynamic problem division strategies.
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5.2.7 Limitations of Concurrent Action Planning

Concurrent action planning was effective for reducing time scores of classical and h-offline

planning, but conversely reduced quality scores in both cases. Further, concurrent action

planning with h-online increased planning times and reduced plan quality, and did not achieve

the same scaling to large problems as h-online with sequential action planning did.

An unexpected observation was that compressing plans into fewer steps could make

the quality of plans worse, by requiring more actions to reach the goal. This can occur because

abstract plans may not just contain arbitrarily ordered contiguous sub-sequences of actions.

It is possible for an abstract plan to contain multiple different sub-sequences of actions,

where the sub-sequences are arbitrarily ordered, but the actions in each sub-sequence are

strictly ordered. In the experiments, this occurred in the condensed model when opening the

doors to the store room and puzzle room from inside the hallway. Recall that the ordering of

opening the doors is arbitrary, because the constraints of the problem allow from both orders

to achieve a valid minimal length plan because the robot does not have to move between

opening them. However, the order does affect plan quality when refining at the next level,

because one of the orderings is better quality than the other. The planner must however

choose this order in ignorance when planning at the abstract level and the choice enforces

that order in the refinement. This cannot be solved by concurrent action planning, because

the arbitrary ordering exists between two distinct contiguous sub-sequences of actions, each

of which has a strict ordering over their actions in that sub-sequence. Therefore, these action

sub-sequences cannot be combined into a single unordered set on one step.

Since the planner currently always returns when it finds a minimal length plan and

then sub-sequentially minimises the quantity of actions within the minimal length plan, there

is no current methodology that allows it to trade longer plan lengths for fewer actions. To

resolve this, developing a method to search beyond the minimum plan length, only whilst

the quantity of actions in a plan monotonically decreases, should overcome this.
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5.3 Summary of Findings

The following summarises the primary experimental findings of this chapter.

• Comparison of planning modes:

– Classical ASP planning experienced an exponential increase in search time with

search length. Therefore, the total planning time of classical planning increased

exponentially with the minimum plan length of a planning problem.

– Offline HCR planning reduced total planning time over classical. However, it still

produced an exponential increase in search time with search length.

– Online HCR planning reduced search times from increasing exponentially with

search length to increasing linearly. This coupled with the capacity to incremen-

tally generate and yield partial-plans reduced: total planning times, execution

latency, average wait time per partial-plan, and average minimum execution time

per action; exponentially over complete classical or offline HCR planning.

– The scalability of the online HCR planning approach to problems with long plan

lengths resultantly greatly exceeds that of classical ASP planning.

– Concurrent action planning improved the performance of classical and offline HCR

planning, but did not consistently improve the performance of online HCR plan-

ning. Classical and offline HCR planning with concurrent actions was not suffi-

cient to outperform online HCR planning with sequential actions.

• Sub-goal stage achievement type and search mode:

– The minimum search length bound enabled search mode marginally but consis-

tently produced the best time score on all planning problems.

– The time score benefit of using the minimum search length bound comes at the

cost of preventing the ability to observe the progression of planning along the

sub-goal stage sequence that is enabled by sequential yield planning.
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– No significant difference between the performance of sub-goal achievement types

was found. This indicates that there was no overhead cost for relaxing the con-

formance constraint to sequential as is needed for concurrent action planning.

• Online planning with the Basic division strategy and the ground-first online method:

– The choice of bound value (number of divisions) for the Basic strategy did clearly

affect the planner’s performance. A small number of divisions is sufficient for the

problems tested. A large number of divisions gave diminishing returns in terms

of time score, but gave increasingly worse plan quality scores.

– The Basic strategy achieved poor balancing of partial-problems and plans, which

was believed to be the primary cause of reduced plan quality.

– Final-goal preemptive achievement and partial-problem blending proved consis-

tently effective for all planning problems, in increasing plan quality for minor

losses in planning speed, providing an acceptable trade-off.

– However, concurrent action planning and saved groundings were not effective.

• Online planning with the size-bound based division strategies Hasty and Steady, and

the ground-first, complete-first, and hybrid online methods:

– The choice of bound value (problem sizes) for both Hasty and Steady did again

clearly affect the planner’s performance. The large bound values produced the

best quality scores and always performed optimally for time scores.

– The choice between the different size-bound based division strategies and online

methods exhibited very little significant difference in performance.

– The size-bound based strategies produced better balancing of partial-problems

and plans over the Basic strategy. However, this unfortunately does not appear

to have consistently increased plan quality scores by any significant amount.

– These strategies and methods must be evaluated on a greater variety of larger

problems to better understand their properties and behaviour.
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Conclusions

This thesis has proposed, implemented, and experimentally validated, Hierarchical Confor-

mance Refinement (HCR) planning, a novel approach to domain-independent online task

and high-level planning for robots using Answer Set Programming (ASP). HCR planning

has successfully combined ASP planning with Hierarchical Refinement (HR) planning. In

the union of their complementary capabilities, HCR planning finds the reinforcement of their

strengths and overcoming over their weaknesses. In particular, HCR planning now supports

rapid online planning, in which plans are generated partly overlapped with execution, to

minimise the downtime and maximise the productivity of robots. The following summarises

the novel contributions and the aims and objectives successfully achieved by this thesis.

6.1 Summary of Contributions and Achievements

The primary novel contribution of HCR planning is its new refinement method. HCR uses

conformance refinement, where plans are required to achieve the same effects and remain

structurally similar at all hierarchical levels. The conformance constraint enforces this re-

quirement, whilst enabling a more flexible plan refinement and problem division mechanism,

and supporting a more general hierarchy representation, than previous HR planners. The

constraint simply encodes the effects of abstract actions generated in an abstract model of

a domain and problem, as sequences of sub-goal stages, which must then be achieved in the

same order when generating a refined plan in a more concrete model. This technique has

successfully provided the following novel benefits to the field of HR and ASP planning.
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• High Quality Satisficing Planning : By encoding the effects of abstract actions into sub-

goal stages which must only be achieved in the same order during refinement planning

enables the interleaving property. Whereby, stages included in the same refinement

problem are pursued simultaneously to eliminate dependencies between them. This is

possible without the plan length estimation function needed in past ASP HR planners.

• Rapid Online Planning : Complete refinement problems can be divided into partial-

problems, each of which refine any contiguous sub-sequence of abstract actions simul-

taneously. This avoids the limitation of past HR planners that required all abstract

actions to be refined independently, which exaggerated dependencies between them.

Online partial-planning successfully reduced the time complexity of planning from in-

creasing exponentially in plan length, to increasing only linearly. Further, because

partial-plans are yielded to a robot independently, a robot can begin execution as soon

as the first is generated, and exponentially faster than generating a complete plan. This

greatly increases the scalability of ASP planners to problems with long plan lengths.

• Flexible Problem Division: Partial-problems enable the use of general and versatile

problem division strategies and online planning methods. These are external deci-

sion making systems that dynamically decide how to divide problems and traverse

over the hierarchy during online partial-planning. Three simple division strategies

and three online planning methods were implemented to prove generality of these sys-

tems. To improve overall plan quality when online planning, two approaches; final-goal

pre-emptive achievement and partial-problem blending, were implemented and proved

effective in experimental studies, for only very minorly increased planning times.

• Generalised Hierarchy Representation: By refining plans based on achieving action

effects, rather than action preconditions as done in previous HR planners, and by

then adding a state abstraction mapping over state variables, HCR planning increases

the generality of its hierarchy representation. This allows HCR planning to support

any form of abstract model to which a deterministic and exhaustive state abstraction
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mapping can be defined from the original model, including state abstractions that

modify or replace actions and state variables, and not just those that remove them.

• Intrinsic Support for Condensed Domain Models : Condensed abstract domain models

are state abstractions that generalise the state representation into a more granular

form. They extend past work by handling this type of abstraction through a class-

based relation, in which the designer specifies a logical coordination (a conceptional or

semantic relationship) between two sub-classes that both subordinate from the same

super-class, where one sub-class is called an ancestor and the other the descendent. In

a condensed model, all state variables referring to the descendent type are then gener-

alised to instead refer to the ancestor type. This combines a sub-set of original state

literals into a single abstract state literal, therefore reducing the size of representing

a single state and the number of possible states. This specifications also generates

the abstract versions of the domain laws automatically (avoiding the need to manually

rewrite them), and gives a general way to obtain the state abstraction mapping.

The experimental studies in this thesis show that the HCR approach has successfully

increased the speed and scalability of ASP planning on a combined blocks world and navi-

gation domain, and significantly outperforms the classical approach to ASP based planning.

Specifically, HCR planning exponentially reduces total planning and execution latency times,

over classical ASP planning, for only small losses in plan quality. Robots equipped with the

HCR planning algorithm can therefore begin plan execution in a fraction of the time of

classical ASP planners, increasing productivity and reducing down times. Using an optimal

configuration for the most complex planning problem tested, this algorithm can reduce total

planning time by 98% (from 607.0 to 14.1 seconds), and execution latency by 99% (to 7

seconds), for only a 11.0% increase in total plan length. This proves that online HCR plan-

ning is effective, and for the first time makes ASP based planning fast enough for practical

general-purpose robotics applications. However, HCR planning still has limitations, these

are summarised in the following, and possible paths for future work are proposed.
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6.2 Summary of Limitations and Future Work

In this thesis, only one experimental and example domain was used and the test problems

are all similar in nature and structure. Some additional example domains and problems

are available on the online appendix at Kamperis, 2023. The BWP domain does represent

general reasoning challenges and the types of complex constraints that occur commonly in

interesting physical domains. However, to prove generality, further experiments are needed

to determine if the performance of HCR holds for a wider range of domains and problems.

The main limitation on the scalability of HCR planning is how the ASP solver cur-

rently handles solving partial-problems. Partial-problems reduce plans lengths linearly and

therefore search complexity exponentially. However, they do nothing to reduce the problem

description size over the complete-problem, despite that many components of a planning

domain will not be relevant to a single partial-problem. This means that when solving

a partial-problem, the planner still generates a ASP ground program the represents the

complete-domain. In order to continue scaling the HCR planning algorithms to arbitrarily

large problems, future research must develop a general method for reasoning about relevancy

(of entities and domain knowledge) to individual partial-problems, to obtain partial-domain

descriptions for partial-problems. This may need to involve inductive learning techniques

that can decide upon the relevancy of entities to partial-problems based on prior experience.

Several specific issues causing loss of plan quality were identified, from which the two

fundamental reasoning problems of HCR planning were identified. The ignorance problem

occurs from the lost knowledge in the abstractions which means that not all abstract plans

are optimal. This combined with a lack of capacity to measure abstract plan quality directly

(without comparing against known optimums) means that it is not possible to select the

best quality abstract plan to refine. The dependency problem occurs from the division of

complete refinement problems into sequences of partial refinement problems which means

that dependencies can occur between sub-goal stages in different partial-problems. This
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combined with a lack of capacity to predict dependencies, means that problem dependencies,

although uncommon, are difficult to avoid entirely in HCR planning. The open question is

whether the properties of abstract domain models and partial-problems that cause these

reasoning problems can be minimised whilst still achieving the speed benefits.

The problem division strategies used in this thesis proved effective for the domain

tested but are highly naive and only make decisions based on pre-defined decision making

bounds. As problems become larger, the decisions of the division strategies are likely to

become increasingly impactful on planning performance. To make division strategies more

effective may require the capacity to learn and generalize how long it takes to refine abstract

actions, how long it takes to execute ground actions, and where problem dependencies are

likely to exist. This would allow the strategies to make informed decisions about when to

divide problems to maximize productivity of the robot and always ensure that there are

actions ready to execute, whilst minimising dependencies to maximise plan quality.

HCR planning currently assumes that the robot has complete knowledge of the prob-

lem’s initial state and that its plans will never fail when executed. These assumptions rarely

hold in real-world dynamic, partially-observable, and uncertain domains, and resultantly

plans fail often. Part of the original concept of HCR planning, was that the tree-like struc-

ture of HCR plans could allow plan flaws occurring from unexpected observations obtained

during plan execution, that would usually cause plans to fail, to be rapidly repaired online,

by identifying and repairing only the flawed branches of a plan, rather than having to com-

pletely re-generate the entire plan as is necessary in classical planning. Due to time and

space constraints, this was not developed, but remains a fruitful path for future work.

The ASH planner currently only optimises plan quality by minimising the quantity of

actions in a plan. In real-world domains, other quality criteria, such a predicted execution

time and resource usage, are very likely to be of importance. Introducing the capacity to

optimise plans based on such a criteria is therefore a crucial path for future development.
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Appendix One

Translation of HCR Domain Laws to

Action Language BC

The following describes the translation from the domain laws used in this thesis into the form

proposed by the action language BC in Lee, Lifschitz, and F. Yang, 2013, with modifications

made to use the action and state representation predicates used by this thesis defined in

Section 3.5.1. Note that encoding of state variables relations, state variable constraints, and

state abstraction mappings used in this thesis is the same as the encoding that is proposed

by action language BC, and as such translations are not necessary for them.

The action language BC would encode the domain laws for action effects and precon-

ditions directly as follows:

• For each Action Effect;

– Replace: R$κr ⇒ apli (T̄$κ̄
a
n) causes fpl

i (T̄$κ̄fm) = Υ$κυ if conspli−1

– With: holds(pl, f(T̄ f
m),Υ, i)←− occurs(pl, R, a(T̄ a

n ), i), ϵ(cons
pl
i−1), body

pl(a, f)

• For each Positive Action Precondition;

– Replace: R$κr ⇒ apli (T̄$κ̄
a
n) requires fpl

i−1(T̄$κ̄
f
m) = Υ$κυ if conspli−1

– With:

←− occurs(pl, R, a(T̄ a
n ), i), not holds(pl, f(T̄

f
m),Υ, i− 1), ϵ(conspli−1), body

pl(a, f)

• For each Negative Action Precondition;

– Replace: R$κr ⇒ apli (T̄$κ̄
a
n) requires fpl

i−1(T̄$κ̄
f
m) ̸= Υ$κυ if conspli−1
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– With:←− occurs(pl, R, a(T̄ a
n ), i), holds(pl, f(T̄

f
m),Υ, i− 1), ϵ(conspli−1), body

pl(a, f)

Recall that the method of encoding the domain laws in HCR planning as proposed

by this thesis is as follows:

• For each Action Effect;

– Replace: R$κr ⇒ apli (T̄$κ̄
a
n) causes fpl

i (T̄$κ̄fm) = Υ$κυ if conspli−1

– With: effect(pl, R, a(T̄ a
n ), i, f(T̄

f
m),Υ, i)←− ϵ(conspli−1), body

pl(a, f)

• For each Positive Action Precondition;

– Replace: R$κr ⇒ apli (T̄$κ̄
a
n) requires fpl

i−1(T̄$κ̄
f
m) = Υ$κυ if conspli−1

– With: precond(pl, R, a(T̄ a
n ), i, f(T̄

f
m),Υ, true, i)←− ϵ(conspli−1), body

pl(a, f)

• For each Negative Action Precondition;

– Replace: R$κr ⇒ apli (T̄$κ̄
a
n) requires fpl

i−1(T̄$κ̄
f
m) ̸= Υ$κυ if conspli−1

– With: precond(pl, R, a(T̄ a
n ), i, f(T̄

f
m),Υ, false, i)←− ϵ(conspli−1), body

pl(a, f)

Further recall the domain independent logic rules on the minimal planning module of

ASH that applies the domain laws for action effects and preconditions:

• Rule A.1: Apply the direct effects of an action on the time step it was planned at.

• Rules A.2-A.3: The action precondition integrity constraints, ensuring that an action

cannot be planned in a state that does not satisfy (violates) its preconditions.

holds(l, f(t̄), υ, i)←− effect(l, r, a(t̄), f(t̄), υ, i), occurs(l, r, a(t̄), i) (A.1)

←− precond(l, r, a(t̄), f(t̄), υ, true, i), (A.2)

not holds(l, f(t̄), υ, i− 1), occurs(l, r, a(t̄), i)

←− precond(l, r, a(t̄), f(t̄), υ, false, i), (A.3)

holds(l, f(t̄), υ, i− 1), occurs(l, r, a(t̄), i)
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Note that the domain independent rules were written as ground rules for conciseness.

To translate from the encoding of domain laws used by HCR planning to the standard

encoding of BC the following process is followed, using the effect rule as example:

1. The head of the encoding of the domain law for HCR is deleted and replaced by the

head of the domain independent logic rule;

• Replace: effect(pl, R, a(T̄ a
n ), i, f(T̄

f
m),Υ, i)←− ϵ(conspli−1), body

pl(a, f)

• With: holds(pl, f(T̄ f
m),Υ, i)←− ϵ(conspli−1), body

pl(a, f)

2. Add the body of the domain independent logic rule to the body of the encoded domain

law with the exception of the atom that was the old head of the law;

• Replace: holds(pl, f(T̄ f
m),Υ, i)←− ϵ(conspli−1), body

pl(a, f)

• With: holds(pl, f(T̄ f
m),Υ, i)←− occurs(pl, R, a(T̄ a

n ), i), ϵ(cons
pl
i−1), body

pl(a, f)

The result is the same rule as the standard encoding of action language BC.
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Appendix Two

Complete BWP Domain Definition

The following Tables B.1, B.2, and B.3 define the class hierarchy of the BWP domain, and

Tables B.4, B.5, B.6, and B.7 contain complete lists of all domain sorts in the BWP domain.

Table B.1: Class types present in each Domain Model of the BWP.

Class Description 1 2 3
location A location an object can be in. x x x
room A room that an object can be located in. x x x
object A physical object in the domain. x x x
robot A robot which can take actions. x x x
grounded An object that cannot change location. x x x
graspable An object that can be grasped. x x x
placeable An object that can be placed on a surface. x x x
block A cuboid block. x x x
surface A surface that can have objects placed upon it. x x x
table A table. x x x
tower A surface a tower can be built on. x x x
colour The colour of an object. x x x
arm A manipulator arm assembly. x x x
grasper An object that can grasp other objects. x x x
door A door between locations. x x
handle A handle of a door. x x
component An object that is a component part of another object and which

has changeable configuration states.
x x

state A possible configuration state of a component object. x x
extensible An object that can be extended or retracted. x x
cell A cell of a room that objects can be located in. x
limb The upper limb of a manipulator arm. x
end The end effector hand of a manipulator arm. x
side The side of a table. x
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Table B.2: Class Inheritance Relations present in the BWP.

Super-Class Sub-Classes Description
location room, cell Rooms and cells are locations.
object robot, arm, limb,

hand, table, side,
block, grounded

A robot, its manipulator arms, and their components;
limb and hand are objects. A table and its sides are
objects. A block is an object. Grounded objects are
objects.

grounded handle Door handles are grounded and cannot be moved.
configurable extensible,

grasper, door
Extensible components, components that can grasp ob-
jects, and doors all have configuration states.

extensible arm, limb Manipulator arms as a whole, and their descendent (up-
per) limbs are extensible.

grasper arm, hand Manipulator arms as a whole, and their descendent
hands are graspers.

graspable block, handle Blocks and door handles are graspable.
placeable block Blocks can be placed on surfaces.
surface table, side, block Tables, their sides, and blocks are all surfaces that other

blocks can be placed upon.
tower table, side Tables and their sides are surfaces that towers can be

built on.

Table B.3: Class Override Relations present in the BWP.

Ancestor
Class

Descendent
Class

Override
Class

Description

room cell location Rooms are composed of a set of cells. Both
can refer to locations that an object can be
in.

table side surface Tables have two sides. Both the table as a
whole, and its sides can be considered target
surfaces to place objects upon.

arm limb extensible Manipulator arms have an upper limb
which makes them extensible.

arm hand grasper Manipulator arms have a hand which allows
them to grasp objects.
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Table B.4: Actions present in each Domain Model of the BWP.

Action Description 1 2 3
R$robot→ move(L$location) Move to a location L. x x x
R$robot→ grasp(G$grasper,O$graspable) Grasp an object O with

a grasper G.
x x x

R$robot→ release(G$grasper,O$graspable) Release an object O
grasped with grasper G.

x x x

R$robot→ put(G$grasper,O$placeable, S$surface) Put an object O grasped
with grasper G on a sur-
face S.

x x x

R$robot→ lift(G$grasper,O$placeable) Lift an object O grasped
with grasper G.

x x x

R$robot→ actuate(G$grasper,D$door) Actuate door D with
grasper G.

x x

R$robot→ configure(C$configurable, S$state) Configure a component
C of the robot into state
S.

x x

Table B.5: Inertial Fluents present in each Domain Model of the BWP.

Fluent Description 1 2 3
in($object) = $location Locations of objects. x x x
on($object) = $surface Placement of objects. x x x
grasping($robot, $grasper) = $object Grasped objects. x x x
config($configurable) = $state Configuration of components. x x
config($door) = $state Configuration of doors. x x

Table B.6: Defined Fluents present in each Domain Model of the BWP.

Fluent Description 1 2 3
tower_base(B$block, T$tower) Whether a block is at the base of a

tower.
x x x

in_tower(B1$block1, B2$block$2) Whether a block is part of the tower
with the given base.

x x x

unordered_tower(B$block, T$tower) Whether the tower with the given
base is not built in ascending order
(from bottom to top) of block num-
bers.

x x x

complete_tower(C$colour,B$block) Whether the tower with the given
base is built of blocks of all the same
colour.

x x x
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Table B.7: Static State Variables present in each Domain Model of the BWP.

Static Description 1 2 3
in($grounded) = $location Locations of grounded objects (which

cannot be moved).
x x x

in($grounded) = $location Locations of grounded objects (which
cannot be moved).

x x x

colour_of(B$block, C$colour) The colour of the blocks. x x x
connected(L1$location, L2$location) Connections between locations

(defining a graph-like world map).
x x

connected_by_door(L1$location,
L2$location, D$door)

Doorways on location connections. x x

The following lists all laws and state abstraction mappings in the BWP domain.

• Action Effects:

– When a robot moves its location changes accordingly;

R$robot⇒ movepl(L$location) causes inpl(R$object) = L$location

– When a robot grasps an object with a grasper the object becomes grasped;

R$robot⇒ grasppl(G$grasper,O$graspable)

causes graspingpl(R$robot, G$grasper) = O$object

– When a robot releases an object the object is no longer grasped;

R$robot⇒ releasepl(G$grasper,O$graspable)

causes graspingpl(R$robot, G$grasper) = nothing

– When a robot releases an object from an end effector, the end effector is no longer

aligned with that object;

R$robot⇒ releasepl(G$grasper,O$graspable)

causes configurationpl(G$grasper) = aligned_with(nothing)
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– A robot can change the configuration of its components;

R$robot⇒ configurepl(C$component, S$state)

causes configurationpl(C$component) = S$state

– When a robot retracts a manipulator limb, any of its sibling end effectors are no

longer aligned with any objects unless it is grasping an object;

R$robot⇒ configurepl(E$extensible, retracted)

causes configurationpl(E$component) = aligned_with(nothing)

if graspingpl(E$grasper) = nothing

– When a robot puts a placeable object on a surface the object is on that surface;

R$robot⇒ putpl(G$grasper,O$placeable, S$surface)

causes onpl(O$object) = S$surface

– When a robot lifts an object the object is on nothing;

R$robot⇒ liftpl(G$gripper,O$graspable) causes onpl(O$placeable) = nothing

– When a robot actuates a door its configuration is flipped;

R$robot⇒ actuatepl(G$grasper,D$door)

causes configurationpl(D$configurable) = S1$state

if configurationpl(D$configurable) = S2$state, S1 ̸= S2, S ∈ {open, closed}

• Action Preconditions:

– A robot can only move between connected locations (ignored in relaxed model);

R$robot⇒ movepl(L$location)

requires connectedpl(L1$location, L2$location) = true

if inpl(R$robot) = L2$location), pl < 3

– A robot can only move between locations that are connected by a door if that
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door is open (ignored in relaxed model);

R$robot : movepl(L$location)

requires configuration(D$configurable) = open

if connected_by_doorpl(L1$location, L2$location,D$door),

inpl(R$robot) = L2$location), pl < 3

– A robot can only open a door if it is grasping one of its handles (ignored in relaxed

model);

R$robot⇒ actuatepl(D$door)

requires 1 = #count{graspingpl(R$robot, G$grasper) = H$handle,

partpl(D$object,H$component)}

if pl < 3

– A robot can only move if all of its manipulator arms are retracted (ignored in

relaxed model);

R$robot⇒ movepl(L$location)

requires configurationpl(R$robot, C$component) = retracted

if partpl(R$robot, C$component), isapl(C$extensible)

– A robot can only grasp an object which shares its location;

R$robot⇒ grasppl(G$grasper,O$graspable)

requires inpl(R$object) = inpl(O$object)

– A robot can only grasp an object with a given grasper if it is not currently grasping

another object with that grasper;

R$robot⇒ grasppl(G$grasper,O$graspable)

requires graspingpl(R$robot, G$grasper) = nothing,O ̸= nothing
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– A robot cannot grasp an object that has another object on top of it;

R$robot⇒ grasppl(G$grasper,O1$graspable)

requires onpl(O2$placeable) ̸= O1$surface, O1 ̸= O2, O1 ̸= nothing

– A robot can only grasp an object with a grasper if the grasper is extensible and it

is extended or if it is attached to another extensible component that is extended;

R$robot⇒ grasppl(G$grasper,O$graspable)

requires configurationpl(R$robot, G$component) = extended

if partpl(R$robot, G$component), isapl(G, extensible)

R$robot⇒ grasppl(G$grasper,O$graspable)

requires configurationpl(R$robot, E$component) = extended

if partpl(R$robot, G$component), partpl(R$robot, E$component),

sibpl(G,E), isapl(E, extensible)

– A robot can only grasp an object with an end effector if that end effector is aligned

with that object;

R$robot⇒ grasppl(G$grasper,O$graspable)

requires configurationpl(G$component) = aligned_with(O), O ̸= nothing

– A robot can only release an object when it is grasping that object;

R$robot⇒ releasepl(G$grasper,O$graspable)

requires graspingpl(R$robot, G$grasper) = O$graspable, O ̸= nothing

– A robot can only release an object from a grasper if the grasper is extensible and it

is extended or if it is attached to another extensible component that is extended;

R$robot⇒ releasepl(G$grasper,O$graspable)

requires configurationpl(R$robot, G$component) = extended

if partpl(R$robot, G$component), isapl(G, extensible)
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R$robot⇒ releasepl(G$grasper,O$graspable)

requires configurationpl(R$robot, E$component) = extended

if partpl(R$robot, G$component), partpl(R$robot, E$component),

sibpl(G,E), isapl(E, extensible)

– A robot can only align its hand with an object if it is grasping nothing with that

hand;

R$robot⇒ configurepl(G$component, aligned_with(O))

requires graspingpl(R$robot, G$grasper) = nothing,O ̸= nothing

– A robot can only put an object on a surface which shares its location;

R$robot⇒ putpl(G$grasper,O$placeable, S$surface)

requires inpl(R$object) = inpl(S$object)

– A robot cannot put an object on top of another object that already has some

other object on top of it;

R$robot⇒ putpl(G$grasper,O1$placeable, S$surface)

requires onpl(O2$object) ̸= S$surface, isapl(S, block), O1 ̸= O2

– A robot can only put an object on a surface when it is grasping that object;

R$robot⇒ putpl(G$grasper,O$placeable, S$surface)

requires graspingpl(R$robot, G$grasper) = O$graspable, O ̸= nothing

– An armed robot cannot put an object on another object if any robot is grasping

the other object with any of its graspers;

R$robot⇒ putpl(G1$grasper,O$placeable, S$surface)

requires graspingpl(R$robot, G2$grasper) = S$graspable, O ̸= nothing

– A robot can only put an object on a surface with a grasper if the grasper is

extensible and it is extended or if it is attached to another extensible component
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that is extended;

R$robot⇒ putpl(G$grasper,O$graspable, S$surface)

requires configurationpl(R$robot, G$component) = extended

if partpl(R$robot, G$component), isapl(G, extensible)

R$robot⇒ putpl(G$grasper,O$graspable, S$surface)

requires configurationpl(R$robot, E$component) = extended

if partpl(R$robot, G$component), partpl(R$robot, E$component),

sibpl(G,E), isapl(E, extensible)

– A robot cannot lift a grasped object that has another object on top of it;

R$robot⇒ liftpl(G$grasper,O1$graspable)

requires onpl(O2$placeable) ̸= O1$surface, O1 ̸= O2, O1 ̸= nothing

– A robot can only lift a block that it is grasping;

R$robot⇒ liftpl(G$grasper,O$placeable)

requires graspingpl(R$robot, G$grasper) = O$graspable, O ̸= nothing

• State Variable Relations:

– An object that is grasped by a robot shares the location of the robot;

inpl(R$object) = inpl(O$object)

if graspingpl(R$robot, G$grasper) = O$graspable

– A block that is on a table or the side of a table is the base of a tower;

tower_basesl(B$block, T$tower) = true if onsl(B$block) = T$surface

– A block that is the base of a tower is in that tower;

in_towersl(B$block,B$block) = true if tower_basesl(B$block) = true
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– A block that is on top of another block is in the same tower as the block it is on;

in_towersl(B1$block,B2$block) = true

if onsl(B1$object) = B2$object,

in_towersl(B2$block,B3$block) = true

– A tower that is not stacked in descending order from top to bottom is unordered;

unordered_towersl(B$block, T$tower) = true

if onsl(Bi$object) = Bj$object,

in_towersl(B$block,Bi$block) = true,

in_towersl(B$block, Bj$block) = true,

tower_basesl(B$block, T$tower) = true, Bi ̸= Bj, i > j

– A tower is complete if it contains of the blocks of a particular colour and they are

stacked in descending order from top to bottom;

completetower
sl(C$colour, T$tower) = true

if 3 = #count{Bi : in_towersl(B$block, Bi$block) = true,

colour_of sl(Bi$block, C$colour)},

unordered_towersl(B$block, T$tower) = false,

tower_basesl(B$block, T$tower) = true,

colour_of sl(B$block, C$colour)

• State Variable Constraints:

– If any of a robot is grasping an object then that object must share its location;

impossible graspingsl(R$robot, G$grasper) = O$graspable,

insl(R$object) ̸= insl(O$object), isasl(R$robot), O ̸= nothing

– If any of a robot’s end effectors are aligned with an object then that object must
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share its location;

impossible configurationsl(G$configurable) = aligned_with(O$graspable),

insl(R$object) ̸= insl(O$object),

partpl(R$robot, G$component), isasl(R$robot)

– If a robot is grasping an object with an end effector then that end effector must

be aligned with the object;

impossible graspingsl(R$robot, G$grasper) = O$graspable,

configurationsl(G$configurable) ̸= aligned_with(O)

– An object must share the location of a surface it is on;

impossible onsl(O$placeable) = S$surface, insl(O$object) ̸= insl(S$object)

– A block cannot have more than one block on top of it;

impossible onsl(B1$block, B2$block), on
sl(B1$block,B3$block), B2 ̸= B3

– A block cannot be on a block that is on nothing;

impossible onsl(B1$block, B2$block), on
sl(B1$block, nothing), B2 ̸= B3

– A robot cannot be grasping a block that has another block on top of it;

impossible graspingsl(R$robot, G$grasper, B1$block), on
sl(B1$block,B2$block)

– A robot cannot grasp an object with two graspers simultaneously;

impossible graspingsl(G1$grasper,O$graspable),

onsl(G2$grasper, O$graspable), G1 ̸= G2

• State Abstraction Mappings:

– If an object is in a location that has no ancestors, then it is in that location at

the previous abstraction level;

inpl+1(O$object) = L$location

if inpl(O$Object) = L$location
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– If an object is in a location that is a descendant of some ancestor location, then

that object is also located in the ancestor location;

inpl+1(O$object) = AL$location

if inpl(O$Object) = DL$location, despl(AL,DL)

– If an object has any descendants then those descendants share the location of the

object;

inpl+1(AO$object) = L$location

if inpl(DO$Object) = L$location, despl(AO,DO)

– If an object has any descendants then the object shares the location of its descen-

dants;

inpl+1(DO$object) = L$location

if inpl(AO$Object) = L$location, despl(AO,DO)

– If a robot is grasping a graspable object with any of its graspers which is itself a

descendant of an ancestor grasper then the robot is also grasping the same object

with the ancestor grasper;

graspingpl+1(R$robot, AG$grasper) = O$graspable

if graspingpl+1(R$robot,DG$grasper) = O$graspable, despl(AO,DO)

– If a robot is grasping a graspable object with a grasper that has no ancestors,

then it is grasping that object with that grasper at the previous abstraction level;

graspingpl+1(R$robot, G$grasper) = O$graspable

if graspingpl+1(R$robot, G$grasper) = O$graspable

– A component has the same configuration state at the previous abstraction level;

configurationpl+1(R$robot, C$component) = S$state

if configurationpl(R$robot, C$component) = S$state

– If an object is on a surface that has no ancestor, then it is on that surface at the
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previous abstraction level;

onpl+1(O$object) = AS$surface

if onpl(O$Object) = DS$surface, despl(AS,DS)

– If an object is on a surface that is a descendant of some ancestor surface, then

that object is also on the ancestor surface;

onpl+1(O$object) = AS$surface

if onpl(O$Object) = DS$surface, despl(AS,DS)

– If locations that have no ancestors are connected, then they are connected at the

previous abstraction level;

connectedpl+1(L1$location, L2$location) = true

if connectedpl(L1$location, L2$location) = true

– If descendant locations are connected then so are their ancestors;

connectedpl+1(AL1$location,AL2$location) = true

if connectedpl(DL1$location,DL2$location) = true,

descpl(AL1, DL1), desc
pl(AL2, DL2)

– If locations that have no ancestors are connected by a door, then they are con-

nected by that door at the previous abstraction level;

connected_by_doorpl+1(L1$location, L2$location) = true

if connected_by_doorpl(L1$location, L2$location) = true

– If descendant locations are connected by a door then so are their ancestors;

connected_by_doorpl+1(AL1$location,AL2$location) = true

if connected_by_doorpl(DL1$location,DL2$location) = true,

descpl(AL1, DL1), des
pl(AL2, DL2)
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