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Abstract

This thesis investigates whether symbolic predicates in planning domains can be reconstructed
automatically from grounded state—action traces. A domain-independent pipeline is proposed
that combines Answer Set Programming[1] with Inductive Logic Programming(ILP) [2]. Ex-
ecution traces are generated using Clingo [3], and Popper [2] induces logical rules under a

unified Boolean-valued representation with explicit negation.

Two symbolic representations are derived from the same traces: a minimal domain [4] contain-
ing primitive fluents and a maximal domain [4] extended with SIFT-extracted predicates [4].
Learning targets follow the max-minus—min strategy, where each predicate appearing only in
the maximal domain is treated as an independent ILP task.

Experiments across six classical benchmarks show three outcome types: predicates that are
fully reconstructed with perfect precision and recall; predicates partially recovered due to
missing relational structure; and predicates for which no consistent hypothesis is found. These
results demonstrate how ILP can serve as an analytical tool to evaluate the expressive adequacy

of symbolic representations and guide predicate design in planning domains.
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1 Introduction

A key challenge in symbolic learning is that the predicate vocabulary itself is often unknown.
Most existing approaches to learning action models assume a fixed set of predicates and focus
solely on reconstructing preconditions and effects. However, the expressiveness of the learned
rules depends critically on the quality of this vocabulary: if essential relational concepts are
missing, then no learning algorithm—symbolic or neural—can recover the correct rules. This
creates a circular dependency: predicates are needed to learn rules, yet rules are needed to
justify which predicates should exist. The purpose of this thesis is to break this dependency
by providing a principled pipeline that constructs, evaluates, and defines symbolic predicates

directly from grounded observations.

Learning symbolic rules from observed behavior is a central problem in automated planning
and reasoning. In many planning domains, symbolic predicates describe when a property holds
in a state or when an action is applicable. These predicates often encode spatial relations, object
configurations, or consistency constraints. In classical settings, such symbolic knowledge is
specified manually. This thesis studies how such rules can instead be recovered automatically

from grounded state—action traces.

The input to our approach consists of logical facts extracted from demonstrations or simulated
executions. Each state is represented as a finite set of ground atoms. For example, in a grid-
based setting, a fact such as at(p1,c1,s1) states that person p1 is located at cell c1 in state
s1. Based on such observations, target predicates can be defined through logical conditions. A
simple example is the predicate can_pick_up(p1l,kl,s1), which holds when a person and a

key are co-located:
can_pick_up(P, K, S) :- at(P, C, S), at(K, C, S).

Positive and negative examples constrain the hypothesis space and prevent overly general rules.
Clingo is used not merely as a simulator, but as a way to obtain fully grounded, noise-free,
and type-consistent state—action traces. This guarantees that the learning process evaluates
representational choices rather than artifacts of imperfect demonstrations. By controlling the
traces at the logical level, we can study the limits of symbolic reconstruction under idealised
but informative conditions.

This thesis uses a pipeline composed of two logic-based components. Clingo [3]is used to
represent symbolic environments and to generate grounded state—action traces through Answer
Set Programming. Popper [2] is used to learn logic programs from labeled examples using



1 Introduction

Inductive Logic Programming (ILP) [2] under an explicit search bias. Together, these tools
support an end-to-end workflow that moves from low-level grounded facts to human-readable
symbolic rules.

A central idea of this work is the max-minus-min strategy. For each domain, two symbolic
representations are derived from the same execution traces. The minimal domain [4] contains
only primitive predicates that directly describe the environment. The maximal domain [4]
extends this representation with higher-level predicates extracted by SIFT [4]. Learning targets

are defined as the set difference
A = Predicates(Maximal Domain) \ Predicates(Minimal Domain),

and each predicate in A is treated as an independent learning task. Popper then attempts
to define each maximal-only predicate using only minimal-domain predicates and Boolean-
valued fluents. This setup provides a systematic way to test which symbolic concepts can be
reconstructed from basic observations and which require richer background knowledge. The
max-minus-min strategy provides a controlled way to evaluate representational sufficiency. If
a maximal-domain predicate can be defined purely from minimal fluents, then the minimal
representation is expressive enough; if not, the missing predicate captures structure that
the minimal vocabulary fails to encode. This turns predicate learning into a systematic test
of representational power rather than an open-ended search problem. A worked example

illustrating this transformation is given in Appendix A, Section A.1.

A direct application of ILP to raw traces is infeasible, because the hypothesis space over all
possible predicate symbols is combinatorially large. SIFT addresses this problem by analysing
how hypothetical predicates would have to change across actions and retaining only those
whose behaviour is consistent with the observed transitions. The resulting maximal predicate
set acts as a data-driven vocabulary from which ILP can selectively reconstruct meaningful

definitions.

The same pipeline is applied across several planning benchmarks. The core domains are
Block World, Sokoban, N-Puzzle, and Miconic. In addition, the approach is evaluated on two
logistics-style domains, Logistics and Driverlog, using the same max-minus-min task con-
struction. Across all domains, the learning mechanism, background encoding, and evaluation
protocol remain unchanged. Popper is chosen because it learns compact, human-readable
logical rules under an explicit, finite bias. This makes it possible to determine with certainty
whether a predicate can be defined from the available background knowledge. Unlike neural
or probabilistic approaches, Popper provides deterministic guarantees: if no definition is found,
either none exists within the hypothesis space or essential information is missing from the
minimal domain. Appendix A, Section A.1 shows how the files exs.pl, bk.pl, and bias.pl
are instantiated for a single target predicate in N-Puzzle.
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The experiments reveal several recurring patterns. In Block World, Popper reconstructs three
maximal-only predicates with perfect precision and recall. The learned rules correspond to
interpretable abstractions over primitive stacking relations, including existential patterns and
Boolean consistency constraints. For readers interested in the exact inputs that lead to such hy-
potheses, Appendix A, Section A.1 provides a complete worked example for learned_pred_0

in N-Puzzle.

In Sokoban, Popper learns an abstract occupancy predicate by combining the minimal predi-
cates has_box and has_player, using explicit Boolean negation to encode a domain invariant.
In the N-Puzzle domain, several predicates are learned as local projections of minimal spatial
fluents such as at_val and blank_val, while other targets yield NO SOLUTION due to missing
relational structure in the background. In Miconic, Popper learns predicates that depend on
lift position with perfect precision but incomplete recall, while predicates involving passenger
goals remain only partially recoverable. In the Logistics and Driverlog domains, some maximal
predicates reduce to simple projections of minimal relations, while others cannot be learned
due to either missing expressiveness or lack of positive examples.

Across all domains, two representation choices prove critical for stable learning. First, en-
coding fluents in a Boolean-valued form provides a uniform interface across heterogeneous
domains. Second, explicit negation through neg/2 avoids unsafe classical negation in learned
hypotheses while still allowing Popper to express exclusion and consistency constraints. Over-
all, the results show that many maximal-domain predicates can be reconstructed from minimal
representations when they correspond to local or projection-style conditions. Conversely, NO
SOLUTION outcomes serve as diagnostic signals of insufficient background expressiveness or

limited inductive supervision.



2 Background

This chapter provides the conceptual foundations on which the remainder of the thesis is built.
It introduces the learning and reasoning formalisms that underpin our approach, and explains
how they interact in the construction of symbolic representations from state-action data. We
begin with Inductive Logic Programming (ILP), focusing in particular on Popper and its role
in synthesizing interpretable logical rules under explicit representational constraints. We then
turn to classical planning and describe how action preconditions can be inferred from observed
traces when domain models are not available. To support the generation of such traces, the
chapter also outlines the basics of Answer Set Programming (ASP) [1] and the use of Clingo as
a grounding and solving engine. Finally, we discuss the structure and function of predicates
in symbolic learning, and introduce SIFT as a mechanism for extracting candidate relational
features from trace data. Together, these components establish a unified background for the
learning pipeline developed in later chapters.

2.1 Inductive Logic Programming and Popper

Inductive Logic Programming (ILP) is a learning paradigm that induces symbolic rules from
labeled examples and background knowledge. Given positive and negative examples, an ILP
system searches for logical hypotheses that explain why some instances hold while others do
not. The resulting hypotheses are usually expressed as logic programs, which makes them

interpretable and suitable for symbolic reasoning.

Popper is a recent ILP system that combines program synthesis with logical testing. It explores
a space of candidate rules defined by bias constraints, evaluates them against examples, and
retains only those that are consistent. The output of Popper is a set of definite clauses written
in a Prolog-style syntax. Because the learned rules are explicit and human-readable, Popper is
well suited for tasks where understanding the structure of symbolic domains is important.

2.1.1 Learning Setting, Bias, and Practical Constraints

Most ILP systems, including Popper, operate in a setting where a hypothesis H is learned from
background knowledge B and labeled examples E. Conceptually, H should explain the positive
examples while rejecting the negative ones. In Popper, this is implemented as a constrained
search over definite clauses, guided by a bias that limits, for instance, the number of literals,
the number of variables, and the allowed predicate symbols.
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These constraints are not merely computational; they shape the form of the resulting rules.
Smaller clause bounds favour compact hypotheses such as existential projections or simple con-
junctions, whereas more expressive relational rules may require larger search spaces. Moreover,
Popper typically assumes a definite-clause hypothesis language and therefore does not freely
support classical negation inside learned clauses. In practice, negation must often be encoded
explicitly in the background knowledge (e.g., via Boolean truth values or dedicated helper
predicates), so that the learned program remains within the safe and supported fragment.

2.2 Classical Planning and Learning from Traces

Classical planning [5] typically relies on symbolic domain models defined in formalisms such
as STRIPS [6] or PDDL [7]. In these models, actions are specified by preconditions and effects
written as logical predicates. Such domain descriptions allow planners to reason about action
applicability and goal reachability.

In many settings, however, explicit domain models are not available. Instead, only observed
sequences of actions and resulting states are given. Learning symbolic representations directly
from these traces offers an alternative to manual modeling. It allows a system to recover
structured symbolic knowledge from observations and to approximate the information encoded

in hand-crafted planning domains.

2.2.1 Learning Action Preconditions from Traces

From the perspective of classical planning, learning from traces can be framed as recovering
a logical description of action applicability. For an action schema a(x), the goal is to learn a
predicate that characterises when a is applicable in a state s. In trace data, each transition
(s, a, s") provides evidence that a was applicable in s, while states in which a was not selected
(or is known to be impossible) can be used to construct negative evidence.

This thesis focuses on learning such precondition-like predicates in a controlled setting where
traces are generated from a known dynamics model. The objective is not to replace planning,
but to analyse to what extent higher-level symbolic predicates can be reconstructed from a
restricted minimal vocabulary.

2.3 Answer Set Programming and Clingo

Answer Set Programming (ASP) is a declarative logic programming paradigm used for solving
search and reasoning problems. Unlike ILP, ASP is not designed for learning rules but for
computing models that satisfy a given set of logical constraints. A logic program in ASP
describes facts, rules, and constraints, and an ASP solver computes its stable models.
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Clingo is a widely used as ASP solver that integrates grounding and solving. It takes a logic
program as input and produces answer sets that represent valid configurations of the modeled
problem. In planning-related settings, ASP is often used to encode world states, actions, and
transition constraints. In this work, Clingo is used to generate grounded state-action traces [8]
that later serve as structured input for learning.

2.3.1 State-Action Traces as Structured Data

A key advantage of ASP-based planning encodings is that they produce explicit and fully
grounded state descriptions. A typical output consists of a sequence of states together with
the action applied at each step, often referred to as a state—action trace. Such traces provide a
machine-readable account of how the world evolves under the modeled dynamics.

For learning, traces play a dual role. First, they provide supervised signals about action appli-
cability, since an applied action must have been applicable in the originating state. Second,
they provide rich relational snapshots of the state, which can be transformed into example sets
for ILP. This makes Clingo-generated traces a suitable intermediate representation between
simulators and symbolic rule induction.

2.4 Predicates and Their Role in Symbolic Learning

A predicate is a symbolic relation that describes a property of the world or a relation between
entities. Formally, a predicate is written as p(t;,t,, ..., t;), where p is the predicate name
and t4, ..., t, are its arguments. Each argument can be a constant representing an object or a
variable ranging over such objects. A predicate together with concrete arguments is called a

ground atom [9].

In this thesis, symbolic states are represented as finite sets of ground atoms. Each atom
expresses a fact that holds in a given state, such as the position of an object or a relation
between entities. Actions transform one state into another by changing which ground atoms
are true.

Two types of predicates are distinguished. Primitive predicates [10] are directly extracted
from the environment or simulator, such as object positions or occupancy facts. Derived
predicates [11] are symbolic abstractions defined in terms of primitive ones. For example, a
predicate like co_located/3 expresses that two entities occupy the same position, even though
this relation is not directly observed.

Derived predicates play an important role in symbolic learning. They allow compact repre-
sentations of recurring patterns and reduce the complexity of learned rules. Learning such
predicates makes it possible to move from low-level observations toward higher-level symbolic

descriptions that are suitable for planning and reasoning.
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2.4.1 Fluents, Types, and Boolean-Valued Encodings

In planning domains, predicates that can change across states are often called fluents [5]. A
state can then be seen as a valuation over fluents, i.e., a specification of which ground atoms
hold. In learning settings based on traces, it is useful to make this valuation explicit. One
common strategy is to represent fluents with an additional truth-value argument, yielding a
Boolean-valued encoding such as p_val(f, v) where v denotes whether the fluent holds.

This encoding has two practical benefits. First, it allows a learner to reason about absence
information without using classical negation in learned clauses. Second, it makes it possible
to express consistency constraints between complementary truth values via explicit helper
relations (e.g., a predicate that maps true to false and vice versa). In addition, most do-
mains require type information (e.g., object categories such as block, tile, or location) to keep

hypotheses well-typed and to avoid accidental variable bindings during learning.

2.4.2 From Traces to Candidate Predicates: SIFT

While raw state-action traces provide rich information about how actions change the world,
they are typically too low-level to serve directly as a hypothesis space for learning. In particular,
a learning system requires a structured set of state predicates whose truth values vary across
the trace, yet such predicates are not available when the domain vocabulary is hidden. SIFT
addresses this gap by inferring a set of hypothetical domain predicates directly from traces.

SIFT operates by constructing features, each of which represents a candidate predicate together
with a hypothesis about which action argument positions may affect its truth. Formally, a
feature f = (k, B) specifies a k-ary predicate whose value may change only through the action
patterns in B, where each pattern identifies a particular binding between action parameters and
predicate arguments. Given a typed vocabulary extracted from the traces, SIFT enumerates all
possible features compatible with these types.

For each feature, SIFT tests whether the assumption that all and only the patterns in B affect
the corresponding hypothetical atom is consistent with the traces. Consistency is determined
by a set of tractable constraints derived from the traces—most importantly, “consecutive” and
“fork” pattern constraints—which capture how action instances must alternate or agree in sign
if they are to affect the same atom. A feature is retained exactly when these constraints admit a
valid assignment of signs, yielding a Boolean-valued predicate whose truth can be propagated

along the traces.

The resulting set of consistent features constitutes a library of candidate domain predicates.
These predicates can then be used to reconstruct action preconditions and effects, and they
serve as inputs to subsequent learning stages such as ILP. Primitive predicates from the hidden
domain appear as admissible features, while the method may additionally produce redundant
but valid predicates corresponding to the maximal domain representation.



3 Related Work

This chapter builds on several concepts from symbolic planning and logic-based learning. The
following detailed definitions and examples are provided to support readers who may not be

familiar with the underlying terminology.

3.1 Background Concepts and Terminology

STRIPS is a classical formalism for representing planning problems through actions with
explicitly defined preconditions and effects. A STRIPS domain describes how symbolic world
states change as actions are applied.

PDDL, the Planning Domain Definition Language, extends the ideas of STRIPS and has become
a standard language for specifying planning domains and problems. It is widely used as an
interface between domain models and automated planners.

Clingo is a system based on Answer Set Programming (ASP), a declarative paradigm for
modeling combinatorial search and reasoning problems. In planning-related work, Clingo is
often used to encode domain constraints, state transitions, and execution traces in a symbolic
and executable form.

SIFT is a method for inducing lifted symbolic models from state-action traces. It analyses how
predicates behave across actions and identifies those that are stable, informative, or action-
relevant. As a result, SIFT can extract both primitive and abstract predicates from observed

executions.

Popper is an Inductive Logic Programming (ILP) system that learns logic rules from back-
ground knowledge and labeled examples under an explicit bias. It focuses on inducing small,
interpretable clauses that explain observed regularities in relational data.

3.2 Learning Action Models from Traces

A large body of research addresses the problem of learning action models from observed
executions. The main motivation is to reduce the manual effort required to specify STRIPS or

PDDL domains, where actions, preconditions, and effects are traditionally defined by experts.

Many approaches in this line of work assume that the predicate vocabulary is given and fixed.
Learning then focuses on reconstructing full action schemas, often using statistical analysis,
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constraint satisfaction, or optimisation over plan traces. The output of these systems is typically
a complete STRIPS-style action model that can be used directly by a planner.

While effective for recovering action definitions, these approaches usually do not question
the predicate vocabulary itself. Abstract or derived predicates are assumed to be part of the
domain description rather than objects of analysis. As a result, the learning problem is framed

at the level of actions, not at the level of symbolic representation.

3.3 Inductive Logic Programming for Symbolic Learning

Inductive Logic Programming provides an alternative framework for learning symbolic knowl-
edge from examples. ILP systems aim to induce logical rules that explain positive observations
while excluding negative ones, given background knowledge and bias constraints.

Inductive Learning of Answer Set Programs (ILASP) [12] is a prominent ILP system that learns
Answer Set Programs. It supports non-monotonic reasoning, preferences, and constraints, and
has been applied to learning planning-related knowledge. Its expressive power allows it to
capture rich theories about an agent’s environment.

However, ILASP typically targets complete logical theories rather than compact definitions
of individual predicates. Its focus lies on learning full models rather than analysing how
specific predicates can be grounded in simpler ones. This makes it less suitable for studying

representational questions in highly structured but simple domains.

In this project, we aim to automate the process of learning symbolic rules from structured
observations in grid-based environments. For instance, we may want to discover under what
conditions an agent can pick up a key, or what spatial relationships support certain actions.

These rules are not always explicitly encoded, and must be inferred from data.

Sometimes, useful intermediate relations like co_located/3—which indicates that two objects
occupy the same position—are not directly observed but are essential for learning compact
and generalizable rules. Our goal is to identify such concepts automatically when possible,
using a pipeline composed of two logic-based tools: Clingo and Popper.

Together, these tools enable an end-to-end workflow: Clingo is used to simulate structured
environments and generate logical traces, while Popper performs rule induction by learning
interpretable logic programs from examples. This supports not only automated rule discovery
but also abstraction through predicate invention.

Clingo: Declarative Modeling with Answer Set Programming

Clingo is a system for Answer Set Programming (ASP), a form of declarative logic programming.
ASP is well-suited for modeling problems involving constraints, search, and combinatorics.
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Instead of specifying procedures, the user defines logical rules, and Clingo computes consistent
models that satisfy all the constraints.

For example, in the classic graph coloring problem, we can write:

node(a). node(b). node(c).
edge(a,b). edge(b,c). edge(c,a).
color(red;green;blue).

1 { assign(N,C) : color(C) } 1 :- node(N).
;- assign(X,C), assign(Y,C), edge(X,Y).

Clingo will find valid colorings where no two connected nodes share the same color. In our
project, Clingo serves to encode grid-based worlds and generate symbolic traces of agent actions
and environment states.

Popper: Inductive Logic Programming for Rule Learning

Popper is a system for Inductive Logic Programming (ILP), used to learn logical rules from data.
Given background knowledge, labeled examples, and a bias specification (mode declarations),
Popper generates human-readable Prolog-style rules that are consistent with the observations.

Suppose we observe that a person becomes happy when they like something. We can represent
this with:

% General facts of example
person(alice). person(bob).
likes(alice, music).
likes(bob, sports).

% Facts of Round 1

playing(music).

pos (happy(alice)).
neg (happy (bob)) .

Popper can learn the rule:

happy(X) :- likes(X, music).

This rule captures the idea that a person is happy if they like music which is currently playing.
Now suppose we introduce new examples with updated world information:

% New facts (Round 2)
playing(sports).

10
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% Updated examples
neg(happy(alice)).
pos (happy (bob)) .

With these new examples, Popper will revise its hypothesis and learn a more general rule:
happy(X) :- likes(X, Y), playing(Y).

This updated rule generalizes the concept of happiness as being tied to whether a person likes
something that is currently happening. It demonstrates Popper’s ability to adapt its learned
logic in response to new evidence, supporting both refinement and generalization of symbolic
knowledge.

Popper uses a generate-and-test method to search the space of logic programs:

« It first generates hypotheses based on mode declarations and background knowledge.

« It then tests each candidate to see if it covers all positive and none of the negative
examples.

« Internally, Popper uses Clingo as a reasoning backend to perform this search efficiently.

Because Popper outputs interpretable rules, it is especially suitable for applications where
explainability and formal guarantees are required.

The two tools are used in sequence: Clingo generates logical traces, and Popper induces

symbolic rules from those traces.

Together, these tools enable a workflow that supports both declarative modeling and explainable

machine learning.

This combination of symbolic modeling and inductive logic learning allows for an automated
and interpretable rule discovery process. It supports the goals outlined in our introduction: to
abstract, generalize, and explain action applicability in structured planning domains.

It enables the learning of generated intermediate predicates like co_located/3, which capture
reusable spatial relationships between entities and help compress symbolic rules.

3.4 Predicate Induction from Traces with SIFT

SIFT introduces a complementary perspective on learning from traces. Instead of learning
explicit rules, it evaluates candidate predicates by analysing how they change across actions.

Predicates that behave consistently are retained as useful symbolic features.

The output of SIFT is a structured symbolic description of the domain that includes both
primitive and abstract predicates. In practice, this information can be exported as JSON files
that list all states, predicates, and their truth values. These files are commonly produced in two
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variants: a maximal version, which contains all extracted predicates, and a minimal version,
which keeps only primitive ones.

SIFT therefore addresses the problem of predicate selection rather than predicate definition.
It identifies which predicates are informative, but it does not explain how abstract predicates
relate logically to primitive ones.

3.5 Learning Predicate Definitions with Popper

Popper has been used in several works to induce symbolic rules from relational data. Its
strength lies in learning compact and interpretable definitions under tight bias constraints.

In this thesis, Popper is not applied to learn complete action schemas. Instead, it is used
to define individual predicates that appear in the maximal domain but are absent from the
minimal one. The learning task is therefore shifted from actions to predicates.

The background knowledge consists only of minimal-domain predicates, encoded in a Boolean-
valued form. Given positive and negative examples of a target predicate, Popper attempts to
induce a definition using only this minimal information.

Compared to ILASP, Popper operates in a more restricted hypothesis space. It learns definite
clauses and avoids classical negation by relying on explicit Boolean encodings. This restric-
tion makes it well suited for analysing small, interpretable rules in grid-based and relational
domains.

3.6 Logic-Based Tools for Symbolic Rule Learning

Declarative modeling and ILP are often combined in symbolic learning pipelines. Declarative
systems generate precise logical descriptions of states and transitions, while ILP systems
abstract over these descriptions by inducing rules or higher-level predicates.

Clingo is frequently used to model environments and generate grounded execution traces.
These traces provide structured data that can be consumed by ILP learners. Popper, in turn,

relies on Clingo internally to evaluate candidate hypotheses during its generate-and-test search.

This combination supports a workflow in which symbolic knowledge is both generated and
analysed within a unified logical framework. Intermediate predicates induced or defined
in this process can capture reusable relations, such as spatial configurations or consistency
constraints.

12
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3.7 Minimal and Maximal Domain Representations

Most work on learning from traces implicitly assumes a single symbolic domain representation.
In contrast, this thesis explicitly distinguishes between minimal and maximal domains derived

from the same executions.

The minimal domain contains only primitive predicates that directly encode local properties of
states. The maximal domain extends this representation with abstract predicates that capture

higher-level regularities.

In practice, the choice of a minimal domain is not unique. Different minimal representations
may be semantically equivalent while using different predicate vocabularies. When predicates
are compared across domains, such representational choices can affect the observed differences.

This thesis addresses this issue by fixing one minimal representation as a canonical reference.
Differences between minimal variants are treated as representation choices rather than learning
errors. This makes it possible to interpret the set difference between maximal and minimal

domains as a meaningful learning target.

Overall, this perspective shifts the focus of learning from reconstructing actions to analysing
the expressive power of symbolic representations. The goal is not to recover full planning
models, but to understand which abstract predicates can be defined in terms of simpler ones,
and where the limits of such definitions lie.
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Learning symbolic rules from observed traces has been explored in many forms of artificial
intelligence research. This chapter describes the experimental methodology used in this thesis
and explains how the proposed max-minus-min strategy is instantiated across six planning
domains using the Popper Inductive Logic Programming system.

The chapter is structured as follows. Section 4.1 introduces the max-minus-min setting and
defines the learning targets. Section 4.2 explains how state—action traces are converted from
SIFT JSON outputs into Popper projects. Section 4.3 describes the common Boolean-valued
representation and explicit negation scheme used in all domains. Section 4.4 details the Popper
configuration and evaluation protocol, including how “solved” and “unsolved” targets are
defined. Section 4.5 presents domain-specific instantiations for Block World, Sokoban, N-
Puzzle, Miconic, Logistics, and Driverlog. Section 4.6 summarises the quantitative outcomes,
and Section 4.7 discusses cross-domain observations.

4.1 Problem Setting and Max-Minus-Min Targets

Across all domains, the overall goal is to learn interpretable symbolic rules for predicates that
appear only in a richer, maximal representation of the domain but are absent from a restricted,
minimal representation.

Let P ,.x denote the set of predicate symbols in the maximal domain, and 2, the set of
predicate symbols in the minimal domain. The max-minus-min strategy defines the set of
learning targets as

A = Prax \ Proin-

Each predicate p € A is treated as an independent ILP task. For every such target, the learning
problem is:

Given labeled examples of p obtained from the maximal domain, and background
knowledge restricted to minimal-domain predicates, induce a logical definition of p
that is consistent with the examples and uses only minimal-domain fluents.

Concretely, the experimental report explores how predicates in A can be induced by Popper in
six planning domains:

« aclassical Block World domain with objects, stacking relations, and table positions,
» agrid-based Sokoban domain with a player and movable boxes,
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« apuzzle-based N-Puzzle domain with tile locations and blank cell movement,

« alift-based Miconic domain with floors, elevators, and service requests,

« atransportation-based Logistics domain with locations and containment relations,

« atransportation-based Driverlog domain with drivers, trucks, packages, and locations.

In every domain, the learning objective is to induce symbolic rules that define the maximal-
only predicates using only minimal-domain features. The experiments focus on the following
questions:

« Which maximal predicates can be reconstructed from minimal-domain fluents alone?
« Whatkinds of relational structure (local vs. non-local) can be expressed using the minimal
representation?

« How do precision, recall, and rule size vary across domains and targets?

4.1.1 State-Action Traces and Ground Atoms

Throughout this thesis, learning is performed on state-action traces that are generated from
classical planning instances and processed by SIFT. A trace has the form

T = (Sg>QgsS1>A1s +++ s AT_15 ST

where each s; is a fully specified symbolic state and each a; is a grounded action schema
applicable in s;. SIFT processes such traces and, for every time step ¢, produces a set of ground
atoms

Amax(8:) € Ground(Ppax)» Amin(s:) € Ground(P nin)s

where Ground(%) denotes all ground atoms that can be formed from the predicate symbols
in 2 and the domain’s object constants.

The ILP tasks considered here are state-based: for each target predicate p € A and each time
step t, the learner observes whether a particular grounding of p is true or false in state s;.
Temporal information (such as the index ¢ or the surrounding actions a;) is not used directly
in the background knowledge. Instead, the temporal traces serve only as a source of diverse
states and ground atoms.

Formally, for a target predicate p of arity k, each example corresponds to a ground atom p(d)
instantiated with a k-tuple of objects 6 = (04, ..., 0) and a state identifier S. The example is
labelled positive if

p(@) € Amax(st)’

and negative otherwise (under a closed-world assumption, see Section 4.2.2). The state identifier
S is a symbolic index that uniquely refers to s, within the dataset; all domain fluents used as
background knowledge are keyed by the same identifier S.
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4.2 Data and Conversion Pipeline

The goal of the pipeline is to transform the symbolic information extracted by SIFT into a
collection of Popper learning tasks, each corresponding to a single predicate whose definition
is to be learned. SIFT provides a structured, Boolean-valued representation of all predicates
that hold in each state-action trace, while Popper requires background knowledge, labelled
examples, and bias declarations in a Prolog-style format. Bridging these two representations
requires a series of domain-specific conversion tools that interpret the JSON traces, identify
learning targets, and generate consistent Popper task directories. The following subsections
describe this conversion process in detail, including how examples are constructed, how tasks
are organised, and how the overall workflow is executed for each domain.

4.2.1 From SIFT JSON to Popper Tasks
For each domain, SIFT (Structured Induction of Features and Traces) provides two JSON files:

« a maximal JSON file, encoding state-based predicates including SIFT-extracted features;

« a minimal JSON file, encoding only primitive domain fluents.

Both JSON files describe the same underlying set of state-action traces, but with different
predicate vocabularies. A Python-based toolchain compares the two JSON files, extracts the

set A of maximal-only predicates, and constructs one Popper learning task per predicate.
Each Popper task directory contains:

« bk.pl — background knowledge, derived from minimal-domain facts;

« exs.pl — positive and negative examples of the target predicate, derived from the maximal
JSON;

« bias.pl — mode declarations and search constraints;

« config.pl — optional configuration parameters.

The conversion scripts are domain-specific in how they map JSON fields to logical predicates,
but identical in their overall structure and in how they implement the max-minus-min filter.

4.2.2 Example Generation and Closed-World Assumption

The SIFT JSON files contain, for every state s; and for every candidate grounding of each predi-
cate symbol, an explicit Boolean truth value. The conversion scripts exploit this representation
to construct positive and negative examples for each target predicate p € A.

For a fixed target predicate p of arity k, the converter iterates over all states s; and all groundings
p(0) that appear in the maximal JSON. For each pair (s;, 0), it inspects whether p(6) is present
in the maximal set of atoms A ,,,.(s;):
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« if p(0) € Anax(s;), the converter emits a pos/1 fact for the corresponding Popper exam-
ple;
o if p(0) & Anmax(s;), the converter emits a neg/1 fact.

This corresponds to a standard closed-world assumption on the maximal representation: every
ground atom that is not explicitly marked as true in the maximal JSON is treated as false. The

minimal JSON is never used to label examples; it only contributes background predicates.

In practice, this procedure yields highly imbalanced datasets, with many more negative ex-
amples than positive ones. The conversion scripts therefore include simple filtering options
(e.g. limiting the number of states per trace or subsampling negatives) that can be used to
keep individual Popper tasks tractable. When such filtering is enabled, it always operates
symmetrically on positives and negatives per state, so that the empirical distributions of states
and groundings remain comparable across targets and domains.

4.2.3 Project Layout and Tools

Inside the experimental container, the Popper engine and conversion tools follow a common

directory layout:
1 ~/poppex/
2 popper.py # Main Popper engine
3 tools/
4 gen_from_sift.py # Convert SIFT JSONs -> Popper tasks (
Block World)
5 gen_max_minus_min_projects.py # Convert SIFT JSONs -> Popper tasks (
Sokoban)
6 rewrite_lean_bias_from_exs.py # Auto-generate correct bias heads
7 filter_exs_by_state.py # Keep only first N states (reduce
complexity)
8 projects/
9 diff_domain_max_minus_min/ # Different 'domains tasks from
SIFT data

Several scripts in the tools/ directory share a common purpose: they convert SIFT-generated
JSON traces into Popper learning tasks. Although each script targets a different planning
domain—such as Block World, Sokoban, N-Puzzle, Miconic, Logistics, or Driverlog—they all
implement the same conversion pipeline. Given a directory of SIFT traces, each script produces
a Popper project consisting of background knowledge, positive and negative examples, and
a domain-specific bias file. The differences between these scripts lie only in the domain
schemas and type declarations; the overal functionality is identical. Each task directory (e.g.
learned_pred_1, learned_pred_4) represents an independent Popper learning problem.
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The same learning mechanism is used in all domains; only the JSON-to-logic converters and

the choice of targets differ.

4.2.4

Workflow

The high-level workflow for a single domain is:

1.

2

3.

4.

Generate Popper tasks from SIFT JSON outputs:
python3 tools/gen_<domain>_preconds.py \
data/<domain>_sift_maximal.json \
data/<domain>_sift_minimal.json \
projects/<domain>_preconds

Rewrite bias files automatically (optional):

python3 tools/rewrite_lean_bias_from_exs.py

Filter examples by state (optional):
python3 tools/filter_exs_by_state.py # keep only first N states

Run Popper on a specific target:
python3 popper.py projects/<domain>_preconds/learned_pred_k

Popper incrementally generates and evaluates candidate hypotheses of increasing size, com-

puting precision, recall, and a score that balances correctness and compactness.

4.3

Representation and Explicit Boolean Negation

To keep the representation uniform across domains and to avoid issues with classical negation,

all domain fluents are encoded as predicates with an explicit Boolean argument. For example:

Block World: on_val (State, BlockAbove, BlockBelow, Val)

Sokoban: has_box_val(State, Cell, Val),has_player_val(State, Cell, Val)
N-Puzzle: at_val(State, Tile, Row, Col, Val),blank_val(State, Cell, Val)

Miconic: 1ift_pos(State, Floor),in_floor(State, Passenger, Floor),in_lift(State,
Passenger)

Logistics: at(State, Object, Location, Val), in(State, Object, Container,

Val)

Driverlog: Boolean-valued variants *_val for location and auxiliary features.

In addition, two Boolean constants and an explicit negation predicate are provided:

1 true(l).
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2 false(0Q).
3 neg(0,1).
4 neg(l,0).

Every minimal-domain fluent is thus represented as a valued predicate, and the absence of a
fluent is encoded via the Boolean value and the neg/2 relation rather than via classical negation
in the clause body.

4.3.1 Examples and Targets

Examples in exs . pl follow Popper’s standard format:

:- discontiguous pos/1.
:- discontiguous neg/1.

pos(learned_pred_1(S, C)).

1
2
3
4
5 pos(learned_pred_1(S', C')).
6
7
8 neg(learned_pred_1(S, C'")).
9

neg(learned_pred_1(S'', C)).
10

Each pos/1 and neg/1 fact is derived from SIFT’s maximal JSON by checking whether the
target predicate holds in a given state. The background knowledge for that task only contains

minimal-domain predicates and Boolean helpers.
Explicit Boolean encoding has two advantages:

» it avoids unsafeness and grounding issues associated with classical negation;
« it allows Popper to learn constraints involving mutual exclusion and Boolean consistency,
such as XOR-style relations.

4.4 ILP Learning Setup with Popper

Popper uses a bias file bias. pl to constrain the hypothesis space. Across domains, the bias
follows the same general pattern:

« limit the maximum number of clauses per hypothesis (typically two);

« limit the maximum number of body literals per clause (typically three or four);

« limit the maximum number of distinct variables (typically four to six);

« restrict the set of predicates allowed in the body to minimal-domain fluents and Boolean
helpers.
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These constraints encourage short, interpretable rules and keep the search space finite. Where
necessary (e.g. in N-Puzzle and Driverlog), bias files are slightly customised to reflect the arity
of domain predicates.

4.4.1 Evaluation Metrics [13]

For each hypothesis, Popper computes the standard classification metrics:

Precision = L
" TP+ FP’
TP
Recall = Tp 7 7N

where TP, FP, FN, and TN denote true positives, false positives, false negatives, and true
negatives, respectively. In addition, Popper reports the hypothesis size (measured in literals)
and the number of clauses.

These metrics are used to classify the outcome of each target as one of the following:

« Solved: Popper returns a hypothesis together with a complete evaluation summary
(precision, recall, TP, FP, FN, TN). The hypothesis is consistent with all examples under
the given bias.

« NO SOLUTION: Popper exhausts the search space defined by the bias and reports that
no consistent hypothesis exists.

+ No verified solution: Popper does not produce a parseable evaluation summary (e.g.
due to time or memory limits) and no hypothesis is reported, even though consistent
hypotheses may exist in principle.

In the quantitative summary (Section 4.6), the “Unsolved” column aggregates both NO SOLUTION
and “no verified solution” cases, but they are explicitly distinguished in the text for each domain.

4.4.2 Search Configuration and Stopping Criteria

Popper explores the hypothesis space in a bottom-up fashion, ordered primarily by hypothesis
size (number of literals and number of clauses). For each target predicate, the search is con-

strained by the bias file (bias.pl) and by a small number of global configuration parameters.

First, hypotheses are enumerated in increasing order of size. Within a fixed size, Popper gener-
ates all clause structures that are compatible with the mode declarations and then instantiates
them with predicate symbols that are allowed in the body. This guarantees that, if a consistent
hypothesis exists within the bias bounds, it will eventually be considered during search.
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Second, each Popper run is given a fixed resource budget. If the search completes within this
budget, Popper returns one of the best hypotheses found (according to its internal scoring
function) together with a complete evaluation summary over all examples. If the search space
is exhausted and no hypothesis consistent with the examples is found, Popper reports NO
SOLUTION. If the resource budget is exceeded before a hypothesis can be fully evaluated and
logged, no parseable summary is produced; such cases are reported in this thesis as “no verified
solution”.

The distinction between NO SOLUTION and “no verified solution” is methodologically important.
NO SOLUTION indicates that, under the given bias, the minimal background representation is
not expressive enough to capture the target predicate. “No verified solution” instead points to
computational limits of the current configuration (for example, a very large example set or a
particularly rich bias), and does not rule out the existence of suitable hypotheses outside the
explored search frontier.

4.4.3 Execution Environment

All experiments are executed inside an Apptainer container that bundles Python, Popper, and
Clingo. Each domain has its own directory under projects/ with the three core input files
and a script to launch the learner. This setup ensures that software versions and dependencies
remain stable and that the experiments can be replayed on other machines with compatible
container support.

4.4.4 Result Collection and Post-processing

For each Popper task, the solver outputs a textual summary that includes the learned hypothesis
(if any) and the corresponding evaluation statistics (TP, FP, FN, TN, precision, recall, and
hypothesis size). A small Python script parses these summaries and aggregates them into
CSV files, one per domain.

The tables reported later in this chapter (e.g. Tables 4.1-??) are generated directly from these
CSV files. This ensures that all quantitative results in the thesis are consistent with the raw
Popper outputs and can be reproduced by rerunning the conversion and learning pipeline on
the same SIFT JSON inputs.

4.5 Domain Instantiations

This section instantiates the general max-minus-min pipeline in each of the six domains. For
every domain, it describes the minimal and maximal predicate sets, the resulting targets A, the
construction of Popper tasks, and the main learning results.
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T

on_val(5,B1,B2,1)
on_val(S,Bz,table,1)

Figure 4.1: Block World example.

4.5.1 Block World Domain

Minimal and maximal domains. The Block World domain contains primitive fluents
that describe stacking relations between blocks. In the setting used for this experiment, the
minimal domain includes Boolean-valued variants of the core spatial predicate on, encoded as
on_val/4, together with Boolean helper predicates. The maximal domain extends the minimal
one with additional predicates extracted by SIFT from execution traces.

In this dataset, three predicates appear only in the maximal domain:
Aglockworld = {1earned_pred_3, learned_pred_4, learned_pred_5}.

Each of these is converted into a Popper task.

Task construction. For each learned_pred_k, the converter generates a Popper project
directory containing bk.pl, exs.pl, bias.pl, and config.pl. The background knowledge
encodes Boolean-valued stacking facts via on_val/4, along with true/1, false/1, and neg/2.
The examples file exs . pl contains positive and negative instances of learned_pred_k/2 or
/3 extracted from the maximal JSON.

Learning results. Popper successfully learns all three target predicates with perfect precision
and recall. The learned hypotheses and their quantitative results are summarised in Table 4.1.

Interpretation. The learned predicates reveal two abstraction patterns over on_val/4.
learned_pred_3 and learned_pred_4 are existential abstractions: they hold when a block
has some block below it, or when some block is stacked above it, respectively. learned_pred_5
captures a Boolean consistency constraint: the truth values of on(V@,V1) and on(V1,V@) must
be opposite. All three predicates are reconstructed solely from the primitive stacking relation
and Boolean inversion.
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Table 4.1: Summary of learned predicates in the Block World domain (40ps).

Target Predicate Precision Recall Size Learned Rule

learned_pred_3/2 1.00 1.00 3 learned_pred_3(V0@,V1) :- true(V3),
on_val(ve,v2,v1,V3).

learned_pred_4/2 1.00 1.00 3 learned_pred_4(V0Q,V1) :- true(V2),
on_val(V3,ve,v1,6Vv2).

learned_pred_5/3 1.00 1.00 4 learned_pred_5(V0@,V1,V2) :-

on_val(ve,v1,V2,V3), neg(V3,v4),
on_val(Vvi,ve,v2,v4).

C3 &X

1 |
. 1

has_player_val(5,C4,1)
has_box_val(S,C5,1)

Figure 4.2: Sokoban example.

4.5.2 Sokoban Domain

Minimal and maximal domains. The Sokoban environment is a grid world in which each
state is defined over a fixed set of cells. Exactly one cell contains the player, and zero or more
cells may contain boxes. Walls and goal locations are part of the level description but are not
explicitly represented in the background knowledge.

The minimal SIFT domain contains two primitive fluents:
Pmin = {has_box, has_player},

both defined over pairs of states and grid cells. The maximal domain introduces one additional
abstract predicate:

Prax = {has_box, has_player, learned_pred_1}.

Thus
Agokoban = Prmax \ Prin = {1earned_pred_1}-

Both JSON files contain 1676 states. For each state, SIFT enumerates all grid cells and assigns
Boolean truth values to the three predicates.
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Task construction. A Python script (gen_max_minus_min_projects.py) automatically
constructs a Popper task for learned_pred_1, resulting in:

/mnt/poppexr_projects/sokoban_p6_max_minus_min/
learned_pred_1/
bk.pl
exs.pl
bias.pl
config.pl

bk.pl encodes Boolean-valued versions of has_box and has_player as *_val predicates,
together with true/1, false/1, and neg/2. exs.pl contains positive and negative examples
of learned_pred_1(State, Cell), and bias.pl constrains the hypothesis space to short

rules with at most two clauses, three body literals, and four variables.

Learning results. During the search, Popper first identifies an intuitive two-clause hypothe-
sis (logical disjunction) and then selects a shorter, single-clause hypothesis that exploits explicit

negation:

1 learned_pred_1(S,C) :-

2 has_box_val(S,C,Vb),

3 has_player_val(S,C,Vp),
4 neg(Vp, Vb).

The final rule achieves:

» Precision: 1.00

Recall: 1.00

True Positives (TP): 5028
False Negatives (FN): 0
False Positives (FP): 0

Interpretation. The learned predicate denotes that cell C is occupied in state S. In Sokoban,
each cell can be occupied by either the player or a box, but never by both. Although the final
hypothesis is expressed in an XOR-style form using neg/2, it is equivalent on this domain to

the disjunction
learned_pred_1(S,C) < has_box(S,C) V has_playex(S, C).

This is a direct realisation of the max-minus-min strategy: a maximal-only occupancy predicate

is fully reconstructed from minimal grid-level fluents.

24



4 Methods

28 |4
1|6

Figure 4.3: N-Puzzle example.

4.5.3 N-Puzzle Domain

Minimal and maximal domains. The N-Puzzle domain models a sliding-tile puzzle on
a fixed-size grid. Tiles occupy grid cells, and one cell is blank. The minimal representa-
tion uses Boolean-valued predicates for tile locations and blank cells, such as at_val/5
and blank_val/4, plus a type relation obj_type/2. The maximal representation adds SIFT-
extracted precondition-like predicates.

The max-minus-min filter identifies eight target predicates in the updated dataset:

ANpuzze = {1earned_pred_0, learned_pred_1, learned_pred_10, learned_pred_11,

learned_pred_12, learned_pred_13, learned_pred_14, learned_pred_16}. (4.1)

Task construction. The converter places the original JSON filesunder puzz1eSIFT/sift_json
and generates one Popper project directory per target. For each target, bk . p1l contains grid-level
facts via at_val/5, blank_val/4, obj_type/2, and Boolean helpers. exs.pl lists positive
and negative examples of the target predicate, and bias.pl restricts clause size and variable
usage.

Learningresults. Popper produces solutions for six targets: learned_pred_0, learned_pred_1,
learned_pred_10, learned_pred_12, learned_pred_14, and learned_pred_16. Two tar-
gets, learned_pred_11 and learned_pred_13, result in NO SOLUTION. The successful rules

are strongly local: they rely only on direct state facts such as whether a location is blank or
occupied by a tile, sometimes combined with obj_type/2.

Interpretation. Two patternsemerge. First, some rules (e.g. learned_pred_0, learned_pred_1,

learned_pred_14) are almost direct projections of a background predicate and achieve perfect
precision and recall. Second, other rules (learned_pred_10, learned_pred_12,learned_pred_16)
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Predicate Precision Recall Size TP/FN/TN/FP Learned Rule

learned_pred_0 1.00 1.00 3 360/0/360/0 learned_pred_0(S,C)
:- obj_type(C,T),
blank_val(S,C,_,T).

learned_pred_1 1.00 1.00 3 180/0/180/0 learned_pred_1(S,C)
:- obj_type(C,T),
blank_val(S,C,_,T).

learned_pred_10 1.00 0.67 3 1200/600/1800/0 learned_pred_10(S,A,B) :-
true(T), at_val(S,A,_,B,T).
learned_pred_12 1.00 0.20 4 180/720/900/0 learned_pred_12(S,A,B) :-
true(T), blank_val(S,B,_,T),
at_val(S,A,_,_,T).
learned_pred_14 1.00 1.00 4 180/0/180/0 learned_pred_14(S,C) :-
true(T), blank_val(sS,_,_,T),
at_val(s,_,C,_,T).
learned_pred_16 1.00 0.67 4 240/120/360/0 learned_pred_16(S,A,B) :-

true(T), blank_val(S,_,A,T),
at_val(s,_,_,B,T).

Table 4.2: Learned preconditions induced by Popper in the updated N-Puzzle experiment.

keep precision at 1.00 but lose recall: they capture only partial conditions because the back-
ground lacks relational predicates such as adjacency or ordering. The NO SOLUTION outcomes

for learned_pred_11 and learned_pred_13 are consistent with this limitation.

4.5.4 Miconic Domain

Minimal and maximal domains. The Miconic domain models an elevator system with a
lift and multiple floors. Passengers wait on specific floors and need to be transported to their

target floors. Actions involve moving the lift, boarding passengers, and unloading them.
The minimal-domain background includes primitive predicates such as:

o lift_pos(State, Floor) — position of the lift;
« in_floor(State, Passenger, Floor) — passenger currently on a floor;
« in_lift(State, Passenger) — passenger currently inside the lift.

The maximal domain adds SIFT-extracted predicates that encode preconditions or higher-level
state patterns. The max-minus-min filter yields three targets:

Apiconic = {learned_pred_1, learned_pred_5, learned_pred_6}.

Task construction. For each target, a Popper project directory is created undermiconic_preconds/.
The background knowledge is restricted to the minimal predicates above and Boolean helpers;
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Figure 4.4: miconic example.

no action symbols, goal predicates, or target-floor information are provided. The bias limits
the hypothesis space to rules with at most four body literals and six variables.

Learning results. All three target predicates are learned with perfect precision but varying
recall. Table 4.3 summarises the quantitative results and schematic rule structures.

Predicate Precision Recall Size TP/FN/TN/FP Learned Rule (schematic)

learned_pred_1 1.00 0.72 9 276/108/384/0 combination of 1ift_pos(S,F) with
in_floor(S,P,F")

learned_pred_5 1.00 0.72 6 138/54/192/0 combination of 1ift_pos(S,F) with
passenger on some floor

learned_pred_6 1.00 0.53 6 101/91/192/0 mainly defined in terms of
lift_pos(S,F)

Table 4.3: Learned predicates induced by Popper in the Miconic domain using only minimal-
domain background knowledge.

Interpretation. For learned_pred_6, Popper induces a simple hypothesis essentially equiv-
alent to 1ift_pos, indicating that this maximal predicate adds no information beyond the
minimal representation. In contrast, learned_pred_1 and learned_pred_5 combine lift
position with existential conditions over passengers on floors, capturing higher-level rela-
tional abstractions. All rules are conservative (precision 1.00) but incomplete (recall < 1),
suggesting that additional relational information—such as explicit goal conditions or service
requests—would be needed for full coverage.
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4.5.5 Logistics Domain

Minimal and maximal domains. The Logistics domain models packages, vehicles, and
locations. The minimal representation uses Boolean-valued predicates for object locations and
containment relations, such as at/4 (object at location) and in/4 (object in container), plus
Boolean helpers. The maximal representation adds SIFT-extracted precondition-like predicates
over the same traces.

The max-minus-min comparison yields three targets:

Apogistics = {1earned_pred_0, learned_pred_3, learned_pred_4}.

Task construction. Each target predicate is converted into a Popper project under logistics_preconds/.
bk .pl only contains minimal-domain predicates (at/4, in/4, Boolean helpers). exs.p1l lists
the positive and negative examples obtained from the maximal JSON. The bias again favours

simple relational rules.

Learning results. Popper finds a complete solution for learned_pred_4 but no verified
solutions for learned_pred_0 and learned_pred_3 under the current configuration. For

learned_pred_4, the induced rule is:
learned_pred_4(V0Q,V1,V2) :- in(Ve,Vv1,V3,KVv2).

The evaluation reports perfect performance (Precision 1.00, Recall 1.00) with TP = 16704,
TN = 18912, FP = 0, FN = 0 at size 2.

Predicate Precision Recall Size TP/FN/TN/FP Learned Rule

learned_pred_4 1.00 1.00 2 16704/0/18912/0 learned_pred_4(S,X,V) :-
in(S,X,0,V).

learned_pred_0 - - - - no verified solution under current
configuration

learned_pred_3 - - - - no verified solution under current
configuration

Table 4.4: Popper results in the Logistics domain under the max-minus-min setting.

Interpretation. learned_pred_4 acts as an existential projection of the minimal-domain
predicate in/4: one argument is abstracted away, while the remaining arguments are preserved.
The learned predicate therefore behaves as a wrapper around an existing containment relation,
rather than introducing new relational structure. For learned_pred_0 and learned_pred_3,
the lack of a verified solution is consistent with the combination of a restricted background,
large example sets, and the cost of search; distinguishing representational limits from compu-
tational limits is left to future work.
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Figure 4.5: Driver’s Log example.

4.5.6 Driverlog Domain

Minimal and maximal domains. The Driverlog domain models vehicles, drivers, packages,
and locations. The minimal-domain background consists of Boolean-valued variants of location
and auxiliary features (*_val predicates), together with true/1, false/1, and neg/2. The
maximal domain adds precondition-like predicates extracted by SIFT.

The max-minus-min filter produces three target predicates that are treated as learning tasks:

Apyiveriog = {1€arned_pred_0, learned_pred_4, learned_pred_12}.

Task construction. Each target has its own Popper project under driverlog_preconds/.
bk .pl contains Boolean-valued minimal-domain predicates such as at_val/4 and auxiliary
features like learned_pred_1_val/5and learned_pred_2_val/4. exs.pl lists positive and
negative instances of each target, and the bias limits body size and variable usage.

Learning results. Popper produces successful hypotheses for all three targets. The learned
rules and their scores are summarised in Table 4.5.

Predicate Precision Recall Size TP/FN/TN/FP Learned Rule

learned_pred_0 1.00 1.00 3 240/0/624/0 learned_pred_0(S,X,Y) :-
learned_pred_2_val(S,X,Y,V),
true(V).

learned_pred_4 1.00 0.82 3 236/52/1152/0 learned_pred_4(S,X,Y) :-
at_val(S,X,Y,V), true(V).

learned_pred_12 1.00 1.00 3 48/0/816/0  learned_pred_12(S,X,Y) :-
learned_pred_1_val(S,X,Y,V1,Vv2),
true(V2).

Table 4.5: Learned preconditions successfully induced by Popper in the Driverlog domain.
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Interpretation. learned_pred_0and learned_pred_12 are defined solely in terms of aux-
iliary Boolean-valued predicates learned_pred_2_val/4 and learned_pred_1_val/5, and
require the respective value to be true. They therefore behave as thresholded versions of exist-
ing features. learned_pred_4 depends directly on at_val/4 and states that the precondition
holds whenever the corresponding location fluent is true. Recall ranges between 0.82 and 1.00,
indicating that the induced rules are conservative and do not overgeneralise; they reconstruct

preconditions from a small set of Boolean-valued minimal predicates.

4.6 Quantitative Summary Across Domains

The max-minus-min filter produces a set of target predicates in each domain, and each target
is learned as an independent Popper task. Table ?? summarises the number of targets, the
number of solved and unsolved tasks, and the solved predicates under the current setting. In all
domains, solved tasks report precision equal to 1.00, while recall depends on the expressiveness

of the minimal background and the example structure.

4.7 Cross-Domain Discussion and Observations

Several common patterns emerge from the six domains:

+ Boolean-valued fluents and explicit negation. Encoding all fluents as valued pred-
icates with explicit Boolean arguments, together with true/1, false/1, and neg/2,
provides a uniform representation across domains and avoids grounding problems as-
sociated with classical negation. The same mechanism supports mutual-exclusion and
consistency constraints in Block World, Sokoban, and Driverlog.

« Max-minus-min as a target selection method. Restricting learning targets to predi-
cates that appear in the maximal domain but not in the minimal domain yields a focused
set of meaningful predicates. In Block World and Sokoban, these targets correspond to
stacking abstractions and occupancy predicates. In N-Puzzle, Miconic, Logistics, and
Driverlog, they often behave as wrappers or projections of minimal-domain fluents.

« Local vs. relational expressiveness. Many successful rules are based on local spa-
tial properties: on_val/4 in Block World, has_box_val/3 and has_player_val/3in
Sokoban, at_val/5 and blank_val/4 in N-Puzzle, and 1ift_pos/2 in Miconic. When-
ever the target predicate can be expressed using such local observations, Popper tends to
find short hypotheses with high recall. When preconditions depend on relational struc-
ture not present in the minimal background (e.g. adjacency, distance, or goal relations),
recall decreases or NO SOLUTION is reported.

« Interpretable rule formats. All learned rules across domains have simple and human-
readable forms, typically using at most two or three body atoms. They can be described as
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occupancy, stacking, containment, or position statements, often enriched with Boolean
consistency.

+ NO SOLUTION and “no verified solution” as diagnostics. NO SOLUTION in N-Puzzle
indicates that the minimal background cannot express the target under the given bias,
even though labeled examples exist. “No verified solution” in Logistics highlights com-
putational limits (e.g. search cost on large example sets) rather than representational
impossibility. Together, these outcomes provide diagnostic signals about which maximal
predicates are expressible from the minimal representation and which require additional

relational structure or different search settings.

Overall, the experiments demonstrate that the combination of a max-minus-min target selec-
tion scheme, a Boolean-valued representation, and Popper’s structured hypothesis search can
recover many maximal-domain predicates from minimal-domain fluents alone, and that the
resulting rules are both quantitatively accurate (precision 1.00) and qualitatively interpretable.

4.8 Recall Fixing and Relational Extensions

To investigate potential strategies for improving recall, we explored two extensions in N-Puzzle
domain: (i) reducing positive examples via sequential covering, and (ii) enriching the back-

ground knowledge with relational predicates.

4.8.1 Two Strategies Applied

1. Positive reduction (sequential covering). The first strategy aimed to improve recall
by isolating the structure not captured by the initial learned clause. After learning the first
hypothesis H, for learned_pred_10/3, we evaluated H, on all training examples and removed
every positive example already entailed by H;. The remaining training set therefore consisted
only of uncovered positive examples together with all original negative examples. Popper was
then executed again to attempt to induce a second clause H,, with the intended final hypothesis
being H = H; V H,.

In practice, Popper returned no solution in this second round. The remaining uncovered
positives did not share a coherent structural pattern that could be generalised into a consistent
clause. This indicates that the primary learnable regularity of the predicate was already

captured by H,, and that the residual examples do not form a stable secondary rule.

2. Background enrichment (relational predicates). The second strategy focused on
increasing the expressive power of the background knowledge. We introduced relational
predicates derived from the grid structure, such as left_of/2, neighbor/2, and same_row/2,
and allowed them as admissible body literals in the bias specification. These predicates provide

31



4 Methods

relational information that is absent in the minimal-domain encoding, enabling Popper to

reason about relative positions rather than absolute coordinates alone.

With this enriched background knowledge, Popper was rerun on the original training set. In
this setting, recall exhibited a modest improvement from 0.67 to 0.78 while precision remained
high. The learned clause incorporated relational structure, suggesting that the additional
predicates provided useful signals for generalisation. However, the improvement was limited

in magnitude.

4.8.2 Analysis

The contrasting outcomes of these two approaches highlight an important distinction. Se-
quential covering attempts to extract additional structure from the remaining examples, but its
success depends on the existence of a consistent secondary pattern, which was not present in
this case. By contrast, enriching the background knowledge expands the hypothesis space and
may allow Popper to exploit relational regularities, though the effect remains constrained by
the diversity and structure of the available traces.

Overall, these experiments suggest that recall improvements depend more on the structural
richness of the traces than on purely procedural adjustments. While relational extensions show

potential, their empirical impact in the current dataset is limited.
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This chapter presents the experimental results obtained with the Popper ILP system. All rules
were learned from state—action traces generated by Clingo and exported through SIFT JSON
files, as described in Chapter 4. The chapter is organised in two parts:

« Section 5.1 reports preliminary experiments on small, hand-crafted domains (grid world,
classical Block World, and Sokoban), which were used to probe Popper’s behaviour before
introducing the max-minus-min pipeline.

« Section 5.2 then reports the main results for the six planning domains that use the max-
minus-min target selection strategy: Block World, Sokoban, N-Puzzle, Miconic, Logistics,
and Driverlog.

The final sections summarise quantitative outcomes and analyse how representation choices

influence the observed learning behaviour.

5.1 Preliminary Experiments on Toy Domains

Before applying the max-minus-min strategy to SIFT-based domains, a set of smaller exper-
iments was conducted to validate the use of Popper in spatial and temporal settings. These
experiments operate on hand-crafted domains with manually specified background knowledge

and examples.

5.1.1 Grid World: Learning Co-location Rules

The grid domain contains a person and a key placed on a 3 X 3 grid. The target predicate is
can_pick_up/3, which represents the condition under which the person can pick up the key.
Popper receives examples in which the person and key are located either in the same cell or in
different cells.

The learned rule is:

1 can_pick_up(P, K, S) :-
2 at(P, C, S),
3 at(K, C, S).

This rule expresses that a person can pick up the key exactly when both occupy the same cell.
Popper reaches precision = 1.00 and recall = 1.00, meaning that every positive example is
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captured and no false positives occur. The rule is minimal (one head literal and two body
literals) and matches the intuitive human definition of co-location.

5.1.2 Classical Block World: Learning Pick-Up Preconditions

The classical Block World experiment aims to learn the predicate pickable/2, which states
that a block can be picked up in a given state. The environment includes facts such as on/3,
clear/2,and on_table/2.

In an early version of the experiment, the learner failed because Popper prunes hypotheses
containing classical negation. This issue was resolved by defining clear/2 and on_table/2
as positive background knowledge instead of using negative literals in hypotheses. After this
modification, Popper produces the following hypothesis:

1 pickable(B, S) :-
2 clear(B, S),
3 on_table(B, S).

The rule captures that a block is pickable when it is clear and lies on the table. The learned
program matches all positive and negative examples (precision = 1.00, recall = 1.00). This exper-
iment shows that Popper can recover the logical structure of classical planning preconditions
once negation is encoded at the knowledge level and clauses remain safe.

5.1.3 Sokoban: Spatial Preconditions for Push

In the Sokoban domain, an agent pushes boxes through a maze of walls and empty cells. The
learning goal is to decide when a push action is possible. The target predicate is can_push/3,
defined over the person, the box, and the current state. The background knowledge includes
predicates such as box/3, free/2, and adj/3. To simplify learning, abstract predicates such
as co_located/3 and box_has_space_right/2 are introduced to encode mid-level spatial
patterns.

The final rule learned by Popper is:

can_push(S, P, B) :-
box(B, S, Cb),
free(S, Cd),

adj(Cb, Cd, Dir),
adj(Cp, Cb, Dir),
person(P, S, Cp).

O U W NP

The rule states that a person can push a box when the box has a free cell in the pushing direction

and the person stands adjacent to the box from the same direction. Popper reaches precision =

34



5 Results

1.00 and recall = 0.67: all predicted pushes are correct, but some valid cases are missed. The
missing cases occur primarily in directions that are underrepresented in the examples. The
experiment illustrates how directional symmetry and data distribution influence generalisation,
and how invented predicates can make complex spatial dependencies learnable.

5.1.4 Temporal Preconditions in Sokoban

A temporal variant of the Sokoban experiment extends the background knowledge to two
consecutive states. The goal is to learn when a push action succeeds, considering both spa-
tial configuration and recent movement. The background includes box/3, free/2, adj/3,
apl_move/4, and prev_state/2.

The rule learned by Popper is:

can_push(S, P, B) :-
box(B, S, Cb),
free(S, Cd),

adj(Cb, Cd, Dir),
adj(Cp, Cb, Dir),
apl_move(Sp, S, P, Cp).

o Ul A W NP

This rule indicates that a push action occurs if the box has a free cell in the target direction,
the person is located at the adjacent cell on the opposite side, and the previous state shows
that the person moved into that cell. The hypothesis reaches precision = 1.00 and recall = 1.00,
showing that Popper can learn temporal preconditions when state transitions are explicitly
represented in the background knowledge.

These preliminary experiments motivated the design choices used in the max-minus-min
pipeline, in particular the avoidance of classical negation and the use of mid-level abstractions
in the background knowledge.

5.2 Max-Minus-Min Results Across Six Domains

The main experiments apply the max-minus-min strategy to six planning domains using
SIFT-generated traces: Block World, Sokoban, N-Puzzle, Miconic, Logistics, and Driverlog. For
each domain, the learning targets are the predicates that occur only in the maximal domain
representation and not in the minimal one. The background knowledge is restricted to minimal-
domain predicates encoded in Boolean-valued form, together with Boolean helpers (true/1,

false/1, neg/2). Popper is run once per target predicate.
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5.2.1 Block World

In the SIFT-based Block World experiments, the minimal domain contains Boolean-valued
variants of the stacking predicate on/3 encoded as on_val/4. The maximal domain adds three
SIFT-extracted predicates that appear only in the maximal representation:

Agjockworld = {1earned_pred_3, learned_pred_4, learned_pred_5}.

For each target, Popper receives background knowledge bk .pl with on_val/4 and Boolean
helpers, examples exs . p1 derived from the maximal JSON, and a bias file restricting hypothesis

size.

Popper successfully induces all three targets with perfect precision and recall. The learned

hypotheses are:

1 learned_pred_3(V0Q,V1) :-
2 true(V3),

3 on_val(ve,v2,v1,V3).
4

5 learned_pred_4(Vo0,V1) :-
6 true(V2),

7 on_val(Vv3,ve,v1,v2).
8

9 learned_pred_5(V0O,V1,V2) :-
10 on_val(ve,v1i,v2,V3),
11 neg(V3,v4),

12 on_val(Vvi,ve,v2,v4).

All three rules obtain precision = 1.00 and recall = 1.00. The first two predicates form an
existential pair: they hold when a block has some block below it, or when some block is stacked
above it, respectively. The third predicate captures a Boolean consistency constraint between
the truth values of on(Vv@,V1) and on(V1,V@). These results show that the maximal-only
predicates in this Block World dataset can be fully reconstructed from minimal-domain stacking

facts and Boolean inversion.

5.2.2 Sokoban

In the SIFT-based Sokoban experiments, the minimal domain contains two primitive fluents,
has_box and has_player, each encoded in Boolean-valued form as has_box_val/3 and

has_player_val/3. The maximal domain adds one additional predicate:

Agokoban = {learned_pred_1}.
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The learned rule is:

learned_pred_1(S,C) :-
has_box_val(S,C,Vb),
has_player_val(S,C,Vp),
neg(Vp, Vb).

A W N R

This rule says that 1earned_pred_1(S,C) holds exactly when the cell C is occupied in state S,
i.e. when either the player or a box is present but not both. On this dataset, the rule achieves
precision = 1.00 and recall = 1.00 (TP = 5028, FP = 0, FN = 0). The XOR-style form using
neg/2 is equivalent to the disjunction

has_box(S, C) v has_playex(S, C),

illustrating how a maximal-only occupancy predicate can be reconstructed from minimal

fluents.

5.2.3 N-Puzzle

In the N-Puzzle domain, the minimal representation provides Boolean-valued predicates
for tile and blank locations, such as at_val/5 and blank_val/4, as well as a type relation
obj_type/2. The maximal domain adds SIFT-extracted preconditions that do not appear in
the minimal vocabulary. The max-minus-min filter identifies eight targets in the updated
dataset:

learned_pred_0, learned_pred_1, learned_pred_10, learned_pred_11,

Anpuzzle = .
learned_pred_12, learned_pred_13, learned_pred_14, learned_pred_16

Popper finds solutions for six of these. The successful rules are local: they use only direct state
facts about tile or blank positions and, in some cases, type information. Table 5.1 summarises
the learned rules and their metrics.

All solved predicates achieve precision = 1.00, but several have recall below 1.00. Rules
for learned_pred_0, learned_pred_1, and learned_pred_14 can be seen as direct projec-
tions of blank_val/4 and at_val/5, and reach perfect recall. Rules for learned_pred_10,
learned_pred_12, and learned_pred_16 combine tile and blank information but only ex-
press partial conditions; they cover a subset of the true cases while rejecting all negatives.

For learned_pred_11 and learned_pred_13, Popper reports NO SOLUTION under the cur-
rent bias. In one case, the maximal JSON contains no positive instances, so the task degenerates.
In the other, inspection of argument patterns suggests that the predicate depends on implicit
ordering relations between grid positions (e.g. vertical order between coordinates), which are
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Predicate Precision Recall Size TP/FN/TN/FP Learned Rule

learned_pred_0 1.00 1.00 3 360/0/360/0 learned_pred_0(S,C)
:- obj_type(C,T),
blank_val(S,C,_,T).

learned_pred_1 1.00 1.00 3 180/0/180/0 learned_pred_1(S,C)
:- obj_type(C,T),
blank_val(S,C,_,T).

learned_pred_10 1.00 0.67 3 1200/600/1800/0 learned_pred_10(S,A,B) :-
true(T), at_val(S,A,_,B,T).
learned_pred_12 1.00 0.20 4 180/720/900/0 learned_pred_12(S,A,B) :-
true(T), blank_val(S,B,_,T),
at_val(S,A,_,_,T).
learned_pred_14 1.00 1.00 4 180/0/180/0 learned_pred_14(S,C) :-
true(T), blank_val(sS,_,_,T),
at_val(s,_,C,_,T).
learned_pred_16 1.00 0.67 4 240/120/360/0 learned_pred_16(S,A,B) :-

true(T), blank_val(S,_,A,T),
at_val(s,_,_,B,T).

Table 5.1: Learned preconditions induced by Popper in the updated N-Puzzle experiment.

not present in the minimal background. Because Popper does not invent numerical comparison
predicates, such ordering constraints are not expressible in the hypothesis language, leading to
the observed NO SOLUTION outcome.

5.2.4 Miconic

The Miconic domain models an elevator system with a lift and multiple floors. The minimal-
domain background provides primitive predicates 1ift_pos/2, in_floor/3,and in_lift/2,
together with Boolean helpers. The maximal domain adds several SIFT-extracted preconditions.
The max-minus-min filter yields three targets:

Apiconic = {learned_pred_1, learned_pred_5, learned_pred_6}.

Popper learns hypotheses for all three predicates with precision = 1.00 but recall below 1.00.
The induced rules primarily rely on 1ift_pos/2 and, in some cases, existential conditions
over passengers on floors. A schematic description is given in Table 5.2.

For learned_pred_6, the dominant rule is essentially equivalent to 1ift_pos/2, indicating
that this maximal predicate does not encode additional information beyond the minimal
representation. The other two predicates link lift position with passenger distribution on floors,
capturing higher-level relational abstractions but only partially covering the examples. The

reduced recall reflects missing directional and ordering information in the background: SIFT
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Predicate Precision Recall Size TP/FN/TN/FP Learned Rule (schematic)

learned_pred_1 1.00 0.72 9 276/108/384/0 combination of 1ift_pos(S,F) with
in_floor(S,P,F")

learned_pred_5 1.00 0.72 6 138/54/192/0 combination of 1ift_pos(S,F) with
passenger on some floor

learned_pred_6 1.00 0.53 6 101/91/192/0 mainly defined in terms of
lift_pos(S,F)

Table 5.2: Learned predicates induced by Popper in the Miconic domain using minimal-domain
knowledge.

features suggest that some maximal predicates depend on whether the lift lies above or below
another floor, but no explicit ordering relations between floors are available to Popper.

5.2.5 Logistics

The Logistics domain models packages, vehicles, and locations, with actions such as driving,
loading, and unloading. The minimal representation uses Boolean-valued predicates for object
locations and containment relations, including at/4 and in/4, plus Boolean helpers. The max-
imal representation adds precondition-like predicates derived by SIFT. The max-minus-min

filter identifies three target predicates:

Apogistics = {1earned_pred_0, learned_pred_3, learned_pred_4}.

Under the current configuration, Popper finds a stable hypothesis only for learned_pred_4.
The induced rule is:

1 learned_pred_4(S,X,V) :-
2 in(S,X,0,V).

This rule achieves precision = 1.00 and recall = 1.00 (TP = 16704, FN = 0, FP = 0, TN = 18912)
at size 2. It defines learned_pred_4 as an existential projection of in/4, acting as a wrapper
around an existing containment relation.

For learned_pred_0 and learned_pred_3, the runs do not yield a verified hypothesis. Al-
though these tasks contain many labeled examples, the search does not converge to a hypothesis
with a complete and parsable evaluation summary within the current bias and runtime limits.
These cases are therefore reported as no verified solution rather than NO SOLUTION. A plausible
explanation is that these targets encode transport-mode and connectivity-related structure
(e.g. road vs. air links) that is not present in the minimal background; under such restrictions,
Popper may require richer background relations or larger hypotheses than the current bias

permits.
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5.2.6 Driverlog

The Driverlog domain models drivers, trucks, packages, and locations. The minimal-domain
background contains Boolean-valued variants of location predicates and auxiliary features, such
as at_val/4, learned_pred_1_val/5, and learned_pred_2_val/4, plus Boolean helpers.
The maximal domain adds precondition-like predicates identified by SIFT. The max-minus-min
filter produces three target predicates:

Apriverlog = {1€arned_pred_0, learned_pred_4, learned_pred_12}.

Popper induces successful hypotheses for all three targets. The learned rules and their metrics
are shown in Table 5.3.

Predicate Precision Recall Size TP/FN/TN/FP Learned Rule

learned_pred_0 1.00 1.00 3 240/0/624/0 learned_pred_0(S,X,Y) :-
learned_pred_2_val(S,X,Y,V),
true(V).

learned_pred_4 1.00 0.82 3 236/52/1152/0 learned_pred_4(S,X,Y) :-
at_val(S,X,Y,V), true(V).

learned_pred_12 1.00 1.00 3 48/0/816/0  learned_pred_12(S,X,Y) :-
learned_pred_1_val(S,X,Y,V1,V2),
true(V2).

Table 5.3: Learned preconditions successfully induced by Popper in the Driverlog domain.

All three predicates achieve precision = 1.00, while recall ranges from 0.82 to 1.00. learned_pred_0
and learned_pred_12 are defined solely in terms of auxiliary Boolean-valued predicates and
require the corresponding value to be true, effectively acting as thresholded versions of existing
features. learned_pred_4 depends directly on at_val/4 and states that the precondition
holds whenever the corresponding at fluent is true in the current state. These patterns show
that several Driverlog preconditions can be reconstructed from simple state occupancy relations
and auxiliary features in the minimal representation.

5.3 Summary of Quantitative Outcomes

Across the six max-minus-min domains, the filter produces a total of 19 target predicates.
Table 5.4 summarises the number of targets per domain, the number of solved and unsolved
tasks, and the typical ranges of recall for solved predicates. Precision is 1.00 in all solved cases.

A recurring pattern is that all solved targets reach precision 1.00, but some have recall strictly
below 1.00, and some targets are reported as NO SOLUTION or have no verified solution. In
practice, these three outcome types delimit the expressive frontier of the minimal representa-
tion: high-recall rules correspond to maximal predicates that are fully reconstructable from
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Domain Targets Solved Unsolved Precision Recall Solved targets

Block World 3 3 0 1.00 1.00 learned_pred_3,
learned_pred_4,
learned_pred_5

Sokoban 1 1 0 1.00 1.00 learned_pred_1

N-Puzzle 2 (NO SOLUTION) 1.00  0.20-1.00 learned_pred_0,
learned_pred_1,
learned_pred_10,
learned_pred_12,
learned_pred_14,
learned_pred_16

Miconic 3 3 0 1.00 0.53-0.72 learned_pred_1,
learned_pred_5,
learned_pred_6

Logistics 3 2 (no verified solution) 1.00 1.00 learned_pred_4

Driverlog 3 3 0 1.00  0.82-1.00 learned_pred_0,
learned_pred_4,
learned_pred_12

()}

[

Table 5.4: Quantitative summary of max-minus-min learning outcomes across domains. “Un-
solved” includes both NO SOLUTION and cases without a verified hypothesis.

local, Boolean-valued fluents; low-recall rules correspond to predicates that are only partially
captured by the available background; and NO SOLUTION or missing solutions indicate predi-
cates whose behaviour depends on relational structure that is absent from the minimal domain
or too expensive to search under the current bias.

5.4 Cross-Domain Learning Patterns

Beyond domain-specific observations, the results exhibit several systematic patterns that recur
across all six max-minus-min domains. These patterns characterise the types of maximal-only
predicates that can be reconstructed from minimal-domain fluents, the kinds of predicates for
which recall remains partial, and the structural reasons underlying cases where Popper reports
NO SOLUTION or fails to verify a hypothesis.

5.4.1 Projection-Like Predicates Are Consistently Learnable

Across all domains, predicates that correspond to existential projections of minimal-domain
fluents are learned with precision 1.00 and, in most cases, recall 1.00. These predicates typically
depend on the presence of a single fluent with no additional relational constraints. Examples
include:

« BlockWorld: learned_pred_3and learned_pred_4, both defined in terms ofon_val/4;
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» Sokoban: learned_pred_1, reconstructed as an XOR-style combination of has_box_val/3
and has_player_val/3;

« Logistics: learned_pred_4, an existential projection of in/4;

« Driverlog: learned_pred_0 and learned_pred_12, both reductions of Boolean-valued

auxiliary predicates.

These results show that maximal predicates which collapse to local occupancy conditions or
Boolean projections are fully expressible under the constraints of the minimal representation
and Popper’s bias.

5.4.2 Recall Degradation Correlates with Missing Relational Structure

Predicates that require relational information absent from the minimal-domain background

regularly exhibit reduced recall. The most common missing structure includes:

« ordering relations between grid coordinates (N-Puzzle);
« vertical relations between floors (Miconic);
« directionally constrained neighbourhoods (Sokoban).

In these cases, Popper consistently induces hypotheses with precision 1.00 but recall strictly
below 1.00. These partial rules capture a subset of the true positive cases but cannot express
the full relational dependency required by the maximal predicate. The behaviour is therefore
attributable not to the data but to the expressiveness of the minimal background.

5.4.3 Two Distinct Failure Modes

The results also exhibit two qualitatively different forms of failure:

(1) NO SOLUTION. This outcome occurs when the maximal predicate depends on relational
structure that is not expressible in the minimal-domain hypothesis language. In the N-Puzzle
domain, for instance, one target predicate contains no positive instances, while another requires

implicit coordinate ordering.

(2) No verified solution. This case arises when Popper explores a hypothesis space that is
too large to fully evaluate under the current bias or time limits. The Logistics domain exhibits
this behaviour: large numbers of examples combined with weakly constrained argument

structure lead to search divergence, even though the predicate may in principle be expressible.

Together, these patterns clarify the empirical frontier of what can and cannot be reconstructed

from minimal-domain fluents using ILP.
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5.5 Failure Case Typology

To better understand the conditions under which learning fails, the observed failure outcomes
can be grouped into three distinct categories. These categories recur across domains and
correspond to different structural limitations of the minimal representation or the hypothesis
search.

5.5.1 Type I: Degenerate Targets (No Positive Instances)

Some maximal-only predicates contain no positive instances in the SIFT-derived JSON files. In
these cases, Popper correctly reports NO SOLUTION. The failure is not indicative of a limitation
of the minimal background or the hypothesis language; the task degenerates because no rule
can satisfy the example constraints. One of the N-Puzzle targets exhibits this behaviour.

5.5.2 Type II: Relationally Under-Specified Targets

A second class of failures arises when the maximal predicate depends on relational or ordering
information not represented in the minimal domain. For such targets, Popper either reports
NO SOLUTION or induces a rule with precision 1.00 but low recall. Examples include:

« predicates requiring vertical ordering between floors in Miconic;
« predicates requiring coordinate ordering or distance in N-Puzzle;
« predicates requiring explicit direction relations in Sokoban.

These targets are semantically meaningful but not expressible under the Boolean-valued mini-
mal representation, which lacks relations such as numerical comparison, adjacency, or reacha-
bility.

5.5.3 Type III: Search-Limited Targets

A third class of failures occurs when Popper does not verify a hypothesis within the given
bias limits, despite the predicate being in principle expressible. This behaviour appears in the
Logistics experiments, where the large number of examples and weak argument constraints
yield a hypothesis space too large for the configured search bounds. These outcomes are
reported as “no verified solution” rather than NO SOLUTION because the lack of a hypothesis
arises from search complexity, not representational insufficiency.

This typology helps distinguish between representational limitations and search-related failures,
providing a more fine-grained interpretation of learning outcomes across domains.
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5.6 Impact of Representation Choices on Learning QOutcomes

The experimental results are shaped not only by the learning algorithm itself, but also by a
set of explicit representation and bias choices that are kept fixed across domains. This section
summarises how these choices influence the observed outcomes.

5.6.1 Boolean-Valued Fluents and Explicit Negation

All background predicates are encoded in Boolean-valued form, where each fluent carries an
explicit truth value and absence information is represented numerically. This avoids the use of
classical negation inside learned hypotheses and allows negation to be handled via the neg/2
predicate.

The results show that this encoding is sufficient to express a wide range of constraints observed
in the maximal domains. In Block World and Sokoban, Popper learns mutual exclusion
and consistency relations using neg/2 over Boolean values. Without Boolean-valued fluents,
several learned rules would not be expressible within Popper’s hypothesis space, because
clauses containing classical negation are pruned during search.

5.6.2 Local Background Knowledge and Relational Limits

Another consistent pattern concerns the expressiveness of the minimal background knowledge.
In N-Puzzle and Miconic, predicates that depend only on local state properties, such as tile
presence or lift position, are often learnable with high precision and, sometimes, high recall.
In contrast, predicates that require relational structure beyond local observations—such as
adjacency, ordering, or connectivity—frequently result in reduced recall or NO SOLUTION.

These behaviours are not caused by insufficient data, but by the absence of relational predi-
cates in the minimal domain. Since Popper does not invent new comparison or connectivity
predicates, constraints that rely on relations such as y; > y, or reachability between locations
are simply not expressible in the hypothesis language.

5.6.3 Effect of Bias Constraints

The hypothesis space explored by Popper is constrained through bias settings that limit clause
length, number of variables, and number of literals. These limits are necessary to keep search
tractable across domains with thousands of examples. The learned rules show that these
constraints favour compact abstractions, such as existential projections or simple Boolean
combinations. While this leads to high precision and interpretable hypotheses, it also restricts
the learner’s ability to express more complex relational conditions.
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5.6.4 Single-Clause Hypotheses and Disjunctive Concepts

A further limitation of the current configuration is that, under the imposed bias, Popper is
effectively restricted to producing a single clause per target predicate. This is sufficient when the
underlying concept is structurally uniform, but it becomes problematic when positive instances
arise from multiple distinct patterns. In such genuinely disjunctive cases, any single clause
can only capture one of the patterns, inevitably leaving some positive examples uncovered and
leading to reduced recall.

A standard remedy in ILP is sequential covering (also known as separate-and-conquer). Instead
of learning a single clause, the learner iteratively constructs a set of rules:

1. learn an initial rule R, that covers a subset of the positive examples while avoiding
negatives;

2. remove all positive examples correctly entailed by R; while keeping all negative examples;

3. learn a new rule R, on the remaining dataset and repeat.

The resulting rule set {R;, R,, ..., R} can express disjunctive concepts as a union of simpler
patterns, potentially raising recall towards 1.00 even when each individual clause is only
partially correct. The prevalence of high-precision but low-recall hypotheses in domains such
as N-Puzzle and Miconic suggests that some maximal predicates are indeed multi-modal in
this sense. While implementing a full sequential-covering regime lies outside the scope of the
present experiments, the observed outcome patterns indicate that multi-clause learning would

be a natural next step for improving coverage without abandoning interpretability.

5.6.5 Role of the Max-Minus-Min Strategy

Finally, the max-minus-min strategy helps stabilise learning across domains by focusing on
predicates that are empirically meaningful: they appear in the maximal domain but not in
the minimal one. Many of these predicates collapse to simple projections of minimal fluents,
leading to rules with precision and recall equal to 1.00. When learning fails, the failure is itself
informative: either the predicate has no positive instances, or it depends on relations that are
absent from the minimal domain or too costly to search with the current bias.

Overall, the combination of Boolean-valued fluents, explicit negation, controlled bias, and
the max-minus-min target selection creates a learning setting in which both success and
failure are interpretable. The rules learned in this chapter thus serve not only as models of
domain preconditions, but also as diagnostics of the expressive sufficiency of the underlying
representations.

Relation to the Research Question. Taken together, the empirical results provide a direct

answer to the central question of whether maximal-domain predicates can be reconstructed
from minimal representations using ILP. Three outcome categories emerge. First, predicates
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that correspond to local Boolean projections are fully recoverable, achieving precision and
recall equal to 1.00 across domains. Second, predicates that depend on relational structure
missing from the minimal domain are only partially recoverable: Popper induces precise but
incomplete abstractions with reduced recall. Third, some predicates cannot be recovered at
all, either because they contain no positive instances or because their defining relations—
such as ordering or connectivity—lie outside the expressive limits of the minimal background.
Thus, the experiments reveal a clear expressive frontier: minimal-domain fluents support

reconstruction of local conditions but not relationally structured preconditions.
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This thesis investigated a specific predicate-learning problem at the intersection of symbolic
planning and inductive logic programming. Given two symbolic representations of the same
state—action traces, a minimal and a maximal domain, the central question was:

When can predicates that appear only in the maximal representation be recon-
structed from the minimal one using ILP over grounded execution traces?

From a set of traces generated by a planning domain, two vocabularies are derived. The minimal
domain contains primitive predicates that encode low-level properties of the environment.
The maximal domain extends this vocabulary with additional predicates extracted by SIFT,
intended to capture higher-level regularities observed in the traces. Let P, and P,,,, denote
the predicate sets of the minimal and maximal domains. The learning targets are defined by
their set difference

A = Prax \ Prin-

Each predicate p € A is treated as an independent Popper task: given labelled examples of
p extracted from the maximal-domain traces, the goal is to induce a compact, interpretable
logical definition of p using only predicates from 2 ;, plus Boolean helper relations.

The aim of this setting is not to reconstruct full action models, but to assess the expressive power
of minimal-domain representations. Successful learning shows that a maximal predicate does
not introduce fundamentally new information beyond what is already present in the minimal
vocabulary, whereas systematic failure indicates that additional relational structure or richer

supervision is required.

6.1 Summary of Contributions and Findings

The thesis makes three main contributions.

6.1.1 A Cross-Domain Max-Minus-Min Pipeline

First, it introduces a unified learning pipeline that applies the max-minus—min strategy across
multiple planning benchmarks. The pipeline combines:

« grounded state—action traces generated by Clingo,
o SIFT-derived minimal and maximal domain vocabularies,
« Boolean-valued encodings of minimal-domain fluents, and
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« Popper as the ILP engine under a fixed, interpretable bias.

This setup is instantiated in six domains: Block World, Sokoban, N-Puzzle, Miconic, Logistics,
and Driverlog. In all cases, the learning mechanism, background encoding, and evaluation
protocol remain unchanged; only the domain and the SIFT-derived targets differ. Preliminary
experiments on small, hand-crafted domains motivate design choices such as Boolean-valued
fluents and explicit negation via neg/2.

6.1.2 Three Outcome Types Across Domains

Second, the thesis empirically characterises the outcome space induced by max-minus-min
learning. Across all domains, the targets fall into three qualitative categories:

+ Full reconstruction: Popper finds definitions with precision and recall equal to 1.00.
These predicates typically correspond to existential projections, simple Boolean combi-
nations, or consistency constraints over minimal fluents.

« Partial reconstruction: Popper finds high-precision but low-recall rules. These hy-
potheses capture necessary but not sufficient conditions for the targets, reflecting either
missing relational structure in the minimal domain or the preference for compact pro-
grams under the current bias.

« Unsolved targets: Popper reports NO SOLUTION or fails to produce a verified hypothesis.
This occurs when traces provide too few positive instances, when relevant relations are
not expressible in the minimal vocabulary, or when valid definitions exceed the imposed
bias limits.

Taken together, these outcome types delimit the expressive frontier of the minimal represen-
tation: fully reconstructed predicates are redundant with respect to the minimal vocabulary,
partially reconstructed predicates expose representational gaps, and unsolved predicates flag
concepts that require richer background knowledge or looser bias constraints.

6.1.3 ILP as a Diagnostic for Symbolic Representations

Third, the thesis argues that ILP, combined with the max-minus-min strategy, can be used
as a diagnostic tool for symbolic representations rather than only as a predictive mechanism.
By systematically testing whether maximal-domain predicates can be defined from minimal
fluents, the pipeline identifies:

« predicates that can safely be removed or replaced by learned definitions, simplifying
domain descriptions without loss of expressiveness; and

« predicates whose behaviour cannot be reconstructed, indicating where additional rela-
tional predicates, comparison operators, or structural background knowledge are gen-
uinely needed.
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In this way, ILP becomes a method for probing the adequacy of symbolic interfaces between
simulators, feature extractors such as SIFT, and planners.

6.2 Limitations

The empirical analysis also highlights several limitations of the current setup.

6.2.1 Data coverage

Trace-based learning is inherently dependent on behavioural coverage. When the maximal
JSON contains few or no positive instances of a target predicate, the corresponding Popper task
becomes ill-defined and typically results in NO SOLUTION. Even when positives exist, skewed
distributions can bias the learned rules toward particular spatial or relational patterns.

6.2.2 Representational gaps

Some maximal-only predicates implicitly depend on relations that are not present in the
minimal vocabulary, such as adjacency, ordering, or connectivity. Since Popper does not invent
such relations, they must be provided as background predicates; otherwise, correct definitions

may simply lie outside the hypothesis space.

6.2.3 Bias and search constraints

Finally, the hypothesis space is restricted by bias settings that limit clause length, number of
literals, and variables. These constraints are necessary for tractability, but they favour compact,
high-precision rules over more complex definitions with higher recall. In this sense, the

observed failures reflect a trade-off between interpretability and completeness.

6.3 Outlook and Future Work

The findings of this thesis suggest several directions for further research.

6.3.1 Richer background relations

One natural extension is to enrich the minimal background with domain-specific relational
predicates, such as adjacency, order, or connectivity. This would allow a more direct test of

whether unresolved targets become learnable once the missing structure is made explicit.
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6.3.2 Temporal and action-level targets

The present work focuses on state-level predicates derived by the max-minus-min filter. Ex-
tending the approach to temporal and action-specific targets, using background knowledge
that links successive states, would bring the setting closer to full action-model learning.

6.3.3 Search strategies and multi-clause learning

For domains with large example sets, more sophisticated search strategies or sampling schemes
may be needed to keep Popper runs tractable. In addition, multi-clause learning regimes such
as sequential covering could help address targets whose concepts are genuinely disjunctive
and cannot be captured by a single clause under the current bias.

6.3.4 Integration with domain and feature design.

Finally, the learned rules can feed back into the design of planning domains. Reconstructable
predicates can be replaced by their definitions, reducing redundancy, while irreducible predi-
cates mark where additional symbolic features or numerical comparisons are necessary. Inte-
grating this feedback loop into automated feature engineering and domain design is a promising
direction for future work.

In summary, this thesis shows that inductive logic programming, combined with the max-
minus-min strategy, can be used not only to learn symbolic rules but also to analyse the
expressive power of planning representations. The results demonstrate that many abstract
predicates are reducible to simpler fluents, while others mark the boundary at which richer
relational structure becomes necessary. Understanding and exploiting this boundary remains
a central challenge for interpretable learning in planning domains.
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This appendix presents a complete Popper task example for the learned_pred_0 target predi-
cate in the N-Puzzle domain. The purpose is to illustrate how examples, background knowledge,
and bias constraints interact to define a single ILP learning task. Only shortened excerpts of
exs.pl and bk.pl are shown for readability; the full files are available in the accompanying
repository. An end-to-end worked example is provided in Section A.1.

A.1 Worked Example: From Minimal/Maximal JSON to a Pop-
per Task

This section provides an end-to-end worked example that links the SIFT representations to
the Popper learning task for learned_pred_0. Specifically, we show (i) a minimal-state JSON
excerpt, (ii) the corresponding maximal-state JSON excerpt containing the target predicate, (iii)
the induced difference A used to label examples, (iv) the resulting Popper pos/neg instances,
and (v) the hypothesis induced by Popper.

A.1.1 Step1: Minimal JSON excerpt (state st0)

Listing A.1 shows a shortened excerpt of the minimal-domain JSON for state st@. Only the
Boolean-valued fluents required for this example are shown.

Listing A.1: Minimal JSON excerpt for state st@ (shortened).

1 A

2 "state": "st@",

3 "fluents": [

4 {"name": "blank_val", "args": ["p_x_0", 11},

5 {"name": "blank_val", "args": ["p_x_1", 0]},

6 {"name": "at_val", "args": ["tile_1", "p_x_0", 11},
7 {"name": "at_val", "args": ["tile_1", "p_x_1", 0]}
8 1

9 }

A.1.2 Step 2: Maximal JSON excerpt (same state st0)

Listing A.2 shows the corresponding maximal-domain excerpt for the same state st@, where
the target predicate learned_pred_0 appears.
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Listing A.2: Maximal JSON excerpt for state st@ (shortened).

1 A

2 "state": "st@",

3 "predicates": [

4 {"name": "learned_pred_0", "args": ["p_x_0"]1}
5 1

6 }

A.1.3 Step 3: Difference A and labeling rule

For each state S, the difference set A(S) contains instances of predicates that occur in the
maximal representation but not in the minimal one. In this worked example, the maximal-only
fact is:

A(st0@) = {learned_pred_0(p_x_0)}.
Therefore, p_x_0 is labeled as a positive instance and p_x_1 as a negative instance for st@.

A.1.4 Step 4: Popper examples generated from A

This yields the following Popper instances (cf. Listing A.5):

Listing A.3: Examples for state st@ generated from A(st®).

1 pos(learned_pred_0(st@,p_x_0)).
2 neg(learned_pred_0(st@,p_x_1)).

A.l.5 Step 5: Popper output hypothesis

Finally, Popper induces a hypothesis defining learned_pred_0/2 from the minimal-domain
fluents in bk . pl. One representative induced rule for this task is shown in Listing A.4.

Listing A.4: Representative Popper hypothesis for learned_pred_0/2 (shortened).

1 learned_pred_0(S,C) :-
2 blank_val(S,C,1).

This rule illustrates the intended bridge: although learned_pred_0/1 is maximal-only in the
SIFT output, Popper can define it using minimal-domain Boolean-valued fluents.
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A.2 Example File: exs.pl

Listing A.5 shows a shortened excerpt of the examples file. Positive and negative examples are
given in the standard Popper format pos/1 and neg/1. The discontiguous directives ensure
that the clauses are accepted by the Prolog parser.

Listing A.5: Excerpt of exs.pl for learned_pred_0 in the N-Puzzle domain.

:- discontiguous pos/1.
:- discontiguous neg/1.

pos (learned_pred_0(st@,p_x_0)).
neg(learned_pred_0(st0,p_x_1)).

pos(learned_pred_0(stl,p_x_0)).
neg(learned_pred_0(stl,p_x_1)).

O 00 N O U1 B W N -

=
S

pos (learned_pred_0(st2,p_x_1)).
neg(learned_pred_0(st2,p_x_0)).

e
w N -

pos(learned_pred_0(st3,p_x_1)).
neg(learned_pred_0(st3,p_x_0)).

=
(o2 I 2 I N

pos(learned_pred_0(st4,p_x_1)).
neg(learned_pred_0(st4,p_x_0)).

e e
O 00

pos (learned_pred_0(st5,p_x_0)).

These examples encode, for multiple states st@-st5, which positions satisfy the maximal-only
predicate learned_pred_0. The target is unary in the maximal domain but becomes binary
learned_pred_0(S,C) in the Popper version due to explicit state arguments.

A.3 Example File: bk.pl

Listing A.6 shows selected background knowledge. Boolean-valued fluents are encoded using
explicit truth values, together with a neg/2 predicate that links true and false. Only a subset
of states is shown; the real dataset contains all 20 states.

Listing A.6: Excerpt of bk . p1 for the N-Puzzle domain.

% Boolean constants and explicit negation
true(1l).
false(0).
neg(0,1).
neg(1,9).

o A W NP
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10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

% States

state(st0).
state(stl).
state(st2).
state(st3).
state(st4).
state(st5).
state(st6).
state(st7).
state(st8).
state(st9).
state(stlQ).
state(stll).
state(stl2).
state(stl3).
state(stl4).
state(stl5).
state(stl6).
state(stl7).
state(st18).
state(st19).

The full background file additionally defines type relations (obj/1, obj_type/2) and Boolean-

valued fluents such as at_val/5 and blank_val/4, which originate from the minimal repre-

sentation extracted from SIFT traces.

A.4 Bias File: bias.pl

The bias determines the hypothesis space explored by Popper. It specifies the allowed head

predicate, admissible body predicates, and upper bounds on clause size, number of variables,

and number of body literals.

Listing A.7: Bias specification for learned_pred_0 in the N-Puzzle domain.

O 00 N O U1 B W N -

=
N P O

head_pred(learned_pred_0,2).

body_pred(state,1).
body_pred(obj,1).
body_pred(obj_type,2).
body_pred(val,l).

body_pred(at_val,5).
body_pred(blank_val,4).

body_pred(txue,1).
body_pred(false,1).
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13 body_pred(neg,2).
14

15 max_clauses(2).
16 max_body(4).

17 max_vars(6).

This bias limits hypotheses to at most two clauses with up to four body literals each, using

no more than six variables. This encourages compact, projection-like rules and prevents

excessively large or relationally complex hypotheses that would increase search cost.

A.5 Origin of the Target Predicate in the Maximal JSON

For the state-level maximal occurrence used for labeling examples, see Section A.1. List-

ing A.8 presents a shortened view of the maximal-domain JSON entry corresponding to

learned_pred_0. The predicate appears only in the maximal representation and is annotated

with SIFT pattern information. Popper receives only the labeled instances of this predicate,

not the feature patterns themselves.

Listing A.8: Excerpt of the maximal SIFT JSON for learned_pxred_0.

1 {

2 "name": "learned_pred_0",

3 "arity": 1,

4 "knowledge": "concluded",

5 "behavior": "fluent",

6 "arg_types": [[1]],

7 "feature": [

8 {

9 "selected_patterns": [
10 {"name": "move-left",
11 {"name": "move-left",
12 {"name": "move-right",
13 {"name": "move-right",
14 1,

15 "all_patterns": [

16 {"name": "move-down",
17 {"name": "move-left",
18 {"name": "move-left",
19 {"name": "move-right",
20 {"name": "move-right",
21 {"name": "move-up",

22 ]

23 }

24 ]

25 }

"args":
"args":
"args":
"args":

"args":
"args":
"args":
"args":
"args":
"args":

(11},
[31},
(11},
[31}

(11},
(11},
[31},
(11},
(31},
(11}
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26 ]

This metadata shows that the predicate is related to spatial patterns in tile movement, although
such patterns do not appear in the minimal-domain background knowledge. Popper therefore
learns a rule exclusively from Boolean-valued occupancy fluents.

A.6 Summary

This example demonstrates the structure of a full Popper learning task: exs.pl defines the
labeled instances of the target predicate, bk .pl provides minimal-domain fluents and type
information, and bias . p1 restricts the hypothesis space. Section A.1 closes the loop by showing
how a single maximal-only predicate instance in A(S) is converted into pos/neg examples
and the resulting Popper hypothesis. The maximal-domain JSON defines where the target
predicate originates in the SIFT representation. Together, these components form the input to
Popper for inducing symbolic rules from N-Puzzle traces.
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List of Symbols

B
E
H

p(ty; ... s tn)

p(0)
?min
?max

Background knowledge used by Popper.

Set of labelled examples (positive and negative).

Learned hypothesis / induced logic program.

Predicate with arguments ¢y, ..., t,.

Ground atom instantiated with an object tuple 6 = (oy, ..., 0k).
Predicate set of the minimal domain representation.

Predicate set of the maximal domain representation.

A =Pax \ PrinSet of max-minus-min learning targets (maximal-only predicates).

Ground(P)

T
St

ag

T

Amax(s¢)

v e{0,1}
Dvai(+s V)
true(l)
false(0)
pos(p(..))
neg(p(..))
CWA

TP

Fp

FN

TN
Precision
Recall

Size

max_clauses

max_body
max_vars

Set of all ground atoms formable from predicate symbols in 2 and domain

constants.

A state-action trace.

State at time step .

Action executed at time step ¢.

Trace horizon (number of transitions).

Set of ground atoms true in state s, under the maximal representation.

Boolean truth value (false/true).

Boolean-valued fluent encoding, storing truth value v explicitly.
Boolean constant representing true.

Boolean constant representing false.

Positive example of target predicate p.

Negative example of target predicate p.

Closed-world assumption: atoms not listed as true are treated as false.

True positives.

False positives.

False negatives.

True negatives.

Precision score, defined as TP/(TP + FP).

Recall score, defined as TP/(TP + FN).

Hypothesis size (number of literals/clauses, as reported by Popper).
Maximum number of clauses allowed in a hypothesis.

Maximum number of body literals per clause.

Maximum number of variables allowed in a clause.
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