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Abstract

Domestic robots often receive underspecified instructions: where to place an object,
which tool to use for a requested action, or whether their embodiment permits the task
at all. Large language models (LLMs) can interpret varied language and draw on every-
day associations, but their answers do not expose explicit premises. Symbolic systems
make encoded knowledge and inference inspectable, but rely on representations and rules
that may be incomplete. This thesis asks whether combining these approaches can pre-
serve or improve LLM-only performance on embodied commonsense tasks while making
the reasoning behind a decision easier to inspect.

The thesis evaluates two complementary designs on RoboCSKBench, a five-task embodied-
commonsense benchmark. Pipeline 1 studies partially automated offline construction of
Answer Set Programming rules for the Tidy Up and Tool Usage tasks through common-
sense graphs, SOMA-inspired annotation, LLM rule proposals and Clingo verification.
Pipeline 2 instead spans all five tasks: an LLM extracts controlled facts at runtime and
SWI-Prolog applies knowledge-base evidence or hand-crafted rules. Overlap on two tasks
permits comparison of rule-construction strategies, while Pipeline 2 provides breadth.
Matched pure-LLLLM and pure-logic ablations use three Mistral model sizes, and Pipeline 2
is transferred unmodified to five out-of-distribution datasets.

The results indicate that symbolic reasoning helps only under particular conditions. It
is most useful when the symbolic component can retrieve affordance or capability knowl-
edge and apply it through constraints that match the task’s answer format; in these cases,
explicit grounding can also reduce the gap between larger and smaller language models.
When the task requires broad open-ended generation, or when an external dataset expects
a decision structure that the symbolic selector was not designed for, the same architec-
ture can become redundant or harmful. The thesis therefore supports a conditional view:
neuro-symbolic reasoning can make decisions more traceable without necessarily reduc-

ing performance, but only when representation, knowledge and inference are aligned.
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Chapter 1

Introduction

1.1 Context and Motivation

Instructions given to a domestic robot are often incomplete. A command such as “tidy the
room” does not specify where each object belongs and “set the table” leaves the required
plate and cutlery unstated. People resolve these omissions through everyday knowledge,
whereas a robot may recognise the instruction and possess the necessary manipulation
skills while still lacking the background knowledge needed to infer what the instruction
leaves unsaid. The practical problem considered in this thesis is how associations avail-
able through an LLLM’s parametric knowledge can be combined with explicit knowledge
and rules to supply these unstated assumptions without making the resulting decision im-
possible to inspect.

RoboCSKBench provides a controlled setting in which to study this problem across
five household tasks [44]. Rather than treating the benchmark only as a test of how much
an LLLM knows, this thesis uses it to compare two ways of combining neural interpretation
with explicit knowledge and rules. The thesis therefore investigates whether a hybrid
neuro-symbolic system can achieve performance comparable to an LLM-only approach

while providing a more traceable basis for its conclusions.

1.2 The Neural-Symbolic Trade-Off

LLMs offer flexible language interpretation and broad parametric associations, but their
outputs do not expose dependable provenance and may contain unsupported facts [34,
33]. Symbolic systems make encoded knowledge and inference inspectable, yet they
require representations and rules to be specified in advance; missing or incorrectly repre-
sented premises limit what their derivations can establish [3, 9].

Hybrid architectures divide these responsibilities in different ways. A learned model

1



CHAPTER 1. INTRODUCTION

may construct a symbolic representation for a separate reasoner, symbolic knowledge
may constrain neural learning, or the components may exchange information repeatedly
[3, 9]. Related systems combine language-model interpretation with feasibility scores
or executable program interfaces [1, 23], while explicitly neuro-symbolic systems pair
LLM-based extraction or planning with learned or hand-authored logic programs [7, 25].
These designs can add traceable constraints, but they also introduce an interface at which
incorrect extraction, incomplete knowledge or mismatched rules can create new errors.
The research problem is therefore empirical: whether the additional structure improves
or preserves performance, and under which conditions it instead becomes redundant or

harmful.

1.3 Thesis Approach and Positioning

This thesis investigates the neuro-symbolic design space through two pipelines that con-
struct and apply symbolic knowledge in different ways. Although Pipeline 2 covers all
five benchmark tasks, it does not make Pipeline 1 redundant because the pipelines isolate
different methodological questions. Pipeline 1 tests whether reusable symbolic rules can
be constructed with a partially automated offline process from external knowledge and
examples. Pipeline 2 holds the hand-crafted rules fixed and tests whether neural seman-
tic extraction can be separated from explicit runtime inference across a broader range of
tasks. Their overlap on Tidy Up and Tool Usage is intentional: it allows the evaluation
to compare alternative ways of constructing symbolic knowledge on the same problems.
Pipeline 2 therefore addresses breadth, whereas Pipeline 1 addresses the rule-acquisition
bottleneck that Pipeline 2 leaves in place.

Pipeline 1 addresses Tidy Up and Tool Usage through an offline rule-learning process.
Commonsense graph knowledge is filtered and expressed with a SOMA-inspired vocab-
ulary; an LLM then proposes Answer Set Programming (ASP) rules, which are tested
against encoded examples using the Clingo reasoner. The method draws on Inductive
Logic Programming (ILP), although it replaces direct ILASP search with LLM-guided
hypothesis generation and symbolic verification. At runtime, the learned rules are applied
to previously unseen benchmark objects.

Pipeline 2 covers all five RoboCSKBench tasks and performs reasoning at runtime.
The LLM extracts task-relevant facts from natural language, after which SWI-Prolog ap-
plies either knowledge-base-grounded selection rules or task-specific constraints. These
rules are hand-crafted rather than learned, so this pipeline does not remove the rule-
authoring bottleneck typical of symbolic systems. Its role in the thesis is to provide the

broader cross-task test of whether neural semantic extraction can be separated from ex-

2



1.4. RESEARCH QUESTIONS AND OBJECTIVES

plicit symbolic inference in a useful way.

The evaluation compares the complete systems with pure-LLLM and pure-logic config-
urations. Pipeline 2 is tested with three Mistral model sizes, allowing the analysis to ex-
amine whether symbolic structure can compensate for lower neural capacity. Its prompts,
rules and knowledge base are then transferred without task-specific modification to five
out-of-distribution datasets. The aim is not to establish that symbolic reasoning is univer-
sally superior, but to identify when explicit knowledge and constraints help, when they
become redundant or harmful, and how their contribution depends on representation and

task structure.

1.4 Research Questions and Objectives

The thesis addresses four research questions:

RQ1 Does a neuro-symbolic pipeline outperform a matched pure-LLM baseline, and

how does this effect vary across tasks and answer formats?

RQ2 To what extent does the symbolic layer compensate for differences in neural model

capacity?

RQ3 What do neural-only and symbolic-only ablations reveal about the contribution and

limitations of each component?

RQ4 To what extent does the runtime neuro-symbolic pipeline generalise to out-of-distribution

data without task-specific adaptation?

Answering these questions requires more than comparing final scores. The experi-
ments also examine knowledge-base coverage, semantic extraction, rule behaviour and
answer format, since each can determine whether the symbolic component has useful in-
formation on which to operate. RQ1-RQ3 are addressed by the in-distribution evaluation
in Chapter 6; RQ4 is addressed by the transfer study in Chapter 7.

1.5 Contributions and Thesis Structure

The thesis contributes two implemented neuro-symbolic pipelines and an evaluation of
their behaviour under different task conditions. The first pipeline combines common-
sense graph extraction, SOMA-inspired semantic annotation and LLLM-guided ASP in-
duction with Clingo verification. The second pipeline spans all five RoboCSKBench tasks

by coupling LLM-based fact extraction with SWI-Prolog rules, and is evaluated through

3



CHAPTER 1. INTRODUCTION

matched ablations across three neural model sizes. The same runtime architecture is then
tested on VirtualHome, TidyBot, PIQA, BEHAVIOR-1K and RecipeNLG, where changes
in vocabulary, user preference, task structure and source data expose when the symbolic
component remains useful and when it becomes a source of error. Together, these con-
tributions support a task-dependent assessment of neuro-symbolic reasoning rather than a
claim of general superiority.

Chapter 2 reviews embodied commonsense, explicit knowledge representations, LLM-
based robotics and neuro-symbolic reasoning. Chapter 3 describes RoboCSKBench and
its evaluation metrics. Chapters 4 and 5 present Pipeline 1 and Pipeline 2, respectively.
Chapter 6 reports the in-distribution experiments and ablations, while Chapter 7 examines
transfer to the five external datasets. Chapter 8 summarises the findings, limitations and

directions for further work.



Chapter 2

Background and Related Work

Research on commonsense reasoning in cognitive robotics asks whether the flexibility
of learned models can be combined with the inspectability of symbolic representations
without sacrificing predictive performance. Large language models can recover many ev-
eryday associations and interpret varied expressions [34], yet their output alone does not
reveal which knowledge supported a decision. By contrast, explicit resources and logic
programs make encoded knowledge and the resulting derivation available for inspection,
although this transparency does not ensure that the premises are correct or appropriate to
the situation a robot currently perceives. Neuro-symbolic approaches bring these capa-
bilities together by using learned models to interpret language and symbolic components
to apply an explicit decision procedure [3, 9]. Their attraction lies not in an assumption
of superior accuracy, but in the possibility of attaining performance comparable to LLM-
only methods while making decisions easier to trace and audit. This trade-off frames the

literature reviewed in this chapter.

2.1 Embodied Commonsense in Robotics

Commonsense knowledge comprises assumptions that people routinely leave unstated
because they are taken for granted in everyday communication and action [43]. These
assumptions become relevant to cognitive robotics when an agent encounters a situation
that its controller does not describe exhaustively and must use background knowledge
to interpret the available information. Toberg et al.’s systematic review finds substantial
variation in how robotic systems acquire and use such knowledge, alongside a divide
between formal knowledge representation research and cognitive robotics [43]. Obtaining
a relevant fact is therefore only part of the problem: the fact must also be represented in a
form that can affect the robot’s decision.

An appropriate action rarely follows from an isolated fact. Knowing the usual function
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of an object is helpful only when that function is relevant to the activity taking place, and
its relevance may change with the physical situation. The literature consequently treats
commonsense as background knowledge through which an agent interprets its observa-

tions and possible actions, rather than as a collection of independent facts [43].

Embodied commonsense makes this relation to perception and action explicit. Whereas
people acquire expectations about physical situations through everyday experience, a
robot depends on the information made available by its architecture. This knowledge
bridges an underspecified task and the physical actions through which it is carried out [43].
RoboCSKBench tests whether a system can recover such background knowledge for
household situations [44].

Consider a robot instructed to wipe up a spilled drink. Perception may identify liquid
on the floor and several nearby objects, while the instruction leaves the means of execution
unspecified. Embodied commonsense connects these observations to action by allowing
the robot to infer that the liquid should be removed and that an absorbent object, such
as a cloth, would be suitable. This inference must also account for the robot’s body and
surroundings: a cloth behind a closed door may be appropriate but inaccessible, while a
heavy cleaning device may exceed the robot’s manipulation capabilities. This example
illustrates why embodied commonsense involves more than language interpretation or
factual recall; it relates perceived entities and possible actions to the current task and the
agent’s physical situation [43].

Embodied AI benchmarks expose different points at which this background knowl-
edge affects task execution. VirtualHome represents household activities as executable
programs, making the structure of an activity explicit [35]. ALFRED instead requires
an agent to derive an action sequence from an instruction and visual observations while
accounting for changes produced by earlier actions [39]. BEHAVIOR-1K broadens
the range of activities and physical phenomena, including interactions with liquids [22].
However, these benchmarks do not evaluate language understanding and commonsense
reasoning as separate abilities. Understanding an instruction already requires an agent to
use commonsense knowledge about the objects and actions it mentions. The benchmarks
therefore assess whether the agent can interpret language and use that interpretation to

select actions that are compatible with the environment.

Housekeep focuses more directly on the knowledge behind a household decision: it
evaluates object placement against human judgements and then embeds that decision in a
task requiring exploration and action [15]. TidyBot considers the additional problem of
personalisation by using an LLM to infer placement preferences from examples supplied
by one user [46]. The comparison separates two forms of knowledge that are easily

conflated: a regularity across households can provide a useful default, yet it may still

6



2.2. EXPLICIT COMMONSENSE REPRESENTATIONS

conflict with the convention governing a particular home.

Taken together, these studies define embodied commonsense through its role in situ-
ated decisions. The agent needs knowledge that extends beyond previously encountered
cases while remaining connected to the entities and actions represented by the robotic sys-
tem. Commonsense knowledge graphs primarily provide broad background associations,
whereas ontologies supply the domain structure through which those associations can be

interpreted.

2.2 Explicit Commonsense Representations

Storing commonsense outside a learned model makes an assertion available for retrieval
and inspection but it does not make that assertion immediately usable because the exter-
nal resource and the robot may describe the same situation in different terms. Knowl-
edge graphs address this mismatch by recording associations at scale, while ontologies

approach it by specifying how the domain should be described.

2.2.1 Commonsense Knowledge Graphs

A knowledge graph represents concepts as nodes and uses labelled edges to state how they
are related. ConceptNet 5.5 applies this representation to multilingual general knowledge
[40]: AtLocation, for example, records where an object is commonly found, whereas
UsedFor associates it with a function. The explicit edge makes the relation inspectable
and, when source metadata is retained, provides provenance: a record of where the as-
sertion originated. Provenance permits an assertion to be traced, but does not by itself
establish that the assertion is correct or relevant to the current environment.

Although natural language concepts make ConceptNet easy to query, they also leave
room for ambiguity because the same word may denote different concepts and an edge
collected by one method may not carry the same evidence as an edge obtained in another
way [40]. More importantly, the graph states a general association rather than a fact about
the present environment; knowing where an object is usually stored neither shows where
it is now nor establishes that the usual location matches the preference of the current user.

Commonsense resources are often developed independently and differ in both focus
and modelling choices. CSKG consolidates seven such resources in a common graph, de-
spite the sparse overlap between them [14]. Integration makes complementary assertions
available through one representation, but it does not turn the component resources into a
complete account of commonsense. A missing edge may simply reflect an omission in

the source material, so graph absence cannot safely be interpreted as evidence that a rela-

7



CHAPTER 2. BACKGROUND AND RELATED WORK

tion is false. In practice, broader access must therefore be accompanied by task-specific

selection and an explicit treatment of missing information.

Ascent++ pursues coverage through extraction from web content rather than through
the integration of existing graphs, and its refinement process attempts to improve the
assertions recovered from text [32]. Even after refinement, however, an assertion must be
interpreted before a robot can use it. Taken together, these resources show that enlarging a
graph does not separate coverage from reliability; instead, a larger set of assertions makes

the selection of contextually appropriate knowledge more consequential.

2.2.2 Robot Ontologies

An ontology defines the concepts through which a domain is understood rather than
merely recording that two expressions are associated. It can, for example, express the
role that an object plays in an activity within a conceptual model shared by the compo-

nents of a robotic system.

KnowRob demonstrates this approach by organising the knowledge of an autonomous
personal robot in a representation that supports querying and inference [42]. Observations

can therefore be interpreted through the model before they inform planning or control.

SOMA develops the representation of everyday activity by relating a physical occur-
rence to its social meaning, so that an object is described according to the role it plays in
a particular situation [4]. The same object can consequently receive a different interpre-
tation when the activity changes, while the ontology provides a common vocabulary in

which information recovered from text or a graph can be expressed before a rule uses it.

SOMA’s abstraction over physical and social context supports the transfer of knowl-
edge between related situations, but using it with information from other sources creates
an alignment problem [4]. Information obtained from language or another resource must
be mapped to the ontology’s vocabulary and the system must decide which role applies
in the case at hand. The ontology makes the resulting description consistent with its con-

ceptual model; it does not guarantee that the preceding mapping was correct.

Knowledge graphs and ontologies thus address different parts of the representation
problem: the graph makes assertions available, while the ontology determines how they
can be interpreted within the robotic domain. Their combination still leaves natural lan-

guage knowledge to be mapped into the vocabulary expected by the reasoner.



2.3. LARGE LANGUAGE MODELS AND PARAMETRIC COMMONSENSE

2.3 Large Language Models and Parametric Common-

sense

Knowledge can also be elicited from information encoded implicitly in a language model
rather than retrieved as an explicit graph edge. Petroni et al. examined pretrained lan-
guage models as implicit knowledge bases by presenting incomplete statements and test-
ing whether the missing relational fact could be recovered without task-specific train-
ing [34]. Their results varied considerably across relations, providing evidence for recov-
erable factual associations without showing that retrieval is consistent or that a recovered
fact applies to a robot’s present situation.

This parametric knowledge is difficult to audit because the generated answer does not
expose a traceable source. The uneven recall observed by Petroni et al., together with the
hallucination risks reported for GPT-4, shows why fluent output cannot be equated with
reliable factual retrieval [34, 33]. This distinction matters in robotics because linguistic
plausibility does not imply that an action is executable. An LLM may infer what an in-
struction probably requires but another component must determine whether the proposed
action is compatible with the current environment and the robot’s available skills [1].
In this context, grounding means connecting the model’s linguistic proposal to what the
robot can actually do in the situation it perceives. A related intention—action gap has also
been observed in vision-language-action models, whose apparent understanding of an in-
struction does not necessarily transfer to successful execution under changed physical

conditions [11].

2.3.1 Language Models for Embodied Action

Language-guided robotics addresses this grounding problem by placing model output in-
side an architecture that constrains how it can affect action. SayCan uses a language
model to score the relevance of candidate actions and combines those scores with val-
ues associated with the robot’s learned skills [1]. The former component interprets the
instruction, while the latter estimates whether the corresponding skill can succeed in the
current state. The final choice consequently depends on both linguistic relevance and
feasibility.

Code as Policies connects language to action through program generation, asking the
model to produce code that calls functions exposed by the robot’s perception and control
interfaces [23]. The generated program provides an executable structure but remains lim-
ited to the functions implemented by that interface. SayCan constrains a proposal through

learned skills, whereas Code as Policies constrains it through the available program func-
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tions; neither permits unrestricted model output to determine the robot’s behaviour.

That boundary matters more than the output format itself, since neither system turns
an LLM into a symbolic reasoner or demonstrates that an external component prevents
model error. Instead, the LLM interprets language before another part of the architecture
determines what follows from the interpretation, making its role one of semantic medi-
ation rather than independently reliable decision making. Neuro-symbolic approaches

formalise this separation by assigning explicit inference to a symbolic component.

2.4 Neuro-Symbolic Reasoning

Surveys by Besold et al. and Garcez and Lamb describe neuro-symbolic Al as a broad
spectrum of approaches that combine learned representations with explicit symbols and
inference [3, 9]. At one end, symbolic knowledge can constrain a neural model during
learning; at another, a neural model can construct the symbolic representation on which
a separate reasoner operates. Intermediate designs may exchange information repeatedly
or embed differentiable forms of logical structure. Neuro-symbolic Al therefore does not
denote one fixed architecture, but a family of arrangements that assign different roles to

learning, representation and inference.

The latter arrangement is relevant when language must be translated before rules can
be applied. A neural model constructs a symbolic description, after which a reasoner
determines what follows [3]. The model therefore performs semantic extraction rather
than producing the final reasoning result, although the conclusion remains conditional on

the translation and the symbolic vocabulary.

LLM2LAS demonstrates this pattern in story-based question answering. An LLM ex-
tracts semantic structures from text, Inductive Learning of Answer Set Programs (ILASP)
learns ASP rules from them, and an ASP solver applies the resulting program to unseen
questions [7]. Although the evaluation is not embodied, the study is relevant because the
symbolic component is learned from examples rather than written entirely by a domain

expert.

A recent preprint introduces CLMASP as a complementary approach to robotic plan-
ning. It uses an LLM to generate a skeletal plan and ASP to refine that plan with robot
action knowledge, evaluating the combination in VirtualHome [25]. Unlike LLM2LAS,
CLMASP does not learn the ASP rules; its contribution lies in using them to constrain
an LLM-generated plan. The two systems therefore illustrate separate uses of symbolic
reasoning after neural interpretation: learning a reusable rule program in one case and

enforcing an existing action model in the other.
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2.4.1 ASP and Rule Induction

Answer Set Programming (ASP) computes solutions from a problem represented by facts,
rules and constraints. Its non-monotonic semantics allows a default conclusion to be with-
drawn when an exception becomes available [8]. This makes ASP suitable for domains
in which a general rule may admit explicit exceptions, but only after the task has been
translated into predicates. ASP determines what follows from an encoding, not whether
that encoding describes the physical situation correctly.

Clingo is an ASP reasoner that grounds and solves a logic program [12]. Here, ground-
ing means replacing variables with constants before computing answer sets, not connect-
ing language to perception and action. Clingo can test whether a proposed rule gives the
expected conclusions for encoded examples, although the result provides evidence only
within the supplied encoding.

Aker et al. applied ASP to collaborative housekeeping by embedding ConceptNet
knowledge with geometric and temporal information in a high-level task representation [2].
Their focus is the use of semantic knowledge within an ASP model rather than rule in-
duction. The application connects external commonsense to household reasoning while
leaving the conversion from graph knowledge to task predicates as a separate design step.

Inductive Logic Programming (ILP) instead learns rules from examples and back-
ground knowledge within a specified hypothesis space [31]. ILASP applies this principle
to ASP, producing an answer set program as its hypothesis. Its noise-tolerant formula-
tion assigns penalties to uncovered examples so that occasional errors can be considered
during selection [20]. The supplied predicates and admissible hypotheses nevertheless
determine what the learner can express.

Meli et al. used ILASP to refine an incomplete domain model for autonomous surgical
planning. From executions of a training task, the system learned previously unknown
axioms governing the task [28]. The application demonstrates the induction of answer set
rules in robotics, although its setting differs substantially from household commonsense.

These applications motivate the rule-learning setting used later in the thesis, while
Chapter 4 explains why Pipeline 1 replaces direct ILASP search with LLM-proposed

rules that are checked using Clingo.

2.4.2 Prolog and SWI-Prolog

Prolog follows a different execution model because it attempts to prove a query by search-
ing through clauses whose conclusions may satisfy it, rather than computing stable mod-
els of the program as a whole. SWI-Prolog provides an implementation designed for

integration into software applications [45]. The operational contrast is therefore between
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evaluating a runtime query through goal-directed search and computing answer sets that
satisfy a complete ASP encoding.

KnowRob provides an established robotics application in which Prolog-based rea-
soning allows an autonomous personal robot to query formal knowledge about everyday
manipulation [42]. Prolog serves as a runtime reasoning interface rather than as a method
for learning the rules themselves.

Saccon et al. connect this logic-programming tradition to generative models through a
robotic framework whose Prolog knowledge base can be populated from natural-language
text with LLM assistance and subsequently used for planning [36]. The work is a close
architectural precedent for separating neural knowledge extraction from symbolic use,
although its Prolog representation and planning objective differ from the predicate extrac-
tion and decision rules studied in this thesis.

Together, these systems motivate runtime architectures in which current information is
asserted as facts before a query is evaluated. Chapter 5 instantiates this arrangement with
LLM-extracted facts and hand-written SWI-Prolog rules rather than learning the rules
from examples.

The transparency of a logic program applies to its derivation, not necessarily to its
premises. A trace remains misleading if the LLM supplied the wrong predicate, so sym-
bolic inference makes the encoded decision procedure inspectable without establishing

that language was translated correctly.

2.4.3 Event Calculus

A closely related formalism in logic programming is the Event Calculus [18, 38], which
explicitly reasons about actions, events, and their effects over time. While static rules
evaluate conditions at a single point in time, the Event Calculus represents a timeline
where events occur and cause properties of the world (called fluents) to start or stop hold-
ing. Because properties are assumed to persist until an action explicitly alters them, the
formalism provides a simple and principled way to model change without having to re-
state what remains unchanged (the classic frame problem [27]).

In robotics and embodied commonsense, this framework is especially relevant for
procedural knowledge and future task planning. For instance, in multi-step activities such
as cooking recipes or household manipulation, actions cannot be evaluated in isolation:
slicing an ingredient changes its state and enables cooking it, while completing one step
satisfies the preconditions for the next. In a neuro-symbolic setting, an LLM can interpret
natural language instructions and propose candidate actions, while an Event Calculus pro-
gram in Prolog or ASP tracks how the environment evolves and verifies that the sequence

of steps is temporally and causally valid [21].
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2.5 Literature Synthesis

The literature reveals complementary weaknesses rather than a hierarchy of representa-
tions. Knowledge graphs broaden access to explicit assertions but remain incomplete
and context-dependent, while ontologies impose a shared conceptual structure only af-
ter external information has been aligned with their vocabulary. Language models can
recover associations and interpret linguistic variation, yet their outputs lack dependable
provenance and may not correspond to the situation perceived by a robot. Logic and
action formalisms can then enforce explicit decision procedures or temporal projections,
but they cannot retrospectively establish that their premises were extracted or grounded
correctly.

The methodological implication is a staged relation in which information must first
be recovered and interpreted before explicit rules determine what follows. Because each
transition can introduce an error, the value of combining neural and symbolic components
remains an empirical question rather than a general guarantee. The later method chapters
instantiate this relation in two ways, and the evaluation on RoboCSKBench examines

when the additional structure helps.
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Chapter 3

The RoboCSKBench Benchmark

This chapter presents RoboCSKBench, which is used throughout this thesis to evalu-
ate embodied commonsense reasoning for household robotics. It was proposed as a
language-driven, multi-task benchmark for assessing whether large language models and
knowledge-based systems can infer the background knowledge required by embodied
agents in domestic environments [44]. RoboCSKBench defines the task families, input-
output formats, and evaluation criteria used here to compare language-model baselines

with the neuro-symbolic pipelines.

3.1 Benchmark Design and Rationale

Robots that act in household environments require more than perception, navigation, and
low-level control. Many domestic tasks are open-ended: the goal is expressed in natu-
ral language, but the instruction does not explicitly contain all the knowledge needed for
execution. A command such as “tidy up the room” does not say where each object be-
longs; “set the table for dinner” does not list the required plate and cutlery; and “use a
tool to open this package” does not specify which object has the appropriate affordance.
Humans solve these problems by relying on commonsense knowledge about everyday
objects, their locations, their physical properties, and the temporal structure of actions.
RoboCSKBench targets this type of knowledge by focusing on embodied common-
sense, understood as the information an agent needs to interact appropriately with a dy-
namic everyday environment [44]. As introduced in Chapter 1, this connects background
knowledge to what an agent perceives and can do. The benchmark is positioned between
two evaluation traditions. Natural-language commonsense benchmarks test general rea-
soning abilities but are often detached from robotic action, whereas manipulation bench-
marks evaluate embodied execution while frequently assuming that the relevant common-

sense knowledge is already encoded in the task setup. RoboCSKBench fills part of this
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Table 3.1: Overview of the five tasks in RoboCSKBench, adapted from [44].

Task Reasoning capability  Question type Size

Tidy Up Object-location Generative ranking 383
commonsense

Tool Usage Affordance-based tool =~ Multiple choice 291
selection

Meta- Robot capability Single choice / 9,576

Reasoning assessment binary

Table Setting  Plate and cutlery Multiple choice / 200
prediction set prediction

Procedural Temporal step ordering  Single choice / 3,104

Knowledge binary

gap by asking whether a system can infer the background knowledge that a household
robot would need before acting.

The benchmark is organised as a multi-task framework because embodied common-
sense is not a homogeneous capability. Knowing where an object belongs differs from
identifying a suitable tool, and neither judgement determines whether a robot can phys-
ically perform an action. RoboCSKBench therefore defines five tasks: Tidy Up, Tool
Usage, Meta-Reasoning, Table Setting, and Procedural Knowledge. Each task isolates a
different form of embodied commonsense within a natural-language evaluation problem.

Table 3.1 summarises their reasoning capabilities, question formats and sizes.

3.2 Task Descriptions

3.2.1 Tidy Up: Object Placement

The Tidy Up task evaluates whether a system can infer where household objects are typi-
cally located or stored, a basic requirement for domestic robots since a robot cannot tidy
a room unless it knows the expected destination of objects that are out of place. The
task is therefore grounded in object—location commonsense. For example, a toothbrush
is normally associated with a bathroom, a saucepan with a kitchen, and a blanket with a
bedroom or closet.

The task is available in generative-ranking and multiple-choice formats. In the former,
the model receives an object and returns a ranked list of plausible household locations.
More than one answer may be acceptable: a mug, for example, may be associated with
a kitchen, cupboard, sink, or dishwasher, so the evaluation rewards systems that place
plausible locations near the top of the ranking. In the multiple-choice format, the sys-

tem instead selects the most plausible location from a fixed candidate set. Open ranking
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therefore measures generative breadth, whereas multiple choice measures discrimination

among the alternatives provided.

3.2.2 Tool Usage: Affordance-Based Tool Selection

The Tool Usage task evaluates affordance reasoning. In robotics, an affordance describes
what an agent can do with an object under a particular relationship between the object’s
properties, the agent’s capabilities and the environment [37]. A knife affords cutting,
a sponge affords absorbing, a hammer affords striking, and a container affords holding.
Such knowledge is essential for flexible action because a robot often receives a goal rather
than a fully specified tool choice. RoboCSKBench formulates this task as a multiple-
choice problem in which the system receives a task description and a list of candidate
objects. Only one candidate provides the affordance needed for successful execution, so
the model must infer that affordance from the description before selecting the correspond-
ing object. For instance, if the task requires wiping up liquid, the system should prefer an
absorbent object such as a sponge or cloth rather than an object that is merely common in

a kitchen.

3.2.3 Meta-Reasoning: Hardware Capability

The Meta-Reasoning task evaluates whether a system can decide if a robot with a given
hardware configuration is capable of executing a task. This is a form of self-assessment:
before acting, an autonomous robot should know whether its body is physically suitable
for the intended action. A stationary robot may not be able to perform a task requiring
navigation; a one-armed robot may fail at tasks requiring simultaneous bimanual manip-
ulation; and a low-degree-of-freedom arm may be insufficient for precise manipulation.
Each benchmark instance pairs a natural-language instruction with a robot configuration
describing its mobility, number of arms, degrees of freedom, gripper type, and gripper
rigidity [44]. The system must then decide whether that configuration is sufficient for
the task. In the binary format, each question asks whether one specified configuration
can execute the instruction, and the answer is positive only when all required hardware
capabilities are satisfied. Negative instances pair the same task with a configuration that
violates at least one requirement. In the single-choice format, several robot configurations

are presented and the system must select the one that is sufficient for the task.
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3.2.4 Table Setting: Cutlery and Plate Prediction

The Table Setting task evaluates whether a system can infer the appropriate plate and
cutlery for a meal. This task combines physical, cultural, and functional commonsense.
A soup is normally served in a bowl and eaten with a spoon; a steak requires a knife
and fork; sushi may require chopsticks; and a sandwich may be eaten by hand. The
correct answer depends on the physical form of the food, the cuisine, and table-setting
conventions. The task contains two subproblems. Plate prediction requires the system to
select one plate type, such as a dinner plate, dessert plate, bowl, or coupe plate. Cutlery
prediction is instead set-valued because several items may be appropriate for the same
meal. Unlike standard multiple choice, this formulation allows a system to be partially

correct when it predicts only some of the required items.

3.2.5 Procedural Knowledge: Temporal Step Ordering

The Procedural Knowledge task evaluates temporal reasoning over action sequences.
Household tasks often impose ordering constraints: in cooking, ingredients are usually
prepared before heating, an oven is preheated before baking, and food is plated before
serving. A robot that executes steps in the wrong order may fail even if it understands
each individual action. RoboCSKBench focuses on recipes. Each instance contains a
recipe title and two steps from that recipe and the system must determine their chronolog-
ical order, answering whether one step occurs before or after the other. This tests whether

the model understands the procedural role of each step, not just the surface wording.

3.3 Data Sources and Construction

RoboCSKBench draws on different data sources because its tasks require different forms
of commonsense evidence. These sources range from knowledge graphs and robotic ma-
nipulation datasets to recipe corpora and human judgements [44]. Table 3.2 relates each
task to its principal data sources and explains how those sources contribute to benchmark
construction.

For Tidy Up, the benchmark collects household objects and their typical locations.
CSKG and Ascent++ provide commonsense triples involving location relations, while
WordNet is used to filter objects and locations to household-relevant categories [14, 32,
29]. Microsoft COCO [24] contributes image-derived object-room associations, while
Al2Thor [17] and Housekeep [15] provide data already grounded in household simulation
or tidy-up tasks. Since the sources differ in reliability, the benchmark assigns higher trust

to curated task-specific resources and lower trust to automatically extracted knowledge-
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Table 3.2: Summary of the main data sources used to construct RoboCSKBench.

Task Main sources Construction role

Tidy Up CSKG, Ascent++, Extract object—location
Microsoft COCO, tuples and aggregate them
AI2Thor, Housekeep using source trust values.

Tool Usage CSKG, AI2Thor, COAT, Extract object—affordance

Narrative Objects, RoCS,  pairs and map affordance
Visual Affordance Dataset variants to canonical labels.
Meta- ALFRED, DROID, Extract task demonstrations
Reasoning RH20T, VirtualHome and corresponding robot
hardware configurations.
Table Setting Recipel M+ and Prolific Collect human judgements
for plate and cutlery

choices.
Procedural RecipeIM+ and Generate balanced
Knowledge GPT-40-assisted step temporal ordering
selection questions from recipe-step
pairs.

graph tuples. Duplicate tuples are merged, their trust values are accumulated, and low-
confidence tuples are filtered out. The final Tidy Up dataset contains 383 objects with at
least one associated location [44].

For Tool Usage, the benchmark constructs object—affordance pairs. Some sources ex-
plicitly describe affordances, while others describe object properties that must be mapped
to affordance labels. For instance, hollowness may support a contain affordance. The au-
thors normalize extracted affordances into representative labels, reducing lexical variation
such as heat and heating source. The final resource contains 557 unique objects, 3,222

object—affordance links, and 86 affordances that are used to create 291 task instances.

For Meta-Reasoning, the benchmark extracts task-hardware pairs from robotic ma-
nipulation benchmarks, including ALFRED [39], DROID [16], RH20T [10], and Virtu-
alHome [35]. Each source provides evidence that a particular hardware configuration can
execute a task. The raw extraction contains many closely related instructions, so the au-
thors cluster task sentences using sentence embeddings and select representative tasks.
For each cluster, they derive a minimal hardware configuration and generate negative
examples by pairing the same task with an insufficient configuration. This produces a
balanced set of 9,576 task-hardware combinations.

For Table Setting, the benchmark authors found no suitable textual dataset and there-
fore used crowdsourcing [44]. Recipes are sampled from Recipel M+ [26], and Prolific
participants are asked which cutlery items and plate type they would use. In total, 51

annotators provide these judgements. The authors aggregate plate labels by majority
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vote and include cutlery items that pass an annotation threshold. This is necessary since
table-setting conventions are partly cultural and are not readily represented in the existing
knowledge sources used by the benchmark.

The Procedural Knowledge data are also derived from Recipel M+ recipes [26]. GPT-
40 is used during construction to identify relevant step pairs, which are then manually
reviewed to remove unclear cases. The final questions are generated using before/after
templates and balanced across positive and negative answers. This final balancing oper-
ation is important because otherwise a model could exploit label frequency rather than

reason about temporal order.

3.4 Evaluation Metrics

Because RoboCSKBench contains different task formats, it cannot be evaluated with a
single metric. The benchmark therefore uses measures suited to classification, ranking,
and set-valued prediction [44].

Accuracy is used when each instance has a single correct answer. For N examples, it

18 defined as:

1 N
Accuracy = N Z I($; = vi), (3.4.1)
i=1

where y; is the predicted label, y; is the ground-truth label, and I is an indicator function.
Accuracy is easy to interpret, but by itself it does not distinguish false positives from false
negatives and is too strict for set-valued outputs.

For the Tidy Up generative task, RoboCSKBench uses ranking metrics rather than
simple exact-match accuracy. The model returns a ranked list of possible locations for an
object, and the prediction is compared against the set of ground-truth locations extracted
during dataset construction. The first metric is Mean Reciprocal Rank (MRR), defined as:

1Y 1

MRR = —
N ;{ rank;’

(3.4.2)

where rank; is the position of the first correct location in the ranked list for example i.
MRR is useful because it rewards systems that place at least one correct location near the
top of the list. This is appropriate for object placement, where several locations may be

plausible but the most typical ones should be ranked first.

However, MRR only considers the first correct answer and ignores the rest of the
ranked list. For this reason, the benchmark also reports mean average precision and mean

average recall at fixed cut-offs k € {1,3,5}. Precision at k measures how many of the first
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k predicted locations are correct:

L4 NL|

P@k =
k )

(3.4.3)
where L. is the set of the first k predicted locations and L is the set of ground-truth loca-
tions. Recall at kK measures how many of the ground-truth locations have been recovered

within the first k predictions:

_ |z‘1:k ﬂL|

R@k = (3.4.4)
L]

Averaging these values over all examples gives MAP@k and MAR@k. These met-
rics complement MRR: MAP@#k rewards precision in the top-ranked predictions, while
MAR @k rewards coverage of the possible correct locations. This distinction is impor-
tant because a system may rank one correct location first but still miss many other valid

locations.

For binary tasks, precision, recall, and F1 provide a more detailed view than accuracy.

They are defined as:
.. TP
Precision = ———, (3.4.5)
TP+ FP
TP
Recall = ——, (3.4.6)
TP+FN
F=2. Prec'is‘ion -Recall . (3.4.7)
Precision + Recall

These metrics are especially relevant for Meta-Reasoning. A false positive means the sys-
tem claims that a robot can perform a task when it cannot, which may be unsafe. A false
negative means the system rejects a feasible task, reducing autonomy. F1 summarizes the
balance between these two error types, although the individual precision and recall values

remain important for interpretation.

Jaccard similarity is used for the set-valued cutlery predictions in Table Setting. Given
a predicted set S and a ground-truth set S, it is defined as:

s o 1SN

J($,8) = BUsI (3.4.8)

This metric gives partial credit when the system predicts some, but not all, correct cutlery
items. It also penalizes over-generation: predicting every possible utensil increases the

union and lowers the score.

20



3.5. CONNECTION TO THIS THESIS

3.5 Connection to This Thesis

RoboCSKBench supports the investigation in this thesis because its tasks expose two dis-
tinct roles for symbolic structure. Tidy Up and Tool Usage depend strongly on factual
object knowledge, making them suitable for evaluating knowledge-base-grounded rea-
soning. Meta-Reasoning, Table Setting, and Procedural Knowledge instead require prop-
erties expressed in language to be mapped into a form on which explicit rules can operate.
These task groups provide the evaluation settings for Pipeline 1 and Pipeline 2, respec-
tively, without assuming that the same design will benefit every form of commonsense
reasoning.

The benchmark also supplies the input-output formats and metrics used to compare
the neuro-symbolic systems with their pure-LLM and pure-logic ablations. Its task taxon-
omy is retained in the out-of-distribution evaluation, allowing the later chapters to exam-
ine whether the observed behaviour persists when the vocabulary, conventions, or source
datasets change. The implementation and evaluation chapters describe these uses in de-

tail.

21



Chapter 4

Neuro-Symbolic Rule Learning via
LLM-Guided Induction

This chapter introduces the first of two neuro-symbolic frameworks developed in this
thesis, designed to address the Tidy-Up and Tool Usage tasks within the RoboCSK-
Bench [44]. By bridging the broad coverage of commonsense knowledge graphs (CSKGs)
with the semantic reasoning capabilities of large language models (LLMs), the proposed
pipeline learns interpretable Answer Set Programming (ASP) rules during an offline phase,

allowing them to be executed at runtime using the Clingo solver [12].

4.1 System Architecture
To achieve this, the architecture is partitioned into two phases (illustrated in Figure 4.1):

1. Offline Phase: A domain-specific knowledge base is constructed from raw CSKG
subgraphs, which are subsequently filtered and annotated with SOMA ontology
predicates using a local LLM; these annotations are then validated symbolically to
induce a set of general ASP rules that can generalize to objects not seen during
training. For example, during this phase the system might learn a rule such as “an
object with a CookwareRole that affords FoodPreparationTask belongs in the

kitchen” from training objects like pot and frying pan.

2. Online Phase: At runtime, the pipeline handles previously unseen test objects,
i.e., objects that were not part of the offline training set, by mapping their fea-
tures to the SOMA domain through a single LLLM query, followed by deterministic
symbolic inference in Clingo using the pre-learned rules. Continuing the example

above, if the test object wok is encountered at runtime, the LLLM annotates it with
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CookwareRole and FoodPreparationTask, and the previously learned rule fires

to derive goesIn(wok, kitchen).

To optimize computational efficiency, the workload is distributed across two distinct

model configurations:

e Llama 3.1:8b[13] (via Ollama, running locally) is used for semantic object filtering

and SOMA ontology annotation.

* Mistral Medium[30] (via the Mistral API) is used for rule induction during the

offline phase and online tie-breaking.

This model split optimizes computational cost since the lightweight, local Llama
model is sufficient for binary classification and feature annotation, whereas the more ca-
pable Mistral Medium model handles the complex logical induction and syntax required
to propose valid ASP rules.

4.2 Knowledge Base Construction

Constructing the offline knowledge base involves a four-stage pipeline: (1) extracting
relevant subgraphs from public commonsense knowledge graphs, (2) filtering the result-
ing concepts to isolate the household domain, (3) annotating the surviving objects with
SOMA ontology classes, and (4) validating these annotations symbolically using ASP

integrity constraints.

4.2.1 CSKG Subgraph Extraction for Tidy-Up

For the Tidy-Up task, this process begins with the extraction of a domestic-environment
subgraph from the ConceptNet partition of CSKG [40]. To establish a representative spa-
tial hierarchy, we execute a seed-based breadth-first traversal starting from 35 canonical
household room types (such as kitchen, bathroom, or garage), discovering objects and
their candidate locations by traversing only the /r/AtLocation relation, which encodes
spatial associations (e.g., knife AtLocation kitchen).

Starting from those seed rooms, we include in our domestic subgraph all objects reach-
able via one or two AtLocation hops. The two-hop strategy captures transitive spatial
relationships; specifically, it captures objects located inside furniture (hop 2) that is itself
located in a room (hop 1) (e.g., fork M drawer M kitchen).

In addition to spatial locations, we extract the relations /r/UsedFor, /r/HasProperty,

and /r/Capable0f from ConceptNet for the discovered objects. For the Tidy-Up task, all
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Offline Phase (Pre-deployment)

ConceptNet/CSKG

LLM Filtering & SOMA
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Online Phase (Inference Time) l

Unseen Object ( ASP Rule Learning ]
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Deterministic Symbolic
Inference

(Output / Prediction)

Figure 4.1: Architecture overview of Pipeline 1, demonstrating the interaction between
the offline rule-learning phase and the online inference phase. The offline phase uses
Llama 3.1:8b for semantic filtering and SOMA annotation, Mistral Medium for rule in-
duction, and Clingo for symbolic verification; the online phase uses Mistral Medium
for SOMA feature extraction and Clingo for rule-based inference. Blue nodes mark on-
line inference, unfilled nodes mark offline construction, and the orange cylinder is the
learned-rule store. Square-cornered boxes are inputs, rounded boxes are processing or
output stages, and the frames separate the two phases; solid and dotted arrows show data
flow and learned-rule transfer, respectively.
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three relations are sourced exclusively from ConceptNet, because the task centres on spa-
tial associations where ConceptNet provides the most reliable location-centric data; the
noisier Visual Genome annotations are reserved for the Tool Usage task where affordance
coverage is more critical. These additional relations are not used for graph discovery;
instead, they are preserved as raw text descriptions to enrich the semantic context passed
to the LLM during SOMA ontology annotation (Step 3).

Following extraction, URI labels are cleaned by removing articles ("a", "an", "the"),
converting to lowercase, filtering for ASCII compatibility, and normalizing whitespace.
The clean objects are stored in a JSON structure mapping them to their locations, source
provenance, taxonomic history, and triggering seed rooms (see Appendix A.l for an ex-

ample).

4.2.2 CSKG Subgraph Extraction for Tool Usage

For the Tool Usage task, the knowledge base is enriched by consolidating data from mul-
tiple CSKG partitions [14], incorporating both ConceptNet (CN) and Visual Genome
(VG) [19]. This extraction process operates via a three-phase pipeline tailored for tool-

affordance discovery:

* Phase 1 - Discovery. The pipeline performs a breadth-first search starting from
household room seeds via the /r/AtLocation relation in CSKG to discover can-

didate tools and their domestic contexts.

* Phase 2 - Affordance Extraction. For each discovered object, the system ex-
tracts tool-affordance properties using two specific relations: /r/UsedFor from
ConceptNet (e.g., broom UsedFor cleaning) and /r/Capable0f from both Con-
ceptNet and Visual Genome (e.g., knife CapableOf cutting). The resulting raw
affordance phrases are then normalised to a canonical vocabulary through a three-

tiered strategy:

— Direct matching: If the extracted raw phrase matches exactly one of the
86 verbs in the predefined canonical affordance set, derived from the ground-
truth affordance labels of the RoboCSKBench benchmark, it is accepted im-
mediately (e.g., matching the raw phrase “clean” directly to the canonical

label clean).

— Synonym and phrase mapping: If the raw phrase is not in the canonical
vocabulary, the system checks a manually curated mapping table that resolves
common synonyms or action descriptions to canonical affordances (e.g., map-

ping “drive in nails” — hammer, or “slice” — cut). This table was con-
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structed during development by analysing recurring synonym patterns in the
extracted CSKG phrases.

— First-verb fallback extraction: For more complex phrases, the system ex-
tracts the first verb in the phrase (e.g., reducing “cut cupboard” to the verb

cut) and checks whether it matches any canonical label.

* Phase 3 — Inheritance. For objects that lack extracted canonical affordances, the
system performs a one-hop taxonomic traversal using /r/IsA (restricted to Con-
ceptNet sources) and inherits affordances from the parent concept. Two safeguards
prevent noisy inheritance: (a) an explicit blocklist of overly generic parents (e.g.,
tool, object, device), and (b) a cardinality cap that skips parents yielding more than

two distinct canonical affordances.

The resulting tool knowledge base maps each household object to its canonical affor-
dances along with their source provenance (e.g., cskg: cn, cskg:vg, cskg:cn:inherited).

An example of the generated JSON structure is provided in Appendix A.2.

4.2.3 Semantic Object Filtering via LLM

Because public commonsense graphs contain a high degree of noise, the raw extracted
subgraphs initially include non-domestic or out-of-domain concepts, such as airplane,
whale, or casino. To clean the dataset, we implement a semantic filtering phase using a
local Llama 3.1:8b model to classify each object. This model is prompted with explicit
guidelines defining household categories to accept (such as food, utensils, appliances,
and tools) and out-of-domain categories to reject (such as non-domestic vehicles, wild
animals, and abstract concepts), using a deterministic temperature of 0.0 (the complete

system prompt is detailed in Appendix A.3.1):

* Accepted categories examples: food & drinks, utensils, appliances, clothing, toys,
personal care, tools, stationery, medication, household items, decorations, musical

instruments, safety equipment.

* Rejected categories examples: vehicles, weapons, wild animals, buildings, infras-

tructure, professions, abstract concepts, body parts, natural phenomena.

4.2.4 SOMA Ontology Annotation via LLM

To bridge the gap between unstructured commonsense text and structured, robot-interpretable

reasoning, each validated object is subsequently annotated with semantic features from
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Table 4.1: Statistics of object counts in the constructed knowledge bases before and after
filtering.

Task / Knowledge Base Initial Discovered Filtered / Kept Reduction (%)

Tidy-Up (ConceptNet) 1,346 645 52.08%
Tool Usage (CSKG) 2,823 1,561 44.70%

the SOMA (Socio-Physical Model of Activities) ontology [4]. This annotation phase as-
signs SOMA labels across three main dimensions:

1. hasPhysicalQuality — 23 labels capturing physical properties (e.g., RequiresCooling,
Perishable, Heated, Liquid, Granular, Heavy, Lightweight, Fragile, Rigid).

2. hasRole — 17 labels capturing functional roles (e.g., ConsumableRole, UtensilRole,

CookwareRole, ToolRole, CleaningToolRole, ApplianceRole, StorageContainerRole).

3. affordsTask — 12 labels capturing task affordances (e.g., FoodPreparationTask,

EatingDrinkingTask, MaintenanceTask, CleaningTask, HygieneTask).

To maximize annotation accuracy, the LLLM is guided by a few-shot prompt containing
reference annotations for various object categories, complemented by an explicit error-
correction section that lists common pitfalls encountered during development, as detailed
in Appendix A.3.2. It should be noted that the reference annotations used in the few-shot
examples may partially overlap with object categories present in the test set, which con-
stitutes a minor limitation of the prompting strategy: in principle, the reference examples

could provide indirect hints about the correct labels for some test objects.

4.2.5 ASP Integrity Constraints for Validation

Even with detailed prompting, the LLM occasionally produces annotations that contain
logical contradictions. To address this, we apply a symbolic validation step using Clingo
to enforce eight ASP integrity constraints, which automatically filter out or refine incon-

sistent object features:

1. Toxicity—Consumability exclusion: Toxic objects cannot have a ConsumableRole
or food-related affordances, with an exception for medical supplies (perishable con-

sumables that are neither cleaning nor maintenance items).

2. Container-Liquid exclusion: Storage containers cannot themselves be classified

as liquids (e.g., a bottle has HasContainer, but is not Liquid).

3. Fixture-Liquid exclusion: Furniture and appliances cannot be liquids.
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4. Solid-Food-Granular exclusion: Consumables that are both perishable and fragile

(solid food items) cannot be granular.

5. Non-cutting Utensil-Sharpness exclusion: Eating utensils (e.g., forks, spoons)

cannot be marked as sharp unless they also afford food preparation.

6. Cooling—Heating exclusion: Appliances marked as RequiresCooling orRequiresFreezing

cannot simultaneously be Heated.

7. Blade-Sharpness implication: Any object annotated with HasBlade must also be

annotated as Sharp.

8. Tool-Specific Quality restriction: IsRotary, HasAbrasiveSurface, and HasHeatElement

are restricted to objects with a ToolRole, UtensilRole, or ApplianceRole.

4.3 Inductive Logic Rule Learning

Once a logically consistent knowledge base has been established, the pipeline proceeds
to learn generalized ASP rules. While the methodology proposed is conceptually inspired
by Inductive Logic Programming (ILP) frameworks such as ILASP [20], standard ILP
solvers proved computationally intractable on our dataset; specifically, the high cardinal-
ity of SOMA features combined with the large volume of training examples caused tradi-
tional ILP systems to either exceed memory limits or time out. To circumvent these scal-
ability bottlenecks, we designed a hybrid, LLM-guided rule induction loop that leverages
Mistral Medium to propose candidate hypotheses and Clingo to verify them symbolically

against the training examples.

4.3.1 ILASP Example Generation

Before the rule induction loop can be executed, the validated knowledge base must be
compiled into an ILASP-compatible input format (. 1las) for both the Tidy-Up and Tool
Usage tasks. The mode declarations define the search space for learned rules by spec-
ifying the acceptable head and body predicates. For the Tidy-Up task, the head mode

declaration is:

* #modeh(goesIn(var(obj), const(location))) — maps an object variable to

a location constant.
For the Tool Usage task, the head mode declaration is:
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* #modeh (hasAffordance(var(obj), const(affordance))) — maps an object

variable to a canonical affordance constant.
For both tasks, the rule bodies are defined using SOMA feature predicates:

» #modeb(2, hasPhysicalQuality(var(obj), const(quality))) —uptotwo
physical quality conditions.

* #modeb(2, hasRole(var(obj), const(role))) — up to two role conditions.

* #modeb(2, affordsTask(var(obj), const(task))) — up to two task affor-

dance conditions.

The #maxv (1) directive restricts the hypothesis space to single-variable rules (universal
quantification over one object variable). This restriction is appropriate for the house-
hold domain because each benchmark question evaluates a single object independently;
cross-object relationships (e.g., spatial co-occurrence of two objects) are not part of the
task formulation, so multi-variable rules would only increase the search space without

improving expressiveness.

Constant Declarations. All distinct values observed in the training knowledge base are

declared as typed constants, as summarised in Table 4.2.

Table 4.2: Number of typed constants declared per task.

Task Locations / Affordances Physical Qualities Roles Task Affordances
Tidy-Up 24 locations 21 17 12
Tool Usage 86 affordances 21 17 12

Context-Dependent Training Examples. Within the ILASP formulation, training ex-
amples are modeled using a context-dependent structure where positive examples repre-
sent valid relationships occurring within the specific background knowledge context of an
object’s SOMA features. For the Tidy-Up task, these positive examples map an object to

its correct storage location:

#pos(eNQ@100, {goesIn(obj_name, location)l}, {}, {
obj(obj_name) .
hasPhysicalQuality(obj_name, ql1).
hasRole(obj_name, ril).
affordsTask(obj_name, t1).

.
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In first-order logic (FOL) notation, this positive example expresses the following super-
vised assertion: given the background context that an object possesses specific SOMA

features, the target relation should hold:
obj(o) A hasPhysicalQuality (o, g ) A hasRole(o, r;) A affordsTask(o,#;) = goesIn(o, /)
A learned rule that covers this example would take the general form:
Vx. obj(x) A hasPhysicalQuality(x,q; ) AhasRole(x,r;) = goesIn(x, ¢)

For the Tool Usage task, the positive examples take a corresponding form:

#pos(eN@100, {hasAffordance(obj_name, affordance)}, {}, {
obj(obj_name) .
hasPhysicalQuality(obj_name, ql).
hasRole(obj_name, ril).
affordsTask(obj_name, t1).
.

Conversely, negative examples are generated implicitly under a closed-world assump-
tion by identifying locations or affordances that are not associated with the object in the
knowledge base. These are represented with an empty positive set and a non-empty neg-
ative set, and they are assigned a lower weight (e.g., 10) to account for the potential noise

inherited from the initial CSKG graph extraction phase:

#pos(eN@10, {}, {goesIn(obj_name, incorrect_location)}, {
obj(obj_name) .
. SOMA BK context ...
H.

The generated . 1as file contains approximately 2,800 to 8,500 examples for the Tidy-
Up task (depending on the negative sampling ratio), and approximately 2,011 examples
for the Tool Usage task.

4.3.2 LLM-Guided Rule Induction with Clingo Verification

The core algorithmic contribution of this pipeline is the generate-and-test loop, which
pairs Mistral Medium as a hypothesis generator with Clingo as a verification oracle (the
complete system prompt is provided in Appendix A.3.3). Taking the Tidy-Up task as a

concrete example, the pipeline executes the following iterative steps:
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Step 1: Focus-Object Selection. To prevent the LLM from generating overly specific
rules that fail to generalize, the system isolates the positive examples for a target location
¢ that are not yet covered by any previously accepted rule. From this uncovered set, a
single focus object is selected, prioritizing the object annotated with the largest number
of SOMA facts to provide a rich feature set, with ties broken alphabetically. Positive
examples that repeatedly fail rule induction are temporarily deprioritized to prevent the

generator from stalling on outlier cases.

Step 2: LLM Rule Proposal. Using the selected focus object as a concrete target, Mis-
tral Medium is prompted to generate a candidate rule. To guide the generator, the prompt
contains the ILASP mode declarations defining the search space, the focus object’s com-
plete SOMA annotations (which prevents the LLM from hallucinating rules referencing
non-existent feature combinations), the set of previously accepted rules to avoid redun-

dancy, and the remaining uncovered positive examples to encourage generalization.

Step 3: Clingo Verification. Once a candidate rule r is proposed, it is evaluated by
Clingo against the entire training set. During this step, Clingo computes two coverage
metrics: the positive coverage (the set of true positives correctly derived by the rule) and
the negative coverage (the set of false positives derived by the rule). Here, false positives
are defined under the closed-world assumption: if a training object o is associated with
ground-truth locations {/;,1, }, any derived relation goesIn(o,l3) where I3 ¢ {I1,l,} counts
as a violation. A proposed rule is accepted only if it successfully covers at least one new
positive example without exceeding a configurable false-positive threshold (which is set

to zero in the default configuration to enforce strict correctness).

Step 4: Iterative Refinement. This generate-and-test sequence repeats iteratively with
newly selected focus objects. The loop terminates for a given target when all positive ex-
amples are successfully covered, when the LLM fails to propose an acceptable rule for a
predefined number of consecutive iterations, or when a maximum iteration cap is reached.
Once terminated, the induction process advances to the next location or affordance, ulti-

mately accumulating the global rule set.

4.3.3 Rule Pruning and Minimalization

Following the induction phase, the raw rule set is processed through an algorithmic prun-
ing phase to eliminate redundant body literals from the learned rules. This optimization

runs as a greedy backward-elimination:

1. For each accepted rule r composed of a head / and a set of body literals {by,...,b,}:
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2. For each literal b; tested sequentially:

(a) A candidate rule r is constructed by removing b;, yielding ¥’ = h < {b1,...,b;_1,bi11,. ..

(b) The candidate rule 7 is evaluated against the training set via Clingo.

(c) If 7 introduces no new negative coverage (indicating that the false-positive set
remains unchanged or decreases) and the positives stay the same, the literal b;

is flagged as redundant and is permanently removed.
3. This cycle iterates until no further literals can be removed from any rule.

By removing non-essential conditions, this pruning phase yields minimal rules where
every remaining body literal is strictly necessary to prevent false positives. This makes the
final rule set not only more human-interpretable but also more robust against overfitting
to co-occurring features in the training data. Examples of the resulting pruned rules are

shown in Figure 4.2.

% --- kitchen ---

goesIn(X, kitchen) :- obj(X),
hasPhysicalQuality (X, heated),
hasRole(X, cookwareRole),
affordsTask(X, foodPreparationTask).

goesIn(X, kitchen) :- obj(X),
hasRole(X, consumableRole),
affordsTask(X, eatingDrinkingTask).

% --- bedroom ---

goesIn(X, bedroom) :- obj(X),
hasRole (X, beddingRole).

goesIn(X, bedroom) :- obj(X),
affordsTask(X, sleepingTask).

Figure 4.2: Examples of learned, pruned ASP rules for the tidy-up task. Each rule derives
a goesIn/2 predicate from SOMA features.

4.4 Online Inference Phase

During the online execution phase, the pipeline predicts storage locations or tool choices
for previously unseen objects from the RoboCSKBench. Although both tasks rely on

SOMA feature mapping, they employ distinct reasoning strategies at runtime.

32



4.4. ONLINE INFERENCE PHASE

4.4.1 Inference for Tidy-Up

For the Tidy-Up task, inference proceeds sequentially:

1. SOMA Feature Extraction: The online phase begins by querying the LLM (Mis-
tral Medium) to annotate the unseen object with SOMA classes, using the identical
prompt schema employed during the offline training phase (Appendix A.3.2) to

guarantee feature space consistency.

2. Fact Generation: The SOMA annotation is translated directly into ASP facts (e.g.,
hasRole (hammer, toolRole).).

3. Clingo Inference: Clingo evaluates these facts against the offline-induced rule set,

deriving a set of candidate locations.

4. Specificity-Weighted Ranking: If Clingo derives multiple candidate locations,
they are ranked based on the specificity of the rules that fired. The specificity score
is determined by the number of body literals in each active rule, under the assump-

tion that rules with more conditions represent stronger, more specific evidence.

5. Tie-Breaking and Fallback Re-Ranking: In the event of tied specificity scores,
the LLM is invoked a second time to re-rank the tied locations based on semantic
plausibility. Alternatively, if Clingo fails to derive any location because no rule
fires, the system falls back to a direct, zero-shot LLM prediction. In practice, a
diagnostic analysis on the Tidy-Up test set shows that Clingo provides location
hints in approximately 78% of cases, while the remaining 22% require the LLM-
only fallback path.

4.4.2 Inference for Tool Usage

Conversely, the Tool Usage task employs a task-driven selection strategy:

1. Affordance Extraction: The system extracts the required affordance from the
user’s natural language task description using zero-shot Chain-of-Thought (CoT)

reasoning.

2. SOMA Feature Extraction & Symbolic Matching: The candidate tools’ SOMA
features are annotated using Mistral Medium (following the prompt in Appendix A.3.2)

and matched symbolically against the learned hasAffordance rules in Clingo.
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3. Synonym Expansion: To handle lexical variation in the user’s task descriptions,
symbolic matching is augmented by a synonym expansion step that groups seman-
tically equivalent verbs (such as grouping cut, chop, and dice into a single equiv-

alence class).

4. Tie-Breaking & Pre-Filtering Fallback: If multiple tools match the required af-
fordance symbolically, the LLM is used to break the tie. In contrast, if no tool
matches, the system applies a SOMA-hint pre-filter to narrow the choices before
falling back to direct LLM selection.
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Chapter 5

Runtime Neuro-Symbolic Reasoning
with SWI-Prolog

This chapter presents the second of the two pipelines developed in this thesis. Unlike
Pipeline 1, which constructs symbolic rules through an offline induction loop (see Chap-
ter 4), Pipeline 2 adopts a fundamentally different paradigm: rather than learning persis-
tent rules from data, it performs runtime neuro-symbolic reasoning by coupling Mistral
Medium (accessed via the Mistral API) with the SWI-Prolog logic engine at inference
time. Under this design, the LLM is responsible for transforming unstructured natural-
language input into structured symbolic facts, while Prolog applies hand-crafted domain
rules to those facts to derive a decision. The approach eliminates the need for a training
phase entirely and, crucially, allows the same pipeline to be applied to all five tasks of
the RoboCSKBench [44], Tidy Up, Tool Usage, Meta-Reasoning, Table Setting, and Pro-
cedural Knowledge, without modifying the neural component or fine-tuning any model.
As established in Chapter 1, the two pipelines are retained because broader task coverage
does not answer Pipeline 1’s separate question about partially automated rule acquisition;

their comparative trade-offs are revisited in Section 6.4.

5.1 Architecture Overview

The central design principle of Pipeline 2 is the decomposition of commonsense reasoning
into two complementary competences: the neural competence of the LLM, which excels
at semantic interpretation of natural language, and the symbolic competence of Prolog,
which provides deterministic rule application. At inference time, the LLM produces a
set of typed boolean or categorical facts, and Prolog consumes those facts to derive a
decision.

The implementation of this principle differs substantially across the five benchmark
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tasks, giving rise to two distinct architectural families. The distinction is not merely one
of implementation detail but it reflects a fundamental difference in the locus of the final

decision and in whether the pipeline requires access to an external knowledge base.

5.1.1 Family A: KB-Grounded Neuro-Symbolic Loop

The first architectural family governs the Tidy Up and Tool Usage tasks. These tasks
share the property that the correct answer depends not only on the semantic interpretation
of the query but also on factual knowledge about specific household objects that cannot
be derived from the task description alone. In fact, determining that a hammer is the
correct tool for a task requiring the hammer affordance, for instance, presupposes knowing
that hammers possess that affordance , knowledge that must be retrieved from an object-
affordance knowledge base rather than inferred from context.

While Family A addresses the same two tasks as Pipeline 1 (Chapter 4), the two differ
fundamentally in their symbolic strategy. Pipeline 1 learns ASP rules offline from data
via an LLLM-guided induction loop and applies them at runtime using Clingo; Family A,
by contrast, uses hand-crafted Prolog rules with no offline training phase and performs all
reasoning at inference time by coupling an LLM extraction step with a Prolog candidate-
selection step. This makes Family A simpler to deploy and extend to new tasks, whereas
Pipeline 1 offers automated rule acquisition at the cost of annotation sensitivity.

To address the need for external knowledge, Family A implements a loop with up to

three phases, as illustrated in Figure 5.1:

1. Neural Phase 1 (Semantic Extraction). The LLM analyses the natural-language
query and extracts a structured semantic descriptor. For 7idy Up, this descriptor
is the canonical location type to which the queried object belongs (e.g., kitchen,
bathroom); for Tool Usage, it is the canonical physical affordance required by the

task description (e.g., cut, hammer).

2. Symbolic Phase (Prolog Candidate Selection). The extracted descriptor is matched
against a task-specific knowledge base (described in Section 4.2). For each candi-
date answer provided by the benchmark question, the Python driver program as-
serts Prolog facts encoding the candidate’s name (e.g., candidate (kitchen)), its
knowledge-base-derived properties (e.g., has_location/2 orhas_affordance/2),
and whether those properties are confirmed by the underlying commonsense knowl-
edge graphs — ConceptNet for Tidy Up, or ConceptNet and Visual Genome for 7ool

Usage — via the kb_confirmed/2 or cn_confirmed/2 facts.

3. Neural Phase 2 (Grounded Disambiguation). If the symbolic phase cannot uniquely

resolve an answer (i.e., it returns ambiguous or none), the LLM is re-invoked with
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knowledge-base exemplars injected into the prompt to provide grounding context
for the final selection. This third phase is task-specific and is described in detail in
Sections 5.2.1 and 5.2.2.

The key property of this architecture is that the knowledge base acts as a bridge be-
tween the two neural phases: the LLM’s initial extraction identifies what kind of knowl-
edge is needed, the KB supplies it, and the Prolog engine determines whether that ev-
idence is sufficient for a deterministic answer or whether neural disambiguation is re-

quired.

5.1.2 Family B: Direct LLM-to-Prolog Reasoning

The second architectural family governs the Meta-Reasoning, Table Setting, and Proce-
dural Knowledge tasks. Unlike Family A, these tasks do not query a local, structured
database file at runtime. Instead, the final decision is derived from semantic properties
extracted directly from the query. For Meta-Reasoning and Procedural Knowledge, these
properties are specified or implied directly in the input text (e.g., kinematic capabilities
or recipe steps). For Table Setting, however, properties such as whether a dish is “Asian
cuisine” or “needs cutting” sit on the boundary: while the pipeline does not query an
external database file, it relies on the LLLM to map its latent parametric world knowledge
into a strict symbolic domain.

Family B therefore implements a simpler two-phase pipeline:

1. Neural Phase (Property Extraction). The LLM analyses the input and produces
a structured JSON dictionary of boolean or categorical semantic properties. The
property schema is defined in the system prompt, which also provides few-shot

examples with chain-of-thought reasoning to calibrate extraction accuracy.

2. Symbolic Phase (Prolog Rule Application). The extracted properties are dynam-
ically asserted as Prolog facts and passed to a hand-crafted Prolog program, which
derives the final answer deterministically. Crucially, the Prolog output is the fi-
nal answer since there is no second LLM invocation. Automating the synthesis of
these task-specific Prolog programs, for instance through program induction from

examples, constitutes an interesting direction for future work.

5.2 Task-Specific Implementations

The following sections describe how the two architectural families are instantiated for

each of the five benchmark tasks. Each description follows a consistent structure: the
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Figure 5.1: Architecture of Family A (KB-Grounded Neuro-Symbolic Loop), illustrating
the interaction between the LLLM, the knowledge base, and the Prolog reasoner for the
Tidy Up and Tool Usage tasks. Blue boxes mark LLM or Python steps; orange boxes
and the cylinder mark Prolog-side operations and the task-specific knowledge base; grey
boxes are intermediate data; yellow diamonds are decisions; and rounded white boxes are
inputs or final answers. The orange frame denotes the symbolic phase, and dotted arrows
show knowledge-base evidence supplied to the final LLM.
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Figure 5.2: Architecture of Family B (Direct LLM-to-Prolog Reasoning), illustrating the
simpler two-phase pipeline used for the Meta-Reasoning, Table Setting, and Procedural
Knowledge tasks. As in Figure 5.1, blue rectangles denote LLM and Python processing
steps, orange rectangles denote Prolog facts and reasoning, grey rectangles denote struc-
tured intermediate data, and rounded white boxes denote the input and final answer. The
orange enclosure identifies the symbolic phase.

39



CHAPTER 5. RUNTIME NEURO-SYMBOLIC REASONING WITH SWI-PROLOG

neural extraction step is presented first, followed by the symbolic reasoning phase, with

task-specific design choices explained where they arise.

5.2.1 Tidy Up — Location KB and Prolog Location Selector

The Tidy Up task requires the system to predict the correct storage location for a household
object. It is evaluated in two distinct modalities: a closed-world multi-choice format
and an open-ended generative format; the interaction between the neural and symbolic

components is tailored accordingly.

Multi-Choice (Closed-World) Format

In the closed-world format, the system must select the correct storage location from a
small set of candidate options provided by the benchmark. The pipeline proceeds through

three sequential phases:

* Neural Phase 1 (Semantic Extraction). The LLM processes the natural-language
query and extracts a canonical location type from a 24-entry predefined vocabulary
(e.g., kitchen, bathroom), using a synonym normalisation table that maps variant
location names to canonical forms — including lowercasing, whitespace standard-
isation, and resolving lexical variations (e.g., washroom — bathroom, living room

— living_room) (the location extraction prompt is detailed in Appendix A.4.1).

* Symbolic Phase (Prolog Candidate Selection). For each candidate location, the
Python program asserts four types of Prolog facts (the Prolog candidate selector

rules are detailed in Appendix A.5.1):

— candidate(Location) — the candidate’s name;

— has_location(Location, Canon) — its canonical type after synonym nor-
malisation, where Canon refers to the normalised location category (one of 24
predefined labels such as kitchen, bathroom, or garage) obtained by map-

ping synonymous location names to a single canonical form;

— kb_confirmed(Location, Canon) — asserted only if the knowledge base

confirms that the queried object is associated with this location type;

— required_canonical (Canon) — the canonical type inferred by the LLM.

The Prolog reasoner then applies a four-tier priority scheme: (1) a unique KB-
confirmed match is selected with confidence kb_unique; (2) a unique canonical

match (regardless of KB confirmation) is selected with confidence unique; (3) if
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multiple candidates match, SELECTED=ambiguous is output along with the full
matching set; and (4) if no candidate matches, SELECTED=none is output. Both
kb_unique and unique result in a deterministic selection without requiring Neural
Phase 2; the distinction between them is preserved for downstream confidence log-
ging and evaluation, as a KB-confirmed match carries stronger evidential support

than a purely canonical match.

* Neural Phase 2 (Grounded Disambiguation). This phase is invoked only in the
ambiguous and none cases (i.e., tiers 3 and 4 above). The LLM is re-invoked with
KB exemplar objects associated with the target location injected into the prompt
(e.g., “Objects typically found in the kitchen include: pot, pan, spatula, toaster”),

providing structured grounding context for the final selection.

Open-Ended (Generative) Format

In the open-ended generative format, no candidate options are provided, and the system
must produce and rank the most likely storage locations from scratch. Since there is
no closed candidate set, the Prolog reasoner cannot perform direct candidate selection
and instead, the knowledge base is leveraged through a hybrid context-injection and re-

ranking mechanism:

* Contextual Hint Injection. The Python program queries the ConceptNet knowl-
edge base for the target object. If locations are found, up to five normalised typical
locations are injected into the LLM prompt as a structured hint (e.g., “Knowledge

base hint: “'mug’ is typically found in: kitchen”).

* Grounded LLM Generation. The LLM generates a ranked list of predicted loca-

tions informed by both its parametric knowledge and the injected KB context.

* Symbolic KB Re-ranking. A normalisation step maps the LLM’s raw predictions
to ground-truth-compatible short forms. Any location confirmed by the ConceptNet
knowledge base is then promoted to the front of the ranked list, preserving the
original KB order, while the remaining LLM-generated locations are appended.
This hybrid ranking ensures that verified commonsense locations are prioritised at

the top of the list without restricting the generative flexibility of the model.

5.2.2 Tool Usage — Affordance KB and Prolog Tool Selector

The Tool Usage task presents only one evaluation format: multi-choice questions in which
the system must select the most appropriate tool for a given task description from a set of

candidate tools.
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* Neural Phase 1 (Affordance Extraction). The LLM receives the task descrip-
tion and extracts the single most relevant physical affordance from a canonical vo-

cabulary of 86 labels (e.g., cut, drill, mix) (the affordance extraction prompt is
detailed in Appendix A.4.2).

* Symbolic Phase (Prolog Candidate Selection). The Prolog interface mirrors the
Tidy Up reasoner in structure (detailed in Appendix A.5.2). For each candidate tool,
the Python driver program (which orchestrates the interaction between the LLM and

the Prolog engine) asserts:

— candidate(Tool) — the tool’s name;

— has_affordance(Tool, Affordance) — each affordance associated with
the tool in the knowledge base, expanded through 37 manually curated syn-

onym groups (e.g., cut/chop/dice/slit);

— cn_confirmed(Tool, Affordance) — asserted when the affordance link

is confirmed by ConceptNet provenance data;

— required_affordance (Affordance) — the affordance extracted by the LLM.

The selection logic is structurally identical to the 7idy Up reasoner: it prioritises
ConceptNet-confirmed unique matches, falls back to any unique match, and sig-
nals ambiguous or none when deterministic selection is not possible. When the
symbolic phase cannot resolve a unique answer, the LLM is re-invoked with KB
exemplar tools associated with the required affordance injected as grounding con-
text, a mechanism analogous to the disambiguation step described for 7idy Up in
Section 5.2.1.

5.2.3 Meta-Reasoning — Robot Capability Axioms in Prolog

The Meta-Reasoning task assesses whether a given robot hardware configuration can
physically execute a given household task. It is evaluated in two formats: a binary classi-
fication (can the robot execute the task?) and a multi-choice selection (which of the can-
didate robot configurations is most appropriate?). Because the relevant features, which
are task requirements and robot capabilities, are both fully specified in the input, this task
is handled by the simpler Family B pipeline, with no recourse to an external knowledge
base.

Neural Phase: Task Requirement Extraction. Given a natural-language task descrip-
tion (e.g., “slice a tomato on a cutting board”), the LLM produces a JSON dictionary with

six boolean physical requirements (the extraction prompt is detailed in Appendix A.4.3):
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1. needs_grasping — whether the task requires lifting an object completely into the

air, as opposed to pushing or sliding.

2. needs_precision — whether the task involves highly constrained multi-axis ro-

tations (e.g., inserting a key, threading a needle).

3. needs_mobility — whether the robot strictly requires a mobile base, under the

assumption that it is always positioned within arm’s reach of all relevant objects.

4. needs_bimanual — whether the task absolutely requires two arms working simul-

taneously with no passive surface support.
5. needs_contact — whether the robot must physically touch anything.

6. needs_rigid_grip — whether the object is heavy or resistive, requiring a firm

rigid grip.

The system prompt contains detailed disambiguation guidelines and six worked ex-
amples with chain-of-thought reasoning to calibrate the model’s judgement. Particular
care is taken for easily confused properties: for instance, the prompt instructs the model
to output false for needs_bimanual when stirring a pot, since stirring is inherently a

single-arm action that does not require simultaneous manipulation with both hands.

Symbolic Phase: Prolog Capability Matching. The robot’s hardware configuration is
encoded as five Prolog facts (robot_mobile/1, robot_arms/1, robot_dof/1, robot_gripper_type/
and robot_rigid/1), while the task requirements are asserted in a symmetric manner.
The Prolog reasoner (detailed in Appendix A.5.3) defines two predicates for binary and

multi-choice evaluation respectively:

* can_execute (relaxed)—used for binary classification. It checks that the robot
satisfies each requirement: a mobile base if mobility is needed, at least one arm
with a gripper if grasping is needed, at least 7 degrees of freedom (DoF) if precision
is needed, two arms if bimanual manipulation is needed, a rigid grip if rigidity is

needed, and a minimum of 3 DoF for any contact task.

e can_execute_strict (strict)—used for multi-choice selection, applying tighter
thresholds to discriminate between configurations that all satisfy the basic require-

ments.

An additional explain_deficiencies predicate generates a diagnostic certificate

listing specific capability failures (e.g., insufficient_dof (7,4), missing_gripper),
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which supports interpretable error analysis. For multi-choice questions, the candidates
that pass the capability check are further ranked by a heuristic score rewarding more
arms (x 1000), higher DoF (x100), the presence of a gripper (4+50), and mobility (+30),

ensuring that the most capable valid configuration is selected.

5.2.4 Table Setting — Meal Property Extraction and Prolog Cutlery
Rules

The Table Setting task requires the system to predict the appropriate cutlery set and plate
type for a given meal. Ground truth is established through crowdsourced human annota-
tions from 51 annotators: cutlery items endorsed by at least 10 out of 51 annotators are

included in the reference set, and the plate type is determined by plurality vote.

Neural Phase: Meal Property Extraction. Given only the meal name, the LLM pro-

duces a JSON dictionary with nine boolean culinary properties (the extraction prompt is

detailed in Appendix A.4.4): is_soup_or_broth (predominantly liquid), is_handheld_food

(eaten by hand), needs_cutting (contains large solid pieces requiring cutting at the ta-

ble), is_asian_cuisine (traditional East/Southeast Asian dish where chopsticks are ap-

propriate), is_long_noodles (features long strands of pasta or noodles), has_sauce_or_small_pieces
(loose scoopable elements such as rice or beans), is_dessert (a sweet baked good or

dessert), is_skewer_food (served on a skewer), and is_tongs_food (requires tongs

to eat). The system prompt includes seven worked examples addressing common edge

cases, such as distinguishing baked casseroles from scoopable bowl meals and classify-

ing Vietnamese sandwiches as handheld rather than chopstick cuisine.

Symbolic Phase: Prolog Cutlery and Plate Rules. The Prolog reasoner (detailed in
Appendix A.5.4) implements two complementary rule sets. The cutlery rules map meal
properties to a subset of seven possible utensils (Hands, Tongs, Knife, Fork, Skewer,
Chopsticks, Spoon): soups trigger Spoon and Bowl; handheld foods trigger Hands and
Dinner Plate; meals requiring cutting trigger both Knife and Fork; Asian cuisine triggers
Chopsticks, with Fork added for long-noodle dishes; and the default for unlabelled meals
is Fork on a Dinner Plate. The plate rules follow a priority cascade: Bowl for soups and
scoopable dishes, Dessert Plate for desserts, Coupe Plate for assembled dishes, and Dinner
Plate as the default. The Prolog program outputs structured tokens (CUTLERY=[. . .] and
PLATE=. . .) that the Python program parses to produce the final prediction.
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5.2.5 Procedural Knowledge — Temporal Property Extraction and

Prolog Step Ordering

The Procedural Knowledge task tests temporal reasoning about recipe execution. Given
a recipe title and two candidate steps, the system must determine which step occurs first.
Also in this case we have two different types of questions: the binary evaluation format
poses four balanced questions per recipe pair (“Did A occur before B?”, “Did B occur be-
fore A?”, “Did B occur after A?”, “Did A occur after B?”), while the multi-choice format

asks the system to select the correct predecessor or successor from a list of candidates.

Neural Phase: Step Property Extraction. The LLM receives the recipe title and both
steps simultaneously and produces a JSON dictionary with six properties per step (the

extraction prompt is detailed in Appendix A.4.5):

1. cooking_phase — a categorical label from an 11-phase cooking ontology de-
signed specifically for this thesis to capture the canonical temporal progression of
recipe execution: preheating, prep, mixing, marinating, heating, cooking,
assembly, resting, cooling, finishing, serving. The ordering of these phases
was informed by standard culinary workflows and validated empirically against the

benchmark’s recipe corpus.
2. requires_heat — whether the step involves applying heat.

3. is_final_step — whether the step is one of the very last actions in the recipe

(serving, plating, garnishing).

4. transforms_state — whether the step fundamentally changes the physical state
of the food.

5. depends_on_other — whether this step logically requires the other step to have

been completed first.

6. belongs_to_recipe — whether the step plausibly belongs to the specified recipe,

used to filter distractor steps in multi-choice questions.

Symbolic Phase: Prolog Temporal Ordering. The Prolog reasoner (detailed in Ap-
pendix A.5.5) implements six prioritised rules for determining whether Step A precedes

Step B, applied in decreasing order of evidential strength:

1. Phase-based ordering : if the two steps belong to different cooking phases, the

step in the earlier phase in the 11-level hierarchy comes first.
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2. Dependency-based ordering: if Step B explicitly depends on Step A’s output, then
A comes first.
3. Reverse dependency: if Step A depends on Step B, then comes_before fails.
4. Final-step heuristic: a non-final step always precedes a final step.

5. Heat progression: within the same phase, a step not requiring heat precedes one
that does.

6. State transformation: within the same phase, a step that does not transform the

physical state of the food precedes one that does.

A validity gate (valid_steps) ensures that both steps belong to the specified recipe
before any ordering rule fires, preventing spurious orderings when a distractor step from

an unrelated recipe is presented in multi-choice questions.
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Chapter 6
Experimental Evaluation

The preceding chapters introduced two neuro-symbolic pipelines that integrate large lan-
guage models with symbolic reasoning engines, though in fundamentally different ways.
Pipeline 1 (Chapter 4) couples an LLM with ILASP-style ASP rule induction, learning
symbolic rules from data; Pipeline 2 (Chapter 5) couples it with hand crafted SWI-Prolog
programs, encoding domain knowledge by hand. Despite their architectural differences,
both pipelines are designed to test a shared hypothesis: whether augmenting neural lan-
guage models with structured symbolic reasoning can reliably improve commonsense
reasoning performance in household robotics.

Whether this hypothesis holds, and under what conditions, cannot be settled by archi-
tectural arguments alone. The interaction between neural flexibility and symbolic rigidity
is difficult to predict a priori since a knowledge base might help a weak model yet be re-
dundant for a strong one, or a rule system might excel on constrained tasks while hurting
performance on open ended ones. Empirical evaluation is therefore essential. Specifically,
this chapter addresses RQ1-RQ3, introduced in Chapter 1:

RQ1 Does a neuro-symbolic pipeline outperform a matched pure-LLM baseline, and

how does this effect vary across tasks and answer formats?

RQ2 To what extent does the symbolic layer compensate for differences in neural model

capacity?

RQ3 What do neural-only and symbolic-only ablations reveal about the contribution and

limitations of each component?

The evaluation is primarily conducted on Pipeline 2, which covers all five tasks of
the RoboCSKBench [44]. Where Pipeline 1 results are available (Tidy Up and Tool Us-
age), they are discussed comparatively to illuminate the trade-offs between learned and

hand-crafted symbolic reasoning. This overlap is methodologically useful rather than
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redundant: Pipeline 2 establishes breadth, while Pipeline 1 tests whether part of the rule-
acquisition process can be automated. The chapter is organised as follows: Section 6.1
describes the models, ablation design, and evaluation metrics; Section 6.2 presents the
per-task results; Section 6.3 synthesises cross-cutting patterns and Section 6.4 discusses

implications, limitations, and design principles.

6.1 Experimental Setup

6.1.1 Models and Configurations

All experiments use models from the Mistral family, accessed through the Mistral API
with temperature set to 0.0 to ensure deterministic, reproducible outputs. Three model

sizes are evaluated:

* Mistral Large (123B parameters, dense architecture; accessed viamistral-large-latest):

the highest-capacity model, serving as a neural ceiling.

* Mistral Medium (parameter count undisclosed by Mistral Al, widely estimated at

64-70B; accessed viamistral-medium-latest): an intermediate-capacity model.

* Mistral Small (24B parameters, dense architecture; accessed viamistral-small-latest):
the smallest model, included specifically to test whether the symbolic layer can

compensate for limited model capacity.

All models receive the same task-specific system prompt within each task and configura-
tion; the prompt differs across tasks because each requires a different structured output.
The complete Pipeline 2 prompts are reproduced in Appendix A.4. The rationale for eval-
uating three sizes is straightforward: by holding the symbolic component constant and
varying only the neural component, we can distinguish between two modes of improve-
ment. If the symbolic layer provides a roughly constant gain regardless of model size,
the improvement is additive meaning that the symbolic module contributes information
that no amount of scaling provides. If, instead, the gain is larger for weaker models and
diminishes for stronger ones, the improvement is compensatory indicating that the sym-
bolic layer substitutes for the parametric knowledge that a larger model already encodes

internally.

6.1.2 Ablation Study Design

To attribute performance to the individual components of the pipeline, we employ a three-
way ablation. Each configuration isolates a different contribution, and together they an-
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swer the question of whether improvement stems from neural extraction, symbolic rea-

soning or their interaction.

Full Pipeline

This configuration consists of the complete neuro-symbolic architecture described in Sec-
tions 5.1.1 and 5.1.2. For Family A tasks (Tidy Up, Tool Usage), this includes: (1) LLM
semantic extraction, (2) Prolog candidate selection with KB grounding, and (3) LLM dis-
ambiguation when Prolog cannot uniquely resolve. For Family B tasks (Meta-Reasoning,
Table Setting, Procedural Knowledge), this includes: (1) LLM property extraction and

(2) deterministic Prolog rule application.

Pure LLM

The Prolog reasoner and all knowledge-base lookups are bypassed entirely and the LLM
directly produces the final answer from the raw input. This ablation establishes the base-
line performance achievable through the LLM’s parametric knowledge alone and it serves
as a critical reference point because, if the full pipeline fails to exceed this baseline, then
it means that the symbolic layer adds no measurable value. Instead, where it does exceed

the baseline, the margin quantifies the symbolic layer’s contribution.

Pure Logic

In this case we replace the LLM with a keyword based heuristic extractor. Simple key-
word matching maps input tokens to the same property schema that the LLM would pro-
duce and the Prolog reasoner operates on these keyword-derived facts. This ablation
reveals the Prolog rules’ dependence on the quality of the input they receive: a high Pure
Logic score would indicate that the hand crafted rules are well calibrated to the bench-
mark and that the task’s input vocabulary maps cleanly onto the property schema, making
neural semantic understanding unnecessary. On the other hand, a low score would indi-
cate that the rules are only as good as the facts they receive, that semantic extraction is

the bottleneck, not symbolic inference.

6.1.3 Benchmark and Metrics

All experiments are performed on the RoboCSKBench [44]. The benchmark includes
three zero-shot baselines without symbolic augmentation: GPT-40 [33], Llama-3.3-70B [13],
and Gemma-2-27b-it [41]. The five tasks, together with their evaluation formats and met-

rics, are:
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1. Tidy Up (383 multi-choice questions; 383 open-ended ranking questions): Multi-
choice accuracy (MC) for the closed format; Mean Reciprocal Rank (MRR), MAP @k,
and MAR @k for k € {1,3,5} in the open/generative format.

2. Tool Usage (291 multi-choice questions): Multi-choice accuracy.

3. Meta-Reasoning (9,576 binary classification questions; 4,788 multi-choice ques-
tions): Accuracy, precision, recall, specificity, and F1 for the binary format; accu-

racy for the multi-choice format.

4. Table Setting (100 meals): Plate type accuracy (exact match) and cutlery Jaccard

similarity (set overlap between predicted and crowdsourced ground-truth cutlery).

5. Procedural Knowledge (3,104 binary questions; 1,600 multi-choice questions):
Accuracy, precision, recall, specificity, and F1 for the binary format; accuracy for

the multi-choice format.

6.2 Results on RoboCSKBench

This section presents and analyses the in-distribution results, organised by task. For each
task, the discussion is structured around three questions: (1) does the symbolic layer
help? (2) for which model sizes is the gain largest? (3) what does the ablation profile

reveal about the task’s structure?

6.2.1 Tidy Up
Multi-Choice Format

Three patterns stand out in Table 6.1.

Consistent symbolic advantage. Across all three model sizes, the full pipeline exceeds
the pure LLM baseline: +9.9 pp for Mistral Large, +8.6 pp for Mistral Medium, and
+16.7 pp for Mistral Small. This consistency is underpinned by near-complete KB cov-
erage since 382 of 383 objects (99.7%) have the correct answer present in the KB ex-
emplar set, meaning that the symbolic layer has access to the information it needs in
almost every case. That said, coverage alone does not guarantee accuracy. The KB en-
tries were collected from ConceptNet and may encode location associations that differ
subtly from the ground truth used to construct the benchmark (e.g., listing “cupboard”
where the benchmark expects “cabinet”) and these distributional mismatches account for

the residual errors even under full coverage.
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Table 6.1: Tidy Up multi-choice results (383 questions). The full pipeline outperforms
the pure-LLM baseline for all three model sizes, with the largest gain observed for Mistral
Small (4-16.7 pp).

Model Approach Accuracy Correct/ Total
Mistral Large Full pipeline 0.700 268 /383
Mistral Large Pure LLM 0.601 230/ 383
Mistral Medium  Full pipeline 0.538 206 /383
Mistral Medium  Pure LLM 0.452 173 /383
Mistral Small Full pipeline 0.546 209 /383
Mistral Small Pure LLM 0.379 145 /383
None Pure Logic 0.326 125 /383
Pipeline 1 Learned ASP rules 0.350 134 /383
Random choice  Reference 0.200 -
Published RoboCSKBench baselines (zero-shot)

GPT-40 Pure LLM 0.509 195 /383
Llama 3.3 Pure LLM 0.496 190/ 383
Gemma 2 Pure LLM 0.522 200/ 383

Capacity compensation via factual retrieval. Mistral Small receives the largest abso-
lute improvement (416.7 pp), a pattern consistent with a compensatory interpretation: the
knowledge base supplies explicit object-location facts that Mistral Large already partially
encodes in its parameters but that Mistral Small lacks. In this context, the symbolic layer
functions essentially as a retrieval-augmented external memory that narrows the perfor-
mance gap across model sizes. We explore the limits of this capacity compensation in
Section 6.3.2.

Near-random Pure Logic performance. The Pure Logic ablation achieves only ~32%
, barely above the random baseline for a multi-choice task. This shows that keyword based
extraction is insufficient for Tidy Up because correctly mapping an object like “wok” to
the canonical location type kitchen requires genuine semantic understanding, not surface
level keyword matching. Neither the neural nor the symbolic component is sufficient in

isolation; the pipeline derives its advantage precisely from their interaction.

Performance relative to published baselines. The best published zero-shot baseline
is Gemma 2 at 0.522 accuracy. With the full pipeline, Mistral Large reaches 0.700,
an improvement of +17.8 pp over that reference. Even Mistral Small with the full
pipeline (0.546) exceeds the three published baselines. This comparison is informative

but not fully controlled, since the published baselines use different prompting and output-
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normalisation conditions. The stronger evidence for symbolic grounding therefore comes
from the within-pipeline ablation, where the full pipeline improves over the matched pure-

LLM baseline for every Mistral model.

Open / Generative Format

Table 6.2: Tidy Up open/generative results (383 objects). MRR is the primary metric.
The pure-LLM baseline marginally outperforms the full pipeline across all model sizes.

Model Approach MRR MAP@1 MAP@3 MAP@5 MAR@1 MAR@3 MAR@5
Mistral Large  Full pipeline 0.849 0.760 0.831 0.819 0.168 0.259 0.314
Mistral Large ~ Pure LLM 0.882 0.812 0.872 0.857 0.188 0.290 0.347
Mistral Medium Full pipeline 0.865 0.791 0.842 0.810 0.165 0.233 0.273
Mistral Medium Pure LLM 0.897 0.836 0.878 0.842 0.177 0.256 0.296
Mistral Small ~ Full pipeline 0.726  0.616 0.685 0.703 0.138 0.205 0.247
Mistral Small ~ Pure LLM 0.739  0.632 0.707 0.721 0.141 0.221 0.264
Pipeline 1 Learned ASP rules 0.761  0.655 0.554 0.543 0.146 0.255 0.302
Published RoboCSKBench baselines (zero-shot)

GPT-40 Pure LLM 0.412 0.345 0.387 0.365 0.147 0.221 0.249
Llama 3.3 Pure LLM 0.424 0.364 0.392 0.372 0.158 0.225 0.256
Gemma 2 Pure LLM 0.276  0.218 0.255 0.248 0.096 0.144 0.157

The open/generative format inverts the multi-choice finding since the Table 6.2 shows
that the pure LLM baseline achieves marginally higher MRR than the full pipeline across
all model sizes. This reversal has a methodological explanation. In the open format, the
system must generate and rank a free form list of plausible locations and there is no closed
candidate set. The unconstrained LLM produces broader ranked lists that are rewarded
by the MRR metric, whereas the symbolic re-ranking mechanism, which promotes KB
confirmed locations to the top, occasionally displaces a correct LLM generated location
in favour of a KB confirmed alternative that the benchmark ground truth does not rank
first.

Taken together, the multi-choice and open-format results expose a structural property
of symbolic grounding: its primary value lies in precise discrimination among closed
candidate sets, not in generative breadth. When the task requires selecting one correct
answer from a constrained option set, the KB provides decisive grounding but, when the

task is open ended, the LLM’s parametric knowledge yields more diverse outputs.

Baseline comparisons. A notable feature of Table 6.2 is the large gap between all of
our configurations and the published zero-shot baselines. RoboCSKBench reports MRR
values of 0.424 (Llama 3.3), 0.412 (GPT-40), and 0.276 (Gemma 2). Even our weakest
setup (Mistral Small with the full pipeline) achieves an MRR of 0.726, and our strongest
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configuration (Mistral Medium, Pure LLM) reaches 0.897. But, again, we cannot directly

compare the two approaches due to the differences in prompt engineering techniques used.

Pipeline 1 results (ILASP rule induction). Pipeline 1 learns ASP rules offline via
ILASP using mistral-small-latest and is evaluated on unseen test objects from the

benchmark.

In the open/generative format , the full pipeline achieves an MRR of 0.7611 with an
Any-Hit Accuracy of 97.61%. Precision is strongest at k=1 (0.6552) and declines mod-
estly at larger cut-offs (0.5535 at k=3, 0.5428 at k=5), while recall grows from 0.1461
at k=1 to 0.3017 at k=5. These figures suggest that the offline-induced rules transfer to
unseen items in this setting, providing useful semantic structure even in unconstrained
generation. They do not establish broader generality by themselves, since the induced

rules are evaluated within the same benchmark task family.

In the multi-choice format (383 questions), the learned rules of Pipeline 1 achieve an

accuracy of 34.99% (134/383 correct) using mistral-medium-latest.

Comparing the two pipelines reveals a clear trade-off between the offline-learned rules
of Pipeline 1 and the handcrafted cascades of Pipeline 2. In the open-ended generation
format under the same neural backbone (mistral-small-latest), Pipeline 1 outper-
forms Pipeline 2, achieving a higher open-format MRR (0.7611 vs. 0.726) and a higher
recall at k=5 (0.3017 vs. 0.247), though Pipeline 2 retains a slight edge in average preci-
sion at k=5 (0.703 vs. 0.681). However, this performance gap in the open format is pri-
marily a methodological artifact of the MRR metric. Under Pipeline 1’s offline-induced
rules (which are relatively general), Clingo frequently fires multiple rules, retrieving a
larger and more diverse set of candidate locations for each object. Since MRR and re-
call metrics reward the presence of any correct location anywhere within the retrieved
list, this broader generative retrieval behavior naturally inflates Pipeline 1’s open-format
scores. Conversely, this lack of specificity is a primary factor in Pipeline 1’s weak perfor-
mance on the closed-set multi-choice task. When evaluated on the multi-choice format
(383 questions) using the same backbone (mistral-medium-latest), Pipeline 2’s hand-
crafted cascades significantly outperform Pipeline 1 (53.8% vs. 34.99%). A diagnostic
analysis of Pipeline 1 supports this interpretation: Clingo provided location hints in 298
cases (77.8%), but these logic-guided choices yielded an accuracy of only 40.6% (121
correct, 177 wrong). In the remaining 85 cases (22.2%), no rules fired, forcing the model
to fall back on LLM-only selection, which achieved a mere 15.3% accuracy (13 correct,
72 wrong). This suggests that while the induced rules fire frequently, they remain to solve
the fine grained candidate choices. Pipeline 2’s handcrafted Prolog cascades provide more

task-specific heuristic specificity, but this advantage is partly purchased through manual
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rule engineering.

6.2.2 Tool Usage

Table 6.3: Tool Usage multi-choice results (291 questions). The KB-grounded pipeline
produces the largest absolute improvement observed in any task, with Mistral Small gain-
ing +41.9 pp.

Model Approach Accuracy Correct/ Total
Mistral Small Full pipeline 0.818 238 /291
Mistral Small Pure LLM 0.399 116 /291
Mistral Large Full pipeline 0.814 2377291
Mistral Large Pure LLM 0.581 169 /291
Mistral Medium  Full pipeline 0.735 214 /291
Mistral Medium Pure LLM 0.588 1717291
None Pure Logic 0.285 83/291
Pipeline 1 Learned ASP rules 0.399 116 /291
Published RoboCSKBench baselines (zero-shot)

GPT-40 Pure LLM 0.529 154 /291
Llama 3.3 Pure LLM 0.522 152 /291
Gemma 2 Pure LLM 0.526 1537291

Tool Usage provides the strongest evidence for the value of symbolic grounding in
this evaluation. The results in Table 6.3 reveal a phenomenon not observed in any other
task since the smallest model, when equipped with the full pipeline, matches the largest
model.

Mistral Small achieves 81.8% accuracy with the full pipeline but only 39.9% without
it, a gain of +41.9 pp, representing the largest single improvement recorded across all
tasks and configurations. Mistral Large with the full pipeline reaches 81.4%, a negligible
0.4 pp difference. Yet the pure LLM gap between Mistral Small (39.9%) and Mistral
Large (58.1%) 1s 18.2 pp, indicating that the knowledge base eliminates this gap entirely.

The practical implication is that in domains where task-critical factual associations
can be reliably enumerated in a curated knowledge base, augmenting a smaller, cheaper
model with symbolic retrieval can match the performance of a larger unaugmented model.
However, this shift in the cost-performance trade-off is strictly limited to tasks that are

heavily bottlenecked by factual retrieval rather than complex reasoning.

Why is Tool Usage so responsive to KB grounding? The answer lies in the nature of

the knowledge required. Selecting the correct tool demands knowing that a hammer pos-
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sesses the hammering affordance, that a wrench affords fastening, or that a chisel affords
carving. These are factual associations between specific objects and specific physical ca-
pabilities, precisely the kind of knowledge that a curated knowledge base encodes directly
and that an LLM encodes only indirectly through distributional patterns in its training cor-
pus. In the pure-LLM ablation, the model must perform both implicit knowledge retrieval
and the reasoning step in a single forward pass; the neuro-symbolic pipeline decomposes
these responsibilities, delegating retrieval to the KB and selection logic to the Prolog rea-

SOoner.

Published baselines. All three model sizes with the full pipeline exceed the published
zero-shot baselines by wide margins. The full pipeline reaches 0.818 accuracy (Mistral
Small) and 0.814 (Mistral Large), compared with the best published baseline of 0.529
(GPT-40). As in Tidy Up, this cross-system comparison is affected by differences in
prompting and answer handling. The matched ablation remains the decisive comparison:
on the same 291 questions, adding KB-grounded symbolic selection raises Mistral Small
from 0.399 to 0.818 and Mistral Large from 0.581 to 0.814.

Pipeline 1 results (ILASP rule induction). Pipeline 1 achieves a tool selection ac-
curacy of only 39.86% (116/291) on the same 291 multi-choice questions, far below
Pipeline 2’s 81.8%. Examining the symbolic resolution statistics clarifies why: Clingo
finds a unique tool match in only 15.1% of cases, returns multiple candidates (requiring
LLM tie-breaking) in 57.7%, and finds no match at all in 27.1%, at which point the sys-
tem falls back to direct LLM selection. The underlying affordance prediction accuracy
is 38.8%, rising to 58.1% when synonym expansion is enabled suggesting that SOMA
feature annotation coverage is the primary bottleneck.

The gap between the two pipelines on Tool Usage (39.86% vs. 81.8%) is substantially
larger than on Tidy Up, and the reason is structural. Pipeline 1 is highly rigid: it attempts
to extract SOMA features for every candidate tool on the fly and match them using offline-
induced rules. If the LLM makes any annotation error or omission (such as failing to tag
a tool with a key physical quality or affordance), the symbolic path fails entirely.

Pipeline 2, by contrast, adopts a reverse-lookup architecture that is more robust. In-
stead of performing direct rule-matching on candidate tool annotations, it first extracts the
required affordance from the task (e.g., absorb) and queries the curated knowledge base
to retrieve a list of known exemplar objects (e.g., sponge, cloth). These exemplars are
then supplied to the LLM as a contextual hint, allowing the neural component to leverage
its broad semantic representation to map the candidate choices to the functionally similar

exemplars (e.g., selecting paper towel because it behaves like sponge). Additionally,
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Pipeline 2 uses semantic synonym mappings (e.g., expanding absorb to dry) to ensure

exemplars are successfully retrieved even when the exact affordance term differs.

6.2.3 Meta-Reasoning

Binary Classification

Table 6.4: Meta-Reasoning binary classification results (9,576 questions). Pure Logic
achieves the highest F1 (0.996), indicating near-perfect calibration of the hand-crafted
Prolog axioms to the in-distribution benchmark.

Model Approach Accuracy Precision Recall Specificity F1
Mistral Large Full pipeline 0.973 1.000 0.945 1.000 0.972
Mistral Large Pure LLM 0.767 1.000 0.533 1.000 0.696
Mistral Medium  Full pipeline 0.971 1.000 0.942 1.000 0.970
Mistral Medium Pure LLM 0.708 0.997 0.418 0.999 0.589
Mistral Small Full pipeline 0.971 1.000 0.942 1.000 0.970
Mistral Small Pure LLM 0.795 0.990 0.596 0.994 0.744
None Pure Logic 0.996 1.000 0.993 1.000 0.996
Published RoboCSKBench baselines (zero-shot)

GPT-40 Pure LLM 0.772 0.994 0.546 0.997 0.705
Llama 3.3 Pure LLM 0.943 0.988 0.897 0.989 0.940
Gemma 2 Pure LLM 0.907 0.961 0.848 0.965 0.901

The pattern in Table 6.4 requires careful interpretation. That Pure Logic achieves
F1 =0.996 does not mean that the LLLM is unnecessary in general, it means that the hand
crafted Prolog capability axioms are almost perfectly calibrated to the specific task-robot
pairings in the RoboCSKBench. The benchmark’s task descriptions contain explicit ac-
tion verbs (“slice”, “bring”, “arrange”) that map directly to the boolean property schema
(needs_grasping, needs_cutting, etc.), allowing even the keyword extractor to pro-

duce adequate property vectors.

The full pipeline (F1 ranging from 0.970 for Mistral Small and Medium to 0.972
for Mistral Large) sits between Pure Logic and the pure LLM baselines (ranging from
0.589 to 0.744). Interestingly, Mistral Small Pure LLLM achieves an F1 of 0.744, outper-
forming the larger models in the pure LLM configuration, though it still falls far short of
the full pipeline. The LLM’s primary failure mode in the pure LLM ablation is a high
false-negative rate since it tends to underestimate the capabilities of simple robot configu-
rations, conservatively declaring tasks infeasible that the Prolog axioms correctly identify

as executable.
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Why does the full pipeline score lower than Pure Logic? The LLM extraction step oc-
casionally misclassifies a property (e.g., marking needs_bimanual as true for a task that
can be performed with one arm), and this extraction error propagates through the Prolog
reasoner, flipping a correct prediction to incorrect. The keyword extractor, paradoxically,
makes fewer errors on these well structured task descriptions because it maps keywords
deterministically. One interpretation is that, on these unusually explicit descriptions, the
LLM extraction step introduces distinctions that the benchmark’s keyword-aligned prop-

erty schema does not reward.

Context from published baselines. Among the zero-shot baselines reported in the
benchmark, Llama 3.3 achieves the strongest binary F1 (0.940), followed by Gemma 2
(0.901) and GPT-40 (0.705). Both our Pure Logic baseline (0.996) and the full pipeline
(0.972 for Mistral Large) exceed even Llama 3.3 by substantial margins. This supports the
conclusion that, for this benchmark’s binary capability checks, explicit Prolog axioms are
more reliable than direct parametric judgment. The result should not be read as evidence
that the same axioms would dominate on every robot-capability dataset without further
OOD validation.

Multi-Choice Format

Table 6.5: Meta-Reasoning multi-choice results (4,788 questions). Pure Logic achieves
the highest accuracy (0.943).

Model Approach Accuracy Correct/ Total
Mistral Large Full pipeline 0.925 4427 1 4788
Mistral Large Pure LLM 0.913 4370/ 4788
Mistral Medium Full pipeline 0.929 4447 1 4788
Mistral Medium Pure LLM 0.917 4390 /4788
Mistral Small Full pipeline 0.933 4465 / 4788
Mistral Small Pure LLM 0.892 4273 1 4788
None Pure Logic 0.943 4516/ 4788
Published RoboCSKBench baselines (zero-shot)

GPT-40 Pure LLM 0.790 3783 /4788
Llama 3.3 Pure LLM 0.737 3529 /4788
Gemma 2 Pure LLM 0.658 315174788

The multi-choice format (Table 6.5) shows the same pattern at smaller margins: Pure
Logic leads at 0.943, the full pipeline clusters at 0.925-0.933, and Pure LLM ranges from
0.892 to 0.917. The gap compression reflects the greater ease of multi-choice questions

where even the pure-LLM baseline exceeds 89% by leveraging the explicit specifications
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in the candidate descriptions. For context, the published zero-shot baselines achieve 0.790
(GPT-40), 0.737 (Llama 3.3), and 0.658 (Gemma 2). Our weakest full-pipeline configu-
ration (Mistral Large, 0.925) still exceeds GPT-40 by +13.5 pp. This is consistent with
a benefit from rule-based constraint enforcement, although the comparison to published

baselines again combines different models, prompts, and output procedures.

6.2.4 Table Setting

Table 6.6: Table Setting results (100 meals). The full pipeline consistently outperforms
both ablations on both metrics.

Model Approach Plate Acc. Cutlery Jaccard
Mistral Small Full pipeline 0.880 0.762
Mistral Large Full pipeline 0.850 0.778
Mistral Medium  Full pipeline 0.840 0.777
Mistral Large Pure LLM 0.830 0.748
Mistral Small Pure LLM 0.820 0.708
Mistral Medium Pure LLM 0.770 0.585
None Pure Logic 0.710 0.674
Published RoboCSKBench baselines (zero-shot)

GPT-40 Pure LLM 0.730 0.702
Llama 3.3 Pure LLM 0.790 0.739
Gemma 2 Pure LLM 0.790 0.642

Table Setting occupies a middle ground in the ablation spectrum: the full pipeline
helps consistently but the gains are moderate compared to Tool Usage or Meta-Reasoning.
The largest improvement appears in cutlery prediction for Mistral Medium, where the
Prolog rules boost Jaccard similarity from 0.585 (pure LLM) to 0.777, a gain of +19.2 pp.
Plate accuracy gains are more modest: +6.0 pp for Mistral Small, +7.0 pp for Mistral
Medium, and +2.0 pp for Mistral Large.

Baseline capabilities and extraction variance. The results show that even in the pure
LLM configuration, both Mistral Large (0.830) and Mistral Small (0.820) achieve high
plate accuracy. This indicates that identifying the correct type of plate or bowl for a
given dish is a relatively straightforward commonsense task for modern LLMs, even with-
out symbolic guidance. The moderate improvements of the full pipeline (ranging from
+2.0 pp to +7.0 pp) show that while the Prolog cascades provide minor corrections, the
primary bottleneck is not complex reasoning but rather minor extraction variance. The
slight edge of Mistral Small with the full pipeline (0.880 vs. 0.850 for Mistral Large) is
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likely a minor statistical fluctuation in how the models extract the boolean food attributes
(e.g., classifying a dish as soup or noodle-based) rather than a systematic structural ad-

vantage.

Why is the cutlery gain larger than the plate gain? Cutlery prediction requires set-
valued output: a meal might require {Fork, Knife, Spoon} simultaneously. The Prolog
rules codify complex interactions between properties (e.g., Asian cuisine plus long noo-
dles implies Chopsticks; non-Asian handheld food implies Hands but also Fork and Knife
for the full table setting). Producing such set valued outputs consistently in a single LLM
forward pass is difficult, and omissions are common. The Prolog rules enforce systematic

completeness, ensuring that culturally expected items are not overlooked.

Baselines. The best published zero-shot baseline is Llama-3.3-70B at 0.790 plate accu-
racy and 0.739 cutlery Jaccard. Our full pipeline with Mistral Small (0.880 plate, 0.762
cutlery) and Mistral Large (0.850 plate, 0.778 cutlery) exceeds these figures on both met-
rics, but this should be treated as contextual evidence rather than a fully controlled com-
parison. The internal ablations show the clearer pattern: Prolog priority cascades provide

small plate corrections and larger gains for set-valued cutlery prediction.

6.2.5 Procedural Knowledge

Binary Step Ordering

Table 6.7: Procedural Knowledge binary results (3,104 questions). The full pipeline and
pure-LLLM baseline achieve comparable performance. Pure Logic fails near-randomly
(=0.48).

Model Approach Accuracy F1
Mistral Small Pure LLM 0.983 0.983
Mistral Large Full pipeline 0.968 0.968
Mistral Small Full pipeline 0.964 0.964
Mistral Large Pure LLM 0.960 0.960
Mistral Medium  Full pipeline 0.950 0.950
Mistral Medium  Pure LLM 0.927 0.927
Any model Pure Logic 0.481 0.481
Published RoboCSKBench baselines (zero-shot)
GPT-40 Pure LLM 0.926 0.929
Llama 3.3 Pure LLM 0.915 0.919
Gemma 2 Pure LLM 0.740 0.793
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Procedural Knowledge is the task where the neuro-symbolic pipeline adds the least
value. In the binary format (Table 6.7), the full pipeline achieves 0.968 accuracy (Mis-
tral Large) while the pure LLM baseline reaches 0.960, a marginal +0.8 pp gain. More
notable is that Mistral Small achieves the highest overall accuracy (0.983) in the pure
LLM configuration, whereas its full-pipeline configuration drops to 0.964, meaning that
for this model size, the symbolic constraints actually degrade performance compared to
the unconstrained LLM.

This is the one task where a strong LLM can outperform the neuro-symbolic pipeline
on the in-distribution benchmark. While one explanation is that LLMs have absorbed
strong sequential priors from millions of recipe texts in their training corpora, another
plausible explanation is that the handcrafted 11-phase symbolic cooking ontology is sim-
ply too coarse to capture the nuanced temporal dependencies of recipes. When the formal
ontology fails to adequately model the task domain, enforcing its rules degrades perfor-

mance relative to the LLM’s unconstrained internal representations.

Pure Logic shows the neural component’s importance. The near-random performance
of Pure Logic (0.481) shows that the temporal Prolog reasoner cannot function without
accurate phase labels from the LLM. Keywords alone cannot distinguish “mixing” from
“cooking” or “prep” from ‘“assembly”, these require genuine semantic understanding of
the step descriptions. The Prolog phase hierarchy (preheating < prep < mixing < ... <
serving) provides useful structural scaffolding, but without accurate phase classification

the scaffolding produces near-chance predictions.

Multi-Choice Format

The multi-choice format (Table 6.8) compounds the binary format’s challenge with recipe
specific step plausibility: the model must not only order two steps but also identify which
candidate step belongs to the recipe at all. Here the pure LLM baseline marginally out-
performs the full pipeline across all model sizes. The LLM’s parametric knowledge about
specific recipes (e.g., that searing precedes braising in a pot roast) provides an advantage
that the 11-level Prolog phase hierarchy cannot replicate, because the hierarchy encodes

generic temporal structure without recipe specific semantics.

Relation to published baselines. On binary classification, our configurations exceed
all published baselines: Mistral Small Pure LLM (0.983) surpasses even GPT-40 (0.926)
by +5.7 pp, although prompt and parsing differences again limit the strength of this com-
parison. The multi-choice format tells a different story. Our best result (Mistral Medium
Pure LLM, 0.863) surpasses Llama 3.3 (0.848) and Gemma 2 (0.809) but falls short of
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Table 6.8: Procedural Knowledge multi-choice results (1,600 questions). The pure-LLM
baseline marginally outperforms the full pipeline.

Model Approach Accuracy Correct/ Total
Mistral Medium Pure LLM 0.863 1380/ 1600
Mistral Medium  Full pipeline 0.856 1369 / 1600
Mistral Large Pure LLM 0.849 1359 /1600
Mistral Large Full pipeline 0.841 1345 /1600
Mistral Small Pure LLM 0.801 1282 /1600
Mistral Small Full pipeline 0.798 1277 /1 1600
Any model Pure Logic 0.665 1064 / 1600
Published RoboCSKBench baselines (zero-shot)

GPT-40 Pure LLM 0.914 1462/ 1600
Llama 3.3 Pure LLM 0.848 1357 /1600
Gemma 2 Pure LLM 0.809 1294 /1600

GPT-40’s 0.914.

6.3 Cross-Task Analysis

The per-task results presented above exhibit markedly different performance profiles.
This section steps back from individual tasks and identifies the cross-cutting patterns that

emerge from the full evaluation.

6.3.1 Conditions for Symbolic Advantage

Table 6.9: Summary of the neuro-symbolic advantage across all tasks (using Mistral
Large, in-distribution). A measures the full pipeline’s gain over the pure-LLM baseline.

Task Format Full Pipeline Pure LLM A

Tool Usage MC 0.814 0.581 +23.3 pp
Meta-Reasoning  Binary 0.973 0.767 +20.6 pp
Tidy Up MC 0.700 0.601 +9.9 pp
Table Setting Plate 0.850 0.830 +2.0 pp
Table Setting Cutlery 0.778 0.748 +3.0 pp
Proc. Knowledge Binary 0.968 0.960 +0.8 pp
Proc. Knowledge MC 0.841 0.849 —0.8 pp
Tidy Up Open 0.849 0.882 —-3.3pp

Table 6.9 arranges the results by the magnitude of the neuro-symbolic advantage, and

a clear gradient emerges. To ensure a controlled and consistent comparison across all
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task types, the results in this table are standardized on Mistral Large, the largest evaluated
model, representing the upper-bound performance of both configurations. At the top of
the table sit the tasks where the symbolic layer provides the largest gains: Tool Usage
(+23.3 pp), Meta-Reasoning binary (4-20.6 pp), and Tidy Up MC (+9.9 pp). What these
tasks share is a dependence on factual knowledge retrieval: the correct answer hinges
on specific object-affordance, object-location or robot-capability associations that the KB
encodes directly but that the LLLM encodes only indirectly.

The middle of the table contains Table Setting, where the Prolog rules provide modest
but consistent improvements (42.0 pp and +3.0 pp on Mistral Large). Here the symbolic
contribution is less about factual retrieval and more about structural constraint enforce-
ment: the priority cascade and set valued cutlery rules impose a systematic completeness
that the LLM struggles to achieve in a single forward pass.

At the bottom, two task-format combinations show a slight advantage for the pure-
LLM baseline: Tidy Up Open (—3.3 pp) and Procedural Knowledge MC (—0.8 pp), rep-
resenting two distinct failure modes of symbolic grounding. In the open-ended format, the
symbolic re-ranking mechanism trades off generative breadth for precision, occasionally
displacing correct but KB-unconfirmed predictions. In procedural multi-choice, the sym-
bolic rules encode generic temporal structure (an 11-level phase hierarchy) that might be
too coarse to capture recipe specific knowledge, exactly the kind of fine grained semantics
where the LLM’s parametric memory excels.

A third cross-cutting pattern is the correlation between the symbolic layer’s benefit
and model size. Across all Family A tasks, the absolute gain of the full pipeline over the
pure-LLM baseline is largest for Mistral Small and smallest for Mistral Large, consistent

with the compensatory interpretation introduced earlier.

6.3.2 The Equalisation Effect

Table 6.10: The equalisation effect: the full pipeline compresses the performance gap
between model sizes. Appy is the pure-LLM gap between Mistral Large and Small; Agyy
is the full-pipeline gap.

Task ALLM AFuanl Gap Reduction
Tool Usage 182pp 0.4 pp 97.8%
Tidy Up (MC) 222pp 154 pp 30.6%
Table Setting (Plate) 1.0pp —3.0pp 100%+

Table 6.10 quantifies what we term the equalisation effect, i.e. the degree to which
the symbolic layer compresses the performance gap between large and small models.

The most striking case is Tool Usage, where the 18.2 pp pure-LLM gap between Mistral
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Large and Small shrinks to 0.4 pp with the full pipeline, a 97.8% reduction. For Table
Setting plate accuracy, the gap inverts entirely since Mistral Small with the full pipeline
outperforms Mistral Large with the full pipeline.

We restrict the equalization analysis in Table 6.10 to these three task-format configura-
tions because they are the only settings that satisfy two preconditions simultaneously: (1)
the neuro-symbolic pipeline achieves a positive performance gain (A > 0) over the pure
LLM baseline (which excludes Tidy Up Open and Procedural Knowledge MC, where the
symbolic layer does not outperform the baseline), and (2) there is a substantial initial pos-
itive capacity gap between Mistral Large and Small under the pure LLM baseline (which
excludes Table Setting Cutlery, Meta-Reasoning MC, Meta-Reasoning Binary, and Pro-
cedural Knowledge Binary, where the initial pure LLM gaps are either very small or neg-
ative due to Mistral Small matching or outperforming Mistral Large in the unconstrained
setup).

This finding suggests that for tasks with structured constraints where symbolic ground-
ing is effective, there are direct implications for system deployment. In such settings,
when latency, cost, or other constraints favor smaller models, the neuro-symbolic archi-
tecture can provide a mechanism to recover a substantial portion of the performance that
would otherwise be lost by downsizing the neural component. However, this equalisation
is not universal and remains limited to configurations where the symbolic layer’s rules

and constraints align closely with the task requirements.

6.4 Discussion

6.4.1 Limitations of the Experimental Design

Several limitations constrain the generality of the conclusions drawn from this evaluation.

Model family coverage. All primary experiments use the Mistral model family. A more
comprehensive evaluation spanning architecturally diverse models (e.g., GPT-4, Claude,
or Gemini) would strengthen the claim that the observed advantages are architecture-level

rather than family-specific.

Pipeline 1 vs. Pipeline 2. The comparison between Pipeline 1 (ILASP-based rule in-
duction) and Pipeline 2 (hand-crafted SWI-Prolog rules) is limited to Tidy Up and Tool
Usage. On these two tasks, Pipeline 1 suggests that automatically induced rules can match
or exceed hand crafted ones for location assignment, but it underperforms significantly
on tool selection due to annotation sensitivity. This highlights a fundamental trade-oft:

Pipeline 1 automates rule acquisition from data, reducing the engineering effort required,
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but its accuracy is bounded by the quality of the input features. Improving the SOMA
annotation part and also scaling the rule induction to support more expressive hypothesis

schemas is a natural direction for future work.

KB construction bias. The knowledge base used by Family A tasks was constructed
from ConceptNet, which encodes predominantly Western commonsense associations.
Cultural biases in the KB (e.g., location conventions for kitchenware) may inflate per-
formance on benchmarks that share these assumptions and deflate it on cross-cultural

datasets.

6.4.2 Design Principles for Neuro-Symbolic Systems

The experimental results point to several design principles for systems that combine

LLMs with symbolic reasoners.

Symbolic reasoning for constraint enforcement, not knowledge generation. The
Prolog rules excel when they enforce domain-invariant structural constraints such as phase
ordering, capability thresholds and culinary conventions but they struggle when they must
capture instance specific knowledge. Knowledge bases, not rules, should serve as the ve-

hicle for factual associations.

Property extraction over answer generation. The separation of concerns where LLM
extracts properties and Prolog derives conclusions consistently outperforms end-to-end
LLM reasoning across all tasks except those where the LLM’s parametric knowledge is
already near-optimal (Procedural Knowledge). Designing the LLM’s role as a perception
layer rather than a decision layer constrains its output space, reduces hallucination risk
and allows the symbolic module to enforce guarantees that neural generation alone cannot

provide.

Invest in the knowledge base when factual retrieval is the bottleneck. The equal-
isation effect suggests that a well-curated KB paired with a small model can match or
exceed a large model operating without symbolic support on specific factual-association
tasks such as Tool Usage. For deployment-constrained scenarios where latency, cost, or
on-device requirements limit model size, this suggests that KB construction and curation
can be a competitive alternative to model scaling. The Procedural Knowledge results
show the boundary of this principle: when performance depends on nuanced instance-
specific semantics rather than recoverable factual associations, a larger or stronger LLM

may still be the more effective component.
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Beyond accuracy: explainability, auditability, and safety guarantees. While the
quantitative results show task-dependent performance advantages, a neuro-symbolic pipeline
also introduces significant non-functional benefits over pure LLM baselines. First, it of-
fers explainability and traceability: in a pure-LLM architecture, the final decision is de-
rived from a black-box forward pass, offering no trace of the underlying reasoning. In our
pipeline, the decision is computed by a symbolic engine (e.g., Prolog or Clingo), allowing
the system to output exact logical proof traces detailing which rules were triggered and
which KB facts were retrieved. Second, this separation makes the system more auditable
and correctable: if the robot makes a mistake, developers can immediately determine
whether the error lies in the perception layer (e.g., the LLM misextracting a property) or
the reasoning layer (e.g., a missing KB fact or incorrect Prolog rule), enabling targeted
fixes. Finally, it can provide hard safety and constraint guarantees for the constraints that
are explicitly formalised: physical robotic controllers can deploy symbolic rule solvers to
programmatically block actions that violate encoded capability thresholds or environmen-
tal constraints. These guarantees are only as complete as the rule base and the extracted

facts supplied to it.
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Chapter 7
Generalization Study

The previous chapter evaluated the neuro-symbolic pipelines on the benchmark for which
they were designed. That evaluation identified conditions under which symbolic reason-
ing helps, but it left open a central question: do these gains persist on data outside the
design distribution?

A pipeline that excels on its home benchmark may do so for benchmark-specific rea-
sons: the Prolog rules may match the annotation conventions, the knowledge base may
reflect the same commonsense distributions as the ground truth, or the prompts may be
well calibrated to the benchmark’s vocabulary. The goal of this chapter is to investi-
gate whether the advantages observed in Chapter 6 transfer beyond RoboCSKBench or
whether they are primarily artefacts of benchmark-pipeline alignment.

This chapter addresses the fourth research question introduced in Chapter 1:

RQ4: To what extent does the runtime neuro-symbolic pipeline generalise to

out-of-distribution data without task-specific adaptation?

Answering this question requires distinguishing two forms of generalisation. The first
is same-structure transfer: the pipeline encounters new objects, tasks or recipes, but the
underlying task structure is preserved so, for example, the system still selects a location
from a candidate set or still temporally orders two recipe steps. The second is cross-
structure transfer: the pipeline encounters a task whose answer structure differs from
what it was designed for, for example, selecting the correct physical procedure rather than
the correct physical entity. The distinction matters because same-structure transfer tests
whether the symbolic rules encode genuinely general constraints, while cross-structure
transfer tests whether the pipeline’s architectural assumptions are portable.

To conduct this investigation, five out-of-distribution (OOD) datasets were assembled
from independent academic sources, covering four of the five tasks evaluated in Chapter 6.

Table Setting is excluded because no suitable external dataset with comparable plate and
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cutlery annotations could be identified. The pipeline code, Prolog rules, knowledge base,
and LLM prompts were applied without modification, following a strict zero-shot transfer
protocol. Dataset-side preprocessing, such as vocabulary normalisation for simulator-

specific names, is documented explicitly and treated as a potential source of bias.

7.1 Out-of-Distribution Datasets

A significant practical challenge of this evaluation was the scarcity of off-the-shelf bench-
marks that match the task structure of RoboCSKBench. Most OOD datasets required
manual construction from raw data sources, a process documented for each dataset below.
No suitable OOD dataset was found for Table Setting, which is therefore excluded from
this chapter. Each OOD dataset was created to stress a specific aspect of the pipeline’s
generalisation capacity. Table 7.1 summarises the five datasets; the remainder of this sec-
tion describes the construction methodology and the nature of the distributional shift for

each.

Table 7.1: Summary of OOD datasets used in the generalisation study. All datasets are
evaluated with the unmodified Pipeline 2 code. “Shift type” indicates the primary axis of
distribution shift relative to RoboCSKBench.

Dataset Task Family Size Format Source Shift Type
VirtualHome Tidy Up 67 MC [35] Vocabulary
TidyBot Tidy Up 598 MC [46] Personalised prefs.
PIQA Tool Usage 710 MC [6] Task structure
BEHAVIOR-1K Meta-Reas. 2,032 Binary [22] Activity vocabulary
RecipeNLG Proc. Know. 2,000 Binary [5] Writing style

7.1.1 VirtualHome

VirtualHome [35] is a simulation platform for household activities that provides a struc-
tured inventory of household objects, their placement destinations, and semantic flags
identifying which entities can be grasped or used as containers and surfaces.

The dataset construction script filters objects to those flagged as GRABBABLE in the
Unity property dictionary and destinations to those flagged as CONTAINERS or SUR-
FACES, excluding non-storage furniture (beds, sofas, rugs). Object and destination names
are normalised through a manual synonym mapping layer (e.g., wine_glass — wineglass,
cutting_board — cuttingboard) to bridge the gap between the placing script’s natural-
language names and Unity’s internal class identifiers. The resulting dataset contains 67

five-way multiple-choice questions. For each object, the most frequent valid destination
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is treated as the correct answer; four distractors are sampled without replacement from

the remaining destination vocabulary, excluding the object’s other recorded destinations.

The distributional shift in this case is primarily lexical. VirtualHome uses compound
or camelCase identifiers (kitchencabinet, AlarmClock) that do not match the natu-
ral language tokens used in ConceptNet or the RoboCSKBench vocabulary. This creates
a vocabulary bottleneck for the knowledge base lookup since, for example, the query
has_location(kitchencabinet, ...) finds no matching node in ConceptNet unless
a normalisation step splits and lowercases the identifier first. To isolate this bottleneck,
a vocabulary-alignment layer normalises VirtualHome names to KB-compatible tokens
before the Prolog lookup. This preprocessing improves comparability with RoboCSK-
Bench, but it also means that the VirtualHome results should be read as transfer under

explicit lexical normalisation rather than fully raw zero-shot transfer.

7.1.2 TidyBot

While VirtualHome provides a well-structured evaluation set that preserves the same an-
swer structure as the RoboCSKBench Tidy Up task, its small size (67 questions) limits
statistical power. TidyBot was therefore added as a complementary, larger-scale OOD
source for the same task family. TidyBot [46] is a real-world robotic tidying benchmark
in which a mobile manipulator must return household objects to their intended recep-
tacles. The benchmark’s distinguishing feature is personalised placement preferences,
meaning that different users in different scenarios may prefer different receptacles for
the same object. The evaluation dataset was constructed from the benchmark’s held-out
object-receptacle assignments, which specify placements that the robot must infer at test

time.

For each unique object encountered across all scenarios, a five-way multiple-choice
question is generated: the correct receptacle from the first scenario in which the object
appears, plus four distractors sampled from the global receptacle vocabulary (14 unique

receptacles across all scenarios) for a total of 598 multiple-choice questions.

The distributional shift relative to RoboCSKBench is twofold: (1) TidyBot’s objects
include fine-grained household items (specific brands, informal names) that may not ap-
pear in ConceptNet; and (2), more importantly, the correct placement is determined by
individual user preferences, not by universal commonsense. A “magazine” might be-
long on the coffee table for one user and in the recycling bin for another, challenging the
pipeline’s implicit assumption that object-location mappings are universal factual associ-

ations.
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7.1.3 PIQA

PIQA [6] (Physical Intuition Question Answering) is a benchmark for physical common-
sense reasoning. Each question presents a goal (e.g., “To keep your fridge smelling fresh”)
and two candidate solutions, of which exactly one is physically plausible. The OOD
dataset was constructed by filtering the PIQA validation split (1,838 questions) to retain
only household-related goals, using Mistral Small as a binary classifier with the prompt:
“Is this goal household-related? Reply yes or no.” This yielded 710 domain-relevant
questions. Because this filtering step is itself model-assisted, the filtered subset should
be interpreted as an operational household subset rather than a manually certified taxon-
omy. Unlike the BEHAVIOR-1K annotations described below, this filter does not create
or alter target labels: PIQA’s original correct answers are retained, and results are also
reported on the complete validation split. A separate annotation model was therefore not
required to establish the ground truth, although model-assisted selection may still bias the
composition of the household subset.

This time, the distributional shift is structural, not merely lexical. The RoboCSK-
Bench Tool Usage task requires selecting the correct fool (a named entity) for a given
action. PIQA requires selecting the correct procedure (a free-text description) for a given
goal. The pipeline’s affordance-based KB lookup retrieves object-level affordance triples,
for example:

UsedFor .
hammer ———— hammering

but PIQA’s correct answers are procedural descriptions, not named objects. This repre-
sents a cross-structure transfer since the pipeline’s entity-selection architecture is applied

to a procedure-selection task.

7.1.4 BEHAVIOR-1K

BEHAVIOR-1K [22] defines 1,000 everyday activities spanning 50 activity categories in
simulated household environments. For the Meta-Reasoning OOD evaluation, 250 di-
verse tasks were sampled from 10 categories, and each task was annotated with minimum
hardware requirements using a local Llama 3.1 (8B) model. A different model family
(Llama) was chosen for annotation to avoid architecture overlap with the Mistral models
used at test time, which could inflate results through shared representational biases. The
LLM classifies each task along five axes: mobility, number of arms, degrees of freedom,
gripper type, and gripper rigidity. For each task, a “minimum viable robot” configuration
that satisfies all requirements is generated as a positive example and a mutated configura-
tion that violates at least one critical requirement is generated as a negative example. This

yields 2,032 balanced binary classification questions (1,016 positive, 1,016 negative). To
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validate annotation quality, a random subset of 50 task—configuration pairs (~20% of the
250 tasks) was manually inspected; all checked annotations were found to be correct,
though this limited sample size means residual annotation errors cannot be ruled out.
The distributional shift is primarily in activity vocabulary. BEHAVIOR-1K introduces
task descriptions such as “caulk the bathtub seam” or “assemble the IKEA bookshelf” that
are absent from RoboCSKBench’s curated task inventory. The task descriptions use more
varied and informal language, and the activity categories (maintenance, repair, outdoor)

extend well beyond RoboCSKBench'’s focus on indoor manipulation and table-level tasks.

7.1.5 RecipeNLG

RecipeNLG [5] is a large-scale corpus of cooking recipes scraped from web sources. The
OOD evaluation dataset was constructed by extracting consecutive step pairs, retaining
at most two candidate pairs per recipe, and then sampling 500 pairs. The final sample
contains one pair from each of 500 distinct recipes and generates 2,000 balanced binary
questions via the same four-way question template used for RoboCSKBench (“Did step A
occur before step B?”, “Did step B occur before step A?”, and the corresponding “after”
variants). Here the distributional shift is the source corpus rather than a presumed dif-
ference in editorial quality. Both RecipeNLG and the Recipe]1 M+ source used by Robo-
CSKBench contain web-derived recipes and may include informal or noisy instructions.
RecipeNLG nevertheless supplies previously unseen recipes, wording, and step combina-
tions, allowing the evaluation to test transfer across independently collected cooking data.
The Prolog temporal reasoner must handle these inputs using the same 11-phase hierarchy

(preheating < prep < mixing < ... < serving) without any domain-specific adaptation.

7.2 Results

All OOD evaluations use the unmodified Pipeline 2 (LLM — Prolog) with the same ab-
lation structure as Chapter 6: Full Pipeline, Pure LLM, and Pure Logic and, also in this
case, the tests for multiple model sizes are reported. The evaluation protocol is strict

zero-shot transfer: no prompts, rules, or KB entries were modified for the OOD datasets.

7.2.1 Tidy Up: VirtualHome and TidyBot

The VirtualHome results in Table 7.2 present a clear ceiling effect: all models achieve
above 88% accuracy, with the pure-LLM baseline marginally outperforming the full pipeline
by 1.5 pp for Mistral Large and Medium. This pattern is consistent with the hypothesis

that VirtualHome’s object—location associations (e.g., beer in the fridge, alarm clock on
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Table 7.2: Tidy Up OOD accuracy on VirtualHome (67 questions) and TidyBot (598
questions). Bold marks the highest accuracy within each dataset.

Dataset Model Full Pipeline Pure LLM A

VirtualHome Mistral Large 91.04% 92.54% —1.5pp
Mistral Medium 92.54% 94.03 % —1.5pp
Mistral Small 88.06% 88.06% 0.0 pp
Pure Logic 49.25%

TidyBot Mistral Large 47.99 % 39.13% +8.9 pp
Mistral Medium 41.30% 3094%  +10.4 pp
Mistral Small 34.45% 26.15% +8.3 pp
Pure Logic 21.40%

the nightstand, plate in the kitchen cabinet) are high-frequency commonsense associa-
tions that LLMs encode reliably from pre-training, so the KB lookup adds no information
that the LLM does not already possess, and the pipeline’s additional processing steps
introduce a small probability of error through candidate reranking.

Critically, however, the evaluation set is very small (67 questions), which means that
the 1.5 pp delta corresponds to a single additional missed question. No statistical signif-
icance can be claimed for a difference of this magnitude at this sample size; the result is
consistent with noise.

Pure Logic accuracy (49.25%) is notable in a different respect since, on a 5-way
multiple-choice task, random chance is 20%, so 49.25% represents 2.46x the random
baseline. This is the highest Pure Logic accuracy observed on any multiple-choice task in
either the in-distribution or OOD evaluations, suggesting that VirtualHome’s clean, struc-
tured data (derived from JSON inventory files) provides an unusually favourable input for
keyword-based matching. Nevertheless, Pure Logic alone remains far below the LLM
configurations, confirming that semantic interpretation is still the dominant factor.

TidyBot tells a different story since absolute accuracy is low across all configurations
in Table 7.2, with the best result being 47.99%, well below the in-distribution Tidy Up
MC accuracy of 70.0%. This reflects the fundamental challenge of personalised place-
ment preferences: the “correct” receptacle for a water bottle might be the desk in one
household and the recycling bin in another, and no amount of commonsense knowledge
can disambiguate between culturally valid alternatives.

The symbolic layer nonetheless provides consistent gains: +8.9 pp for Mistral Large,
+10.4 pp for Mistral Medium and 8.3 pp for Mistral Small. The gain persists because
the KB provides a useful default even when the exact answer is ambiguous. Concept-
Net’s AtLocation triples encode the prototypical location for household objects, which

correlates with the most common TidyBot preference even if it does not match every indi-
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vidual user. The pipeline effectively uses commonsense as a soft bias toward prototypical
placements, and this bias appears to be more informative than the LLM’s unaided guess.
Pure Logic accuracy (21.40%) supports the same pattern observed in-distribution: the
symbolic rules are ineffective without the LLM’s semantic extraction. The 5.3 pp gap
between Pure Logic and random chance (20% for a 5-way MC question) indicates that
even keyword matching captures a small residual signal, but not enough to be practically

useful.

7.2.2 Tool Usage: PIQA

Table 7.3: PIQA OOD results. The domain-filtered subset (710 Q) retains only household-
related goals. The full pipeline underperforms the pure-LLM baseline in both subsets.

Subset Full Pipeline Pure LLM A
Filtered (710 Q) 91.69% 94.37 % —2.7 pp
Unfiltered (1,838 Q) 82.37% 88.37% —6.0 pp

Pure Logic Baseline (Model-Independent) 49.30% (Filtered) 48.48% (Unfiltered)

Table 7.3 presents the clearest negative result in the generalisation study. Unlike the
other OOD tasks, only Mistral Large is evaluated here. The primary analytical interest
is the comparison between the domain-filtered and unfiltered subsets, which isolates the
impact of ConceptNet coverage under a structural task shift. Mistral Large was chosen
to establish an upper bound on performance; however, we note that evaluating additional
model sizes would strengthen the claim that the observed deficit is architectural rather
than parametric.

The full pipeline underperforms the pure-LLM baseline by 2.7 pp on the filtered subset
and 6.0 pp on the unfiltered set while pure Logic hovers at 49%, indistinguishable from
random chance on a binary task.

The reason is architectural: the Tool Usage pipeline was designed for entity selection:
it retrieves affordance triples from ConceptNet (e.g., hammer — UsedFor:hammering),
counts how many retrieved exemplars mention each candidate answer and promotes the
candidate with the highest KB-mention differential. This mechanism assumes that the cor-
rect answer is a named entity whose affordances are catalogued in the knowledge base, but
PIQA violates this assumption. Its correct answers are free-text procedural descriptions
(“place a cup of vinegar on the top shelf”), not named objects. The KB-mention dif-
ferential penalises creative correct answers that do not mention KB-indexed tool names
and rewards incorrect answers that happen to reference familiar objects. A wrong answer

mentioning “screwdriver” or “pliers” may accumulate KB mentions that a correct answer

72



7.2. RESULTS

phrased as a procedure will not, systematically biasing the pipeline toward entity rich but
factually incorrect candidates.

The 6.0 pp penalty on the unfiltered set (compared to 2.7 pp on the filtered set) pro-
vides a second piece of evidence for this explanation. The unfiltered set includes non-
household goals (e.g., automotive repair, crafting) where KB coverage is sparser, ampli-

fying the differential bias.

7.2.3 Meta-Reasoning: BEHAVIOR-1K

Table 7.4: BEHAVIOR-1K OOD results (2,032 binary questions, derived from 250 sam-
pled tasks and balanced positive/negative robot configurations). The full pipeline
achieves the highest F1 across all model sizes, with the largest gain for Mistral Large
(+29.2 pp F1).

Model Approach Acc. Prec. Rec. Spec. F1

Mistral Large Full pipeline 0.770 0.691 0.976 0.564 0.809
Mistral Large Pure LLM 0.667 0943 0.356 0.978 0.517
Mistral Medium Full pipeline 0.765 0.701 0.924 0.606 0.797
Mistral Medium Pure LLM 0.681 0.905 0.405 0.958 0.559
Mistral Small Full pipeline 0.768 0.695 0.955 0.581 0.804
Mistral Small Pure LLM 0.747 0.855 0.595 0.899 0.702

Pure Logic baseline (model-independent) 0.625 0.572 0.992 0.257 0.725

Table 7.4 provides the strongest evidence for generalisation in the study. The full
pipeline outperforms the pure-LLM baseline across all three model sizes, with the most
pronounced improvement for Mistral Large: F1 rises from 0.517 (pure LLM) to 0.809
(full pipeline), a gain of +29.2 pp and the largest single delta observed in the OOD eval-
uation.

The pattern is particularly instructive when contrasted with the in-distribution results.
On RoboCSKBench, Pure Logic alone achieved F1 = 0.996, and the full pipeline’s ad-
vantage over pure LLM was already large (+27.6 pp). On BEHAVIOR-1K, Pure Logic
drops to F1 =0.725, the pure-LLM baseline drops to 0.517, and the full pipeline settles at
0.809, remaining the strongest ablation by a wide margin.

This pattern is consistent with the following explanation. The Prolog capability ax-
ioms encode domain-invariant physical constraints like: a task requiring bimanual ma-
nipulation needs at least two arms, a task requiring precision manipulation needs at least
6 DoF, a task requiring a firm grip needs a rigid end-effector. These constraints are
answer-structure-invariant, meaning that they hold regardless of whether the task is “slice

a tomato” or “caulk the bathtub seam”. The LLM’s role is to translate the novel task
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description into the boolean property schema that the Prolog axioms can process. On in-
distribution data, even keyword matching suffices for this translation (hence Pure Logic’s
0.996) while, on OOD data, the LLM’s semantic understanding becomes essential be-
cause the task vocabulary has shifted.

The pure-LLM baseline’s drop on BEHAVIOR-1K (F1 = 0.517 for Mistral Large) ex-
poses the failure mode that the symbolic layer mitigates. The LLLM’s primary error is a
high false-negative rate: it conservatively declares tasks infeasible that the Prolog axioms
correctly identify as executable. Recall drops from 0.945 (in-distribution full pipeline)
to 0.356 (OOD pure LLM), while precision remains high (0.943). The LLM appears to
hedge when it encounters unfamiliar task descriptions, defaulting to caution. The Pro-
log axioms instead apply fixed threshold checks and identify executability whenever the
extracted physical requirements are met.

The Pure Logic baseline’s deceptively high F1-score (0.725) must be interpreted with
caution, as it exposes a significant generalization pathology. In the OOD task vocabulary
of BEHAVIOR-1K, the simple keyword-based extractor often fails to match the new task
verbs onto the property schema, causing most task requirements (e.g., needs_grasping,
needs_precision) to default to false. Because the symbolic reasoner receives empty
requirement profiles, it classifies nearly all task-robot pairings as executable, producing
a near-perfect recall (0.992) but a severely degraded specificity (0.257) due to a flood of
false positives. This baseline does not represent a functional heuristic but rather a default-
true pathology, indicating that semantic dictionary alignment is a critical bottleneck for

keyword-based generalisation.

7.2.4 Procedural Knowledge: RecipeNLG

Table 7.5: RecipeNLG OOQOD results (2,000 binary questions, 500 recipes). The full
pipeline outperforms the pure-LLM baseline for all model sizes, reversing the in-
distribution pattern where pure LLLM led marginally.

Model Full Pipeline Pure LLM AF1

Mistral Large 0.898 0.786 +0.112
Mistral Medium 0.812 0.640 +0.172
Mistral Small 0.846 0.798 +0.048

Pure Logic Baseline (Model-Independent) 0.406

RecipeNLG provides the most instructive results in the generalisation study because it
inverts the in-distribution findings. On RoboCSKBench, pure LLLM achieved F1 = 0.983
(Mistral Small), outperforming the full pipeline (0.968 for Mistral Large). On Table 7.5
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shows that the relationship reverses on RecipeNLG: the full pipeline (0.898, Mistral
Large) outperforms pure LLM (0.786) by +11.2 pp F1.

This reversal is consistent with a shift in the step combinations presented to the
model, but the present experiment cannot attribute it to cleaner or noisier writing. Both
RecipeNLG and Recipel M+, the source used by RoboCSKBench, are web-derived cor-
pora and can contain informal or imperfect instructions. The defensible conclusion is
narrower: performance changes on recipes sampled from an independent corpus, where
the pure LLM’s learned culinary associations do not transfer as reliably as they do on the
in-distribution questions.

The Prolog temporal reasoner, by contrast, does not rely on distributional priors. Its
11-phase hierarchy (preheating < prep < mixing < ...< serving) and its dependency-
based ordering rules encode structural constraints about cooking processes that hold re-
gardless of writing style. A step classified as “prep” comes before a step classified as
“cooking” whether the recipe is for pad thai or duck confit, and whether the instructions
are written in formal English or abbreviated shorthand. The LLM still provides essential
value since it classifies each step into the correct phase, a task that keyword matching
cannot perform reliably. Notably, Pure Logic achieves F1 = 0.406 on RecipeNLG, which
is below the 0.50 random baseline for a balanced binary task. This means the keyword-
based phase classifier is not merely uninformative but systematically anti-correlated with
the ground truth since it assigns phase labels that produce inverted orderings more often
than correct ones. This anti-correlation suggests that RecipeNLG’s informal, abbreviated
step descriptions are adversarial for keyword-based parsing, and that the LLLM’s semantic

phase classification is essential to anchor the Prolog rules in correct step interpretations.

7.3 Cross-Dataset Analysis

Table 7.6 distils the results into a single comparative view that reveals two contrasting

patterns.

Pattern A: symbolic advantage preserved or amplified. Three OOD datasets: BEHAVIOR-
1K, RecipeNLG and TidyBot preserve or amplify the full pipeline’s advantage over pure
LLM. These three share the common property that the OOD task retains the same answer
structure as the in-distribution task. BEHAVIOR-IK still asks “can this robot execute
this task?” (binary classification over physical capabilities). RecipeNLG still asks “which
step comes first?” (binary temporal ordering). TidyBot still asks “where does this object
go0?” (entity selection from a candidate set). In all three cases, the symbolic component,

whether Prolog axioms or KB lookup, operates on the same type of structured input it was
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Table 7.6: In-distribution vs. OOD performance comparison. App is the full pipeline’s
advantage over pure LLM on RoboCSKBench; Apgp is the same on the OOD dataset.
All deltas compare Mistral Large in both conditions to ensure a consistent baseline across
rows. Note that different tasks use different primary metrics (Accuracy or F1), as indi-
cated by the “Metric” column; cross-row magnitude comparisons should be made with
this caveat in mind.

Task and OOD dataset Metric Amp AooD Pattern
Meta-Reas. (BEHAVIOR-1K) Fl1 +27.6 pp +29.2pp Amplified
Proc. Know. (RecipeNLG) F1 +0.8pp +11.2pp Inverted
Tidy Up (TidyBot) Acc +99pp +89pp Preserved
Tidy Up (VirtualHome) Acc +99pp —1.5pp Eliminated
Tool Usage (PIQA) Acc +233pp —2.7pp Inverted

designed for, and the domain-invariant constraints it encodes (physical thresholds, phase
orderings, location associations) transfer because they are properties of the world, not of
the benchmark.

The most striking case is RecipeNLG, where the symbolic advantage increases from
+0.8 pp in-distribution to +11.2 pp OOD. This inversion occurs because the in-distribution
LLM performance was near-ceiling (0.983), leaving no room for the symbolic layer to
contribute. On the independently sampled RecipeNLG questions, the Prolog phase hier-

archy instead provides a stable ordering constraint.

Pattern B: symbolic advantage eliminated or inverted. Two OOD datasets, Virtual-
Home and PIQA, eliminate or invert the full pipeline’s advantage. These two differ from
the Pattern A datasets in a critical respect since the pipeline’s architectural assumptions
are misaligned with the OOD task.

For VirtualHome, the issue is a performance ceiling combined with small-sample
sensitivity rather than structural misalignment: the LLM baseline already achieves near-
perfect performance (92.54% for Mistral Large) on common household associations, and
because the evaluation set contains only 67 questions, even a single additional missed
question by the pipeline translates to a —1.5 pp delta. As noted in Section 7.2.1, this dif-
ference is not statistically significant. For PIQA, instead, the misalignment is structural:
the pipeline’s entity-selection mechanism actively harms performance when applied to a
procedure-selection task, because the KB-mention differential biases predictions toward

entity-rich but factually incorrect candidates.

The discriminating factor. The results suggest that the key predictor of OOD trans-

fer success is not dataset size, domain proximity, or model capacity, but rather answer-
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structure alignment: whether the OOD task preserves the same answer type (entity selec-
tion, binary classification, temporal ordering) as the in-distribution task. We emphasise
that this is a post-hoc observation derived from the five OOD datasets studied here, not a
pre-registered hypothesis; further evaluation on additional task families would be needed
to confirm its generality. In the datasets studied here, preserved answer structure allows
the symbolic rules to operate on the same kind of input for which they were designed.
When the answer structure changes (entity selection — procedure selection), the sym-

bolic component’s inductive biases can become liabilities.

7.4 Discussion

The OOD evaluation across VirtualHome, TidyBot, PIQA, BEHAVIOR-1K and RecipeNLG
shows that neuro-symbolic transfer is highly conditional. The symbolic layer generalises
best when the OOD task preserves the same answer structure and when the encoded rules
correspond to physical or procedural constraints. It is less reliable when the shift changes
the type of answer the system must select or when success depends on personalised pref-

erences that are not represented in the knowledge base.

7.4.1 When and Why Symbolic Rules Generalise

The primary driver of successful OOD transfer is the nature of the knowledge encoded
by the symbolic layer. The results suggest a distinction between two types of symbolic

knowledge:

* Physical and logical invariants: Rules that formalise constraints of the physical
world, such as robot hardware capability thresholds in BEHAVIOR-1K or temporal
phase orderings in RecipeNLG, transfer comparatively well in zero-shot settings.
Because these rules represent properties of the environment rather than statistical
regularities of a specific dataset, they function as a robust anchor. When the neural
model’s confidence degrades under domain shift, these invariants prevent physi-
cally implausible predictions, leading to substantial gains (e.g., +29.2 pp F1 on
BEHAVIOR-1K and +11.2 pp on RecipeNLG).

» Factual and lexical associations: Knowledge-base triples (e.g., ConceptNet lo-
cations) generalize more unevenly because they are bound by the lexical overlap
between the dataset and the KB. In tasks like Tidy Up, location priors provide a
steady advantage only when the evaluation objects align with the KB’s pre-existing

vocabulary.
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7.4.2 Systemic Bottlenecks and Limitations

Conversely, when the symbolic layer fails to improve performance or actively degrades

it, the root cause falls into one of three systemic categories:

1. Answer-structure mismatch: When the core pipeline’s scoring mechanisms as-
sume a specific answer structure (e.g., entity selection), applying the system to a
different task structure (e.g., PIQA’s procedure selection) leads to systematic bias.
Here, the symbolic layer’s inductive biases become liabilities, as the model selects

candidates based on entity frequency rather than procedural correctness.

2. Lexical bottlenecks: Symbolic rules are brittle to representation details. In Virtu-
alHome, compound simulator-specific names (e.g., kitchencabinet) fail to match
KB nodes, forcing the system to fall back on ungrounded neural predictions. This
highlights that lexical normalization is a critical dependency for symbolic reason-

ing.

3. Ceiling effects and sample sensitivity: When the LLLM baseline already achieves
near-ceiling performance on common commonsense associations, as in Virtual-
Home, the symbolic layer has little headroom to show quantitative improvement.
In small evaluation sets, the percentage metric is also highly sensitive: one addi-
tional error in VirtualHome changes accuracy by roughly 1.5 pp. Interpretability
may still be valuable in such cases, but it should be treated as a separate benefit

from accuracy.

7.4.3 Implications for Hybrid Architectures

The results of this chapter suggest three practical implications for the design of future

neuro-symbolic systems in physical reasoning domains:

1. Scope symbolic constraints to physical invariants: The strongest OOD gains
occur when symbolic rules formalise domain-invariant physical or temporal con-
straints (BEHAVIOR-1K, RecipeNLG), while softer commonsense associations (Con-
ceptNet locations) provide smaller, vocabulary-dependent improvements (TidyBot).
This suggests that symbolic engineering effort is often best invested in rules that en-

code properties of the physical world rather than soft distributional regularities.

2. Treat vocabulary alignment as a core component: A symbolic engine is only
as good as its grounding layer. Vocabulary normalisation should be treated as

an active, first-class component, potentially using LLMs to dynamically translate
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simulator-specific entities into canonical KB concepts, rather than relying on static

dictionaries.

3. Prioritise OOD validation: The in-distribution evaluations in Chapter 6 produced
ceiling effects that masked the relative strengths and weaknesses of the pipeline’s
components. OOD evaluation is essential for distinguishing genuine architectural

advantages from artefacts of benchmark-pipeline co-design.
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Chapter 8

Conclusion

8.1 Summary of the Work

This thesis examines whether a neuro-symbolic approach can match or improve upon
LLM-only performance on embodied commonsense tasks while exposing the encoded
knowledge and rule applications used in its symbolic derivations. This second aim con-
cerns traceability and transparent reasoning: it makes the decision procedure available for
inspection, but does not by itself establish that every premise is correct or that users will
find the derivation interpretable. Performance and component contributions are evaluated
on RoboCSKBench, whose five tasks require different forms of background knowledge
for household robotics. Rather than treating the presence of a symbolic component as an
advantage by definition, the evaluation compares complete pipelines with matched pure-
LLM and pure-logic configurations and then tests the runtime architecture on external

datasets.

8.2 Answers to the Research Questions

Performance relative to LLM-only baselines

Regarding RQ1 (“Does a neuro-symbolic pipeline outperform a matched pure-LLM base-
line, and how does this effect vary across tasks and answer formats?”’), the neuro-symbolic
approach does not produce a uniform improvement over the pure LLLM because its con-
tribution depends on what the task requires and on how the answer is represented. The
strongest benefits appear when the symbolic component can retrieve a relevant fact or en-
force a clear constraint. Tool Usage is the clearest example: with Mistral Large, Pipeline 2
improves accuracy by 23.3 percentage points because the knowledge base supplies ex-

plicit affordance information that the model otherwise has to recall from its parameters.
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The mechanism is less useful for broad generation. In open-ended Tidy Up, symbolic
re-ranking reduces MRR by 3.3 points when a knowledge-base-supported location dis-
places another valid answer. RQ1 therefore has a conditional answer: explicit knowledge

and rules help only when their representation fits the task and its evaluation format.

Compensation for model capacity

Regarding RQ2 (“To what extent does the symbolic layer compensate for differences in
neural model capacity?”), the symbolic layer sometimes reduces the difference between
larger and smaller language models, although this effect is concentrated in tasks domi-
nated by factual retrieval. Again, Tool Usage provides the strongest evidence: an 18.2-
point gap between Mistral Large and Mistral Small in the pure-LLM condition falls to 0.4
points when both models use the full pipeline. Once the same affordance knowledge is
explicitly available, model size has little influence on the final result.

The pattern is weaker elsewhere and disappears near a performance ceiling or when
the symbolic representation omits relevant distinctions. A suitable knowledge base can
therefore compensate for lower model capacity on some tasks, but symbolic reasoning

cannot generally replace the interpretation supplied by a stronger model.

Contribution of the neural and symbolic components

Regarding RQ3 (“What do neural-only and symbolic-only ablations reveal about the con-
tribution and limitations of each component?”), the ablations show that the two compo-
nents address different failure modes. Without symbolic support, the LLM remains strong
on familiar procedural questions but loses the benefit of explicit factual retrieval and ca-
pability constraints. Without neural extraction, the logic programs depend on keyword
matches that do not transfer reliably to unfamiliar language. On BEHAVIOR-1K, for ex-
ample, missed keywords produce incomplete task descriptions and cause the pure-logic
system to classify too many robot configurations as executable.

The components are complementary, but not independently reliable. Neural interpre-
tation connects varied language to the symbolic vocabulary, while the derivation remains
conditional on that interpretation. RQ3 thus reveals a reciprocal dependency: logic can

make a decision procedure explicit, but cannot correct a false or missing premise by itself.

Out-of-distribution generalisation

Regarding RQ4 (“To what extent does the runtime neuro-symbolic pipeline generalise to

out-of-distribution data without task-specific adaptation?”), generalisation beyond Robo-
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CSKBench is similarly dependent on alignment between the pipeline and the new task.
The most successful transfer occurs on BEHAVIOR-1K, where the hardware constraints
retain their meaning despite unfamiliar activity descriptions and improve F1 by 29.2
points for Mistral Large. PIQA provides the contrasting case. Its answers are free-text
procedures rather than named tools, so the entity-selection mechanism inherited from
Tool Usage no longer matches the decision being made; the full pipeline consequently
trails the pure LLM by 2.7 points on the household subset.

General location knowledge remains useful on TidyBot but cannot fully represent
personal preferences, while VirtualHome is limited by a small sample and a near-ceiling
baseline. Overall, transfer is most successful when the symbolic component encounters
the answer structure it expects. This is a post-hoc explanation rather than a general law,
but it is the clearest answer to RQ4 supported by these experiments.

The comparison between the pipelines adds one qualification to these findings. Pipeline 1
automates part of rule construction and produces useful open-ended Tidy Up rankings, but
it s less reliable for closed-set candidate selection, especially in Tool Usage. Since the
comparison covers only two tasks and Pipeline 1 relies on a restricted representation, it
does not establish that manually written rules are generally superior. It shows instead that

the construction of symbolic knowledge matters as much as the logic formalism.

8.3 Limitations

The main limitation follows from the same design choice that makes the pipelines in-
spectable. Before a logic program can reason about an instruction, the situation has to be
expressed through a controlled vocabulary. This intermediate representation makes the
decision process easier to follow, but it also determines what the system is able to notice.
If a graph entry is missing, if a term is mapped to the wrong predicate, or if the LLM ex-
tracts an incomplete description of the task, the symbolic component does not have access
to the situation that was intended. It reasons over the premises it receives. Pipeline 1 is
affected by this problem through annotation noise and through the restrictions imposed on
the rules it can learn. Pipeline 2 avoids rule induction, but its hand-crafted programs still
reflect design decisions about which conditions matter and how conflicts should be re-
solved. For this reason, the thesis makes knowledge engineering and semantic grounding
more visible, but it does not remove them.

The evidence should also be read within the scope of the experiments conducted
here. The main ablations use Mistral models, and the direct comparison between the
two pipelines is limited to Tidy Up and Tool Usage, where both systems can be applied to

the same tasks. The transfer evaluation broadens the picture, but it also introduces its own
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constraints: some datasets require model-assisted filtering or annotation, VirtualHome
contains only 67 questions, and no suitable external Table Setting dataset is available.
The knowledge sources themselves are uneven as well. ConceptNet and the other graphs
provide useful background associations, yet their coverage is incomplete and may reflect
conventions that fit some households or cultures better than others.

A final boundary concerns what the benchmark measures. RoboCSKBench evaluates
language-level judgements about household situations, not perception, manipulation or
recovery from failed actions on a physical robot. The symbolic systems can show which
facts are retrieved and which rules fire, and this makes an answer easier to inspect than a
direct LLM response. Still, an inspectable derivation is not the same as a correct decision.
A proof can be built from a mistaken perceptual premise, and this thesis does not mea-
sure interpretability or reliability through a dedicated user study. The conclusions should
therefore be understood as claims about the evaluated datasets, models and task formats,
rather than as evidence that the same architecture would automatically remain reliable in

a deployed robotic system.

8.4 Future Work

Further work should first improve the interface between neural extraction and symbolic
reasoning. For Pipeline 1, predicate schemas should be tested for their ability to distin-
guish candidate answers before rule induction, and richer hypotheses should be introduced
only where the extracted features support them reliably. Pipeline 2 should represent uncer-
tainty and missing information explicitly instead of allowing absent predicates to behave
silently as false. Decision traces could then connect the original instruction, extracted
facts, graph assertions and fired rules, making failures easier to locate without presenting
the trace as proof that every premise is correct.

Vocabulary alignment also requires a more adaptive treatment than static synonym
lists. A system should be able to normalise unfamiliar entities, estimate when knowledge-
base coverage is inadequate and abstain when no grounded conclusion is available. For
household tasks, user-specific preferences should override population-level defaults rather
than being treated as noise.

Future work should also compare a broader range of hybrid architectures. Both
pipelines in this thesis ultimately use rule-based inference through ASP or Prolog, even
when knowledge graphs supply their facts. Alternative designs could reason directly over
knowledge graphs, combine graph retrieval with learned link prediction, integrate differ-
entiable logical constraints into model training, or allow neural and symbolic components

to exchange intermediate results iteratively. Comparing these arrangements on the same
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tasks and ablations would show whether the conditional benefits observed here are spe-
cific to rule-based pipelines or extend to other ways of combining explicit and learned
knowledge.

The transfer findings motivate a pre-specified study of answer-structure alignment us-
ing several datasets for each type of shift, together with models from families beyond
Mistral and an external Table Setting dataset. Construction and evaluation models should
be separated where possible, and uncertainty should be reported for small samples. The
most important extension is evaluation in simulation and on physical robots, where per-
ceptual errors, action failures and environmental change can test whether the observed

language-level advantages survive closed-loop execution.

8.5 Closing Remarks

The experiments do not support a universal choice between neural and symbolic reason-
ing. They show instead that the benefit of combining them depends on where knowledge
is represented, how language is mapped to that representation and whether the rules match
the decision the task requires. LLMs provide the linguistic flexibility needed to construct
symbolic inputs, while knowledge bases and logic programs are most useful when they
contribute explicit facts or constraints that the task can exploit. The result is a condi-
tional but practical conclusion: neuro-symbolic reasoning is valuable when its intermedi-
ate representation is treated as part of the problem, not as an automatically correct bridge

between language and action.
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Appendix A

Appendix

A.1 Extracted Domestic Subgraph Format

The following is a representative snippet of the JSON output structure generated after the
graph extraction and filtering phase (specifically from object_locations_cskg. json).
It maps each discovered domestic object to its spatial locations, source provenance, hier-

archical inheritance context, and originating seed rooms:

{
"blender": {
"locations": [
"kitchen"
1,
"sources": {
"kitchen": [
"cskg:cn"
]
},
"inherited_from": [],
"discovered_via_rooms": [
"kitchen"
]
1,
"coffee mug": {
"locations": [
"cupboard",
"kitchen",

"shelf"
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1,
"sources": {
"kitchen": [
"cskg:cn"
1,
"cupboard": [
"cskg:cn"
1,
"shelf": [
"cskg:cn"
]
1,
"inherited_from": [],
"discovered_via_rooms": [

"kitchen"

A.2 Extracted Tool Knowledge Base Format

The following is a representative snippet of the JSON output structure generated after the
CSKG affordance extraction and inheritance pipeline for the Tool Usage task (specifically
from tool_affordances_cskg. json). It maps discovered household objects to canon-
ical affordance lists, source provenance mappings, inheritance history, lookup keys, seed

discovery rooms, and direct raw graph phrases:

{
"furnace": {

"canonical": [

"heat"
1,
"sources": {
"heat": [
"cskg:cn"
]
},

"inherited_from": [],
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"lookup_key": "furnace",
"discovered_via_rooms": [
"basement",
"cellar",
"bedroom",
"closet"
1,
"direct_raw": [
"heat building",
"heat home",
"heat house",
"warm home",
"heating things such as pottery"
]
.
"vacuum": {

"canonical": [

"stick",
"clean"
1,
"sources": {
"stick": [
"cskg:vg"
1,
"clean": [
"cskg:cn"
]

1,
"inherited_from": [],
"lookup_key": "vacuum",
"discovered_via_rooms": [
"closet",
"garage",
"bedroom",
"kitchen",

"pantry"
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"direct_raw": [
"stick",
"clean carpet",

"clean floor"

A.3 Pipeline 1 Large Language Model Prompts

This section documents the structured prompts used across the different phases of Pipeline
1.

A.3.1 Semantic Object Filtering Prompt (Llama 3.1:8b)

The following system prompt is used during the offline phase to clean the extracted CSKG
subgraphs, filtering out non-domestic or abstract concepts:

You are a filter for a domestic robot dataset. Your job is to decide if a

concept can realistically be present inside or around a home.

KEEP an item if it belongs to ANY of these categories:

1. Furniture and fixtures: chair, table, bed, sofa, lamp, shelf, bookcase,
wardrobe, cabinet, door, window, staircase, wall, ceiling, floor, roof...
Appliances and electronics: fridge, washing machine, oven, TV...

Kitchenware and tableware: knife, fork, spoon, pot, pan, bowl, plate, cup...
Food and drinks: bread, wine, beer, milk, water, juice, tuna...

Cleaning and maintenance supplies: brush, mop, broom, vacuum, detergent...
Office and craft supplies: pencil, pen, stapler, staples, tape, scissors...
Clothing and accessories: shirt, dress, socks, jeans, suit, belt, shoes...

Materials found in a home: wood, cotton, velvet, silk, nylon, steel, glass...

© 0 N O O > W N

Structural elements: wall, ceiling, floor, stairs, railing, foundatiom...
10. Personal care items: shampoo, toothbrush, razor, comb, mirror, lotion...
11. Household pets and plants: cat, dog, rabbit, hamster, fish, cactus...

12. Waste and storage: garbage, trash, dust, box, bag, container, jar, bottle...

DISCARD an item ONLY if it is one of these:

- A person or human role: person, student, chef, actor, doctor, neighbor...

- A purely abstract concept with no physical form: freedom, love, idea, time...
- A non-domestic vehicle: airplane, car, motorcycle, truck, submarine, bus

- A non-domestic outdoor place: city, street, ocean, lake, island, park...

- A wild or farm animal not kept as a pet: bear, wolf, whale, dolphin...
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- A non-physical media/entertainment concept: music, TV show, movie...

- A clearly dangerous/illegal item not normally at home: dynamite, bomb...

When in doubt, KEEP the item. It is better to keep something borderline

than to discard something that could be in a home.

Return ONLY a JSON object with one key:
{"keep": ["iteml", "item2", ...]}

A.3.2 SOMA Ontology Annotation Prompt (Llama 3.1:8b)

The system prompt used to perform semantic annotation of domestic objects with SOMA

ontology predicates is structured as follows:

You are a semantic annotator for a domestic robot knowledge base.
Given an object and its ConceptNet associations, assign SOMA ontology labels.
Use YOUR OWN KNOWLEDGE as primary truth. ConceptNet data are noisy - ignore

them if wrong.
Return a JSON with EXACTLY three keys. Use ONLY values from these lists:

"hasPhysicalQuality" - pick from:
RequiresCooling, RequiresFreezing, Perishable, Heated, Liquid, Granular,
Gas_Aerosol, Heavy, Lightweight, Fragile, Rigid, Soft_Deformable, Sharp,
Electronic, Toxic_Hazardous, Flammable, Washable, HasBlade, HasPointedTip,
IsRotary, HasAbrasiveSurface, HasContainer, HasHeatElement, IsFlexible,
HasTeeth

"hasRole" - pick from:
ConsumableRole, UtensilRole, CookwareRole, ToolRole, CleaningToolRole,
ApplianceRole, StorageContainerRole, FurnitureRole, BeddingRole, LightingRole,
ClothingRole, EntertainmentRole, MusicalInstrumentRole, DecorationRole,

DocumentRole, WasteRole, SafetyEquipmentRole

"affordsTask" - pick from:
FoodPreparationTask, EatingDrinkingTask, MaintenanceTask, CleaningTask,
WasteDisposalTask, HygieneTask, DressingTask, StorageTask, SleepingTask,
WorkStudyTask, LeisureTask, GardeningTask

COMMON MISTAKES TO AVOID:

- Fridge/freezer/air conditioner -> NOT Heated! They COOL things.

- Chocolate/butter/fruit -> NOT Liquid! They are solid at room temperature.

- Cookies/fruit -> NOT Granular! They are solid pieces.

- Teddy bear/stuffed animal -> EntertainmentRole, NOT FurnitureRole.

- Bandaid/plaster -> SafetyEquipmentRole + HygieneTask, NOT Liquid or ConsumableRole.
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- Hammer/vice -> MaintenanceTask, NOT FoodPreparationTask.

- Umbrella/hairbrush -> ToolRole, NOT UtensilRole.

- Egg shells -> WasteRole, NOT ConsumableRole.

- Saw -> HasBlade AND HasTeeth. Knife -> HasBlade but NOT HasTeeth.
- Drill -> IsRotary AND HasPointedTip.

- Bowl/cup -> HasContainer. Knife -> NOT HasContainer.

- Rope/hose -> IsFlexible. Hammer -> NOT IsFlexible.

EXAMPLES:

knife:

shampoo:

fridge:

teddy bear:

bandaid:

chocolate:

hammer:

Saw:

drill:

blanket:

{"hasPhysicalQuality": ["Sharp","Rigid"],

"hasRole": ["UtensilRole"], "affordsTask":["FoodPreparationTask"]}
{"hasPhysicalQuality":["Liquid"],

"hasRole": ["CleaningToolRole"], "affordsTask":["HygieneTask"]}
{"hasPhysicalQuality":["Electronic","Heavy"],

"hasRole": ["ApplianceRole"], "affordsTask":["StorageTask"]}
{"hasPhysicalQuality":["Soft_Deformable","Lightweight"],

"hasRole": ["EntertainmentRole"], "affordsTask":["LeisureTask"]}
{"hasPhysicalQuality":["Lightweight"],

"hasRole": ["SafetyEquipmentRole"], "affordsTask":["HygieneTask"]}
{"hasPhysicalQuality":["Perishable"],

"hasRole": ["ConsumableRole"], "affordsTask":["EatingDrinkingTask"]}
{"hasPhysicalQuality":["Heavy","Rigid"],

"hasRole":["ToolRole"], "affordsTask":["MaintenanceTask"]}
{"hasPhysicalQuality":["Heavy","Rigid","HasBlade","HasTeeth"],

"hasRole":["ToolRole"], "affordsTask":["MaintenanceTask"]}
{"hasPhysicalQuality": ["Heavy","Rigid","IsRotary","HasPointedTip"],

"hasRole":["ToolRole"], "affordsTask":["MaintenanceTask"]}
{"hasPhysicalQuality":["Soft_Deformable","Washable"],

"hasRole": ["BeddingRole"], "affordsTask":["SleepingTask"]}

Return ONLY the JSON. No explanation, no markdown, no extra text.

A.3.3 LLM-Guided Rule Induction System Prompt (Mistral Medium)

The system prompt used to guide the rule induction generator (Mistral Medium) during

the iterative hypothesis generation loop is structured as follows:

You are an expert in Answer Set Programming (ASP).
Generate ONLY well-formed ASP rules.
PRIORITY: Cover the FOCUS OBJECT. It is acceptable to also cover other positives.

It is acceptable if false positives have the SAME properties as true positives

(they may just be mislabeled or assigned to different locations).

Do not output explanations, markdown, or meta-commentary.

Output EXACTLY ONE rule per response.
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CRITICAL INSTRUCTION - MINIMAL RULES ONLY:

- You MUST generate the SHORTEST POSSIBLE rule.

- Use the absolute MINIMUM number of conditions necessary to distinguish
the focus object from negatives.

- DO NOT just copy all properties of the focus object. Choose 1 or 2

most important discriminative features.

CRITICAL SYNTAX RULES:

- Do NOT use semicolons (;) at the top level of the rule body.
Disjunction at the top level creates invalid ASP. Use commas only.

- Example of INVALID rule:
goesIn(X, loc) :- obj(X), hasRole(X, roleA) ; hasRole(X, roleB).

- Example of VALID rule:
goesIn(X, loc) :- obj(X), hasRole(X, roleA), affordsTask(X, taskB).

- Example of VALID rule:
goesIn(X, loc) :- obj(X), hasPhysicalQuality(X, requiresCooling).

- Write the MOST GENERAL rule possible. Use the MINIMUM number of conditions
necessary to distinguish the positives from the negatives. Do not just

copy all properties of the focus object.

VALID ONTOLOGY VALUES - you MUST only use these exact strings, nothing else:
Qualities: [list of valid SOMA physical qualities]

Roles: [list of valid SOMA roles]

Tasks: [list of valid SOMA tasks]

Using any value NOT in these lists will cause the rule to cover nothing

and be rejected.

A.4 Pipeline 2 Large Language Model Prompts

This section documents the LLLM extraction prompts used in the neural phases of Pipeline
2.

A.4.1 Location Type Extraction Prompt (Tidy Up)

The system prompt used by Mistral for mapping household objects to canonical locations

is structured as follows:

You are a commonsense knowledge assistant for a household robot.
Given a household object, identify the single most appropriate canonical location

TYPE where this object is typically stored or placed in a home.

Choose EXACTLY ONE canonical location from the following list:

bathroom, bed, bedroom, cabinet, closet, dining_room, drawer, fridge, garage,
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garden, hallway, home_office, kitchen, laundry_room, library, living_room,

music_room, pantry, playroom, shelf, sink, storage_room, table, trash

Rules:

- Output ONLY the single canonical location key exactly as it appears above.

- Choose the location where the object is MOST COMMONLY stored.

- If the object is food or a consumable, prefer "kitchen", "fridge", or "pantry".

- If the object is clothing or accessories, prefer "bedroom", '"closet",

or "laundry_room'".

- If the object is a tool/appliance, prefer "kitchen", '"garage", "home_office",

or "storage_room'".

- If the object is a toy/game, prefer "bedroom",

"playroom", or "living_room".

- If the object is a book, prefer "library", "home_office", or "shelf".

- Outdoor equipment, vehicles, or garden tools -> '"garage" or '"garden".

- Cleaning supplies -> "laundry_room" or "bathroom".

- Medicine or personal care items -> "bathroom" or '"cabinet".

- Do NOT output explanations or anything other than the single canonical key.

First provide a 1-sentence "reasoning'", then the "location".

Respond ONLY with a JSON dictionary:

{"reasoning": "<l-sentence explanation>", "location": "<canonical location key>"}
EXAMPLES:

Object: apple

{"reasoning": "Fruit is typically stored in the kitchen or fridge.",

"location": "kitchen"}

Object: jacket
{"reasoning": "Clothing is stored in the bedroom
g g

"location": "closet"}

Object: hammer

{"reasoning": "Tools are typically stored in the

Object: novel
{"reasoning": "Books are stored on a shelf or in

"location": "library"}
Object: shampoo
{"reasoning": "Personal care items are stored in

"location": "bathroom"}

Object: lawnmower

closet or wardrobe.",

garage.", "location": "garage"}

a library.",

the bathroom.",

{"reasoning": "Garden equipment is kept in the garage.", "location": "garage"}
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A.4.2 Affordance Extraction Prompt (Tool Usage)

The system prompt used by Mistral for mapping natural language task descriptions to

canonical physical affordances is structured as follows:

You are a commonsense knowledge assistant for a household robot.
Given a household task description, you must identify which single affordance

(physical capability) an object must have to be useful for this task.

Choose EXACTLY ONE affordance from the following canonical list:

absorb, be heated, beautify, bend, bore, break, carry, carve, change, chop,
clean, comfort, compress, contain, control, cool, cover, crack, crumble,
crunch, cube, cut, decorate, dice, dig, display, dispose, drill, dry, eat,
engrave, entertain, exercise, file, fix, flex, grasp, grind, hammer, handle,
heat, hold, illuminate, increase, install, lift, mark, melt, mix, operate,
peel, pick, pierce, plow, plug, poke, polish, pour, press, read, repair, roll,
rub, saw, scoop, screw, separate, shape, skin, slit, smoothen, solder, spread,
staple, stick, store, strip, support, tamp, time, unclog, wash, wipe, wrap,

wrench, write

Rules:

- Output ONLY the single affordance word/phrase, exactly as it appears above.

- If the task involves placing a container on heat (boiling, reheating, cooking
food in a pot/pan), output "be heated".

- If the task involves melting something (wax, butter, chocolate, ice) using
a tool that PROVIDES heat, output "heat".

- If the task involves chopping food into pieces, output "chop". Reserve "cut"
for slicing/trimming tasks (e.g., cutting paper, cutting fabric).

- If the task involves breaking an object apart, output "break". If cracking
eggs or nuts, output "crack". If crumbling, output "crumble". If crunching
hard food, output "crunch". If dicing into small cubes, output "dice".

- If the task involves boring or making a hole for screws (assembling furniture,
hanging pictures, installing fixtures), output "bore". Output "screw" only
for driving/tightening screws explicitly.

- If the task involves drilling a hole with a powered drill, output "drill".

- If the task involves hammering a nail, output "hammer".

- If the task involves cleaning, dusting, or removing dirt, output "clean".

Use "wipe" only for wiping up liquid spills. Use "wash" for rinsing.

- If the task involves mixing, blending, or stirring ingredients, output "mix".

- If the task involves pressing a button or operating gadgets, output "press'.

- If the task involves piercing, puncturing, or creating a hole, output "pierce".

- If the task involves physically lifting or moving objects, output "1lift".

If gripping/grasping a specific item, output "grasp".

- Do NOT output explanations or anything other than the single affordance.

First provide a l1-sentence "reasoning", then the "affordance".
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Respond ONLY with a JSON dictionary:

{"reasoning": "<l-sentence explanation>", "affordance": "<canonical affordance>"}

EXAMPLES:

Task: cleaning up spills

{"reasoning": "A sponge-like object that absorbs liquid is needed.",
"affordance": "absorb"}

Task: reheating coffee
{"reasoning": "The object must be heatable on a stove or similar.",

"affordance": "be heated"}

Task: cutting meat

{"reasoning": "A sharp cutting tool is required.", "affordance": "cut"}

Task: hanging pictures
{"reasoning": "A tool to bore a hole into the wall is needed.",

"affordance": "bore"}

Task: shaping wire

{"reasoning": "A tool that can bend metal is required.", "affordance": "bend"}

Task: installing shelves
{"reasoning": "A boring tool is needed to make pilot holes for screws.",

"affordance": "bore"}

Task: assembling furniture
{"reasoning": "Pilot holes must be bored before inserting screws.",

"affordance": "bore"}

Task: boiling water
{"reasoning": "A container that can be placed on heat is needed.",

"affordance": "be heated"}

A.4.3 Robot Capability Extraction Prompt (Meta-Reasoning)

The system prompt used by Mistral for identifying physical task requirements for robot

motion planning is structured as follows:

You are an expert robot motion planner.
Your job is to analyze a natural language household task and answer 6 specific

Yes/No questions about its physical requirements.

First, provide a brief 1-sentence rationale in the '"reasoning" key. Then, output
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the 6 booleans.

Focus strictly on the MINIMUM physical actions required. Think like a roboticist:
1. "needs_grasping'": Does this task strictly require lifting an object completely
into the air? Output FALSE if the task can theoretically be accomplished by
simply pushing, sweeping, or sliding the object with a blunt arm. If the task

includes the word "arrange", needs_grasping is FALSE.

2. "needs_precision": Does this task involve highly constrained, multi-axis
7-DoF rotations (like inserting a key, threading a needle)? Output FALSE for
general manipulation, arranging, pushing, or broad adjustments.

3. "needs_mobility": Does the robot strictly need a mobile base? Output FALSE
unless the task absolutely cannot be done from a single position. Assume the
robot is ALWAYS already positioned optimally within arm’s reach of ALL objects.

4. "needs_bimanual": Does the task ABSOLUTELY require two arms working
simultaneously where NO passive support is possible? Output FALSE for cutting,
slicing, or chopping (the surface stabilizes the food). Output FALSE for
folding (can be done sequentially). Only output TRUE for tasks like tearing
an object apart, where two opposing forces must be applied simultaneously.
"needs_contact": Does the robot need to physically touch anything at all?
"needs_rigid_grip": Is the object heavy, resistive, or requiring a firm rigid

grip? Output FALSE if the task can be done by pushing (e.g. arranging a sofa).

Respond ONLY with a valid JSON dictionary matching exactly the keys above.

EXAMPLES:
Task: arrange shoes
{
"reasoning": "Arranging shoes can be done by pushing or sliding them.",

"needs_grasping": false,
"needs_precision": false,
"needs_mobility": false,
"needs_bimanual": false,
"needs_contact": true,

"needs_rigid_grip": false

Task: adjust the desk lamp
{
"reasoning": "Adjusting a lamp requires physical contact to nudge it.",
"needs_grasping": false,
"needs_precision": false,
"needs_mobility": false,
"needs_bimanual": false,
"needs_contact": true,

"needs_rigid_grip": false
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Task: bring the bowl to the counter

{
"reasoning": "Bringing an object requires the arm to reach.",
"needs_grasping": true,
"needs_precision": false,
"needs_mobility": false,
"needs_bimanual": false,
"needs_contact": true,
"needs_rigid_grip": false
3

Task: slice a tomato on a cutting board

{
"reasoning": "The cutting board stabilizes the tomato passively.",
"needs_grasping": true,
"needs_precision": false,
"needs_mobility": false,
"needs_bimanual": false,
"needs_contact": true,
"needs_rigid_grip": true
3

Task: get the pen from the table and go turn on the floor lamp

{
"reasoning": "Robot is assumed to be within arm’s reach of all objects.",
"needs_grasping": true,
"needs_precision": false,
"needs_mobility": false,
"needs_bimanual": false,
"needs_contact": true,
"needs_rigid_grip": false
%

A.4.4 Meal Property Extraction Prompt (Table Setting)

The system prompt used by Mistral for identifying semantic dining features of recipes is

structured as follows:

You are an expert chef and culinary analyst.
Your job is to analyze a given meal/recipe and extract semantic physical properties

about it to help determine the proper cutlery and plate.

Extract the following boolean (true/false) properties for the meal:
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1. "is_soup_or_broth": Is the meal predominantly liquid (e.g. soup, stew, broth)?

2. "is_handheld_food": Is it usually eaten by grabbing it with bare hands?

3. "needs_cutting": Does the dish contain large, solid chunks of meat/food?

4. "is_asian_cuisine": Is this a traditional East/Southeast Asian dish where
chopsticks are commonly appropriate? If South/Central Asian, set false.

5. "is_long_noodles": Does it feature long strands of pasta or noodles?

6. "has_sauce_or_small_pieces": Is it composed of loose small pieces that are
commonly scooped OR a thick curry-like dish served in a bowl?
"is_dessert": Is this a dessert or sweet baked good?
"is_skewer_food": Is this food typically served and eaten on a skewer/stick?

9. "is_tongs_food": Is this food strictly requiring tongs to eat?

First provide a l-sentence '"reasoning", then output the boolean constraints.

Respond ONLY with a valid JSON dictionary. Do NOT add any text outside the JSON.

EXAMPLES:
Meal: Beef Barbecue Casserole
{
"reasoning": "This is a baked casserole served plated.",

"is_soup_or_broth": false,
"is_handheld_food": false,
"needs_cutting": false,
"is_asian_cuisine": false,
"is_long_noodles": false,
"has_sauce_or_small_pieces'": false,
"is_dessert": false,
"is_skewer_food": false,

"is_tongs_food": false

Meal: Hamburgers

{
"reasoning": "Hamburgers are classic handheld foods eaten without utensils.",
"is_soup_or_broth": false,
"is_handheld_food": true,
"needs_cutting": false,
"is_asian_cuisine": false,
"is_long_noodles": false,
"has_sauce_or_small_pieces": false,
"is_dessert": false,
"is_skewer_food": false,

"is_tongs_food": false
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"reasoning": "This is a handheld sandwich; not chopsticks-appropriate.",

"is_soup_or_broth": false,
"is_handheld_food": true,
"needs_cutting": false,
"is_asian_cuisine": false,
"is_long_noodles": false,
"has_sauce_or_small_pieces": false,
"is_dessert": false,
"is_skewer_food": false,

"is_tongs_food": false

Meal: Steak With Peppercorn Sauce
{

"reasoning": "This is a plated Western meat dish that requires cutting.",

"is_soup_or_broth": false,
"is_handheld_food": false,
"needs_cutting": true,
"is_asian_cuisine": false,
"is_long_noodles": false,
"has_sauce_or_small_pieces": false,
"is_dessert": false,
"is_skewer_food": false,

"is_tongs_food": false

A.4.5 Recipe Step Property Extraction Prompt (Procedural Knowl-

edge)

The system prompt used by Mistral for identifying recipe step attributes is structured as

follows:

You are an expert chef and cooking procedure analyst.

Your job is to analyze two steps from a cooking recipe and extract semantic

properties that reveal their temporal order.

Given the recipe title and two steps (step_a and step_b), extract the following

properties for EACH step:

1. "cooking_phase": Which phase of cooking does this step belong to? Choose ONE:

- "preheating" - Boiling initial water, heating oven before anything else

- "prep" - Washing, peeling, chopping, dicing, mincing raw ingredients
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"mixing" - Combining raw ingredients together (BEFORE cooking)
"marinating" - Soaking, brining, marinating

"heating" - Heating oil in a pan, melting butter (getting pan hot)
"cooking" - Main cooking process: bake, fry, sauté, simmer, boil
"assembly" - Layering, stuffing, rolling cooked components together

"resting" - Letting dough rise, letting meat rest, cooling slightly

"cooling" - Active cooling: chill in fridge, freeze, cool completely
"finishing" - Final seasoning, glazing, garnishing, drizzling
"serving" - Plating, serving, presenting the dish

requires_heat": Does this step involve applying heat? (true/false)

is_final_step": Is this one of the very last things done? (true/false)

4. "transforms_state": Does this step change the physical state? (true/false)

5. "depends_on_other": Does this step require the OTHER step completed? (true/false)

6. "belongs_to_recipe": Does this step belong to this specific recipe? (true/false)

- "Soak Basmati rice" belongs to "Beetroot Rice" -> true

- "Broil swordfish" does NOT belong to "Green Beans With Onion" -> false

- When in doubt, output true.

Respond ONLY with a valid JSON dictionary in this exact format:

{

"reasoning": "<1-2 sentence explanation of the temporal relationship>",
"step_a": {
"cooking_phase": '"<phase>",

"requires_heat": <bool>,
"is_final_step": <bool>,
"transforms_state": <bool>,
"depends_on_other": <bool>,

"belongs_to_recipe": <bool>

1,

"step_b": {
"cooking_phase'": '"<phase>",
"requires_heat": <bool>,
"is_final_step": <bool>,
"transforms_state": <bool>,
"depends_on_other": <bool>,
"belongs_to_recipe'": <bool>

X

Do NOT add any text outside the JSON.
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EXAMPLES:
Recipe: World’s Best Mac and Cheese
Step A: Cook pasta less than directions
Step B: Bake pasta with cheese topping
{
"reasoning": "Pasta must be cooked first before it can be baked.",
"step_a": {
"cooking_phase": "cooking",
"requires_heat": true,
"is_final_step": false,
"transforms_state": true,
"depends_on_other": false,
"belongs_to_recipe": true
3,
"step_b": {
"cooking_phase": "cooking",
"requires_heat": true,
"is_final_step": false,
"transforms_state": true,
"depends_on_other": true,

"belongs_to_recipe": true

A.5 Pipeline 2 Prolog Programs

This section provides the full source listings for the SWI-Prolog reasoning programs used

in Pipeline 2.

A.5.1 Tidy Up Reasoner
The Prolog program for the Tidy Up candidate selection is structured as follows:

% Dynamic declarations for assertions from Python
:- dynamic candidate/1.

:- dynamic has_location/2.

:- dynamic kb_confirmed/2.

:- dynamic required_canonical/1.

% Collect all candidates whose mapped canonical matches the required one.
matching_candidates(Matches) :-
required_canonical(Canon),

findall(C, (candidate(C), has_location(C, Canon)), Matches).
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% Collect only the KB-confirmed subset.
kb_confirmed_candidates(Canon, KBMatches) :-
findall(C,
(candidate(C), has_location(C, Canon), kb_confirmed(C, Canon)),

KBMatches) .

% Select the best single candidate:
select_location :-
required_canonical(Canon),
kb_confirmed_candidates(Canon, KBMatches),
length(KBMatches, 1),

KBMatches = [Best],
|

L

write(?’SELECTED=’), write(Best), nl,
write(’CONFIDENCE=kb_unique’), nl.

select_location :-
matching_candidates(Matches),
length(Matches, 1),

Matches = [Best],

]
L)

write(’SELECTED=’), write(Best), nl,
write(’CONFIDENCE=unique’), nl.

select_location :-

matching candidates([]),

]
L}

write(’SELECTED=none’), nl,
write(?CONFIDENCE=no_match’), nl.

select_location :-
matching candidates(Matches),
length(Matches, N), N > 1,
write(’SELECTED=ambiguous’), nl,
write(?AMBIGUOUS_SET=’), write(Matches), nl,
required_canonical(Canon),
kb_confirmed_candidates(Canon, KBMatches),
write(’KB_CONFIRMED_SET=’), write(KBMatches), nl,
write(’CONFIDENCE=ambiguous’), nl.

% Entry point

run :-
select_location,
halt.
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A.5.2 Tool Usage Reasoner
The Prolog program for the Tool Usage candidate selection is structured as follows:

% Dynamic declarations for assertions from Python
:- dynamic candidate/1.

:- dynamic has_affordance/2.

:- dynamic cn_confirmed/2.

:- dynamic required_affordance/1.

% Collect all candidates with the required affordance into a list.
matching_candidates(Matches) :-

required_affordance(Aff),

findall(T, (candidate(T), has_affordance(T, Aff)), Matches).

% Collect only the CN-confirmed subset of matches.
cn_confirmed_candidates(Aff, CNMatches) :-
findall(T,
(candidate(T), has_affordance(T, Aff), cn_confirmed(T, Aff)),
CNMatches) .

% Select the best single tool:

select_tool :-
required_affordance(Aff),
cn_confirmed_candidates (Aff, CNMatches),
length(CNMatches, 1),

CNMatches = [Best],
1

i

write(?SELECTED=’), write(Best), nl,
write(’CONFIDENCE=cn_unique’), nl.

select_tool :-
matching_candidates(Matches),
length(Matches, 1),

Matches = [Best],

1
<

write(’SELECTED=’), write(Best), nl,
write(’CONFIDENCE=unique’), nl.

select_tool :-

matching_candidates([]),

1
<

write(’SELECTED=none’), nl,
write(?CONFIDENCE=no_match’), nl.

select_tool :-
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matching candidates(Matches),

length(Matches, N), N > 1,
write(’SELECTED=ambiguous’), nl,
write(?AMBIGUOUS_SET=’), write(Matches), nl,
required_affordance (Aff),
cn_confirmed_candidates (Aff, CNMatches),
write(’CN_CONFIRMED_SET=’), write(CNMatches), nl,
write(’CONFIDENCE=ambiguous’), nl.

% Entry point

run :-
select_tool,
halt.

A.5.3 Meta-Reasoning Capability Matcher

The Prolog program for reasoning about robot capability compatibility is structured as

follows:

:- dynamic task_needs_grasping/1.
:- dynamic task_needs_precision/1.
:- dynamic task_needs_mobility/1.
:- dynamic task_needs_bimanual/1.
:- dynamic task_needs_contact/1.

:- dynamic task_needs_rigid_grip/1.

:- dynamic robot_mobile/1, robot_arms/1, robot_dof/1.
:- dynamic robot_gripper_type/l, robot_rigid/1.

% --- Required Arms ---
required_arms(2) :-
task_needs_bimanual (true).
required_arms (1) :-
\+ task_needs_bimanual (true),
(task_needs_contact (true) ; task_needs_grasping(true)).
required_arms(0) :-
\+ task_needs_bimanual (true),
\+ task_needs_contact(true),

\+ task_needs_grasping(true).

% --- Required DoF ---

required_dof (0) :-
required_arms(0).

required_dof (6) :-

\+ required_arms(0),
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task_needs_precision(true).
required_dof (4) :-
\+ required_arms(0),

\+ task_needs_precision(true).

% --- Required Gripper ---

required_gripper(true) :-
task_needs_grasping(true).

required_gripper(false) :-

\+ task_needs_grasping(true).

% --- Required Mobility ---

required_mobile(true) :-
task_needs_mobility(true).

required_mobile(false) :-

\+ task_needs_mobility(true).

% --- Required Rigid Grip ---

required_rigid(true) :-
task_needs_rigid_grip(true).

required_rigid(false) :-

\+ task_needs_rigid_grip(true).

% --- relaxed execution check ---
can_execute :-

check_mobile,

check_arms,

check_dof,

check_gripper,

check_rigid,

check_min_capability.

% --- strict execution check ---
can_execute_strict :-
check_mobile,
check_arms,
check_dof_strict,
check_gripper_strict,
check_rigid_strict,

check_min_capability.

% --- individual component checks ---
check_mobile :-
required_mobile(true),

robot_mobile(true).
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check_mobile :-

required_mobile(false).

check_arms :-
required_arms(R),
robot_arms(A),
A >= R.

check_dof :-
required_dof (R),
robot_dof (D),
D >= R.

check_gripper :-
required_gripper (true),
robot_arms(4),
A >=1.

check_gripper :-

required_gripper(false).

check_rigid :-
required_rigid(true),
robot_arms(4),
A>=1.

check_rigid :-

required_rigid(false).

check_min_capability :-
task_needs_contact (false),
\+ task_needs_grasping(true),

robot_arms(A), A >= 1,
]

o

robot_dof (D), D >= 3.

check_min_capability.

check_dof_strict :-
required_arms(0),
robot_dof (_).
check_dof_strict :-
\+ required_arms(0),
task_needs_precision(true),
robot_dof (D),
D >= 7.
check_dof_strict :-

\+ required_arms(0),
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\+ task_needs_precision(true),
robot_dof (D),
D >= 6.

check_gripper_strict :-
required_gripper(true),
robot_gripper_type(two_finger).

check_gripper_strict :-

required_gripper(false).

check_rigid_strict :-
required_rigid(true),
robot_rigid(true).

check_rigid_strict :-

required_rigid(false).

% --- Deficiency backtracing ---
explain_deficiencies :-
findall(D, check_single_deficiency(D), Deficiencies),
(  Deficiencies = []
-> write(’no_deficiencies’)
; write(Deficiencies)

).

check_single_deficiency(mobility_failure) :-
required_mobile(true),

\+ robot_mobile(true).

check_single_deficiency(insufficient_arms(Required, Actual)) :-
required_arms (Required) ,
robot_arms(Actual),

Actual < Required.

check_single_deficiency(insufficient_dof (Required, Actual)) :-
required_dof (Required),
robot_dof (Actual),
Actual < Required.

check_single_deficiency(missing_gripper) :-
required_gripper(true),
\+ (robot_arms(A), A >= 1).

check_single_deficiency(missing_rigid_grip) :-

required_rigid(true),
\+ (robot_arms(A), A >= 1).
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check_single_deficiency(minimum_capability_failure) :-
task_needs_contact (false),
\+ task_needs_grasping(true),
robot_arms(A), A >= 1,
robot_dof (D), D < 3.

A.5.4 Table Setting Cutlery and Plate Reasoner

The Prolog program for selecting cutlery and plates is structured as follows:

:- dynamic is_soup_or_broth/1.

:- dynamic is_handheld_food/1.

:- dynamic needs_cutting/1.

:- dynamic is_asian_cuisine/1.

:- dynamic is_long_noodles/1.

:- dynamic has_sauce_or_small_pieces/1.
:- dynamic is_dessert/1.

:- dynamic is_skewer_food/1.

:- dynamic is_tongs_food/1.

% Cutlery Rules
cutlery(’Spoon’)
is_soup_or_broth(true).
cutlery(’Spoon’) :-
is_dessert(true),
is_handheld_food(false) .
cutlery(’Spoon’)
has_sauce_or_small_pieces(true),
is_long_noodles(false),
is_handheld_food(false),
needs_cutting(false),
is_asian_cuisine(false).
cutlery(’Spoon’) :-
is_long_noodles(true),

is_asian_cuisine(false).

cutlery(’Fork’) :-
needs_cutting(true).
cutlery(’Fork’) :-
is_long_noodles(true).
cutlery(’Fork’) :-
is_dessert(true),
is_handheld_food(false) .
cutlery(’Fork’) :-
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is_soup_or_broth(false),
is_dessert(false),
is_handheld_food(false),

is_asian_cuisine(false).

cutlery(’Knife’) :-
needs_cutting(true).

cutlery(’Knife’)
is_long_noodles(true),
is_asian_cuisine(false).

cutlery(’Knife’) :-
is_soup_or_broth(false),
is_dessert(false),
is_handheld_food(false),
is_asian_cuisine(false),
has_sauce_or_small_pieces(false),

is_long_noodles(false).

cutlery(’Chopsticks?) :-
is_asian_cuisine(true),
(is_long_noodles(true) ;
has_sauce_or_small_pieces(true) ;
is_handheld_food(true)).

cutlery(’Hands’) :-
is_handheld_food(true).

cutlery(’Fork’) :-
is_handheld_food(true),
is_dessert(false),
is_asian_cuisine(false).

cutlery(’Knife’) :-
is_handheld_food(true),
is_dessert(false),

is_asian_cuisine(false).

cutlery(’Fork’) :-
is_soup_or_broth(true),

is_asian_cuisine(false).

cutlery (’Skewer’)
is_skewer_food(true).
cutlery(’Tongs’) :-

is_tongs_food(true).
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% Retrieve

all valid cutlery as a list without duplicates.

get_all_cutlery(Result) :-
setof (C, cutlery(C), Result),

get_all_cutlery([1).

% Plate Rules
plate(’Bowl’) :-
is_soup_or_broth(true), !.

plate(’Dessert Plate’) :-

is_dessert(true), !.
plate(’Bowl’) :-
is_long_noodles(true), !.
plate(’Bowl’) :-
has_sauce_or_small_pieces(true),
is_handheld_food(false), !.
plate(’Dinner Plate’) :-

\+ is_soup_or_broth(true),

\+ is_dessert (true),

\+ is_long_noodles(true),

\+ has_

sauce_or_small_pieces(true), !.

plate(’Dinner Plate’).

evaluate_meal :-

get_all_cutlery(CutleryList),
plate(Plate),

write(’CUTLERY=’), write(CutleryList), nl,
write(’PLATE=’), write(Plate), nl,

halt.

A.5.5 Procedural Knowledge Temporal Reasoner

The Prolog program for recipe step temporal ordering is structured as follows:

:- dynamic
:- dynamic
:- dynamic
:- dynamic
:- dynamic

:- dynamic

step_a_phase/1, step_b_phase/1.

step_a_requires_heat/1, step_b_requires_heat/1.
step_a_is_final/1l, step_b_is_final/1.
step_a_transforms_state/1, step_b_transforms_state/1.
step_a_depends_on_b/1, step_b_depends_on_a/1.
step_a_belongs_to_recipe/1, step_b_belongs_to_recipe/1.

% Gate check

valid_steps :

step_a_belongs_to_recipe(true),

step_b_belongs_to_recipe(true).
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% Phase ordering hierarchy
phase_order (preheating, 1).
phase_order (prep, 2).
phase_order (mixing, 3).
phase_order (marinating, 4).
phase_order (heating, 5).
phase_order(cooking, 6).
phase_order (assembly, 7).
phase_order(resting, 8).
phase_order (cooling, 9).
phase_order (finishing, 10).

phase_order (serving, 11).

% Rule 1: Phase-based ordering
comes_before :-
valid_steps,

step_a_phase(PA), step_b_phase(PB),

phase_order (PA, 0A), phase_order(PB, 0B),

0A < OB.

% Rule 2: Dependency-based ordering
comes_before :-
valid_steps,

step_b_depends_on_a(true) .

% Rule 4: Final step heuristic
comes_before :-

valid_steps,

step_a_is_final(false), step_b_is_final(true).

% Rule 5: Heat progression
comes_before :-

valid_steps,

step_a_phase(PA), step_b_phase(PB), PA == PB,

APPENDIX A. APPENDIX

step_a_requires_heat(false), step_b_requires_heat(true).

% Rule 6: State transformation
comes_before :-

valid_steps,

step_a_phase(PA), step_b_phase(PB), PA == PB,

step_a_transforms_state(false),

step_b_transforms_state(true).
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