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Abstract

In the field of neurosymbolic computing, systematic evaluation of ontology reasoning
systems under noisy conditions remains underexplored. In particular, there is a need
for benchmark frameworks that enable reproducible assessment of how neurosymbolic
reasoners behave when ontological data are corrupted. Thus, this work aims to develop
a mechanism for introducing noise into an ontology, particularly focusing on the
ABox, and evaluate the performance of existing neurosymbolic reasoners on commonly
used ontologies under varying levels of noise. We developed NSORN (Neurosymbolic
Ontology Reasoning with Noise), a first-step benchmark framework that consists of
three techniques to introduce noise into ontologies: logical, statistical, and random
noise. Logical noise uses logical violations of disjoint axioms and domain/range
constraints. While random noise corrupts existing triples by replacing either the subject
or object of a triple with a random entity, statistical noise is introduced using Graph
Neural Networks to add noisy facts with low-probability scores. We evaluated the
performance of existing neurosymbolic reasoners by introducing noise to Pizza, Family
and OWL2Bench ontologies under these noise types with various levels. The resulting
benchmarks were tested on two state-of-the-art neurosymbolic reasoners, Box2EL
and OWL2Vec*, as well as a purely neural method, R-GCN. We focus on reasoning
tasks, such as class membership and object property assertions, to test how these
reasoners handle noise. In our experimental setup, R-GCN consistently outperforms
Box2EL and OWL2Vec* in robustness to noisy ontological data—even under the most
destructive form, logical noise—maintaining stable membership and object property
assertion performance while embedding-based models degrade sharply.
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Introduction

Neurosymbolic computing has emerged as a prominent area of Artificial
Intelligence in recent years, combining the robust learning capabilities of
neural networks with the reasoning capabilities and interpretability of symbolic
systems (Garcez et al., 2015; Yu et al., 2023). Symbolic reasoners rely on formal
logic, rules, and knowledge bases, such as ontologies to make inferences. An
ontology is a formal and explicit specification of a shared conceptualization of
a domain. It describes the concepts, categories, relationships, and rules that
structure knowledge within that domain, facilitating common understanding and
interoperability among systems and people (Gruber, 1993). Ontologies distinguish
between the Terminological Box (TBox), which defines classes, along with their
relationships and restrictions, and the Assertional Box (ABox), which contains
assertions about individuals such as property assertions or class memberships.
Ontologies are often reliable and interpretable, offering traceable mechanisms
for their inferences. However, they are sensitive to noise and struggle to handle
incomplete or ambiguous data. Symbolic reasoners could fail to perform when
faced with missing knowledge or errors in their knowledge base. Moreover,
their reliance on a large number of predefined rules and axioms limits their
scalability (Sheth et al., 2023; Makni et al., 2021). In contrast, neural reasoners
leverage deep learning models, which can generalize from large volumes of data,
are robust to noise. However, their primary limitation lies in their lack of
interpretability (Ebrahimi et al., 2021a) and handling tasks that require explicit
logic or when dealing with rare or unseen examples. Neurosymbolic reasoners
can address these shortcomings inherent in each paradigm (Yu et al., 2023). By
integrating symbolic reasoning with neural systems, these reasoners achieve a
trade-off between interpretable logical reasoning and the scalable, data-driven
capabilities of neural networks (Sarker et al., 2021; Makni et al., 2021). Despite
these advantages, neurosymbolic systems face unique challenges, particularly in
the incorporation of domain ontologies while ensuring resilience against the noise
and uncertainty that characterize real-world data.

Noise in ontologies encompasses various forms of disturbance that can affect
their integrity, coherence, and interpretability. Makni et. al. (Anke et al., 2019),
presented a Semantic Web noise taxonomy, which distinguishes between two
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main categories of noise: TBox noise and ABox noise (i.e., propagable and non-
propagable). TBox noise is the type of noise that resides within the ontology, such
as in the class hierarchy, or domain and range properties. This type of noise will
affect the inference over the entire dataset. While ABox noise is about corrupting
an existing triple in an ontology by changing one of the triples’ resources. This
either changes the inference graph (i.e., propagable noise) or does not have any
impact on the inference graph (i.e., non-propagable noise).

This work aims to develop NSORN (Neurosymbolic Ontology Reasoning
with Noise), a framework designed to introduce noise into ontologies and
create challenging benchmark datasets to test the effectiveness of neurosymbolic
reasoners in handling noise. While numerous benchmark datasets exist for various
AT tasks, such as image classification (i.e., MNIST (Deng, 2012), CIFAR-10 and
CIFAR-100*), natural language processing (i.e., GLUE (Wang et al., 2019)),
and reinforcement learning (i.e., OpenAl Gym (Brockman et al., 2016)), there
is limited work on benchmark frameworks specifically tailored to evaluating
neurosymbolic reasoning under noisy conditions. Such benchmark frameworks
can support more systematic and comparable evaluation in this area (Raji et al.,
2021). Existing neurosymbolic benchmark datasets are predominantly designed to
assess the performance of symbolic reasoners (Singh, 2023a). Furthermore, most
reasoning systems are evaluated using various publicly available ontologies (Singh
et al., 2021, 2022; Banerjee et al., 2023), which do not address the unique
challenges of neurosymbolic integration. Similarly to previous work (Liu et al.,
2024), we developed three techniques to introduce noise into ontologies: logical,
statistical, and random noise.

Random noise serves as a baseline, representing data-agnostic, unpredictable
errors that may arise accidentally in real-world ontologies. We simulate this by
corrupting existing triples—replacing either the subject or the object with a
random entity. This allows us to probe the robustness of reasoning processes
against general perturbations that do not depend on the underlying data.
Statistical noise is generated adversarially using Graph Neural Networks
(GNNs), reflecting low-probability links that emerge from predictive uncertainty
or bias in automated knowledge graph construction. Although synthetic, this
form of noise models realistic mistakes produced by machine-learning systems,
and mirrors the types of errors that error-detection models are typically asked to
identify during KG construction. Logical noise captures violations of semantic
constraints, such as disjointness axioms or domain and range restrictions. Because
many real-world ontology errors stem from semantic confusion rather than random
corruption, this type of noise directly stresses the logical structure of the ontology
and provides a more targeted challenge to reasoning systems. By combining
these three types of noise, we aim to approximate a spectrum of potential error

*https://www.cs.toronto.edu/~kriz/cifar.html
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patterns observed in real-world ontology and knowledge graph construction, from
accidental and statistically plausible mistakes to deliberate logical conflicts.

In this work, we explore the following research questions: how noise in ontologies
can be characterized operationally, how controlled noise can be introduced into
these structures, and how the impact of such perturbations can be evaluated
in neurosymbolic reasoners. By exploring these questions, we aim to develop a
framework for generating noisy benchmark datasets. This framework will facilitate
the assessment of reasoners’ robustness and effectiveness in handling noisy
data, contributing toward more systematic evaluation practices in neurosymbolic
AT (Singh, 2023b; Singh et al.).

We apply two neurosymbolic reasoners and one purely neural approach
based on Graph Neural Networks to datasets with different noise levels to
demonstrate their limitations in handling various types of noise. We then
evaluate their performance under these noisy conditions. Many existing studies
emphasize ontology completion or link prediction tasks, whereas our focus
is on evaluating reasoning performance under noisy conditions. The goal of
ontology/link completion is to discover plausible relations that complement the
original ontology, as was the task performed in the work of Chen et al. (Chen
et al., 2021). In contrast, our goal is to infer knowledge that logically follows from
the given ontology.

The remainder of the paper is organized as follows: the existing literature on
neurosymbolic ontology reasoners and benchmark datasets is reported in Related
Work. Methodology presents the developed framework for injecting random,
statistical, and logical noise. Experimental Setup presents the experimental setup.
Results shows the results of the experiments, including performance metrics and
analysis. Finally, Discussion discusses the strengths and limitations of the designed
framework and explores potential extensions or improvements for future research,
followed by Conclusion to conclude our work. The source code of the benchmark
is available at https://github.com/jloe2911/NoisyBench under MIT License.

Related Work

Neurosymbolic approaches integrate diverse reasoning techniques, resulting in
multiple variations in their evaluation. In Reasoning Techniques, we provide
a brief overview of neurosymbolic reasoning methods that are used for our
experiments, followed by a discussion of most commonly used benchmark datasets
in Benchmark Datasets.

Reasoning Techniques

Henry Kautz, in his AAAT 2020 Robert S. Engelmore Memorial Award Lecture,
discussed six categories of neurosymbolic Al systems as the “Future of AI” (Kautz,
2022). To showcase the variety in existing approaches, we categorize the reasoning
methods used in our experiments into one of those categories. Henry Kautz defined
the six categories of neurosymbolic Al identified as follows:
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1. Symbolic Neuro symbolic: Symbolic data are embedded as vectors using
methods such as Word2Vec (Mikolov et al., 2013), processed by neural
networks, and subsequently converted back into symbolic representations.

2. Symbolic[Neuro]: A primarily symbolic framework that calls upon neural
networks for specific tasks within a logical system; for example, in systems
like AlphaGo (Silver et al., 2016), symbolic search (Monte Carlo Tree
Search) queries neural networks to evaluate board states and prioritize
moves.

3. Neuro | Symbolic: In this category, the neural network and symbolic
module solve complementary tasks and communicate frequently to guide
each other. This represents a refined integration of neural and symbolic
approaches, exemplified by the Neurosymbolic Concept Learner (Mao et al.,
2019).

4. Neuro:Symbolic — Neuro: Symbolic knowledge is used to constrain,
supervise, or regularize the training and operation of neural networks,
without necessarily producing explicit symbolic outputs. This is
demonstrated in Deep Learning For Symbolic Mathematics (Lample and
Charton, 2019).

5. Neurosymbolic: Logical rules or knowledge bases are directly embedded
into neural architectures, shaping their internal representations and guiding
generalization, as in the Logic Tensor Network (Badreddine et al., 2020).

6. Neuro[Symbolic]: Neural networks that are capable of logical reasoning
at certain points during execution fall into this category.

In (Chen et al., 2021), the authors introduced OWL2Vec* which involves
converting the symbolic input (i.e., ontologies and RDF graphs) to vectors,
giving rise to Symbolic Neuro symbolic. The method leverages random walk
and word embedding techniques to encode the semantics of OWL ontologies.
Unlike traditional KG embedding methods, OWL2Vec* considers not only the
graph structure but also lexical information and logical constructors inherent in
OWL ontologies. This comprehensive approach enables OWL2Vec* to capture
nuanced relationships between concepts, making it suitable for tasks requiring
fine-grained reasoning, such as ontology completion and prediction. The empirical
evaluation conducted with three real-world datasets, i.e., HeLis (Dragoni et al.,
2018), FoodOn (Dooley et al., 2018) and Gene Ontology (GO) (Ashburner et al.,
2000), demonstrates that OWL2Vec* outperforms the state-of-the-art methods
in class membership and class subsumption tasks. This suggests that OWL2Vec*
benefits from incorporating different aspects of ontology semantics, including
graph structure, lexical information, and logical constructors.

In (Jackermeier et al., 2024), the authors proposed a novel ontology embedding
method called Box2FEL for DL EL++. The approach embeds symbolic reasoning
inside neural engines, representing symbolic information in geometric or vector
spaces and employing neural methods for reasoning tasks, resulting in the
Neuro[Symbolic] category. Specifically, they addressed the challenge of ontology
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completion in Description Logic (DL)-based OWL ontologies, which are widely
used for knowledge representation. While classical deductive reasoning algorithms
offer precise formal semantics for predicting missing facts in an ontology, recent
years have seen a rise in interest in inductive reasoning techniques capable of
deriving probable facts from an ontology. Inductive reasoning techniques, akin to
those used in KG completion, involve learning ontology embeddings in a latent
vector space while ensuring adherence to the semantics of the underlying DL.
However, existing ontology embedding methods face shortcomings, particularly
in faithfully modeling complex relations and role inclusion axioms, such as one-
to-many, many-to-one, and many-to-many relations. This approach represents
both concepts and roles as boxes (i.e., axis-aligned hyper-rectangles) and models
inter-concept relationships using a bumping mechanism. The authors conduct
an extensive experimental evaluation, achieving state-of-the-art results across a
variety of datasets, i.e., GALEN (Rector, 2008), Gene Ontology (GO) (Ashburner
et al., 2000) and Anatomy (a.k.a. Uberon) (Mungall et al., 2012), on the
tasks of subsumption prediction, role assertion prediction and approximating
deductive reasoning. Table 1 summarizes the main differences between Boz2EL
and OWL2Vec*.

Table 1. Comparison of Box2EL and OWL2Vec*.
Box2EL

OWL2Vec*

Core Idea Embeds DL EL++ ontologies as boxes in  Leverages ontologies/RDF graphs to
vector space; Neuro[Symbolic] generate vectors using random walks +
reasoning ‘Word2Vec; Symbolic

Neuro-Symbolic reasoning

Ontology EL++ fragment ontologies Full OWL ontologies (graph, lexical, and

Input logical constructors)

Embedding Boxes/axis-aligned hyper-rectangles Continuous vectors from word embeddings

Type

Strengths Faithful to DL semantics; supports Combines structure, lexical, and logical
reasoning over complex relations information; strong performance on

multiple datasets

Weaknesses Limited to EL++; requires DL-compliant ~ Embeddings approximate semantics;

ontologies

reasoning is probabilistic/pattern-based

rather than formally guaranteed;
embeddings are distributional, not
geometric

Benchmark Datasets

There is a pressing need for standardized benchmark datasets for neurosymbolic
reasoners to facilitate fair and consistent comparisons. Precisely, Singh et
al. (Singh et al.) presented an overview of variations in neurosymbolic reasoning
and evaluation approaches. Their overview reveals that similar works may
differ significantly by employing distinct metrics and datasets to evaluate their
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contributions. For instance, the works of Makni et al. (Makni and Hendler,
2019) and Ebrahimi et al. (Ebrahimi et al., 2021b) focus on RDFS entailment
reasoning, aiming to replicate deductive reasoning processes. However, they adopt
different metrics and datasets to assess the effectiveness and performance of their
approaches. Such variations in evaluation criteria can lead to diverse insights and
perspectives on the contributions within the field. Specifically, Makni et al. (Makni
and Hendler, 2019) used LUBM and a scientist dataset derived from DBpedia
as benchmarks, evaluating performance with Precision, Recall, and F1 score. In
contrast, Ebrahimi et al. (Ebrahimi et al., 2021b) used LUBM and synthetic data,
employing exact matching accuracy as their metric.

The existing traditional benchmarks such as LUBM (Lehigh University
Benchmark) (Guo et al., 2005), UOBM (University Ontology Benchmark) (Ma
et al., 2006) and OWL2Bench (Singh et al., 2020) lack suitability for evaluating
neurosymbolic reasoners due to their narrow focus on conventional reasoning
tasks. Traditional evaluations of reasoning systems often rely on metrics such
as reasoning time, which may not align with the evaluation requirements of
neurosymbolic reasoners. Although the ontologies of these benchmarks, along
with those from the OWL Reasoner Evaluation (ORE) Competition (Parsia et al.,
2017), can serve as initial datasets for neurosymbolic benchmarks, these datasets
fall short of addressing the distinct challenges posed by neurosymbolic reasoning.

To our knowledge, no benchmarks or evaluation frameworks have been designed
to evaluate and compare neurosymbolic reasoning systems. Most reasoner
evaluations are performed on different publicly available ontologies, including
but not restricted to SNOMED CT', Gene Ontology (GO) (Ashburner et al.,
2000) and GALEN (Rector, 2008), as well as other ontologies available in public
repositories such as DBpedia (Lehmann et al., 2014), YAGO (Suchanek et al.,
2007), Wikidata (Vrandeci¢, 2012), Claros*, NCBO Bioportal® and AgroPortalf.
However, these offer a limited set of ontologies for evaluation, which does not
cover the full spectrum of possible scenarios.

Methodology

This section outlines the mechanisms used in NSORN (Neurosymbolic Ontology
Reasoning with Noise) to introduce noise into ontologies, specifically targeting
the ABox, which contains instance-level information. We devised three distinct
techniques to introduce noise into an ontology: logical (see Logical Noise),
statistical (see Statistical Contradictions) and random noise (see Random
Contradictions). Each method was designed to simulate a unique form of

Thttps://bioportal.bioontology.org/ontologies/SNOMEDCT
thttps://www.clarosnet.org
$https://bioportal.bioontology.org/
Thttp://agroportal.lirmm.fr/
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inconsistency or error, enabling us to assess the performance and robustness of
ontology reasoning under various noisy conditions.

These techniques were specifically chosen to challenge the neurosymbolic
reasoner’s reasoning capabilities and to evaluate its resilience against varying
levels and types of noise. By analyzing reasoning performance under such
conditions, we can better understand the robustness and limitations of ontology-

based systems.

ABOX

Person1 type Person
Person2 type Man

Person3 type Woman
Persond type Person
Person1 hasFather Person2
Person1 isSisterOf Person3

Person2 hasParent Person4

Logical Noise

Person1 isSisterOf Person2
Person3 type Man
Person1 hasPartner Person2

Statistical Noise

Person3 hasParent Persond

Person2
hasFather Man
Persont o (Man)
(Person) A\
\ \
N N\
\ \
\ \
'SS’sr \ hasParent N\
°ror \\ AN
N \‘
\
N\ Person4
(Person)

Person3
(Woman)

Inferences - Type Assertions

Inferences - Property Assertions

Random Noise

Person1 hasParent Person4

Person1 type Woman
Person2 type Person
Person3 type Person

Person1 hasAncestor Person4
Person1 hasParent Person2
Person1 isSiblingOf Person3
Person3 isSiblingOf Person1

Figure 1. A toy example of a family ontology with possible inferences and different types
of noise generation. The figure illustrates a sample ABox from the family ontology used in
the benchmark. For this ABox, the possible type and property inferences are also provided.
To observe the effect of different kinds of noise on these inferences, several noise types
were introduced. For logical noise, since the assertion Personl hasFather Person2 exists
in the ABox, an additional assertion Personl isSister0f Person2 was added to
invalidate it. The reason for adding this assertion is that there is a disjointness constraint
between these two properties, which means that both these relations cannot simultaneously
hold between the same pair of individuals. Similarly, for the assertion Person3 type
Woman, the assertion Person3 type Man was added. This leads Person3 to be both a
Woman and a Man, resulting in a contradiction. As the last example of logical noise, a
property is assigned to an individual that does not satisfy the property’s domain or range
restrictions. For instance, although the domain of hasPartner is Marriage, it was
assigned with Personl as its subject, which leads to a domain/range violation. As an
example of statistical noise, the least likely link between two entities is added—typically a
relation between entities that normally have no connection at all. Finally, random noise is
generated by creating an arbitrary relation between two randomly selected entities.
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Logical Noise

Contradictions based on Disjoint Axioms This noise injection technique tests the
robustness of reasoning engines by deliberately introducing contradictions into
the ontology, evaluating their ability to handle inconsistencies. To introduce ABox
noise within disjoint axioms (i.e., disjoint classes and disjoint object properties),
we used the following approach:

1. Extracting Disjoint Class Axioms: We first identify all disjoint class
axioms, denoted as DisjointClasses(CE;...CE,), specifying that all class
expressions CE; (1 <1i < n) are pairwise disjoint I. These axioms are used
to generate noise that challenges the ontology’s consistency.

2. Introducing Noise: To create inconsistencies, we assign k individuals
to multiple disjoint classes CE; and CE; (i # j). We first select existing
individuals in the ontology; if additional examples are needed to reach the
desired noise level, we introduce new, fictional individuals. For example, in
Figure 1, if Man and Woman are disjoint, we assign Person3 to both classes
(Person3 rdf:type Man and Person3 rdf:type Woman). The parameter
k controls the intensity of noise.

Similarly, we extract all disjoint object properties, denoted as
DisjointObject Properties(OPE;...OPE,)*. To introduce inconsistencies,
we assign individuals to multiple disjoint properties OPE; and OPFE;. Again,
existing individuals are used first, and new individuals are added if necessary.
For instance, if hasFather and isSisterOf are disjoint, an individual Personl
is assigned both to hasFather Person2 and isSisterOf Person2. By varying
k, we can observe how different levels of noise affect reasoning performance,
providing insights into system resilience and accuracy.

Contradictions based on Range/Domain Object properties in ontologies can have
explicitly defined domains and ranges, which establish the types of individuals
that are allowed to participate in a relationship. The domain specifies the class of
individuals that can serve as the subject of the object property, while the range
specifies the class of individuals that can serve as the object. Violations of these
constraints lead to inconsistencies in the ontology, as they contradict the semantic
rules established by the domain and range definitions.

For example, consider an object property hasPartner with a domain of
Marriage and a range of Person. This means:

1. The subject of the hasPartner relationship must be a Marriage.
2. The object of the hasPartner relationship must be a Person.

I https://www.w3.org/TR/owl2-syntax/#Disjoint_Classes
**https://www.w3.org/TR/owl2-syntax/#Disjoint_Object_Properties
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If an assertion like Personl hasPartner Person2 is made, it would violate the
domain constraint because Personl is not an instance of the class Marriage.

Such violations undermine the logical consistency of the ontology, making
reasoning unreliable. Clearly defining and enforcing domain and range constraints
ensures that the relationships in the ontology align with its intended semantics,
enabling accurate reasoning and error detection.

Statistical Contradictions

We utilized Relational Graph Convolutional Networks (R-GCN) (Schlichtkrull
et al., 2017) in our approach to model the complex relationships present in
ontologies. R-GCN is particularly advantageous in handling multi-relational data
as it extends the standard Graph Convolutional Network (GCN) (Kipf and
Welling, 2016) by incorporating relation-specific transformations for edges. This
allows the model to capture the semantics of different types of relationships in
the graph.

We trained the R-GCN on a link prediction task, where the model predicts
missing links based on existing data. After training, we identified the top k
triples with lowest prediction scores, which were then added as noise to the
ontology. Specifically, we altered existing triples—adding the modified versions
as new triples—by replacing either the subject or the object with the entity that
the R-GCN predicted to have the lowest probability. This method assesses the
impact of noise generated through a statistical model and provides insights into
the reasoner’s handling of statistically improbable but plausible assertions.

Although statistical noise is generated probabilistically using a GNN, it is
not explicitly constrained to satisfy ontology-level semantics, and may therefore
occasionally introduce logical inconsistencies as an indirect effect.

Random Contradictions

We introduced k£ random triples into the ontology by corrupting either the
subject or the object of existing triples and adding the resulting modified
triples as new entries. This method simulates random noise and evaluates the
reasoner’s resilience to arbitrary disruptions in the data. Unlike previous noise
injection techniques, this random approach contrasts the effects of systematic
versus random noise on ontology reasoning. By corrupting existing triples, this
method helps to understand how well the reasoner manages unexpected and non-
systematic errors, crucial for assessing its robustness in real-world scenarios with
unpredictable data inconsistencies.

Experimental Setup

Datasets

We used Pizza (Horridge, 2011), Family (Stevens and Stevens, 2008) and
OWL2Bench (Singh et al., 2020) ontologies. Using the Pizza ontology, we created
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an ABox generator to support experiments with synthetic data. The process
for generating ABox data for the Pizza ontology begins by loading the Pizza
TBox (Terminological Box) axioms. A custom instance generation step then
automatically creates a specified number of individuals (ABox data), and their
object properties are defined in a configuration. For this study, only NamedPizza
class and hasTopping property are described in the configuration. Crucially,
this generation leverages the TBox’s inherent OWL restrictions (e.g., only or
some constraints) to dynamically determine the appropriate target classes for
object properties, thereby guaranteeing the generated ABox is semantically
consistent with the ontology’s definition. The final output is the complete
ontology, comprising the original TBox and the newly populated ABox. In this
study, we developed two datasets, Pizza_100 and Pizza_250, comprising 100 and
250 individuals, respectively. The corresponding number of axioms for these
datasets are 2,151 and 2,628, respectively.

Furthermore, this work incorporates the Family ontology, a well-known ontology
designed to represent family relationships and genealogical information. The
Family ontology provides a foundational framework for reasoning about kinship
terms, familial roles, and relationships such as parent-child, sibling, and spouse
connections. Family contains 2,516 axioms.

OWL2Bench encompasses a wide variety of axioms, including Class Expression
Axioms, Object Property Axioms, Data Property Axioms, and Assertions.
It serves as a benchmark to evaluate the coverage, scalability, and query
performance of ontology reasoners across the four OWL 2 profiles: EL, QL,
RL, and DL. OWL2Bench was developed as an extension of the well-known
University Ontology Benchmark (UOBM), producing four distinct TBoxes—one
for each OWL 2 profile. For this study, we used the TBox of OWL2Benchli-
DL, expressed in the OWL “DL” profile. We generated a relatively smaller
ABox than those in the OWL2Bench dataset as our work aims to assess the
reasoning capabilities of neurosymbolic systems rather than their scalability. Our
ABox generation for this ontology was restricted to the classes University,
Department, Person, and Course, along with key object properties such as
hasDepartment, hasDoctoralDegreeFrom, teachesCourse, and takesCourse.
The final OWL2Bench ontology contains 1,841 axioms in total. Table 2 details
the frequency of each axiom type within the dataset.

The majority of prior research has concentrated on ontology completion tasks
(i.e., prediction) rather than on ontology reasoning tasks (i.e., inference) (Yang
et al., 2025). Ontology or link completion involves identifying plausible relations
that enrich the original ontology, as demonstrated in the study by Chen et
al. (Chen et al., 2021). In prediction tasks, the training, validation, and testing
datasets are typically created by randomly splitting the ontology axioms.

In contrast, our goal is to infer knowledge that logically follows from a
given ontology. To this end, we adopt a method similar to that of Makni and
Hendler (Makni and Hendler, 2019), following their approach to construct our
training, test, and validation sets, thereby enabling proper ontology reasoning.
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Table 2. Number of axioms in Pizza_100, Pizza_250, Family and OWL2Bench.
| Pizza_100 | Pizza_250 | Family | OWL2Bench

Class Expression Axioms

Subclass Axioms 250 250 9 122
Equivalent Classes 13 13 5 19
Disjoint Classes 13 13 9 11
Object Property Axioms

Object Subproperties 4 4 20 59
Equivalent Object Properties 0 0 1 4

Disjoint Object Properties 1 1 1 1

Inverse Object Properties 3 3 15 22
Object Property Domain 3 3 11 62
Object Property Range 4 4 13 57
Functional Object Properties 4 4 3 2

Inverse-Functional Object Properties 3 3 0 1

Reflexive Object Properties 0 0 0 1

Irreflexive Object Properties 0 0 0 2

Symmetric Object Properties 0 0 2 2

Asymmetric Object Properties 0 0 0 1

Transitive Object Properties 2 2 2 5

Role Composition 0 0 4 4

Data Property Axioms 0

Data Subproperties 0 0 0 2

Equivalent Data Properties 0 0 0 1

Disjoint Data Properties 0 0 0 1

Data Property Domain 0 0 0 7

Data Property Range 0 0 0 1

Functional Data Properties 0 0 0 3

Assertions 0 0

Individual Equality 0 0 0 0

Individual Inequality 0 0 1 0

Class Assertions 232 287 3 362
Positive Object Property Assertions 922 1,289 1,337 488
Negative Object Property Assertions 0 0 0 0

Positive Data Property Assertions 0 0 0 0

Negative Data Property Assertions 0 0 0 0

Let G denote the original ontology and I the ontology inferred using Pellet
reasoner (Sirin et al., 2007). We use the Pellet reasoner to compute the complete
set of logical inferences over the original ontology, which serves as the ground-
truth reference for evaluating the inferred assertions produced by the evaluated
systems. Since our approach is unsupervised, the graph G is ultimately added
to Girain, while I is randomly assigned to Girain, Giest and Gyq. The TBox is
further added to Gyest and Gq;, ensuring that the reasoning tasks are based on
a shared conceptual framework.
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In practice, obtaining perfectly clean data is often impractical or costly,
especially for ontologies derived from unstructured sources. Real-world datasets
frequently contain errors, inconsistencies, and irrelevant information. To better
reflect these conditions, we introduce noise to Gies:. This enables us to rigorously
evaluate the resilience of reasoners under realistic, noisy scenarios and to develop
systems that are more robust to the imperfections commonly found in real-world
data. Table 3 summarizes the number of triples, membership assertions, object
property assertions, and remaining triples’’ for each dataset split across the four
datasets used in this study.

Table 3. Summary of Triples, Membership, Object Property Assertions, and Remaining
Triples for Pizza_100, Pizza_250, Family and OWL2Bench.

Dataset Split Triples Membership  Object Property Assertions Remaining Triples
Family Train 137,856 1,694 (1.2%) 134,997 (97.9%) 1,165 (0.8%)
Family Test 28,987 310 (1.1%) 28,532 (98.4%) 145 (0.5%)
Family Val 28,984 309 (1.1%) 28,530 (98.4%) 145 (0.5%)
Pizza_100 Train 24,150 2,180 (9.0%) 20,478 (84.8%) 1,492 (6.2%)
Pizza_100 Test 4,701 364 (7.7%) 4,192 (89.2%) 145 (3.1%)
Pizza_100 Val 4,698 363 (7.7%) 4,190 (89.2%) 145 (3.1%)
Pizza_250 Train 30,413 2,637 (8.7%) 26,286 (86.4%) 1,490 (4.9%)
Pizza_250 Test 5,941 438 (7.4%) 5,358 (90.2%) 145 (2.4%)
Pizza_250 Val 5,938 437 (7.4%) 5,356 (90.2%) 145 (2.4%)
OWL2Bench Train 4,123 2,049 (49.7%) 1,296 (31.4%) 778 (18.9%)
OWL2Bench  Test 1,462 510 (34.9%) 174 (11.9%) 778 (53.2%)
OWL2Bench Val 1,459 508 (34.8%) 173 (11.9%) 778 (53.3%)

Metrics, Tasks and Reasoners

We used Mean Reciprocal Rank (MRR) and Hits@N to compare the performance
of different neurosymbolic reasoners. MRR represents the average reciprocal rank,
calculated by taking the reciprocal of the rank (1/rank) of the first relevant item
retrieved. Hits@N measures the percentage of positive examples that appear in
the top-k ranked predictions.

To assess how reasoners respond to noise, we focused on specific reasoning tasks:
the first involves class assertions (also known as realization or membership), which
determine whether an individual belongs to a specific class based on the logical
definitions and constraints within the ontology, for example, Alice rdf:type
Person. The second task involves object property assertions, that infer new
relationships between two individuals in the ontology, such as Alice hasSibling
Bob.

This experimental framework analyzes the impact of noise on reasoning
outcomes, as well as to evaluate the performance and robustness of ontology

Tt Remaining triples refer to structural triples, e.g., those used for rdf:first /rdf:rest list encodings.
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reasoning under different levels and types of noise. For our exploration
into neurosymbolic reasoning, we have selected state-of-the-art neurosymbolic
reasoners such as Boz2EL (Jackermeier et al., 2024) and OWL2Vec* (Chen
et al., 2021). This work used the implementation of these methods provided
by the mOWL library (Zhapa-Camacho et al., 2022). In addition, we employed
a purely neural approach based on Relational Graph Convolutional Networks
(R-GCN) (Schlichtkrull et al., 2017), implemented using the torch-geometric
library (Fey and Lenssen, 2019).

Results

Family Results

Figure 2 summarizes the model performance on the Family ontology under
various noise types and levels, evaluated on both Membership (M) and Object
Property Assertion (OPA) tasks. Across all models, OPA performance remains
consistently low. This is expected since 98.4% of the test triples correspond
to object property assertion cases, many involving Pellet-generated inferences
that require complex, non-local, multi-step reasoning—something non-symbolic
reasoners models struggle to capture effectively.

For OWL2Vec* noise generally degrades performance. In the noise-free
scenario, the model achieves membership and object property assertion MRRs
of 0.562 and 0.040, respectively. As noise increases, performance declines steadily.
Interestingly, a slight improvement in OPA occurs under GNN noise, likely
because GNN-generated noisy triples preserve structural plausibility, reinforcing
local relational patterns to some extent. The sharpest decline is observed at 100%
corruption, where membership MRR drops to 0.166 (GNN noise) and OPA MRR
to 0.028 (random noise).

Boxz2EL exhibits a similar downward trend. Starting from baseline MRRs
of 0.299 (M) and 0.018 (OPA), its performance worsens with increasing noise,
reaching a minimum membership MRR of 0.110 under 100% GNN noise and a
near-zero OPA MRR of 0.001 under 100% logical noise.

In contrast, R-GCN demonstrates greater robustness and even some
performance gains under certain noise conditions. In the noise-free setting, R-
GCN scores MRRs of 0.323 (M) and 0.040 (OPA), with minimums of 0.295 (M)
at 75% logical noise and 0.031 (OPA) at 100% logical noise. Because noise is
introduced only in the test set, R-GCN’s robustness stems from its reliance on
neighborhood aggregation patterns learned during training. Its predictions depend
on structural consistency in node embeddings, allowing it to effectively identify
noisy triples that deviate from expected patterns.

Pizza Results

Figure 3 shows the results for Pizza (100 individuals). OWL2Vec* starts with
membership and object property assertion MRRs near 0.28 but sharply declines
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to 0.040 (M) and 0.004 (OPA) under 100% logical noise. Boz2EL follows a similar
trend, dropping from 0.114 (M) and 0.063 (OPA) to nearly zero under 100%
logical noise. Once again, R-GCN proves more resilient, maintaining relatively
stable performance.

Figure 4 shows the results for Pizza (250 individuals) and reflects consistent
patterns. OWL2Vec* performance decreases with increasing logical noise, with
membership MRR falling from 0.254 to 0.040, and OPA MRR dropping from
0.280 to 0.003 at 100% logical noise. Again, the improvement in OPA observed
under GNN noise during testing is likely because the GNN-generated noisy triples
retain structural plausibility, which helps preserve local relational patterns to some
extent. Box2EL steadily declines from MRRs of 0.114 (M) and 0.060 (OPA) to
near-zero under 100% logical noise. R-GCN remains robust across noise types,
with performance largely unaffected—mirroring the resilience observed before.

OWL2Bench Results

Figure 5 shows results on the OWLZ2Bench ontology. In the noise-free setting,
OWL2Vec* achieves the highest object property assertion scores (MRR around
0.7) and moderate membership MRR (0.28). While random and GNN noise
degrade its performance gradually, logical noise has little impact on object
property assertion accuracy and mainly affects membership predictions.

Boz2FEL performs significantly lower overall and suffers substantial performance
losses under all noise types, with logical noise particularly devastating object
property assertion accuracy, which falls near zero at moderate noise levels.

R-GCN offers a balanced and robust performance profile. Membership MRR
remains relatively stable across noise types and levels, and object property
assertion scores decline more gently than Boz2EL’s under logical noise. Notably,
R-GCN sometimes maintains or improves membership prediction under GNN
noise, highlighting its effective use of graph structure to mitigate noise.

Overall Analysis

Across all ontologies and noise types tested, R-GCN consistently demonstrates
superior robustness to noise compared to OWL2Vec* and Box2EL. While all
models experience declines in performance as noise increases—particularly on
complex object property assertion tasks—R-GCN’s reliance on learned structural
patterns and neighborhood aggregation enables it to better withstand noisy test
data. OWL2Vec* performs well in noise-free and logically noisy conditions for
object property assertion but is more sensitive in membership tasks and under
other noise types. Box2EL suffers the steepest performance drops, especially under
logical noise, indicating limited noise tolerance.
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Figure 2. Results for Family ontology. x% noise indicates that the number of injected
noisy assertions is x% of the original assertions.

Discussion

Our study investigates the application of noise injection methods to ontologies,
examining their impact on various reasoning tasks. The proposed noise injection
techniques are designed to be applicable across a wide range of ontologies.
Based on our findings, we observed that across all ontologies, tasks, and noise
types, R-GCN is consistently and substantially more robust to noisy test data
than OWL2Vec* and Boz2EL. Its neighborhood-aggregation mechanism enables
it to preserve performance even when a large portion of the test triples is
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Figure 3. Results for Pizza_100 ontology. x% noise indicates that the number of injected
noisy assertions is x% of the original assertions.

corrupted, while embedding-based models—especially Box2EL—degrade sharply.
This robustness holds for both membership prediction and object property
assertion (OPA), the latter being particularly challenging due to the need for
multi-step reasoning and the dominance of inference-based triples in the test sets.

These findings suggest that graph neural network-based approaches like R-GCN
provide a more reliable foundation for reasoning over noisy, real-world ontologies,
where data imperfections and complex inference paths are common.
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Figure 4. Results for Pizza_250 ontology. x% noise indicates that the number of injected
noisy assertions is x% of the original assertions.

However, the specific characteristics of each ontology significantly influence the
effectiveness of noise injection, highlighting the need for tailored approaches in
certain scenarios. For example, the specific relations in the test set may not
effectively show the influence of noise introduced as these relations inherently
resist noise. In OWL2Bench, knows relation is defined as reflexive (i.e., every
individual ’knows’ themselves), making it less sensitive to object property
assertion inferences. These inferences hold regardless of corrupted assertions
unless the TBox is modified. This raises questions about the validity of evaluating
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Random Noise - OWL2DL-1
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Figure 5. Results for OWL2Bench ontology. x% noise indicates that the number of
injected noisy assertions is x% of the original assertions.

noise effects in scenarios where axiomatic properties dominate reasoning
outcomes. Future work should consider refining testing sets or introducing
variations in TBox definitions to better capture the influence of noise.

An important factor underlying the differing behaviors across ontologies is the
composition of the test sets, particularly the ratio of membership versus object
property assertion triples. As shown in Table 3, these ratios vary dramatically
between ontologies, which in turn affects how strongly noise impacts model
performance. For example, in the Family ontology, OPA triples constitute over
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98% of the test set. Since many of these OPAs arise from multi-step inferences
produced by Pellet, the test set is dominated by structurally complex, inference-
heavy triples—making it inherently challenging and causing all models to exhibit
low OPA performance even without noise. In this setting, noise injected into test
triples disproportionately affects OPAs, amplifying the performance gap between
R-GCN and embedding-based models.

In contrast, OWL2Bench has a much more balanced distribution, with only
around 12% OPA triples and a substantially larger proportion of membership
triples. This composition makes the test set less sensitive to inference-heavy
corruption, which helps explain why OWL2Vec* attains relatively strong OPA
performance and why noise in OPAs produces less dramatic declines compared
with the Family ontology. The Pizza ontologies occupy an intermediate position,
with 85-90% OPA triples, resulting in noise effects that are more severe than
OWLZ2Bench but less extreme than Family. The relative stability of R-GCN across
these datasets stems from its reliance on learned neighborhood structure rather
than isolated triple accuracy, allowing it to generalize across ontologies despite
their differing test-set compositions.

These observations highlight that robustness cannot be interpreted
independently of the structural properties of the evaluation set. Ontologies
whose test splits are dominated by complex inference-derived triples amplify
the impact of noisy test data, disproportionately penalizing embedding-based
models. Conversely, datasets with more balanced triple ratios may under-
reflect the challenges posed by noise. Future benchmarks should therefore
consider standardizing or controlling test-set composition when evaluating noise
robustness, or at minimum report such statistics to contextualize cross-ontology
comparisons.

Furthermore, it should be noted that the results from previous works, such
as the work of (Zhapa-Camacho and Hoehndorf, 2023), are not comparable to
ours because our proposed benchmark focuses on evaluating ontology reasoning
rather than ontology completion. Ontology reasoning refers to inferring logically
consistent relationships from existing data and rules, which is inherently more
complex. This complexity arises because reasoning requires the system to
consider all possible logical implications of the data, making it more sensitive
to inconsistencies and noise in the dataset. Consequently, the metrics may reflect
this added difficulty, leading to poorer results compared to approaches that focus
solely on completing the ontology.

While our initial exploration centered on introducing noise through the addition
of logical contradictions or corruption of triples with low probability of occurrence,
many other types of axioms and noise patterns merit investigation. Future research
could involve examining various inconsistencies, contradictions, and errors that
frequently occur in real-world ontologies, thereby enhancing the diversity of
noise generation techniques. In particular, introducing noise in the TBox (e.g.,
modifying class hierarchies, altering domain and range constraints, or introducing
invalid equivalence axioms) could offer valuable insights into how structural
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and logical inconsistencies impact reasoning outcomes. Furthermore, future work
could focus on establishing standardized metrics and evaluation frameworks to
consistently measure the performance of neurosymbolic reasoning systems.

Conclusion

This paper presents NSORN (Neurosymbolic Ontology Reasoning with Noise), a
reproducible and extensible framework for generating noisy benchmark datasets,
with a particular focus on controlled perturbations of ABox assertions. We
developed three techniques for introducing noise into the ABox: logical noise,
statistical noise, and random noise. Logical noise is introduced by contradicting
disjoint axioms or violating domain/range constraints of object properties.
Statistical noise, on the other hand, is introduced using Graph Neural Networks,
which add new links with low probability scores to mimic biases commonly found
in automated KG construction pipelines. Random noise involves unpredictable,
arbitrarily alternations to ABox assertions. These methods were designed
to evaluate the robustness and performance of ontology-based neurosymbolic
reasoners under various noise conditions.

We evaluated the performance of existing neurosymbolic reasoners on Pizza,
Family and OWL2Bench under various noise types and levels. The resulting
benchmarks were tested on state-of-the-art neurosymbolic reasoners, Boz2EL
and OWL2Vec*, as well as a purely neural method, R-GCN. The reasoning tasks
considered include membership and object property assertions, with the aim of
evaluating how effectively these reasoners handle noise. Our experimental results
show how different modeling paradigms respond to varying types and levels of
noise. In our experimental setup, the GNN-based model (R-GCN) exhibited
greater empirical robustness to injected perturbations, particularly under logically
inconsistent noise, while embedding-based neurosymbolic models showed more
pronounced degradation. In contrast to many prior studies that focus primarily
on ontology completion tasks, our emphasis is on ontology reasoning under noisy
conditions, where inference quality is directly evaluated. The source code of
NSORN is available at https://github.com/jloe2911/NoisyBench under MIT
License.

Gunjan Singh and Raghava Mutharaju would like to acknowledge the partial
support of the Infosys Centre for Artificial Intelligence (CAI), IIIT-Delhi, India,
in this work.
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Supporting material

Note: Bolded values indicate the lowest MRR for each reasoning task,
highlighting the conditions under which each reasoner performs least effectively.

Table 4. Results on family ontology using OWL2Vec* reasoner.

MRR | Hits@1 | Hits@5 | Hits@10

No Noise Membership 0.562 0.621 1.000 1.000

Object Property Assertion | 0.040 0.027 0.059 0.086
25% Random Noise lgsjneli)ter;?igerty Assertion 8322 gggg 82?3 gggi
50% Random Noise lgsﬁgtef’?(i)gerty Assertion 83?2 83(2)3 832? 8(%(1)2
75% Random Noise lgS?QEte??(i)f)erty Assertion 8328 gﬁ?; 8(&? ggg?
100% Random Nose gﬁ;z::ﬁﬁigerty Assertion (())3218 8312 gggi gggi
25% GNN Noise lglfﬁgteﬁii};gcrty Assertion 8831 gggg ggég 83;;
50% GNN Noise gg;’?ﬁ:?ﬁier‘cy Assertion 8(2)4513 8(2)?6i 8333 83;151)
5% GNN Noise | o1 Broporty Assertion [0053 | 0010|006 | 0081
100% GNN Noise lgs;gi)ter;?igerty Assertion (())3256 8(1)2421 832; 832411
25% Logical Noise lgsjneli)ter;?igerty Assertion 832181 833513 832(7] (1)8(7)8
50% Logical Noise lgsﬁgtef’?(i)gerty Assertion 83;3 83;3 8332 (1)828
75% Logical Noise glfﬁ?:??égerty Assertion 8322 83;3 88411(25 (1)828
100% Logical Noise gg;z:toﬁilégerty Assertion 83;; 8?)(1]3) 8(7)421; (1)82(2)
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Table 5. Results on family ontology using Box2EL reasoner.

MRR | Hits@1 | Hits@5 | Hits@10

No Noise Membership 0.299 0.165 0.882 1.000

Object Property Assertion | 0.018 0.007 0.019 0.033
26% Random Noise | o5t 0 iy Assertion [ 00T | 0005 001|015
50% Random Noise lgk?;glc)ter;?j)gerty Assertion 8(2)?? 8(2)33 88(2)3 8(7](132
75% Random Noise lglfﬁi)tolsil(i)gcrty Assertion 8312 8(2)(1]3 88?3 8323
100% Random Noise | o0 "% Dy Assrtion [ 00T | 0005 | 009 | 0018
26% GNN Noise | o Droperty Assertion [ 005 | 01007 | 0018|003
50% GNN Noise gg;ﬁ?teiilrl;?)erty Assertion 83?2 8(1)8401 831;1 8égg
75% GNN Noise lgsjrrel?te??igerty Assertion géill 883i 83??3 833;
100% GNN Noise ggﬁ?ﬁf’ﬁgerty Assertion (())(1):1l5()) 88(7)2 8312 8(2)21’1
25% Logical Noise lgsizgteis’?(i)};el'ty Assertion 8?)?; 8(1)2471 83?2 gggg
50% Logical Noise lgk?;glc)ter;?j)gerty Assertion 83;; 8(1)32 83(1)2 833?
75% Logical Noise lglfﬁi)tolsil(i)gcrty Assertion 83?? 8(1)32 8(7)12 8335
100% Logical Noise gﬁi?ﬁ:?ﬁgerty Assertion ([))?)(())81 8(1)(2J(5) 83(1)3 83(1)3
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Table 6. Results on family ontology using R-GCN.
MRR | Hits@1 | Hits@5 | Hits@10
No Noise Membership 0.323 0.054 0.973 0.998
Object Property Assertion | 0.040 0.016 0.054 0.080
26% Random Noise | o505, iy Assertion [ 0,038 | 0011 | 00T | 0077
50% Random Noise lgk?;glc)ter;?j)gerty Assertion ggg; 8(1)12 83;813 88?421
75% Random Noise lglfﬁi)tolsil(i)gcrty Assertion gggg 8(1)?2 8232 83??
100% Random Nose gg;?ﬁtﬁ?i}igel’ty Assertion gggi 8(1)?2 824112 ggég
26% GNN Noise | o1teBroperty Assrtion [0.017 | 0078|0066 1097
50% GNN Noise | o1t Broperty Assrtion [ 01055 | 0021 | 0075|1110
75% GNN Noise lgsjrrel?te??igerty Assertion 8322 8(1); ggzg 8?;35
100% GNN Noise ggﬁ?ﬁf’ﬁgerty Assertion 8257)8 8(1)12“2) 8(7)g§ 8?32
25% Logical Noise lgsizgteis’?(i)};el'ty Assertion 8?)4213 88?;1 83?3 822(5)
50% Logical Noise lgk?;glc)ter;?j)gerty Assertion 8328 88112 83;3 8823
75% Logical Noise lglfﬁi)tolsil(i)gcrty Assertion %33?85 88?2 gggzll 83??
100% Logical Noise gﬁi?ﬁ:?ﬁgerty Assertion 33?3),31 8(1)83 8832 882;
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Table 7. Results on pizza_100 ontology using OWL2Vec* reasoner.

MRR | Hits@1 | Hits@5 | Hits@10

No Noise Membership 0.279 0.176 0.616 0.980

Object Property Assertion | 0.281 0.278 0.278 0.278
26% Random Noise | G50 E iy Assertion [ 0272|0269 | 0260|0269
50% Random Noise lgk?;glc)ter;?j)gerty Assertion 8?;2 8148% 833; 8;;8
75% Random Noise lglfﬁi)t()l;?(i)gcrty Assertion 8?;3 81?411 gzﬁi 8:;471
100% Random Noise | o0 "% % Assrtion 0107 | 0007 | 0007|1007
25% GNN Noise | o ie Broperty Assrtion [0265 | 0216 | 0355 | 137
50% GNN Noise gg;ﬁ?teiilrl;?)erty Assertion 83(8]1 813? 8;Li421 8;33
75% GNN Noise lgsjrrel?te??igerty Assertion 81?2 814118 8382 gggi
100% GNN Noise ggﬁ?ﬁ?ﬁgerty Assertion 812? 812(1) 8?38 gggg
25% Logical Noise lgsizgte}??(i)};erty Assertion 8(1)(1)2 882 83(1)2 83?2
50% Logical Noise lgk?jlc}}c)ter;?j)gerty Assertion gggg 8832 83(2)47L 8383
75% Logical Noise lglfﬁi)t()l;?(i)gcrty Assertion 888; 883411 883; 8332
100% Logical Noise I(V)Ile);z}:)tel;?(i)gerty Assertion 8832 8832 8832 8582
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Table 8. Results on pizza_100 ontology using Box2EL reasoner.
MRR | Hits@1 | Hits@5 | Hits@10
No Noise Membership 0.114 0.001 0.083 0.903
Object Property Assertion | 0.063 0.026 0.080 0.155
26% Random Noise | it "%, iy Assetion [ 01025 |00 | 01 |07
50% Random Noise lgk?;glc)ter;?j)gerty Assertion 8(1)3; 883; 83;? gggg
75% Random Noise lglfﬁi)tolsil(i)gcrty Assertion gtl)gg 8832 8(1)32 831212
100% Random Noise I(V)Ile);z}:)t,eliii}iget’ty Assertion 8(1);2 888523 832; ggig
26% GNN Noise | o000 ey Assertion [ 01062 | 0025|0050 | 11153
50% GNN Noise | o1 ie"Droperty Assetion [ 01065 | 01025 | 01082 | 0155
75% GNN Noise lgsjrrel?te??igerty Assertion gggg 88(2)2 882411 8?;;
100% GNN Noise ggﬁ?ﬁf’ﬁgerty Assertion 8822 88(2]2 8821 8?;;
25% Logical Noise lgsizgteis’?(i)};el'ty Assertion 88(5)2 8883 8833 8(2](7)(1)
50% Logical Noise lgk?;glc)ter;?j)gerty Assertion 883? 8885 8833 82]3(1)
75% Logical Noise lglfﬁi)tolsil(i)gcrty Assertion 888? 8883 8838 82]88
100% Logical Noise gﬁi?ﬁ:?ﬁgerty Assertion 883? 8883 8833 8838
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Table 9. Results on pizza_100 ontology using R-GCN.

MRR | Hits@1 | Hits@5 | Hits@10

No Noise Membership 0.270 0.137 0.326 0.778

Object Property Assertion | 0.067 0.014 0.072 0.149
26% Random Noise | o5t "0 iy Assertion [ 01065 | 0015|067 | 0136
50% Random Noise lgk?;glc)ter;?j)gerty Assertion 8(2)?; g(l)ig 83?’% 8??3
75% Random Noise lglfﬁi)tolsil(i)gcrty Assertion gégg 8(1)?? 8322 8(15?(13
100% Random Nose I(V)Ile);z}:)t,eliii}iget’ty Assertion 83;3 8(1)}(5) 83?2 8(15?3
25% GNN Noise | o1 roperty Assertion [ 01866 | 0011 | 010700116
50% GNN Noise gg;ﬁ?teiilrl;?)erty Assertion gggg g(l)ii 83% 83;
75% GNN Noise lgsjrrel?te??igerty Assertion 832?) 8(1)23 8(2;(;3 8I§§
100% GNN Noise ggﬁ?ﬁf’ﬁgerty Assertion 8(2)2? 8(1)23 83;2 SIZZ
25% Logical Noise lgsizgteis’?(i)};el'ty Assertion 8(2)3? 8(1)%? 83?2 81?2
50% Logical Noise lgk?;glc)ter;?j)gerty Assertion 832(1] 8(1)(152 83?? 81?2
75% Logical Noise lglfﬁi)tolsil(i)gcrty Assertion gg;g 8(1)12 83;(1) 8:;1?
100% Logical Noise gﬁi?ﬁ:?ﬁgerty Assertion 833? géﬁ 832% gigg
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Table 10. Results on pizza_250 ontology using OWL2Vec* reasoner.
MRR | Hits@1 | Hits@5 | Hits@10
No Noise Membership 0.254 0.151 0.532 0.984
Object Property Assertion | 0.280 0.278 0.278 0.278
26% Random Noise | G50 S iy Assertion [ 0267 | 0259 | 020 | 01259
50% Random Noise lgk?;glc)ter;?j)gerty Assertion 8?33 ggg 8%3? 812?
75% Random Noise lglfﬁi)tolsil(i)gcrty Assertion 8?22 gﬁg 8?2(3) 833
100% Random Noise I(V)Ile);z}:)tel;?(i)gerty Assertion 8(1)32 8(1)(li§ 8323 83?;1
25% GNN Noise | o116 Broperty Assrtion (0.7 |06 051511557
0% GNN Noise | o1t Droperty Assertion [ 0351 | 0322 | 0365|033
75% GNN Noise lgsjrrel?te??igerty Assertion 8;82 8}822’» 83421;l 83;2
100% GNN Noise ggﬁ?ﬁf’ﬁgerty Assertion 8;?? 8(1)3; 83;3 8;?;
25% Logical Noise lgsizgteis’?(i)};el'ty Assertion 8(1)£ 8813 83(1)3 gngg
50% Logical Noise lgk?;glc)ter;?j)gerty Assertion 8832 8832 833? 838;
75% Logical Noise lglfﬁi)tolsil(i)gcrty Assertion 8881 883113 8832 82]3411
100% Logical Noise gﬁi?ﬁ:?ﬁgerty Assertion 8832 ggég 883; 8382
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Table 11. Results on pizza_250 ontology using Box2EL reasoner.

MRR | Hits@1 | Hits@5 | Hits@10

No Noise Membership 0.114 0.000 0.070 0.922

Object Property Assertion | 0.060 0.025 0.074 0.141
26% Random Noise | it % iy Assetion [0/021 0000 0.mr | 0036
50% Random Noise lgk?;glc)ter;?j)gerty Assertion 8(1)}2 883471 83?? 8(7;3
75% Random Noise lglfﬁi)tolsil(i)gcrty Assertion 8[1)(1); 8833 8(1;1))2 833(1)
100% Random Nose I(V)Ile);z}:)tel;?igerty Assertion 8(1)}2 883421 83?2 ggég
26% GNN Noise | o Droperty Assertion [ 01060 | 01028 | 0076|0116
0% GNN Noise | o1 Droperty Assertion [ 01062 | 01026 0079|0118
75% GNN Noise lgsjrrel?te??igerty Assertion gggg 88(2)2 8838 8?2471
100% GNN Noise ggﬁ?ﬁf’ﬁgerty Assertion 8823 88(2](2) 88?2 gig
25% Logical Noise lgsizgteis’?(i)};el'ty Assertion 88(5)? 8883 88?)3 8(213(3)
50% Logical Noise lgk?;glc)ter;?j)gerty Assertion ggg? 8883 8832 gégg
75% Logical Noise lglfﬁi)tolsil(i)gcrty Assertion 888? 8883 8883 82]8(7)
100% Logical Noise gﬁi?ﬁ:?ﬁgerty Assertion 883? 8883 88(2)3 8833
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Table 12. Results on pizza_250 ontology using R-GCN.
MRR | Hits@1 | Hits@5 | Hits@10
No Noise Membership 0.267 0.128 0.331 0.807
Object Property Assertion | 0.067 0.015 0.075 0.148
26% Random Noise | ou0 501y Assrtion [ 1060 | 007 | 0061 | 0130
50% Random Noise lgk?;glc)ter;?j)gerty Assertion (())g;g 8(1)(1](1) 8323 8??2
75% Random Noise lglfﬁi)tolsil(i)gcrty Assertion 83;421 8(1)23 832; 8??;
100% Random Nose I(V)Ile);z}:)t,eliii}iget’ty Assertion (??)?3 8(1)?3 83;2 8(15?3
26% GNN Noise | (il 0 ey Assertion [ 01065 | 0015 | 0.072 | 1116
50% GNN Noise gg;ﬁ?teiilrl;?)erty Assertion 8322 8(1)??3 83(152 812(1)
75% GNN Noise lgsjrrel?te??igerty Assertion 83(6)2 8(1)32 8322 8;2;
100% GNN Noise ggﬁ?ﬁf’ﬁgerty Assertion 8(2)22 8(1)3 83% 8?41;
25% Logical Noise lgsizgteis’?(i)};el'ty Assertion 8(2)23 g(l)?g 83?; ggg
50% Logical Noise lgk?;glc)ter;?j)gerty Assertion 8328 8(1)?2 83?3 81?;
75% Logical Noise lglfﬁi)tolsil(i)gcrty Assertion gggg 8(1)?2 géii 8:?2
100% Logical Noise gﬁi?ﬁ:?ﬁgerty Assertion 8(2)2; 8(1)?3 8322 8123
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Table 13. Results on OWL2Bench ontology using OWL2Vec* reasoner.

MRR | Hits@1 | Hits@5 | Hits@10

No Noise Membership 0.280 0.171 0.727 0.996

Object Property Assertion | 0.701 0.700 0.809 0.836
26% Random Noise | o505, iy Assertion [ 0517|0515 | 0612 | 0680
50% Random Noise lgk?;glc)ter;?j)gerty Assertion 842122 géllgg 8222 gggg
75% Random Noise lglfﬁi)tolsil(i)gcrty Assertion 8{1523 géég gigé 8233
100% Random Noise | o0 "% D Assrtion 0567 | 0300 | 0411 | 151
25% GNN Noise | o1t roperty Assertion [ 0510|1512 0581|0603
0% GNN Noise | o1t Doperty Assertion [ 0108|0101 | 0457|0513
75% GNN Noise lgsjrrel?te??igerty Assertion 8332 8;22 ggg(j 8282
100% GNN Noise ggﬁ?ﬁf’ﬁgerty Assertion (())35’;% 8;;% 8232 8223
25% Logical Noise lgsizgteis’?(i)};el'ty Assertion 8(23;; gtlillé 857);3 gggé
50% Logical Noise lgk?;glc)ter;?j)gerty Assertion 8(134713 gggg 8??)2 82?(7)
75% Logical Noise lglfﬁi)tolsil(i)gcrty Assertion 8(1321 gggg 8?7)55); 8222
100% Logical Noise gﬁi?ﬁ:?ﬁgerty Assertion %égf gggg 82?451 82?3
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Table 14. Results on OWL2Bench ontology using Box2EL reasoner.
MRR | Hits@1 | Hits@5 | Hits@10
No Noise Membership 0.175 0.038 0.521 0.823
Object Property Assertion | 0.216 0.200 0.229 0.254
25% Random Noise | o500 Dy Assertion [0T71 10166017 | 1783
50% Random Noise lgk?;glc)ter;?j)gerty Assertion 8133 8(1)23 8?;3 8322
75% Random Noise lglfﬁi)tolsil(i)gcrty Assertion 8[1)22 88?3 83;1(13 833?
100% Random Noise I(V)Ile);z}:)tel;?igerty Assertion 8(1)51%3 88;5 832(15 gggg
26% GNN Noise | o Broperty Assertion [ 0108 | 0155|0119 | 0166
50% GNN Noise gg;ﬁ?ter;?;?)erty Assertion 838 8(1)2:13 8zllgg 8;?(1)
75% GNN Noise lgsjrrel?te??igerty Assertion 8(1)22 8857)2 83261; 88;3
100% GNN Noise ggﬁ?ﬁf’ﬁgerty Assertion 8(1)251; 88?3 8332 882?
25% Logical Noise lgsizgteis’?(i)};el'ty Assertion 8(1)% 8835 83;3 832(13
50% Logical Noise lgk?;glc)ter;?j)gerty Assertion (())8?]92 gggg 8383 833?}
75% Logical Noise lglfﬁi)tolsil(i)gcrty Assertion (())3?]62 8838 8(1)(5)8 8338
100% Logical Noise gﬁi?ﬁ:?ﬁgerty Assertion (())gg; 8833 8833 833471
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Table 15. Results on OWL2Bench ontology using R-GCN.

MRR | Hits@1 | Hits@5 | Hits@10

No Noise Membership 0.252 0.086 0.449 0.945

Object Property Assertion | 0.435 0.312 0.573 0.693
26% Random Noise | o505, 0y Assrtion [ 0460 | 0311|0596 | 0702
50% Random Noise lgk?;glc)ter;?j)gerty Assertion gigg 8(3)(15? 8;;3 8?;?
75% Random Noise lglfﬁi)tolsil(i)gcrty Assertion 84214112 ggié 82?3 82?481
100% Random Noise | o0 "% Dy Assertion [ 0410 | 0556 | 0585 | 0056
25% GNN Noise | o1t roperty Assertion [ 0.415 | 01307 | 0595|0709
0% GNN Noise | o1t Donerty Assertion [ 0630|0207 | 0577|0711
75% GNN Noise lgsjrrel?te??igerty Assertion gigili 8(3)gi gégg 8231
100% GNN Noise ggﬁ?ﬁf’ﬁgerty Assertion 812? 822% gé(l)i 822?
25% Logical Noise lgsizgteis’?(i)};el'ty Assertion 8332 8(1);;1 8332 8222
50% Logical Noise lgk?;glc)ter;?j)gerty Assertion 83?3 8(1)1613 8§(1)g 823
75% Logical Noise lglfﬁi)tolsil(i)gcrty Assertion gfgg gggg 8;16238 825195
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Figure 6. Variability of MRR on family ontology.
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Figure 7. Variability of MRR on pizza_100 ontology.
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Figure 8. Variability of MRR on pizza_250 ontology.
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Figure 9. Variability of MRR on OWL2Bench ontology.
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