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Abstract

A central theme of neurosymbolic AI is the idea of combining subsymbolic learning with sym-
bolic reasoning, in some fashion, in order to get the best of both worlds. Our research examines
this theme using OWL ontologies, OWL reasoning, and OWL-based knowledge graph tools to
provide the symbolic reasoning. We explore combining subsymbolic learning with symbolic
OWL reasoning in neurosymbolic systems. Our central research questions are: (i) how can we
combine subsymbolic learning with symbolic OWL reasoning, and (ii) what are the effects or
benefits of doing so?

Our research has three threads. Thread one presents NeSy4VRD, a unique dataset resource
that facilitates neurosymbolic research, using OWL-based knowledge graph technologies, for
visual relationship detection in images. NeSy4VRD combines an image dataset, and high-quality
annotations, with a well-aligned, custom-designed, common sense OWL ontology, VRD-World.
NeSy4VRD is small and extensible. It invites researchers to shape it to fit their research needs;
to tailor its annotations, and to extend them, along with the companion ontology; and to share
their extensions, so other researchers may compose enriched instances of NeSy4VRD.

Thread two of our research uses NeSy4VRD to explore ways of combining subsymbolic learning
with symbolic OWL reasoning in neurosymbolic systems for detecting visual relationships in
images. We present two investigations. Each one uses our OWL ontology, VRD-World, hosted in
an OWL-based knowledge graph tool, together with OWL reasoning, in the guise of a symbolic
reasoning engine. The two investigations exercise different aspects of OWL inference capability,
and for different purposes.

Investigation 1 uses OWL ontologies (versions of VRD-World), and OWL reasoning, to logically
augment the annotated scene graphs of the images in different ways, thereby altering the super-
vision they provide during neural network training. The results show how OWL reasoning can
make a neural network’s recall@N scores dance to an ontology’s tune; how it can double pre-
cision, and more; how it can make subsymbolic learning faster. The results show the ontology
matters: they show it controlling the OWL reasoning that augments the image scene graphs, and
a neural network responding to the adjustments in the supervision it receives in training.

Investigation 2 of thread two uses our VRD-World OWL ontology, in a symbolic (OWL) reason-
ing engine, but this time in real-time, during neural network training, and during inference. In
both settings, the role of the symbolic (OWL) reasoning engine is to act as a symbolic reasoning
binary classifier, to classify visual relationships predicted by a neural network as either seman-
tically valid or invalid. During training, the symbolic reasoning binary classifier helps to train
a neural network (subsymbolic learning) classifier. It classifies emerging predictions. For those
inferred to be semantically invalid, a semantic loss penalty is applied, in the manner of a logical
constraint. This strategy reduces the relative frequency of semantically invalid predictions for
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test set images dramatically. During inference, the symbolic reasoning binary classifier evalu-
ates all of the candidate visual relationships predicted for test set images. The ones found to
be semantically invalid are filtered-out, ensuring that only visual relationships that are seman-
tically valid are submitted for performance evaluation. This strategy eliminates semantically
invalid predictions entirely.

In thread three of our research, we consider the problem of combining subsymbolic learning with
symbolic OWL reasoning from a different perspective. We present a novel way of representing
the symbolic knowledge of an OWL-based knowledge graph, and a novel way of thinking about
and performing OWL reasoning. And we blend these concepts with subsymbolic learning in
neurosymbolic systems applications.

First, we focus on concepts. We introduce our notion of a tensor knowledge graph—a strictly
binary, and hence strictly symbolic, tensor representation of an OWL-based knowledge graph.
Then we introduce tensor knowledge graph reasoning—the emulation of many aspects of OWL
reasoning using techniques based on known binary relational operations and implemented using
matrix algebra and Boolean algebra.

Once these concepts are firmly established, we explore applying these concepts in neurosymbolic
systems. We propose a novel neural network architecture that we call subsymbolic-symbolic,
which wraps a subsymbolic learning module followed by a symbolic module. We describe an
instance of this generic architecture we call a Combiner, which wraps a subsymbolic Classi-
fier with a symbolic Generaliser. We inject knowledge—symbolic OWL knowledge encoded in
a binary matrix, by the tensor knowledge graph reasoning engine—into the weight matrix of
a Generaliser, and have it generalise classes predicted by the Classifier to the correct par-
ent classes, using only the matrix algebra of a neural network forward-pass. We introduce
our notion of ‘neural symbolic inference’, in which a symbolic Generaliser is equipped to per-
form actual symbolic inference, incrementally, within the rhythm of a standard neural network
forward-pass. We show that, having been injected with partial knowledge of the VRD-World
class hierarchy, a Generaliser can successfully infer its complete transitive closure, using an
inference algorithm from the tensor knowledge graph reasoning engine, and adapted for the
forward-pass setting of a neural network training cycle. We describe how our tensor knowledge
graph is well-placed to find applications in the domain of knowledge graph embedding models,
and we present a specification for a matrix factorisation of our tensor knowledge graph in order
to facilitate these applications.

Keywords: Artificial Intelligence, Neurosymbolic, Neural Networks, Subsymbolic Learning,
Logic, Logical Constraints, Symbolic Reasoning, Semantic Web, OWL, Ontologies, Knowledge
Graphs, Visual Relationship Detection, Scene Graph Generation, Tensor Knowledge Graphs,
Tensor Knowledge Graph Reasoning.

iii



Contents

List of Figures 1

List of Tables 5

1 Introduction 7
1.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.2.1 Knowledge representation and reasoning (KRR) . . . . . . . . 12
1.2.2 The Web Ontology Language (OWL) . . . . . . . . . . . . . . 12
1.2.3 Knowledge Graphs . . . . . . . . . . . . . . . . . . . . . . . . 14

1.3 Research questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
1.4 Document structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2 Related Work 18
2.1 Neurosymbolic AI in general . . . . . . . . . . . . . . . . . . . . . . . 18
2.2 Why OWL? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.3 Thread one related work . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.3.1 Ontology engineering . . . . . . . . . . . . . . . . . . . . . . . 23
2.4 Thread two related work . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.4.1 Visual relationship detection and scene graph generation . . . . 24
2.4.2 Neurosymbolic AI using loss-based logical constraints . . . . . 25
2.4.3 Knowledge graphs in neurosymbolic systems . . . . . . . . . . 26
2.4.4 OWL reasoning in neurosymbolic systems . . . . . . . . . . . 26
2.4.5 Symbolic reasoning engines in neurosymbolic systems . . . . . 28

2.5 Thread three related work . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.5.1 Knowledge graph embedding models . . . . . . . . . . . . . . 29
2.5.2 Knowledge injection . . . . . . . . . . . . . . . . . . . . . . . 32
2.5.3 Graph Neural Networks . . . . . . . . . . . . . . . . . . . . . 32
2.5.4 Gunther Schmidt and relational mathematics . . . . . . . . . . 35

iv



3 NeSy4VRD 38
3.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.2 The VRD dataset and visual relationships . . . . . . . . . . . . . . . . 40

3.2.1 Attractive characteristics of the VRD dataset . . . . . . . . . . 42
3.2.2 Unattractive characteristics of the VRD dataset . . . . . . . . . 43

3.3 NeSy4VRD annotated visual relationships . . . . . . . . . . . . . . . . 46
3.4 Our OWL ontology design goals . . . . . . . . . . . . . . . . . . . . . 46
3.5 Overview of the VRD-World OWL ontology . . . . . . . . . . . . . . . 47
3.6 The VRD-World class hierarchy . . . . . . . . . . . . . . . . . . . . . 48
3.7 The VRD-World object properties . . . . . . . . . . . . . . . . . . . . 51
3.8 Interpreting VRD-World . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.9 NeSy4VRD support for extensibility . . . . . . . . . . . . . . . . . . . 54

3.9.1 Comprehensive code for dataset analysis . . . . . . . . . . . . 54
3.9.2 The NeSy4VRD protocol . . . . . . . . . . . . . . . . . . . . . 55
3.9.3 The NeSy4VRD work�ow . . . . . . . . . . . . . . . . . . . . 56
3.9.4 Distributed annotation enhancement . . . . . . . . . . . . . . . 57

3.10 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4 Knowledge Graph Reasoning for Visual Relationship Detection 60
4.1 The visual relationship detection problem . . . . . . . . . . . . . . . . 61
4.2 Our baseline deep learning visual relationship detection system . . . . . 63

4.2.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
4.2.2 Object detection . . . . . . . . . . . . . . . . . . . . . . . . . 63
4.2.3 Predicate prediction . . . . . . . . . . . . . . . . . . . . . . . 66

4.3 Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
4.4 Knowledge graph reasoning for annotation augmentation . . . . . . . . 72

4.4.1 Overview and methods . . . . . . . . . . . . . . . . . . . . . . 72
4.4.2 The effects of OWL reasoning on recall@N (A) . . . . . . . . . 75
4.4.3 The effects of OWL reasoning on recall@N (B) . . . . . . . . . 77
4.4.4 The effects of OWL reasoning on the volume of predictions . . 77
4.4.5 The effects of OWL reasoning on mAP@N . . . . . . . . . . . 78
4.4.6 The effects of OWL reasoning on hits per image . . . . . . . . 81
4.4.7 The effects of OWL reasoning on learning speed . . . . . . . . 83
4.4.8 The effects of OWL reasoning on symmetric pairs . . . . . . . 84
4.4.9 The effects of OWL reasoning on inverse pairs . . . . . . . . . 85

4.5 Knowledge graph reasoning for applying logical constraints . . . . . . 87
4.5.1 Overview and methods . . . . . . . . . . . . . . . . . . . . . . 87
4.5.2 The effects of OWL reasoning on semantic validity (A) . . . . . 92
4.5.3 The effects of OWL reasoning on semantic validity (B) . . . . . 93
4.5.4 The effects of OWL reasoning on recall@N . . . . . . . . . . . 94

4.6 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

v



4.6.1 Proactive prediction evaluation . . . . . . . . . . . . . . . . . . 95
4.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

5 Tensor Knowledge Graphs 100
5.1 The idea of an OWL-based tensor knowledge graph . . . . . . . . . . . 101
5.2 Our speci�cation for an OWL-based tensor knowledge graph . . . . . . 103

5.2.1 Our speci�cation . . . . . . . . . . . . . . . . . . . . . . . . . 103
5.2.2 Current limitations . . . . . . . . . . . . . . . . . . . . . . . . 105
5.2.3 Evidence that our tensor representation is accurate . . . . . . . 106

5.3 Tensor knowledge graph reasoning . . . . . . . . . . . . . . . . . . . . 107
5.3.1 Key relational operations . . . . . . . . . . . . . . . . . . . . . 108
5.3.2 Emulating owl:inverseOf inference semantics . . . . . . . . . . 109
5.3.3 Emulating rdfs:domain inference semantics . . . . . . . . . . . 115
5.3.4 RDFS and OWL inference rule coverage . . . . . . . . . . . . 120
5.3.5 The Roy-Warshall transitive closure algorithm . . . . . . . . . 123
5.3.6 The Union-of-Powers transitive closure algorithm . . . . . . . . 125
5.3.7 Union-of-Powers stopping conditions . . . . . . . . . . . . . . 126
5.3.8 Comparing Roy-Warshall with Union-of-Powers . . . . . . . . 130

5.4 Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
5.4.1 The Combiner: a subsymbolic-symbolic architecture . . . . . . 131
5.4.2 Injecting symbolic class hierarchy knowledge . . . . . . . . . . 133
5.4.3 Learning symbolic class hierarchy knowledge . . . . . . . . . . 136
5.4.4 Neural symbolic inference . . . . . . . . . . . . . . . . . . . . 138

The idea of neural symbolic inference . . . . . . . . . . . . . . 138
Demonstrating neural symbolic inference using VRD-World . . 140
Crossing the subsymbolic/symbolic divide differentiably . . . . 142

5.4.5 Tensor knowledge graph embeddings . . . . . . . . . . . . . . 144
5.5 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

5.5.1 Handling OWL class descriptions . . . . . . . . . . . . . . . . 147
5.5.2 Forward chaining . . . . . . . . . . . . . . . . . . . . . . . . . 148
5.5.3 Fast symbolic OWL reasoning for neurosymbolic systems . . . 148
5.5.4 Knowledge graph comparison services . . . . . . . . . . . . . . 149
5.5.5 AI planning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

5.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

6 Summary 154
6.1 Thread one . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154
6.2 Thread two . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155
6.3 Thread three . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158
6.4 Closing remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

vi



Bibliography 162

A Our VRD-World Wikidata-inspired class hierarchy 173

B Platform Benchmarking Results 177

C Our mini VRD-World ontology 184

1



List of Figures

1.1 The Semantic Web layer cake — a stack of open, standardised, integrated-by-design

W3C technology speci�cations that together de�ne the Semantic Web. . . . . . . . 13

3.1 Two representative images from the VRD dataset with objects localised
in bounding boxes and samples of representative annotated visual rela-
tionships rendered as user-friendly 3-tuples. . . . . . . . . . . . . . . . 42

3.2 A partial pictorial rendering of the class hierarchy of the VRD-world OWL ontology

(version 1). The object classes of the NeSy4VRD dataset are represented one-to-one

by leaf classes in the hierarchy. To minimise clutter, the names of these leaf class

are enclosed within the bubble that represents their main parent class. Lines represent

sub-class/parent-class relationships. Classes coloured orange are new to NeSy4VRD

and do not exist in the annotated visual relationships of the VRD dataset. All bubbles

represent parent classes that were introduced to organise the NeSy4VRD leaf classes

into a coherent hierarchy. To minimise clutter, this rendering of the VRD-World class

hierarchy does not re�ect (i) many subclass relationships, and (ii) many additional

classes declared to be unions of other classes. . . . . . . . . . . . . . . . . . . 50
3.3 A partial pictorial rendering of the object properties of the VRD-world OWL ontol-

ogy (version 1). Each NeSy4VRD visual relationship predicate is represented by a

VRD-World object property coloured dark blue. Object properties that share seman-

tics are gathered into bubbles that re�ect their semantic category, coloured turquoise.

Dotted lines represent sub-property relationships. Solid lines with double arrows rep-

resent semantic equivalence. To minimise clutter, this rendering does not attempt to

express object property relationships such as inverses, or property characteristics such

as symmetry and transitivity. . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.4 A zoom-in on the top-left portion of the VRD-world ontology class hierarchy shown

in Figure 3.2. This zoom-in highlights classes Vehicle and VehiclePart, and the

branches of subclasses beneath them. . . . . . . . . . . . . . . . . . . . . . . 53

2



4.1 A conceptual rendering of the visual relationship detection problem, and of the hypoth-

esis that by combining symbolic OWL reasoning with deep learning, we can improve

deep learning's predictive performance with respect to visual relationship detection in

images. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
4.2 Our baseline deep learning system for detecting visual relationships. An object detec-

tion neural network detects objects in images, and a multi-label predicate prediction

neural network predicts relationships between ordered pairs of those objects. To study

the predicate detection aspect of visual relationship detection in isolation, the noise of

the object detection can be cancelled by using the objects annotated for the images in

place of those detected by an object detector. . . . . . . . . . . . . . . . . . . 64
4.3 The setting for investigation 1 of thread two. The top half of the �gure shows an OWL-

based knowledge graph augmenting the annotated visual relationships of some hypo-

thetical image. The presumption is that this knowledge graph hosts our VRD-World

ontology. The bottom half of the �gure shows the annotated visual relationships being

used to provide supervision during PPNN training. A baseline deep learning system

is trained using only the `initial' sparse and arbitrary visual relationships for supervi-

sion. A neurosymbolic system is trained using the `augmented' visual relationships

that provide enriched supervision. . . . . . . . . . . . . . . . . . . . . . . . 74
4.4 The effects of OWL reasoning on recall@N, in the predicate detection regime of exper-

imentation (where the noise of object detection is cancelled), and when performance

is evaluated against the baseline NeSy4VRD test set annotated visual relationships. . 76
4.5 The effects of OWL reasoning on recall@N, in the predicate detection regime of ex-

perimentation, when performance is evaluated against NeSy4VRD test set visual rela-

tionship annotations that have augmented by OWL reasoning using the same version

of the VRD-World ontology as was used to augment the training set visual relationship

annotations upon which each model is trained. . . . . . . . . . . . . . . . . . . 78
4.6 The effects of OWL reasoning on the distribution of the number of predicted visual

relationships per image. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
4.7 The effects of OWL reasoning on mAP@N. Different neurosymbolic treatments (com-

binations of OWL link inference semantics in OWL ontology VRD-World used to log-

ically expand training image scene graphs) deliver mAP@N scores lower than a base-

line deep learning system, to varying degrees. The salient observation, however, is

how well mAP@N endures, given the corresponding, but far larger, relative increases

in treatment prediction volumes induced by OWL reasoning. . . . . . . . . . . . 80
4.8 Panel A: the effects of OWL reasoning on the mean number of predicted visual rela-

tionships per image that are actually submitted for performance evaluation. Panel B:

the effects of OWL reasoning on the mean number of hits per image. . . . . . . . . 82
4.9 The effects of OWL reasoning on the speed of subsymbolic learning. . . . . . . . . 83

3



4.10 The setting for investigation 2 of thread two. The OWL-based knowledge graph host-

ing the VRD-World ontology, acting as a symbolic reasoning binary classi�er, detects

predictions emerging from the PPNN during training that are semantically invalid. A

semantic loss penalty is applied to teach the predicate prediction neural network to not

predict visual relationships that are semantically invalid. . . . . . . . . . . . . . 87
4.11 An illustration of the OWL reasoning strategy used in investigation 2, where predic-

tions of visual relationships are validated using symbolic (OWL) reasoning. The top

panel shows the setting for PPNN training, the bottom panel for PPNN inference. In

both settings, an OWL-based knowledge graph hosting OWL ontology VRD-World,

acting as a real-time symbolic reasoning binary classi�er, validates predictions of vi-

sual relationships. During PPNN training, predictions classi�ed as semantically in-

valid (e.g., dog drive surfboard) attract semantic loss penalties, as soft logical

constraints. During PPNN inference, predictions classi�ed as semantically invalid are

�ltered out, as hard logical constraints. . . . . . . . . . . . . . . . . . . . . . 88
4.12 The effects of OWL reasoning, used as a logical constraint to suppress predictions of

invalid visual relationships, on recall@N. . . . . . . . . . . . . . . . . . . . . 95
4.13 A vision of an OWL-based neurosymbolic visual relationship detection system that

uses Datalog-like rules, executed in a rule engine, together with OWL-based knowl-

edge graph reasoning and queries, to proactively scan the prediction space of a neu-

ral network, in order to identify logically plausible and logically implausible visual

relationship predictions. Predictions of logically implausible visual relationships at-

tract a logical constraint penalty, to discourage their prediction. Predictions that fail to

emerge for logically plausible visual relationships attract a logical inducement penalty,

to encourage the network to learn to predict these high-value (likely-to-be-a-hit) visual

relationships. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.1 A conceptual instance of a generic subsymbolic-symbolic neural network architecture,

in which a subsymbolic learning module is followed by a symbolic module. In this

instance of the generic architecture, the role of the subsymbolic module is �lled by

a Classi�er that predicts classes, and the role of the symbolic module is �lled by a

Generaliser whose job is to generalise the classes predicted by the Classi�er to their

correct parent classes (per an OWL class hierarchy), but by strictly symbolic means

only. The subsymbolic / symbolic divide is the point of transition between the subsym-

bolic and symbolic worlds. These three conceptual components are wrapped within

a larger neural network module referred to as a Combiner. The subsymbolic learning

module and the symbolic module work in-concert with one another, within the rhythm

of a conventional neural network forward-pass. . . . . . . . . . . . . . . . . . 132

4



5.2 Elements of an investigation into injecting symbolic knowledge encoding a class hi-

erarchy into the Generaliser component of a subsymbolic-symbolic neural network

architecture. The matrix on the left represents a binary matrix encoding of the class

hierarchy on the right. The dotted links in the class hierarchy on the right are sugges-

tive of the implied transitive closure of the hierarchy. The three fully-connected neural

network layers in the middle represent the Classi�er component of a subsymbolic-

symbolic model. The single, larger layer of neurons to its right represents the Gener-

aliser component of a subsymbolic-symbolic model. The binary matrix encoding the

symbolic knowledge of the class hierarchy will ultimately be injected into the weight

matrix of the single linear layer of the Generaliser, thereby enabling the Generaliser to

�nd the parent classes of any base class predicted by the Classi�er, using the normal

matrix multiplication of a neural network forward-pass. . . . . . . . . . . . . . . 134
5.3 A setting for investigating learning symbolic class hierarchy knowledge. The binary

matrix on the right is a symbolic encoding of a class hierarchy. The network on the

left is a classi�er being trained to learn that binary matrix, within the weight matrix

of last layer of the network. A two-part loss function is employed for this purpose.

A classi�cation loss is computed based on the predictions of base classes, and gener-

alisation loss is computed as a function of the difference between the weight matrix

under study and the target binary matrix used for supervision. . . . . . . . . . . . 137

A.1 A pictorial rendering of a potential alternate class hierarchy for the VRD-world OWL

ontology, inspired by the publicly available Wikidata knowledge graph. Classes coloured

blue represent Wikidata classes (entities, with their Wikidata `Qnnnnn' numbers) to

which a NeSy4VRD object class name has been assigned. All other classes have their

Wikidata names. Classes coloured orange are duplicates introduced to avoid clutter

from criss-crossing arrows. All arrows represent Wikidata subClassOf relationships.

The colour yellow highlights classes with many subclasses and/or parents. . . . . . 174

5



List of Tables

3.1 Image Datasets with Annotated Visual Relationships . . . . . . . . . . 43
3.2 Quantitative comparison of the NeSy4VRD and VRD annotated visual

relationships (VRs). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.3 Summary metrics for the VRD-World OWL ontology (v1) . . . . . . . 48

4.1 The meaning of the names for the treatments used to explore the effects of OWL

reasoning strategy 1 (annotation augmentation) on subsymbolic learning. For OWL

reasoning strategy 1, treatments are con�gurations of activated link inference seman-

tics within OWL ontology VRD-World, and the corresponding neural network (PPNN)

models that emerge from having been trained on target scene graphs logically enriched

by OWL reasoning governed by that con�guration of VRD-World. . . . . . . . . . 75
4.2 The effects of the annotation augmentation OWL reasoning strategy on precision, as

measured manually via visual inspection of individual predicted visual relationships

(VRs), for a small random sample of test set images. The adjusted precision scores

exclude false false positives (FFPs) from consideration. The FFP rate gives the pro-

portion of false positives deemed to be good predictions of visual relationships not

annotated. Standard recall is hits per image over ground-truth annotations per image. . 81
4.3 Percentage changes in symmetric pairs relative to baseline for topN=50 84
4.4 Percentage changes in inverse pairs relative to baseline for topN=50 . . 86
4.5 Treatment de�nitions for OWL reasoning strategy 2 (prediction validation). . . . . . 91
4.6 Comparison of semantic validity of predicted visual relationships for

topN=999 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
4.7 Comparison of semantic validity of predicted visual relationship types

for topN=999 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.1 Union-of-Powers Early-Stopping Analysis - For Binary Matrices of Size
500 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

5.2 Union-of-Powers Early-Stopping Analysis - Computational Savings per
Matrix Size . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

5.3 Transitive closure algorithm runtime comparison . . . . . . . . . . . . 130

6



Chapter 1

Introduction

Our research explores ways of combining deep (subsymbolic) learning with symbolic,
Web Ontology Language (OWL) reasoning in neurosymbolic systems. This chapter in-
troduces our research and sets the scene for what is to come. We begin with a high-level
overview that describes the three distinct but related threads of our research: 1) our novel
`image dataset plus OWL ontology' resource, NeSy4VRD, 2) our use of OWL-based
knowledge graph reasoning for learning to detect visual relationships in (NeSy4VRD)
images, and 3) our notion of tensor knowledge graphs—a novel matrix-based symbolic
representation of OWL-based knowledge graphs, plus associated matrix-based symbolic
reasoning techniques that emulate (aspects of) OWL reasoning. Following the overview,
we provide background pertaining to the symbolic tradition of AI. Once ascendant, the
symbolic tradition has been emerging from the shadow cast by the successes of the con-
nectionist (neural network-based) tradition of AI. Semantic Web-based representatives
of the symbolic tradition of AI (e.g., OWL ontologies, OWL-based knowledge graphs,
and OWL reasoning) permeate our work, and hence some appreciation of them is es-
sential for understanding our neurosymbolic AI research and systems. After the back-
ground on Semantic Web-based concepts and technologies, we next specify and discuss
our research questions. First we establish our most general research questions—the ones
which span (are common to) the different threads of our research. Then we show how
these specialise and multiply as they become thread-speci�c and experiment-speci�c.
We close this introductory chapter with a description of the structure of the remainder
of the document.

1.1 Overview

A central theme in neurosymbolic AI is the idea of combining subsymbolic learning
with symbolic reasoning, in some fashion, in order to get the best of both worlds. Our
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research examines this theme using OWL-based knowledge graphs and OWL reasoning
to provide the symbolic reasoning. We explore combining subsymbolic learning with
symbolic OWL reasoning in neurosymbolic systems. Our central research questions
are: (i) how can we combine subsymbolic learning with symbolic OWL reasoning, and
(ii) what are the effects or bene�ts of doing so? Our research has three threads. These
threads are distinct but inter-related. They share our central research questions, but
examine them differently.

Thread one of our research Thread one of our research into combining subsym-
bolic learning with symbolic OWL reasoning involves our creation of a unique dataset
resource we call NeSy4VRD. The acronym NeSy4VRD stands for Neurosymbolic AI for
Visual Relationship Detection. NeSy4VRD facilitates neurosymbolic systems research
with OWL-based knowledge graph technologies, within the computer vision task of
detecting visual relationships in images.

NeSy4VRD combines an image dataset, with high-quality annotations, and a well-
aligned, custom-designed, common sense, companion OWL ontology. We call this com-
mon sense OWL ontology VRD-World. Resources like NeSy4VRD are scarce. We cre-
ated its components in the process of pursuing our research vision. We packaged these
components, wrapped them with documentation, and contributed NeSy4VRD to the
neurosymbolic AI community in order to facilitate more neurosymbolic research using
OWL-based knowledge graphs and OWL reasoning. NeSy4VRD is a neurosymbolic
research enabler. It enables exploration of combining subsymbolic learning with sym-
bolic OWL reasoning. NeSy4VRD enabled thread two of our research entirely, and its
OWL ontology, VRD-World, helped to drive thread three. The contribution from thread
one of our research is NeSy4VRD itself. Thread one of our research, NeSy4VRD, is
covered in Chapter 3.

Thread two of our research In thread two of our research, we use NeSy4VRD to
explore the problem of combining subsymbolic learning with symbolic OWL reasoning
in the context of the computer vision task of detecting visual relationships in images.
Thread two is our �rst opportunity to address our central research questions: (i) how
can we combine subsymbolic learning with symbolic OWL reasoning, and (ii) what
are the effects or bene�ts of doing so? We use an OWL-based knowledge graph tool
hosting the OWL ontology, VRD-World, in the guise of a symbolic reasoning engine,
to deliver OWL reasoning services that guide neural, subsymbolic learning. The close
alignment between NeSy4VRD's VRD-World OWL ontology and the annotated visual
relationships of its images ensures that the common sense symbolic reasoning that OWL
performs is pertinent to the subsymbolic learning task.

We conducted two investigations for thread two. Both use a common, custom-designed
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deep learning system for visual relationship detection. Using this purely subsymbolic
system as a baseline, the two investigations explore different ways of introducing OWL
reasoning, making the subsymbolic baseline neurosymbolic. The two investigations
exercise different categories of OWL reasoning capability, and they employ different
strategies for integrating OWL reasoning with deep learning. For evidence of the effects
of OWL reasoning on subsymbolic learning, both investigations consider predictive per-
formance, as measured by recall@N scores, and as revealed by analysis of the individual
visual relationships predicted by the respective neurosymbolic systems.

Investigation 1 of thread two uses OWL reasoning to logically augment the annotated
visual relationships (the scene graphs) of the images. The annotated scene graphs are
the ground-truth targets that provide supervision to subsymbolic learning during system
training. The hypothesis is that logically enriched supervision leads to better learning.
Investigation 1 shows that the ontology matters. It shows a direct causal mechanism,
from ontology through to system predictive performance. It shows an OWL ontology,
VRD-World, controlling what OWL reasoning can and cannot do with respect to logi-
cally augmenting the image scene graphs. And it shows that the adjusted scene graphs
provide adjusted supervision, which leads to adjusted subsymbolic learning, that reg-
isters as adjusted predictive performance. The adjustments can be dramatic, but not
always. It depends on the ontology—on the particular mix of OWL inference semantics
expressed in the ontology.

Investigation 2 of thread two of our research uses OWL reasoning to teach the deep
learning system the semantics of the NeSy4VRD predicates, as re�ected in the domain
and range restrictions declared for them in the VRD-World OWL ontology. It uses
OWL reasoning to teach subsymbolic learning to not predict visual relationships that,
in VRD-World, are semantically invalid. The strategy involves applying a semantic loss
penalty during training, in a manner akin to applying a logical constraint, whenever the
deep learning system shows an inclination to predict something that OWL reasoning
infers to be semantically invalid. The key to this strategy, once again, is the VRD-World
OWL ontology. We designed it to enable OWL reasoning to enforce all of the domain
and range restrictions declared within it.

Investigation 2 of thread two shows that an OWL-based knowledge graph tool hosting
our VRD-World ontology can be used as a real-time symbolic reasoning engine to guide
neural, subsymbolic learning during training. It demonstrates using this symbolic rea-
soning engine as a symbolic reasoning binary classi�er to help train a neural network
classi�er. The symbolic classi�er infers emerging predictions of visual relationships as
being either semantically valid or semantically invalid. If it infers a prediction is invalid,
a semantic loss penalty is computed and applied to steer the learning away from the pre-
diction. Investigation 2 shows that this strategy is effective: the relative frequency of
semantically invalid predictions on test set images drops dramatically.
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Investigation 2 also demonstrates effective use of the real-time symbolic reasoning bi-
nary classi�er during system inference on the test set. In this setting, the symbolic
classi�er is asked to evaluate every candidate predicted visual relationship for seman-
tic validity, so that the semantically invalid ones can be �ltered out, ensuring that only
semantically valid ones are submitted for performance evaluation. This strategy elim-
inates invalid predictions entirely. This use case can be viewed as applying a logical
constraint too, but a stronger one.

To close thread two of our research, we describe a further investigation that has been
left for future work. The vision here is to extend OWL reasoning with Datalog-like
rules, and to have a rule engine execute these rules, in co-operation with an OWL-based
knowledge graph hosting VRD-World. The objective for the rule engine is to have it
infer plausible visual relationship predictions for a given ordered pair of objects. If a
neural network under training is not showing an inclination to predict a visual relation-
ship that has been inferred to be plausible, then a plausibility penalty, or plausibility
inducement (or prompting) can be applied, to prompt the network to learn the predic-
tion that has been inferred to be plausible (i.e., a likely hit). Thread two of our research
is presented in Chapter 4.

Thread three of our research Thread three of our research explores combining
subsymbolic learning with symbolic OWL reasoning from a perspective different to
that of thread two. In thread three, we introduce new ways of thinking about how the
symbolic knowledge of an OWL-based knowledge graph can be represented, and we
introduce new ways of thinking about OWL reasoning, and of how it can be emulated
using techniques that exploit the new representation. And we explore blending aspects
of these symbolic concepts with subsymbolic learning in novel neurosymbolic network
architectures. Thread three is covered in Chapter 5. First we introduce concepts; then we
discuss applications these concepts in neurosymbolic systems. We close by discussing
several categories of planned and potential future work relating to tensor knowledge
graphs.

We begin by presenting our notion of a tensor knowledge graph—a strictly binary, and
hence strictly symbolic, tensor representation of an OWL-based knowledge graph (or,
equivalently, of an OWL ontology with accompanying data facts). Following this, we
present our notion of tensor knowledge graph reasoning—the emulation of many aspects
of OWL reasoning using basic binary relational operations on a tensor knowledge graph,
implemented using matrix algebra and Boolean algebra. We show that our approach is
not heuristic; it is well-grounded in a body of mathematical theory called the calculus of
relations. We walk through speci�c examples showing how we emulate speci�c aspects
of OWL inference semantics using our tensor knowledge graph reasoning techniques.
We discuss our tensor knowledge graph reasoning engine, and point to its ef�ciencies
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and scalability. We examine two binary matrix-based transitive closure algorithms used
by our tensor knowledge graph reasoning engine, and describe early-stopping conditions
we have identi�ed that make one of them even more ef�cient. And we describe next
steps in the development of tensor knowledge graphs, and of our tensor knowledge
graph reasoning engine.

Once the concepts of tensor knowledge graph and tensor knowledge graph reasoning
are �rmly established, we shift the focus to discussing applications of these concepts
in neurosymbolic systems. We begin by describing the target use case for the ten-
sor knowledge graph reasoning engine, which is for it to be used as a real-time sym-
bolic OWL reasoning engine in neurosymbolic systems. Then we introduce our concept
of a neurosymbolic neural network architecture—an architecture we call subsymbolic-
symbolic. We explain how this architecture wraps a subsymbolic learning module fol-
lowed by a symbolic module, and where the two are separated by what we call the
subsymbolic/symbolic divide. Then we describe an investigation involving an instance
of this generic architecture that we call the Combiner, which wraps a subsymbolic Clas-
si�er with a symbolic Generaliser. The Classi�er learns to predict base classes, and
the Generaliser generalises these to their parent classes, per symbolic knowledge of an
OWL ontology class hierarchy, encoded by a tensor knowledge graph, and injected into
the symbolic Generaliser. The mechanism uses the matrix algebra of a conventional
neural network forward-pass.

Next we discuss an investigation that extends the one just decribed. We present our
notion of `neural symbolic inference', in which the symbolic module of a subsymbolic-
symbolic architecture, such as our Combiner, is equipped to do actual symbolic logical
inference, incrementally, within the rhythm of a standard neural network forward-pass.
We describe transferring one of the matrix-based transitive closure inference algorithms
used in our tensor knowledge graph reasoning engine to a Generaliser, and how we
adapted the inference algorithm for the setting of a neural network forward-pass. We
demonstrate that, given injected symbolic knowledge of the VRD-World class hierarchy
(as declared in the OWL ontology �le), a Generaliser, thus equipped for inference, can
correctly infer the full transitive closure of that class hierarchy.

Then we change tack and consider knowledge graph embeddings, and knowledge graph
embedding models. We describe how our tensor knowledge graph is well-placed to �nd
applications in the domain of knowledge graph embedding model research, particularly
the category known as matrix factorisation models. And we point to the fact that our
tensor knowledge graph reasoning engine may �nd applications here as well, given
that some in the embeddings community advocate research that compares the ef�cacy
of embeddings generated from non-materialised versus materialised knowledge graphs.
We also specify a matrix factorisation for our tensor knowledge graph, to facilitate its
use in knowledge graph embedding model research. We close part two of thread three of
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our research by speculating about potential applications for the tensor knowledge graph
reasoning engine in the �eld of AI planning.

1.2 Background

Here we provide background to our research. The background we cover pertains to the
symbolic AI tradition. The symbolic AI tradition spans all three threads of our research.
Thus, the topics we discuss here represent a common foundation that underlies and
uni�es our research.

1.2.1 Knowledge representation and reasoning (KRR)

Knowledge representation and reasoning (KRR) is a �eld of AI that sits within the
symbolic tradition of AI. Its main concerns are (i) representing knowledge of the world
in some machine-digestible form (often with the aid of some logic formalism), and (ii)
exploiting the representation of the knowledge in order to reason over it, often using
automated means (e.g., Brachman and Levesque, 2004). Many roots of our research
lead back to KRR.

1.2.2 The Web Ontology Language (OWL)

The Web Ontology Language (always abbreviated OWL) (e.g., Allemang et al., 2020;
Hitzler et al., 2012; Uschold, 2018) is a language expressly designed for representing
knowledge. The form of the representation used by OWL is tailored for the context
of the Semantic Web (Berners-Lee et al., 2001). As can be seen in Figure 1.1, OWL
occupies a central position within the W3C open standards ecosystem of the Semantic
Web (Allemang et al., 2020; Hitzler et al., 2010). Figure 1.1 is commonly referred to
as the Semantic Web layer cake. Each layer corresponds to an open speci�cation of a
W3C Semantic Web standardised technology. Together, this set of integrated technology
speci�cations is what de�nes the Semantic Web. In addition to OWL, two other layers
in Figure 1.1 feature prominently in our research: those for RDFS and RDF. RDF (the
Resource Description Format) de�nes the basic notion of an RDF triple—the basis of the
Semantic Web's `directed graph' approach to knowledge representation. RDF Schema
(or RDFS) adds basic inference semantics to RDF, such as the notions of class and class
hierarchy (Hays & Patel-Schneider, 2014). In our discussions, we sometimes refer to
RDF and RDFS speci�cally. When we refer to OWL, we generally implicitly refer to
RDF and RDFS as well, since OWL depends upon these companion technologies so
heavily.

One active research area of logic-based KRR is Description Logic (Baader et al., 2007,
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Figure 1.1: The Semantic Web layer cake | a stack of open, standardised, integrated-by-design
W3C technology speci�cations that together de�ne the Semantic Web.

2017). Per (Baader et al., 2017), Description Logic is built upon set theory and (binary)
relation theory, where every concept is a set (of individuals), and every role (for relating
individuals and concepts) is a binary relation. The area of Description Logic embraces
a growing family of knowledge representation languages, each corresponding to a par-
ticular Description logic that supports a unique combination of inference semantics (or
whose expressivity has a unique signature). Most Description logics are also decidable
fragments of �rst-order logic (Kr̈otzsch et al., 2013). OWL is, in fact, the Semantic
Web incarnation of the expressive Description logic named SROIQ (Horrocks et al.,
2006; Nardi & Brachman, 2003). The W3C's OWL has been described as perhaps the
most important application of Description Logic (Krötzsch et al., 2013). It is through
the Description logic formalism SROIQ that OWL is a logic-based knowledge repre-
sentation language, and through SROIQ that our research has roots in, and is strongly
related to, Description Logic.

An ontology expresses knowledge. It describes some domain of interest (Staab &
Studer, 2009). An OWL ontology describes some domain of interest using OWL as
its mode of expression. Since SROIQ is machine-digestible, an OWL ontology is
machine-digestible. Public repositories of curated and reusable OWL ontologies exist,
such as BioPortal (Whetzel et al., 2011) and OBO Foundry (Jackson et al., 2021) in the
biomedical domain. Our research focuses on the use of custom-designed OWL ontolo-
gies, however. We rely on having the freedom to tailor our own OWL ontology in order
to better explore leveraging discrete aspects of OWL reasoning for the special-purpose
needs of our experiments.

The constructs of an OWL ontology have associated inference semantics (ontological
inference rules). These permit OWL reasoning algorithms to reason over OWL on-
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tologies, in the presence of data facts (expressed as RDF triples), in order to infer new
knowledge (new RDF triples), and to enforce logical consistency constraints. Such
reasoning typically takes place within the context of an OWL-based knowledge graph
(described shortly). The reasoning services are typically managed by a particular OWL-
based knowledge graph tool. An API enables interaction with the tool, and hence with
the knowledge graph (the OWL ontology and data facts) it hosts, and with the OWL
reasoning services it provides.

Since OWL is the Semantic Web version of SROIQ, OWL reasoning is SROIQ
reasoning. The central distinction between the two is that OWL reasoning exploits
OWL's mode for representing knowledge, as expressed in an OWL ontology. Several
ef�cient OWL reasoners exist, such as HermiT (Glimm et al., 2014), Pellet (Sirin et al.,
2007), RDFox (Nenov et al., 2015), and ELK (Kazakov et al., 2011), that can reason
over an OWL ontology, usually in the presence of accompanying symbolic data (facts
asserting knowledge).

Given the preceding discussion of OWL, OWL ontologies and OWL reasoning, one can
regard this package of Semantic Web (symbolic AI) technologies as something akin to
a KRR system. OWL and OWL ontologies represent (symbolic) knowledge, OWL rea-
soning techniques (tailored for the RDF triple-based, or directed graph, representation)
perform logical inference over the knowledge, and the underlying formalism is provided
by the Description logic SROIQ. This KRR system informs each of the three threads
of our research. It informs the engineering of the NeSy4VRD OWL ontology, VRD-
World, that is at the core of thread one. It is central to thread two's exploration of us-
ing OWL-based knowledge graph reasoning to guide and constrain deep (subsymbolic)
learning in the task of detecting visual relationships in images. And it is fundamen-
tal to tensor knowledge graphs (as a knowledge representation scheme) and to tensor
knowledge graph reasoning (techniques based on relational mathematics for perform-
ing logical inference over tensor knowledge graphs)—the topics central to thread three
of our research.

1.2.3 Knowledge Graphs

Knowledge graphs are representations of symbolic knowledge that conform to a graph
model, where nodes are concepts and entities of interest, and edges are relationships
between them (Hogan et al., 2021). Knowledge graphs are fundamental to all of our
research. Knowledge graphs were �rst popularised when Google announced its knowl-
edge graph (Singhal, 2012). Since that time, interest in knowledge graphs has steadily
grown. Several sources now provide broad coverage of all things relating to knowledge
graphs, such as Chaudhri et al. (2022), Hogan et al. (2021), and Kejriwal et al. (2021).
More recently, interest in knowledge graphs is being driven by explorations of their
applications in neurosymbolic systems, particularly in connection with Generative AI,
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as exempli�ed by large language models (LLMs), where knowledge graphs are used to
help govern and tune LLM responses to questions (e.g., Sequeda et al., 2025).

Not all knowledge graphs are Semantic Web knowledge graphs. For a knowledge graph
to qualify as a Semantic Web knowledge graph, the graph's knowledge must be repre-
sented in a manner that adheres to the W3C speci�cation for RDF (i.e., axioms and facts
must be expressed as RDF triples, the elements of which are Semantic Web URIs). A
knowledge graph may (optionally) go further and embrace RDFS, or even OWL, as well,
but support for RDF is suf�cient to qualify as a Semantic Web knowledge graph. Exam-
ples of public Semantic Web knowledge graphs that support RDF, but not much more,
include DBpedia (Lehmann et al., 2015), Wikidata (Vrande�cić & Krötzsch, 2014) and
Yago (Tanon et al., 2020). Such graphs can be huge in scale but, importantly, since the
constructs of RDF do not carry associated inference semantics, Semantic Web knowl-
edge graphs (like the ones just mentioned) that support RDF, but not RDFS or OWL,
have no capability to reason over their contents in order to infer new knowledge.

Some Semantic Web knowledge graphs go beyond support for RDF and RDFS and
embrace OWL as well. When we use the phrase `OWL-based knowledge graphs', it is
this category of Semantic Web knowledge graphs to which we refer. An OWL-based
knowledge graph is governed by an OWL ontology that acts like a semantic schema
for the graph. The ontology describes the domain of the knowledge graph by declaring
(asserting) knowledge axioms. The inference semantics associated with the RDFS and
OWL constructs used to declare the knowledge axioms determines what is (and is not)
logically entailed by the facts (or data) in the graph. The ontology determines what
OWL can and cannot do when it comes to reasoning over the knowledge graph.

In our research, we focus exclusively on OWL-based knowledge graphs. We do so
because, amongst knowledge graphs, only OWL-based knowledge graphs possess the
ability to reason over their contents—to infer new knowledge, and to catch logical in-
consistencies. We do so because, by modifying an OWL ontology, we can modify the
results of OWL reasoning. In other words, we manage OWL reasoning via an OWL
ontology, to have it do what we want. Our research explores opportunities to manage
and leverage OWL reasoning as we examine ways of integrating it with subsymbolic
learning, in neurosymbolic systems—which is our subject of study.

1.3 Research questions

Our central research questions are: (i) how can we combine subsymbolic learning with
symbolic OWL reasoning, and (ii) what are the effects or bene�ts of doing so? In Chap-
ter 3, in which we discuss thread one of our research, NeSy4VRD, we cannot yet address
our research questions, because NeSy4VRD is a neurosymbolic research enabler only.
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Thread two of our research, in Chapter 4, is our �rst opportunity to address our research
questions. In thread three of our research, in Chapter 5, we address our central research
questions once again, but this time from a very different perspective than in thread two.
This time, we address them from the perspective of integrating tensor knowledge graph
concepts in novel subsymbolic-symbolic neural network architectures.

The settings of threads two and three of our research are so different that our central
(rather general) research questions become specialised in very different ways. Here
in this section, we concentrate on summarising how our central research questions be-
come specialised, across threads two and three of our research, and across the different
investigations conducted within these two threads of research.

Thread two research question specialisation In thread two of our research,
in Chapter 4, we use symbolic OWL reasoning to guide subsymbolic learning in the
context of the computer vision task of detecting visual relationships in images. Thread
two involves two distinct investigations, each of which poses different questions.

In investigation 1 of thread two, our strategy for leveraging and integrating OWL reason-
ing with subsymbolic learning is to use OWL `link inference' capabilities to augment
(materialise) the annotated scene graphs of the training images. The hypothesis is that
scene graphs enriched by OWL `link inference' will provide better, more effective, and
perhaps more ef�cient supervision during neural network training. Our research ques-
tions focus on looking for the effects of different mixtures of OWL `link inference' on
the visual relationship detection system's predictive performance. We ask, what are the
effects of OWL reasoning on recall@N? We ask, what are the effects of OWL reasoning
on the volume of predictions that the visual relationship detection systems generate? We
ask, what are the effects of OWL reasoning on hits per image? We ask, what are the
effects of OWL reasoning on the speed with which the subsymbolic learning takes place
(as measured by the epoch numbers of the best performing models). For versions of our
VRD-World ontology that possess inference semantics for symmetry, we ask: what are
the effects of OWL reasoning on the system's ability to learn to predict in symmetric
pairs? For versions of our VRD-World ontology that possess inference semantics for
inverses, we ask: what are the effects of OWL reasoning on the system's ability to learn
to predict in inverse pairs?

In investigation 2 of thread two, our strategy for leveraging and integrating OWL rea-
soning with subsymbolic learning is to use an OWL-based knowledge graph in the guise
of a real-time symbolic reasoning binary classi�er, so we know when to apply a seman-
tic loss penalty as a logical constraint. The hypothesis is that this strategy will help to
teach the system to not predict visual relationships that are semantically invalid. In this
setting, our research questions focus on looking for the effects of OWL reasoning on
the predictive performance of the visual relationship detection system, as measured by
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the frequency of semantically invalid predictions. We ask, what are the effects of OWL
reasoning on the frequency with which semantically invalid predictions are generated?
We ask, what are the effects of OWL reasoning on the frequency with which semanti-
cally invalid visual relationship types are generated? And we ask, what are the effects
of OWL reasoning on recall@N.

Thread three research question specialisation In thread three our research,
in Chapter 5, we discuss tensor knowledge graphs and tensor knowledge graph rea-
soning, as well as their applications in neurosymbolic systems. In one application, we
inject knowledge of a class hierarchy transitive closure, encoded by the tensor knowl-
edge graph reasoning engine, into the weight matrix of a Generaliser module of a
subsymbolic-symbolic network architecture. The hypothesis is that the Generaliser,
equipped with injected knowledge, will correctly generalise any base class predicted by
a Classi�er to all of its parent classes (per an OWL ontology). We ask: can the Gener-
aliser return the correct parent classes for a given base class predicted by a Classi�er,
by using nothing but the matrix multiplication of a standard forward-pass?

In another application investigation, we explore having a neural network learn the en-
coded binary knowledge just described, instead of injecting it. We ask, how well can
subsymbolic learning learn binary-encoded symbolic knowledge, and having done its
best at that task, how well can it generalise base classes to all of their parent classes?

In another application investigation, we explore the concept of `neural symbolic infer-
ence' by equipping a Generaliser module to perform actual symbolic logical inference in
order to infer the transitive closure of a class hierarchy on its own, incrementally, within
the rhythm of a standard forward-pass. We ask, does this strategy work well enough
that the Generaliser can correctly infer the transitive closure of the class hierarchy of
our VRD-World OWL ontology.

1.4 Document structure

The structure of the remainder of this document is as follows. In Chapter 2, we dis-
cuss related work. In Chapter 3, we present NeSy4VRD, which represents thread one
of our research. Chapter 4 presents thread two of our research, which explores the
use of OWL-based knowledge graph reasoning for the purpose of improving predictive
performance in the task of visual relationship detection in images. Chapter 5 presents
thread three of our research: tensor knowledge graphs. We de�ne the concepts of ten-
sor knowledge graph and tensor knowledge graph reasoning, and then examine several
applications of these concepts in novel subsymbolic-symbolic neural network architec-
tures. In Chapter 6, we summarise the ground covered by our research, and re�ect on
its contributions.
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Chapter 2

Related Work

Our research explores ways of combining deep (subsymbolic) learning with symbolic
OWL reasoning in neurosymbolic systems. Recall that there are three distinct but re-
lated threads to this research: (i) NeSy4VRD, our `image dataset plus ontology' re-
source, that facilitates neurosymbolic research with OWL-based knowledge graphs, (ii)
using OWL-based knowledge graph reasoning for visual relationship detection in im-
ages, and (iii) emulating OWL-based knowledge graphs using tensor knowledge graphs
and reasoning techniques based on relational mathematics, and exploring applications
of these techniques in neurosymbolic systems. In this chapter, we present a system-
atic review of neurosymbolic (and other) literature relevant to our research. We begin
by brie�y acknowledging the broad neurosymbolic AI context within which all of our
research takes place. Then, since OWL features so prominently in our research, we con-
sider the question of `why OWL?' by comparing it with other things, both inside and
outside the Semantic Web, such as RDFS, propositional and �rst-order logic, and logic
programming paradigms. Following this, we focus on each of the three threads of our
research, in turn, by discussing thread-speci�c categories of related work.

2.1 Neurosymbolic AI in general

Our AI research is neurosymbolic. It sits within the landscape of the sub�eld of AI
that has come to be known as neurosymbolic AI. The literature of neurosymbolic AI
exhibits a vibrant diversity in approaches to blending the connectionist (subsymbolic)
AI and symbolic AI traditions. Rather than attempt to summarise the broad range of
these disparate approaches, we refer readers to helpful sources. Besold et al. (2017)
provide a comprehensive survey of neurosymbolic learning and reasoning research prior
to 2017. Sarker et al. (2021) and Hitzler and Sarker (2021) review more recent trends in
neurosymbolic AI.
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2.2 Why OWL?

In this section, we explain why OWL, and the Semantic Web, have proven to be good
representatives of the symbolic tradition of AI for our neurosymbolic systems research.
We do so largely by comparing them with other things. We begin by contrasting OWL
with other aspects of the Semantic Web, i.e., with RDF and RDFS. Then we consider
OWL together with the Semantic Web as a whole, and in the process we highlight sev-
eral advantageous features. Next we consider OWL by contrasting it with alternative
logic-based knowledge representation languages outside the Semantic Web, namely
propositional and �rst-order logic. We end by contrasting OWL (and OWL-based
knowledge graph reasoning) with the logic programming paradigms Prolog, Answer
Set Programming (ASP), and Datalog.

RDFS expressivity too limited Recall, from Figure 1.1, that OWL is a central
component of the technology stack (or layer cake) of the Semantic Web—the suite of
W3C speci�cations that enables knowledge graphs that are capable not just of represent-
ing knowledge, but of reasoning over it, deductively, as well. It is our commitment to
using Semantic Web knowledge graphs in our neurosymbolic systems research that led
us to embrace OWL and OWL-based knowledge graphs. As explained earlier, in Section
1.2.3, one can build Semantic Web knowledge graphs using RDF alone. But the focus
of RDF is de�ning a foundation for expressing symbolic knowledge in a directed graph
(RDF triple) format. Its expressivity is severely limited; and its constructs carry no infer-
ence semantics, so RDF permits no logical inference. RDFS adds important elements of
expressivity by introducing classes and user-de�ned properties, and by permitting hier-
archical (subsumptive) relationships to be de�ned between these (respectively). Several
RDFS constructs carry inference semantics, and through these, the several inference
rules de�ned for RDFS (Hays & Patel-Schneider, 2014) provide a solid foundation of
logical inference capability—but a foundation only. Our decision to explore the applica-
tion task of visual relationship detection in images, however, established requirements
that far outstripped the knowledge expressivity of RDFS. To describe the domain of
the NeSy4VRD dataset in a common sense way, and without making compromises, we
needed not just RDFS but many aspects (albeit a small subset) of OWL's rich knowl-
edge expressivity as well. The resulting OWL ontology, VRD-World, possesses rich
inference semantics that permits extensive logical inference. Given our central research
interest of combining symbolic reasoning with deep (subsymbolic) learning, this is just
the sort of semantic schema (ontology) we desired for our knowledge graphs.

Open standards promote tool support Key advantages of the W3C's Seman-
tic Web standards (of which OWL is one) are that (i) they are speci�cations (as opposed
to implemented systems), and (ii) they are open. Together, these two features pro-

19



mote the development of reusable, often free, software tools and resources that help to
make working with OWL and OWL-based knowledge graphs easy. Tool builders con-
tribute and compete to provide superior implementations because they can be con�dent
of supplying tools and services that seamlessly integrate and interoperate with all other
implementations of the Semantic Web speci�cations. Researchers thus have a range of
OWL-related tools from which to choose. For example, to design our OWL ontology,
VRD-World, we used the freely available (and popular) OWL ontology editor named
Prot́eǵe (Musen, 2015), developed by a team at Stanford University. Several ef�cient
OWL reasoners have been developed, such as Pellet (Sirin et al., 2007), ELK (Kazakov
et al., 2011), HermiT (Glimm et al., 2014), and RDFox (which is not open, but which
has a free academic license) (Nenov et al., 2015). Pellet and HermiT (and other OWL
reasoners) are also available as Protéǵe plug-ins. This allows ontology designers to
readily integrate OWL reasoning into their ontology design process, making construc-
tion and re�nement more ef�cient. We used both reasoners for this purpose, as well as
a 3rd plug-in dedicated to identifying logical inconsistencies in OWL ontologies. Com-
plete, full-service `OWL-based knowledge graph management systems' that support the
entire Semantic Web stack, and more, are also available, such as GraphDB (which is not
open, but has a free version) (“Ontotext GraphDB”, 2023) and RDFox. These and other
advantageous features and bene�ts of OWL and OWL-based knowledge graphs (with
respect to use in neurosymbolic systems) are discussed at greater length in Herron,
Jiménez-Ruiz, and Weyde (2023).

Open standards promote learning The open standards of the Semantic Web
also promote literature devoted to explaining its stack of technology speci�cations, es-
pecially OWL, which helps to promote learning and adoption of the Semantic Web
generally, not just in AI. And since every source describes the same standards, the re-
searcher (keen to learn quickly) �nds welcome, reinforcing consistency across sources,
which further promotes ef�cient learning.

OWL 2 pro�les OWL 2 de�nes three pro�les (Motik, Cuenca Grau, et al., 2012),
each one corresponding to a subset of OWL 2 known to permit ef�cient processing in
certain use cases or technology settings. The pro�les place restrictions on the structure
of OWL 2 ontologies. Each pro�le trades-off certain aspects of knowledge expressiv-
ity in order to prioritise computational ef�ciency. None of the pro�les is a subset of
another. The OWL 2 QL pro�le is optimised for scenarios involving huge amounts of
instance data, and where query performance is of paramount importance, such as arise
in Semantic Web models built upon relational database management systems. OWL 2
EL is optimised for scenarios involving huge ontologies, with very large numbers of
classes and/or properties. OWL 2 RL is optimised for rule-based reasoning systems.
By tuning OWL for particular settings, OWL 2 pro�les help to ensure that OWL, OWL
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reasoning and OWL-based knowledge graphs operate ef�ciently.

OWL vs propositional logic Now we highlight further features of OWL by dis-
cussing it in relation to alternative logic-based knowledge representation languages out-
side the Semantic Web. First, we consider propositional logic. Propositional logic (e.g.,
Huth and Ryan (2004)) relies upon atomic proposition symbols with binary truth values,
which can be combined using Boolean operations to form more complex formulae hav-
ing binary truth values. One can arrange propositional symbols into groups and think
of them as representing different categories of things, and craft formulae that express
relations between these things (supposedly) of different categories. But to propositional
logic, the symbols are logically indistinguishable.

The level of knowledge expressivity afforded by these restrictive features was insuf�-
cient for our needs. We aspired to represent the annotations of the NeSy4VRD dataset
(i.e., the scene graphs of visual relationships annotated for each image) in their en-
tirety (training set or test set) in a knowledge graph. This required having the ability
to represent the images themselves (their �le names), the particular set of objects as-
sociated with each image, the classes of those objects, the integer coordinates of their
bounding boxes, and the predicates relating ordered pairs of objects in individual visual
relationships for each image. We further aspired to be able to then extract from the
knowledge graph all of these same facts that had initially been asserted, and reconstitute
the NeSy4VRD annotations exactly in their original format, and without loss of infor-
mation. We achieved this objective, but to do so we needed a knowledge representation
language like OWL whose expressivity embraces (and logically distinguishes between)
objects (individuals), classes, (binary) predicates, and literals (e.g., integers).

OWL vs �rst-order logic First-order logic (e.g., Huth and Ryan (2004)) has the
expressivity we needed to represent NeSy4VRD without loss of information. Recall,
from Section 1.2.2, that OWL is the Semantic Web incarnation of the expressive De-
scription logic SROIQ, and that most Description logics (including SROIQ) are
decidable fragments of �rst-order logic. Hence OWL is, in fact, a subset of �rst-order
logic—one that trades-off some expressivity in return for guaranteed decidability. Each
of OWL 2's three pro�les are particular decidable fragments of �rst-order logic, as
well. While our OWL ontology, VRD-World, is non-trivial, it exercises only a small,
commonly used subset of OWL's constructs (and, hence, inference semantics). So, for
us at least, the opportunity cost of trading-off expressivity (in �rst-order logic) in re-
turn for guaranteed decidability (in OWL) was zero—a theoretical trade-off only. And
knowing one cannot express something that becomes undecidable can be a welcome
restriction.

OWL has another characteristic that distinguishes it from �rst-order logic in a signi�cant
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way: it can be easier to use. Since many of OWL's constructs have in-built (implicit)
inference semantics (inference rules) associated with them, it is, in a sense, a higher-
level language than pure �rst-order logic. In other words, with OWL, one can focus on
expressing knowledge axioms that describe the domain of interest, and ignore the need
for axioms that describe inference rules—since these are provided automatically, in the
background, per the W3C speci�cations. Thus, it can be easier to describe non-trivial
domains possessing rich inference semantics by using OWL than it would be using pure
�rst-order logic. And OWL promotes consistency too, since the W3C standards reduce
(if not eliminate) the risk of inconsistencies arising between the inference rules used by
different researchers, making their results more comparable.

OWL vs logic programming paradigms Now we consider OWL in relation to
various logic programming paradigms. The rationale for doing so rests on the observa-
tion that OWL can be used as much more than just a knowledge representation language
for creating ontologies that describe domains. It is a component of the broader Semantic
Web ecosystem of speci�cations and tools that enables provision of OWL-based knowl-
edge graphs, together with integrated OWL reasoning services, and integrated knowl-
edge graph query facilities (e.g., via SPARQL, per Harris and Seaborne (2013)). As our
research demonstrates, this package of technologies can be used to fashion symbolic
reasoning engines for use in neurosymbolic systems, where an OWL ontology is used
in a manner akin to a logic program—with which to reason over tiny worlds, to infer
(and materialise) new knowledge, and to check of logical inconsistencies.

We consider OWL in relation to the logic programming paradigms of Prolog (e.g.,
Bratko (2012)), Answer Set Programming (ASP) (e.g., Gebser et al. (2012)), and Dat-
alog (e.g., Green et al. (2013)). These three paradigms share several characteristics.
Each is declarative. Prolog and Datalog are both based on �rst-order logic. The syntax
of ASP is rooted in �rst-order logic, but its semantics uses stable model semantics—a
semantics designed by Gelfond and Lifschitz (1988) especially for use in logic program-
ming. They all express programs (aka knowledge bases) consisting of facts and rules
constructed using variants of Horn clauses. Each supports queries in relation to the facts
and rules of a particular program (knowledge base). Each performs logical inference (al-
beit non-traditional in the case of ASP). Apart from the use of Horn clauses, and ASP's
stable model semantics, at the right level of abstraction, OWL, OWL ontologies and
OWL-based knowledge graphs can be said to share these same characteristics.

One weakness of Prolog is that, although declarative, the order in which the facts and
rules appear in a program can (but not always) affect the logical inference outcomes of
queries. OWL is immune to this problem. The synergies between OWL and Datalog are
particularly strong, especially due to the OWL 2 RL pro�le, mentioned earlier, which is
designed for use in rule-based reasoning technologies, of which Datalog is an exemplar.
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The synergies are so strong here that advanced OWL-based knowledge graph tools like
RDFox convert an OWL ontology, and any RDF triple-based facts, into Datalog, so that
all reasoning can be performed using Datalog reasoning techniques. This strategy has
the secondary bene�t of permitting seamless integration with user-de�ned Datalog rules
that one might create in order to extend OWL's expressivity and/or logical inference
capabilities. This topic is discussed more fully in Herron et al. (2025).

2.3 Thread one related work

Here we discuss literature that relates to thread one of our research: the creation of
our NeSy4VRD resource that facilitates neurosymbolic systems research with OWL-
based knowledge graphs, especially with respect to the computer vision task of detecting
visual relationships in images.

2.3.1 Ontology engineering

In thread one of our research, NeSy4VRD, the requirement was to create a resource
consisting of an image dataset, with high-quality annotations, and a well-aligned, com-
panion OWL ontology. We wanted the annotations and the ontology to be well-aligned
so that any OWL reasoning that might be performed would yield results that were di-
rectly pertinent to the subsymbolic learning task of detecting visual relationships in the
images of the dataset. Designing an appropriate OWL ontology was the primary in-
tellectual challenge implied by our requirements. Thus, the literature and tools most
relevant to thread have to do with ontology engineering.

There is a large body of literature covering the general topic of ontology engineer-
ing (e.g., Allemang et al., 2020; Keet, 2020; Kendall and McGuinness, 2019; Noy
and McGuinness, 2001). We took guidance from these sources. Keet (2020) distin-
guishes between `bottom up' and `top down' approaches to engineering and ontology.
We adopted the `bottom up' approach. We used the object classes of the NeSy4VRD an-
notated visual relationships as leaf classes in our OWL class hierarchy, and worked our
way upwards to create a reasonable, common sense hierarchy. We used the predicates of
the NeSy4VRD annotated visual relationships as OWL user-de�ned object properties,
and then declared each one to have appropriate characteristics and relationships, such
as symmetry, transitivity, inverses, equivalence relationships, and subproperty relation-
ships.

The formalised the speci�cation of our VRD-World ontology using the free ontology
editor Prot́eǵe (Musen, 2015). We took advantage of free Protéǵe plug-in utilities de-
signed to support ontology development, such as ontology debuggers. Many machine
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learning tools exist to support various different aspects of ontology development such
as, for example, concept learners (e.g., d'Amato, 2020).

2.4 Thread two related work

Here we discuss neurosymbolic systems research that relates to thread two of our re-
search: leveraging symbolic OWL reasoning to guide and improve neural, subsymbolic
learning within the context of the computer vision task of detecting visual relationships
in images.

2.4.1 Visual relationship detection and scene graph gener-
ation

Our NeSy4VRD resource, and therefore much of our research, is based on the VRD
dataset, introduced by Lu et al. (2016). This paper does not mention anything to do with
neurosymbolic AI, but from today's perspective it clearly is neurosymbolic research.
Their visual relationship detection system exploits word embeddings of the object class
names and predicate names in the VRD dataset.

Donadello and Sera�ni (2019) explore visual relationship detection on the VRD dataset
using Logic Tensor Networks (LTN) (Badreddine et al., 2022; Sera�ni & d'Avila Garcez,
2016). Their strategy was to use LTN Real Logic knowledge axioms to declare nega-
tive domain and range constraints for the predicates of the VRD dataset. The strategy
they employed inspired the investigation we describe in Section 4.5, where we use an
OWL-based knowledge graph hosting our VRD-World ontology as a symbolic reason-
ing binary classi�er, to teach our system to not predict semantically invalid visual rela-
tionships. In other words, to teach our system the domain and range restrictions of the
user-de�ned properties declared in our VRD-World ontology.

The literature concerning visual relationship detection has two communities that use
different language to talk about (what amounts to, in our view) the same thing. One
community, perhaps inspired by the original VRD paper (Lu et al., 2016), prefer the
language of visual relationships and visual relationship detection. The other community
prefers to speak of image scene graphs, and of scene graph generation. The survey by
Zhu et al. (2022) makes this clear. It shows that the VRD dataset itself has been a popular
choice in scene graph generation research. We see a collection of visual relationships
for an image as equivalent to a scene graph for an image. We use a bit of both forms
of language. As explained in Khan et al., 2022; Zhu et al., 2022, scene graphs (and
therefore collections of visual relationships too) are commonly used as precursors to a
variety of enriched, downstream visual understanding and reasoning application tasks,
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such as image captioning, visual question answering, image retrieval, image generation
and multimedia event processing.

2.4.2 Neurosymbolic AI using loss-based logical constraints

One of our investigations into using OWL reasoning to in�uence subsymbolic learn-
ing employs a strategy of applying logical constraints via the loss function of a neu-
ral network under training. This investigation is described in Section 4.5. We use an
OWL-based knowledge graph hosting our VRD-World ontology as a real-time symbolic
reasoning engine. It functions like a symbolic reasoning binary classi�er. The classi-
�cation decisions it makes, regarding the semantic validity or invalidity of a predicted
visual relationship, are used to apply a semantic loss penalty to help guide the subsym-
bolic learning. Our approach is one variation of a common theme, or pattern.

Others have explored different variations of the same theme. LTN functions entirely
on the basis of applying logical constraints via the loss function. Each Real Logic
knowledge axiom represents a discrete constraint. When LTN is used in the default
manner, the loss function is nothing but the set of logical constraints (axioms) that have
been declared. The strategy is for the neural network under training to learn to best
satisfy the set of constraints.

Another variation on the theme of applying logical constraints via the loss function is
seen in research that uses the ROAD-R dataset (Giunchiglia et al., 2023). The ROAD-
R dataset contains autonomous vehicle driving videos whose frames (images) have
been annotated with the objects they contain. The dataset supports visual relationship
detection-type applications. A set of 243 propositional logic `requirements' has been
manually speci�ed to accompany the dataset. The requirements de�ne the permissible
combinations of labels for 10 agent classes, 19 agent action classes, and 12 agent loca-
tion classes. These requirements are used as logical constraints that must be satis�ed. If
the network under training shows an inclination to predict something, a reasoner does a
pass over the set of requirements to see if any are not satis�ed. If some are not satis�ed,
a loss penalty is computed and applied. There are strong parallels between research
that involves ROAD-R and investigation 2 of thread two of our research, presented in
Section 4.5.

We think it may well be feasible to design an OWL ontology (one or more, each of
which explores a different ontology design strategy) that emulates and enforces the set
of propositional logic requirements speci�ed for the ROAD-R dataset. Were this to be
achieved, one can imagine using an OWL-based knowledge graph tool to host that OWL
ontology, in the guise of a real-time symbolic reasoning engine, to perform and replicate
the ROAD-R experiments.
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2.4.3 Knowledge graphs in neurosymbolic systems

As interest in neurosymbolic AI research has grown, so has the frequency with which
knowledge graphs feature as symbolic components in neurosymbolic systems (Hitzler,
2021). One example of this is the progressively developing theme of `deep deductive
reasoning' (Bianchi & Hitzler, 2019; Ebrahimi, Eberhart, et al., 2021; Ebrahimi, Sarker,
Bianchi, et al., 2021), where neural networks are trained to reason over knowledge
graphs.

Knowledge graphs have also been shown to be helpful when data samples are expensive,
dif�cult or impossible to obtain, such that there is a lack of data with which to train
robust deep learning-based systems, as in few-shot and zero-shot learning scenarios
(e.g., J. Chen, Geng, et al., 2021; Z. Chen, Chen, et al., 2021; Geng et al., 2021).

2.4.4 OWL reasoning in neurosymbolic systems

Research that uses OWL reasoning in neurosymbolic systems is scarce. Breit et al.
(2023) conducted a systematic mapping study of 476 recent research papers that explore
combining Semantic Web technologies with machine learning in some way. They report
that only 29 (about 6%) of these papers mention using semantic processing modules
of some kind (where, by `semantic', they mean symbolic knowledge representation).
The dominant use cases for these modules relate to rule sets (learning them, improving
them), and to data enrichment. The study also �nds that of these 29 papers, only 20
(about 4% of the total) mention using reasoning capabilities to infer knowledge.

The data and the analyses of this systematic mapping study are publicly available in a
companion knowledge graph. The authors call this the Semantic Web and Machine
Learning Systems knowledge graph, or SWeMLS-KG (Ekaputra et al., 2023). We
queried this knowledge graph to �nd the 20 papers that discuss using some form of
Semantic Web reasoning capability. We found 17. Of these, we found only 5 that use
OWL reasoning in some way.

Another recent study and vision paper, d'Amato et al. (2023), comes to similar conclu-
sions regarding the scarcity of research that leverages Semantic Web symbolic reason-
ing. The authors review the role of knowledge graphs generally (not just Semantic Web
knowledge graphs) in machine learning. They point to gaps and opportunities. But they
also observe that knowledge graph symbolic reasoning methods are under-explored and
largely disregarded.

Research that leverages OWL reasoning in neurosymbolic systems may be scarce, but
it exhibits ingenuity. In the paragraphs that follow, we describe four of the �ve papers
we found in the SWeMLS-KG referred to above.

26



Chang et al. (2020) exploit OWL `type' inference capability—the ability for OWL rea-
soning to infer the classes to which an individual belongs. The authors describe a tutor-
ing system that can react intelligently in response to interactions with human learners. A
custom OWL ontology models the tutoring system domain and contains descriptions of
classes that correspond to tutoring system actions. Data regarding learner interactions
with the system are progressively loaded into the system's knowledge graph. The OWL
reasoner HermiT reasons over the data in the knowledge graph to infer new knowledge
based on the learner interaction data. In the process, each learner interaction is classi-
�ed as belonging to one of the tutoring action classes, resulting in inferred triples such
as, say, (learnerX-interactionN rdf:type GiveEncouragement). Such inferred
triples are interpreted as predictions (instructions) of the best next action for the tu-
toring system to take. The mechanism works because OWL allows a class (a domain
concept) to be described in terms of the characteristics that must be possessed by in-
dividuals in order for them to be members of the class. When OWL reasoning detects
that an individual possesses the right mix of characteristics, it infers that the individual
is a member of the appropriate class, and materialises (makes explicit) this inference
with new knowledge: a new triple in the knowledge graph. We leverage OWL `type'
inference capability in one of the investigations in thread two of our research.

Donadello et al. (2019) present a digital healthcare neurosymbolic system. They use a
custom OWL ontology to describe dietary and physical activity domains, and healthy
lifestyle behaviours. They supplement their custom OWL ontology with SPARQL
rules—SPARQL being the Semantic Web's knowledge graph query language (Harris
& Seaborne, 2013), which is �exible enough to also be exercised in the context of
rules. The supplementary SPARQL rules model unhealthy lifestyle behaviours. User
diet and activity data are loaded into the system's knowledge graph. The RDFpro tool
(Corcoglioniti et al., 2015) drives the reasoning and the rule execution. If data in the
knowledge graph indicate that a SPARQL rule for an unhealthy behaviour has been sat-
is�ed, the rule itself infers a new triple into the knowledge graph to signal an instance
of the unhealthy behaviour. These triples (signalling unhealthy behaviours) are then
rendered into natural language to encourage healthier user behaviours.

Mouakher et al. (2019) use a custom OWL ontology in a system for monitoring the
bio-health of vineyards. They supplement their OWL ontology with SWRL rules—
SWRL being the Semantic Web Rule Language (Horrocks et al., 2004). A wireless
sensor network surrounding the vineyard measures micro-climate conditions. These
data are fed into the system's knowledge graph. The OWL reasoner Pellet reasons over
the knowledge graph to infer new triples that are interpreted as predictions of risk of
impending diseases and pest infestation.

Nakawala et al. (2019) use a custom OWL ontology supplemented with SWRL rules
as part of a neurosymbolic system for recognising surgical processes for robot-assisted
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surgery. A convolutional neural network (CNN) recognises the current step of a sur-
gical work�ow. A recurrent neural network (RNN) predicts the next step of the surgi-
cal work�ow. And by reasoning over these inputs in the presence of the OWL ontol-
ogy and the SWRL rules, the OWL reasoner Pellet infers supplementary surgical con-
text information, such as the surgical phase, the surgical instruments used, and actions
to be taken.

2.4.5 Symbolic reasoning engines in neurosymbolic sys-
tems

The neurosymbolic system AlphaGeometry (Trinh et al., 2024) combines a large lan-
guage model (LLM) with a symbolic deduction engine. The deduction engine uses Horn
clause geometry rules, algebra rules, and associated inference algorithms. The LLM and
the symbolic deduction engine co-operate in solving geometry problems.

A subsymbolic learning system (of some kind) co-operating with a symbolic reasoning
system (of some kind) is a particular pattern of neurosymbolic system architecture (per,
e.g., Breit et al., 2023; van Bekkum et al., 2021; van Harmelen and ten Teije, 2019).
AlphaGeometry is one instance of this pattern. Systems built for the ROAD-R dataset
(Giunchiglia et al., 2023), where propositional logical inference enables learning to be
guided via the application of logical constraints, are instances of this pattern.

Much of our research is best viewed through the lens of this pattern. Its most central
theme involves using OWL ontologies, OWL reasoning, and OWL-based knowledge
graph tools in the guise of symbolic reasoning engines in neurosymbolic systems. This
vision motivated the creation of our VRD-World OWL ontology—an exercise which
ultimately led to NeSy4VRD as a whole (thread one of our research). In thread two,
we employ this neurosymbolic system architecture pattern by using symbolic (OWL)
reasoning engines to help neural networks detect visual relationships in images. And
this architectural pattern also helped to motivate our development of tensor knowledge
graphs, tensor knowledge graph reasoning, and our emerging tensor knowledge graph
reasoning engine (per thread three of our research).

2.5 Thread three related work

Here we discuss research and mathematical theory that relates to thread three of our
research: tensor knowledge graphs and tensor knowledge graph reasoning that emulates
aspects of OWL reasoning.
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2.5.1 Knowledge graph embedding models

Knowledge graphs (in general) have inspired much neurosymbolic research into en-
coding the symbolic background knowledge they contain in real-valued vectors. These
vector are commonly referred to as knowledge graph embeddings, and the models that
give rise to them as knowledge graph embedding models. The general objective is for the
embeddings to preserve semantic similarity, and to re�ect this similarity by proximity
within the vector space of the embedding model. This enables forms of geometric infer-
ence to be explored. A popular application for knowledge graph embeddings is knowl-
edge graph completion, where techniques are employed to predict new triples deemed
to be missing from the graph and which, if added, would help to complete the graph.
See, for example: Z. Chen et al. (2020), Dai et al. (2020), d'Amato (2020), Nickel et al.
(2015), Rossi et al. (2021), and Wang et al. (2021). Like all knowledge graphs, OWL-
based knowledge graphs are readily used for generating knowledge graph embeddings
for applications in neurosymbolic systems. OWL2Vec* (J. Chen et al., 2021) is one em-
bedding model designed speci�cally for use with OWL-based knowledge graphs.

Matrix factorisation embedding models The survey by Rossi et al. (2021)
proposes a taxonomy of knowledge graph embedding models with three categories: ma-
trix factorisation (tensor decomposition) models, geometric models, and deep learning
models. The matrix factorisation models begin by representing a knowledge graph as a
single 3D binary tensor which is then factorised (decomposed) in some way using linear
algebra techniques. The matrices produced by the factorisation contain real-valued vec-
tors that can be used as embeddings for the entities and relations of the knowledge graph
in downstream applications. The decomposition can also be used for knowledge graph
completion purposes. When the decomposition is used to reconstruct the original 3D
binary tensor (using matrix multiplication), the hypothesis is that any newly appearing
1s (or near 1s) in the cells of the reconstructed tensor can be interpreted as representing
predictions of triples that are missing from the graph. Most of the matrix factorisation
models mentioned by Rossi et al. (2021) turn out to be variations of the RESCAL knowl-
edge graph embedding model, introduced by Nickel et al. (2011), although, for some
reason, RESCAL is not mentioned in the survey.

The single 3D binary tensor representations used by matrix factorisation knowledge
graph embedding models are intended for simple (general) knowledge graphs—graphs
consisting only of data triples that relate individuals to each other. These simple models
correspond to just one of the �ve 3D binary tensors that we use to represent an OWL-
based knowledge graph in a tensor knowledge graph (see Chapter 5). Although we
conceived our notion of an OWL-based tensor knowledge graph independently of these
matrix factorisation knowledge graph embedding models, their starting point—a 3D
binary representation of a knowledge graph—lends welcome support to our notion. The
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simplicity of the representation also helps to highlight our more ambitious intentions
for our �ve-tensor binary representation of a knowledge graph. The single 3D binary
tensor representation is designed to produce embeddings in a one-time decomposition
exercise; and, optionally, to produce predictions to help complete a knowledge graph in
a one-time reconstruction exercise. Our objective for tensor knowledge graphs, on the
other hand, is to represent as much of the expressiveness of an OWL-based knowledge
graph as feasible, so as to enable OWL reasoning to be emulated as far as feasible,
using logical inference techniques based on matrix algebra and Boolean algebra. In
spite of this difference in objectives, in Chapter 5 we specify a RESCAL-inspired matrix
factorisation scheme for our 5-3D-binary-tensor tensor knowledge graph model. We do
this to facilitate exploration of our model's utility as a source for matrix factorisation-
based knowledge graph embeddings, and for matrix factorisation-based link prediction
for knowledge graph completion.

Geometric embedding models It may be that our 5-3D-binary-tensor tensor
knowledge graph model can also �nd applications within categories of knowledge graph
embedding models other than the matrix factorisation category just discussed. For this
reason, we brie�y review some other categories of knowledge graph embedding models.
We begin by describing examples of what Rossi et al. (2021) call geometric knowledge
graph embedding models. The �rst of these was TransE (Bordes et al., 2013). TransE
embeds the entities and relationships of knowledge graphs based upon the central idea of
interpreting relationships as (vector space) translations that operate on the embeddings
of entities. Its basic assumption is that, if a triple (h, r, t) exists, then the following
expression involving the three corresponding embedding vectors should hold: h+r � t.
Once again, the main application is knowledge graph completion by predicting (suppos-
edly missing) links between entities. According to Rossi et al. (2021), however, TransE
is unable to model symmetric relations, transitive relations, one-to-many relations and
many-to-one relations.

Successor models explore variations of TransE, each designed to address limitations
such as the ones just listed. One of these is RotatE (Sun et al., 2019), which interprets
relationships as rotations of entity embeddings, and in a complex (rather then real) vec-
tor space. In RotatE, the basic assumption is that, if a triple (h, r, t) exists, then the
following expression involving the three corresponding embedding vectors should hold:
h � r � t, where � is the Hadamard (or element-wise) product. According to Rossi et al.
(2021), RotatE successfully models relation symmetry, anti-symmetry, inversion, and
composition.

Box embedding models Another category of knowledge graph embedding mod-
els has come to be called box embedding models. The model BoxE (Abboud et al.,
2020) embeds entities as points (vectors) and relations as sets of axis-aligned hyper-
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rectangles (regions of hyper-space with orthogonal boundaries, loosely referred to as
boxes). An n-ary relation is represented by a set of n boxes. In hyper-space, the set of
boxes for a relation may or may not intersect with and/or be subsumed by one another.
A binary relation is represented by two boxes: possibly disjoint, possibly intersecting
to some degree, and possibly one is fully subsumed within the other. The relations be-
tween the boxes in hyper-space have been found to encode relevant logical properties.
For example, a large box subsuming a small box models a hierarchical relationship. In-
tersection models conjunction. Disjoint boxes model mutual exclusivity. Boxes model
sets, and entities (point vectors) contained within boxes model set membership. Because
the point and box embeddings capture these logical properties, they can also be used for
aspects of logical inference, and for link prediction, to predict (supposedly missing)
facts. These same concepts and logical inference opportunities are leveraged by Ren
et al. (2020) in their query answering system, Query2Box. With Query2Box, logical
queries, including ones involving conjunction, disjunction, and existential quanti�ca-
tion, are themselves embedded as sets of axis-aligned hyper-rectangles (boxes). Points
(entities) found to be inside query boxes are interpreted as answer sets—the entities that
answer queries.

Other embedding models OWL2Vec* (J. Chen et al., 2021) is yet another knowl-
edge graph embedding model. The embedding models discussed so far presume knowl-
edge graphs that consist of entities and relations only. OWL-based knowledge graphs,
on the other hand, distinguish between three categories of things: individuals (ob-
jects), classes, and (binary) relations. OWL2Vec* belongs to a category of knowledge
graph embedding model conceived to generate embeddings speci�cally for OWL-based
knowledge graphs governed by an OWL ontology, in the hope of capturing the rich
logical relationships expressible in such knowledge graphs.

Under the covers, OWL2Vec* relies on Word2Vec (Mikolov et al., 2013) word em-
beddings, where the words are URIs drawn from an OWL-based knowledge graph (or
OWL ontology). The context windows for skip-gram Word2Vec are generated by do-
ing repeated random walks (of a certain length) of the knowledge graph. Word2Vec
learns embedding vectors using a shallow neural network possessing just two layers:
one hidden layer (with no activation function) and one output layer. The embedding
vectors learned by the neural network are actually the rows of the weight matrix of the
hidden layer. In skip-gram mode, the Word2Vec network is trained on word pairs, (in-
put word, target word), with corresponding binary labels indicating whether the word
pair represents a positive or negative example. The Word2Vec network is thus trained
as a binary classi�er and, for a given input word, it learns a distribution of probability
over the words in the vocabulary that appear nearby the input word within the training
corpus. But the probability distributions learned by the network are not of interest; only
the weights of the trained network are harvested, as embedding vectors.
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2.5.2 Knowledge injection

Another popular use case for embeddings of knowledge graph symbolic knowledge in
neurosymbolic systems is knowledge injection. As explained by Buffelli and Tsamoura
(2023), the phrase `knowledge injection' is interpreted broadly. It can be used to refer to
the injection of knowledge in symbolic form, as in Logic Tensor Networks (Badreddine
et al., 2022; Sera�ni & d'Avila Garcez, 2016), for example, where fuzzy-logic knowl-
edge axioms are woven into loss functions. Frequently, however, the phrase refers to
the injection of knowledge represented in subsymbolic form, i.e., as embedding vec-
tors (e.g., Fu et al., 2023). Sheth et al. (2019) refer to the injection of subsymbolic
(embedded) knowledge as yielding knowledge-infused learning. One subcategory of
subsymbolic knowledge injection involves the use of knowledge graph embeddings as
domain knowledge supplements to primary training data (e.g., Myklebust et al., 2022).
The hypothesis here is that `data + knowledge' can enhance deep learning.

Some of the investigations we present in thread three of our research, in Chapter 5,
explore the theme of knowledge injection. The perspective from which we consider
knowledge injection is that of our notion of a tensor knowledge graph; and the knowl-
edge we inject into neural networks is strictly symbolic knowledge, encoded by, and ex-
tracted from, a tensor knowledge graph. One category of symbolic knowledge encoded
within a tensor knowledge graph is that of the class hierarchy of an OWL ontology. We
discuss injecting the binary matrix that encodes this symbolic knowledge of a class hier-
archy directly into the weight matrix of a `symbolic' neural network layer, thus enabling
it to generalise predictions of base classes to their parent classes, using standard neural
network forward-pass matrix multiplication operations.

2.5.3 Graph Neural Networks

Here we discuss Graph Neural Networks (GNNs), a family of neural network archi-
tecture designed for processing data represented as graphs (collections of nodes and
edges). Given the centrality of OWL-based knowledge graphs to our research, it is ap-
propriate to discuss GNNs in order to characterise them in relation to our neurosymbolic
research, and thus to help explain (i) where they might conceivably have featured in our
research, and (ii) why, ultimately, they do not. As will become clear, the strongest
af�nity between GNNs and our neurosymbolic research relates to thread two and the
computer vision task of detecting visual relationships in images. We discuss GNNs
here, however, as part of thread three related work, because of the strong relationship
that exists between them and knowledge graph embedding models, which we discussed
just above.

Several surveys exist that describe GNNs themselves, and the GNN landscape, such as
Wu et al. (2021), Zhang et al. (2022), and Zhou et al. (2020). GNNs can be viewed
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as generalisations of neural networks designed for processing �at feature vector data,
sequences, and images to networks that can handle arbitrary graph-structured data. The
general goal of GNNs is to learn embedding vector representations for nodes, edges,
subgraphs, or entire graphs, such that the representations are useful for various graph-
related prediction tasks. Hence, the ambition is for the embeddings to capture graph
structure/connectivity (local graph context) and encode available features of the graph's
neighbourhood elements.

The original GNN model, designed for simple homogeneous graphs (those having one
type of node, and one type of edge), was proposed by Scarselli et al. (2009). The
central idea is that of learning the embedding vector for node i from the embeddings for
the nodes in the neighbourhood of node i, N (i). For this purpose, a node embedding
update function aggregates the embeddings for nodes in N (i). This original GNN model
is node-centric; it does not embed edges (relations). But its node embedding update
function does allow edge features (e.g., edge labels) to participate and thereby in�uence
the embeddings learned for the nodes. So, to some degree at least, the model can be
said to already be edge-aware.

The Scarselli et al. (2009) GNN model inspired a series of reformulations aimed at ex-
tending and re�ning its capabilities. During this evolution, the concept of learning node
embeddings by iterating over and aggregating neighbouring node embeddings became
formalised and known as message passing. Gated Graph Neural Networks (GGNNs)
(Li et al., 2016) introduce a GRU (Gated Recurrent Unit, per Recurrent Neural Net-
works) into the node embedding update function. The gating mechanism controls how
much new information from the neighbourhood gets integrated into each node embed-
ding update, and how much of the current embedding vector (state) persists. GGNNs are
node-centric: they do not embed edges (relations). Limited support for multi-relational
graphs is available in the node embedding update function, via a matrix encoding the
connectivity (edges) of the graph. This permits edge-speci�c (and direction-speci�c) pa-
rameters to be supplied that can in�uence the embeddings learned for the nodes.

Graph Convolutional Networks (GCNs) (Kipf & Welling, 2016) generalise the convolu-
tion operation to graphs (in a manner based on matrix multiplication), and this helps the
model to scale well such that it can process large graphs ef�ciently. But the model as-
sumes homogeneous, undirected graphs, and is node-centric, learning only node embed-
dings, not relation embeddings. Relational GCNs (R-GCNs) (Schlichtkrull et al., 2018)
extend standard GCNs to support multi-relational graphs but remain node-centric.

Graph Attention Networks (GATs) (Velickovic et al., 2017) include in the node embed-
ding update function learned attention coef�cients �ij that encode the attention to be
given by node i to neighbour node j. Standard GATs support homogeneous graphs only
(and hence single-type relations only) and are node-centric. Relational GATs (R-GATs)
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(e.g., M. Chen et al., 2021) extend standard GATs to support multi-relational graphs,
but remain node-centric. The node embedding update function uses both attention co-
ef�cients and learned, relation-speci�c transformation matrices.

CompGCN (Vashishth et al., 2020) extends GCNs in order to more fully support multi-
relational graphs by jointly embedding both nodes and relations. Relation embeddings
are learned using a dedicated relation embedding update function based on learned,
relation-speci�c transformation matrices. Entity-relation composition operations are
employed in the node embedding update function whereby the embeddings for edges
in the neighbourhood of a node are composed with the embedding for that node. The
composition is direction-aware and provides support for inverse relations.

Recall from our earlier discussion of knowledge graphs (KGs) that one of their de�ning
characteristics is that they are multi-relational: i.e., relations between entities can be
of different type and carry different semantics. Recall also that we described several
knowledge graph embedding (KGE) models designed to learn embeddings for (multi-
relational) knowledge graphs. Given that GNNs and KGE models share the same goal
of learning embeddings for graphs, one way to regard GNNs (generally) is to view them
as precursors of KGE models: a solution approach focused on a simpler problem (at
least, initially). With the emergence of GNN support for multi-relational graphs in mod-
els like CompGCN, the distinction between GNNs and KGE models blurs to the point
where advanced GNNs (like CompGCN) can reasonably be regarded as representing a
deep learning-based and message passing-based category of KGE model. Indeed, for
CompGCN, Vashishth et al. (2020) refer explicitly to adapting the composition opera-
tions used by various KGE models such as TransE (described earlier).

The strong relationship between GNNs and KGEMs is further reinforced by the strong
overlap in their applications. The key applications of GNNs concern prediction tasks
that fall into three categories: node-level tasks, edge-level tasks, and graph-level tasks.
Node-level tasks focus on node embeddings and include: (i) node classi�cation (where
the goal is to predict a label for each node), (ii) node regression (predict a real number
for each node), and (iii) community detection (measuring similarity and grouping nodes
into clusters). Edge-level tasks include: (i) edge (or link) prediction (where the goal is
to infer links between nodes) and (ii) edge classi�cation (predicting not just a link but
its type, or label, as well). Graph-level tasks include: (i) graph classi�cation (predicting
a label for a sub-graph or entire graph), (ii) graph regression (predicting a continuous
property of a sub-graph or entire graph), and (iii) graph matching (where the similarity
of graphs is measured by comparing their aggregate graph embeddings).

Conceptually, the GNN application closest to our neurosymbolic research is the edge-
level task of edge classi�cation. In theory at least, it may be feasible for GNN models
capable of undertaking multi-relational edge (or link) classi�cation to act as counter-
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parts of our Semantic Web (OWL-based knowledge graph) symbolic reasoning engine
in thread two of our research, which explores the task of detecting visual relationships
in images. Instead of using OWL-based knowledge graph reasoning to logically ex-
pand the training image scene graphs used to supervise the (subsymbolic) learning of
our predicate detector, one could conceivably explore the ef�cacy of GNN-based edge
classi�cation at expanding the scene graphs. Similarly, instead of using OWL-based
knowledge graph reasoning to validate predictions of visual relationships, one could
conceivably use a (suitably equipped) GNN to score the acceptability (or reasonable-
ness) of a predicted visual relationship, as a proxy for evaluating its semantic validity
according to OWL ontology VRD-World. However, since our primary research interest
is focused on exploring the use of OWL for both symbolic knowledge representation
and exact, symbolic logical reasoning, the degree to which GNNs might be capable of
simulating these symbolic OWL reasoning tasks has yet to be explored.

2.5.4 Gunther Schmidt and relational mathematics

Gunther Schmidt is a mathematician and computer scientist whose �elds of special-
isation include relational mathematics and building software to leverage and explore
relational mathematics. His works on relational mathematics include: (i) Schmidt and
Ströhlein (1993), which highlights the close relationship between relation theory and
graph theory (two sides of the same coin); (ii) Schmidt (2011), a comprehensive exam-
ination of relational mathematics, from its roots in the Calculus of Relations through
to modern relation algebras; and (iii) Schmidt and Winter (2014), an addendum to the
work just cited that records further specialised relational results. In their synopsis of
Schmidt's academic career (Berghammer & Winter, 2014), two of Schmidt's students
credit him (along with others, such as Steven Givant (Givant, 2017)) of raising the pro-
�le of the Calculus of Relations in the 20th century, and with helping to develop it into
modern relation algebra.

The �eld of mathematics referred to by the (little known) phrase the Calculus of Rela-
tions is the foundation of modern relational mathematics and relation algebras. Givant
(2017) provides a brief history of the Calculus of Relations in the book's introduction,
and devotes the opening chapter to providing a thorough overview. The Calculus of Re-
lations codi�es the many operations, laws and properties that hold for binary relations.
Core relational operations include: relational intersection, relational union, relational
complement, relational converse, and relational composition. The theory of relation
algebras is described as being akin to an abstract Calculus of Relations.

In Givant (2017), the origins of the Calculus of Relations are traced from Augustus De-
Morgan, to Charles Pierce (who Givant credits as the `creator of the theory of relations',
between 1870 and 1882), to Ernst Schröder (who provided the only exhaustive treat-
ment of the subject), and to its coverage in Whitehead and Russell's `Principia Mathe-
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matica', in 1903, where it is described as one of the three parts upon which symbolic
logic is founded. After that, the Calculus of Relations attracted relatively little atten-
tion, however, until the 1940s when mathematician and logician Alfred Tarski sought to
revitalise the subject with a paper entitled `On the calculus of relations' (Tarski, 1941).
Tarski took an axiomatic approach to the subject and eventually reduced his system to
just 10 equational axioms that express laws that hold in all algebras of binary relations.
From these, Tarski derives Schröder's hundreds of laws. Givant (a student of Tarski)
says that, from 1945 onward, Tarski and he jointly developed the Calculus of Relations
into a theory of relation algebras. Several works of Gunther Schmidt are cited in Givant
(2017) but, in the book's acknowledgements, Schmidt is mentioned only in relation to
having provided references to “literature concerning applications of the theory of rela-
tion algebras to computer science”, not for having contributed to the development of the
theory itself. Determining whether and how credit for developing the Calculus of Rela-
tions into the modern theory of relation algebras should be shared between Givant and
Schmidt requires further independent investigation. We have focused on the Calculus of
Relations here because it provides the mathematical underpinning and justi�cation for
thread three of our research concerning tensor knowledge graphs and tensor knowledge
graph reasoning.

In the Introduction to his book on relational mathematics (Schmidt, 2011), Schmidt
says: “Hardly anybody confronted with practical problems knows how to apply rela-
tional calculi; there is almost no broadly available computer support.” This statement
helps to explain the motivations behind the several software systems for relational math-
ematics developed by Schmidt and his students. One such system, RELVIEW (e.g.,
Behnke et al. (1998), Berghammer and Neumann (2005), Berghammer and Schmidt
(1993, 2007), and Berghammer et al. (1996)), is an interactive, GUI-based system that
permits graphical manipulation of relations as Boolean matrices. It also provides sup-
port for things such as proving or disproving relational results or properties. Another
system, RATH (Kahl & Schmidt, 2000), is a library of Haskell modules that facili-
tates exploration of relation algebras by providing a variety of means for constructing
and testing such algebras. A third system, TituRel (e.g., Schmidt (2003, 2004)), was
conceived as a relational reference language for working with relations and relational
mathematics generally. Originally named the Relation Language, the evidence points
to TituRel being a personal project of Schmidt's. His ambitions for TituRel were for it
to support the formulation of all problems for which relational methods are known to
have provided solutions. The language is accompanied by a library of Haskell modules
providing specialised relational services to facilitate the construction of task-speci�c
software systems based on relational mathematics.

Our concepts of tensor knowledge graph (TKG), tensor knowledge graph reasoning
(TKGR), and tensor knowledge graph reasoning engine (TKGRE) are similarly rooted
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in relational mathematics, but they are quite different in nature to Schmidt's systems,
and language, just described. A TKG is a relational data structure, but one that rep-
resents the knowledge of an arbitrary OWL-based knowledge graph. TKGR is based
on basic binary relational operations, as formalised by the Calculus of Relations, but it
performs and emulates OWL (i.e., SROIQ Description logic) reasoning. A TKGRE
can be said to be a relational software system, but one that hosts a TKG, and applies
TKGR, and for the purpose of providing useful symbolic OWL reasoning services in
neurosymbolic systems (whether in batch mode or real-time). It may be that Schmidt's
relational language TituRel is capable of implementing Haskell counterparts of all three
of our concepts. But we cannot say since TituRel is not publicly available. In comments
attached to a post on MathOver�ow asking ”What happened to TituRel?”1, in 2018, one
user relays a response from having emailed the question directly to Schmidt himself.
Schmidt is said to have replied: “TituRel is not available as downloadable software due
to not much interest from the outside world.”

In the Preface to his book on relational mathematics (Schmidt, 2011), Schmidt remarks
that since relations are used so widely, whether to express, or model, or reason, or
compute with, “it sometimes looks as if the wheel is being reinvented when standard
results are rediscovered in a new specialized context”. We believe this to be the correct
way to view our contributions regarding tensor knowledge graphs and tensor knowledge
graph reasoning (the subjects of thread three of our research). We have rediscovered
operations and laws known to relational mathematics (and to its foundational theory,
the Calculus of Relations) and successfully applied and adapted these in the process
of exploring novel approaches to representing OWL-based knowledge graphs and to
performing OWL (aka Description logic) reasoning. Hence, while our contributions in
this regard are not theoretical, they are novel applications of independently rediscovered
(known) relational theory.

1https://mathover
ow.net/questions/313206/what-happened-to-titurel
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Chapter 3

NeSy4VRD

Recall that our research exploring neurosymbolic learning and reasoning with OWL-
based knowledge graphs has three threads. This chapter presents the �rst of these
threads: our NeSy4VRD resource. The acronym NeSy4VRD stands for Neurosymbolic
AI for Visual Relationship Detection.

NeSy4VRD is an `image dataset + OWL ontology' resource that enables neurosymbolic
research with OWL-based knowledge graphs in the computer vision task of detecting
visual relationships in images. It is based on the VRD image dataset (Lu et al., 2016) and
represents both a signi�cant re�nement and signi�cant extension of that dataset. The
components of NeSy4VRD evolved organically in the course of enabling ourselves to
pursue thread two of our research (described in Chapter 4). We packaged its components
into an integrated, re-usable, and documented resource and contributed NeSy4VRD
to the computer vision, neurosymbolic AI and Semantic Web communities to enable
more neurosymbolic research using OWL-based knowledge graphs. Our contribution of
NeSy4VRD was announced in Herron, Jiménez-Ruiz, Tarroni, and Weyde (2023).

We begin this chapter by providing an overview and background for NeSy4VRD. Next,
we discuss the VRD image dataset (Lu et al., 2016) upon which NeSy4VRD is based,
and we de�ne the concept of visual relationship as it pertains to the VRD dataset and to
NeSy4VRD, and throughout this document. Then we describe the extensive visual rela-
tionship annotation analysis and customisation exercise that we undertook to clean and
improve the original crowd-sourced annotated visual relationships of the VRD images.
This annotation customisation exercise permitted us to design a precise and credible
OWL ontology that faithfully describes the domain of our quality-improved NeSy4VRD
annotated visual relationships. This domain is a broad and sparse subset of the real
world, as re�ected in the common, everyday images of the VRD dataset. In reference
to this fact, we named our custom OWL ontology VRD-World. We present VRD-World
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and describe its characteristics. We conclude with a description of ancillary components
of NeSy4VRD, such as its extensive software infrastructure support for the analysis and
extensibility of the NeSy4VRD annotated visual relationships and, by extension, of the
VRD-World OWL ontology as well.

3.1 Overview

To pursue our vision for thread two of our research, presented in Chapter 4), we had
two requirements: (i) we wanted an image dataset with a well-aligned companion OWL
ontology, and (ii) we wanted the alignment between the ontology and the dataset to
be strong enough for the results of OWL reasoning to be pertinent to the subsymbolic
learning task at hand. Such resources are scarce. So we created one, and called it
NeSy4VRD. The scarcity of such resources is surely a barrier to entry for neurosymbolic
research using OWL-based knowledge graphs generally, so we contributed NeSy4VRD
to the neurosymbolic AI community after having created it.

NeSy4VRD couples the images of the VRD dataset with an extensively revised and
quality-improved version of the original crowd-sourced VRD annotated visual relation-
ships. NeSy4VRD accompanies the VRD images and the NeSy4VRD annotated visual
relationships with a custom OWL ontology that describes the domain re�ected in the
NeSy4VRD annotated visual relationships, and thereby in the VRD images as well. We
call this custom OWL ontology VRD-World. Our OWL ontology VRD-World enables
an OWL-based knowledge graph tool to perform symbolic (OWL) reasoning that is di-
rectly pertinent to the domain of the NeSy4VRD dataset, and to the task of detecting
visual relationships in the VRD images of the NeSy4VRD dataset.

Public access to the original crowd-sourced VRD annotated visual relationships is still
available today. But public access to the VRD images themselves disappeared sometime
in late 2021 or early 2022 due to computer server restructuring at Stanford University,
where the VRD dataset originated. NeSy4VRD restores public access to the VRD im-
ages, with permission from one of the principals behind the original VRD dataset, Dr.
Ranjay Krishna.

NeSy4VRD provides comprehensive open source software infrastructure that supports
the analysis and extensibility of the NeSy4VRD annotated visual relationships. The
annotation extensibility support facilitates the extensibility of the companion OWL on-
tology, VRD-World. Both of these components, the NeSy4VRD annotated visual re-
lationships and the companion OWL ontology, VRD-World, can be used as is by neu-
rosymbolic AI researchers if they wish. However, the intention behind NeSy4VRD's
analysis and extensibility support is to encourage neurosymbolic systems researchers
to consider regarding the annotations, and even the ontology, VRD-World, as starting
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points to be tailored and tuned to suit particular research needs or interests.

NeSy4VRD is composed of the following components:

(i) the NeSy4VRD dataset consists of the VRD images from the VRD dataset together
with our quality-improved NeSy4VRD annotated visual relationships;

(ii) our well-aligned, companion OWL ontology, VRD-World, that describes the do-
main of the NeSy4VRD dataset;

(iii) software infrastructure that supports the extensibility of the NeSy4VRD annotated
visual relationships and, by extension, of the VRD-World OWL ontology;

(iv) sample Python code for working with the VRD-World ontology and the NeSy4VRD
visual relationships in relation to a Python-based knowledge graph tool;

(v) a description of a vision and process that we call Distributed Annotation Enhance-
ment (DAE), for continuously extending the NeSy4VRD annotated visual rela-
tionships in a decentralised fashion, over time, through the independent actions of
researchers pursuing their independent research interests.

The NeSy4VRD dataset and the VRD-World ontology underpin all of thread two of
our research (per Chapter 4), in which we examine using OWL-based knowledge graph
reasoning for the computer vision task of visual relationship detection in images (aka
image scene graph generation). And our OWL ontology, VRD-World, along with a
subset we call mini VRD-World, played important roles in thread three (described in
Chapter 5), by helping to drive the research and development of our notions of tensor
knowledge graphs and tensor knowledge graph reasoning.

NeSy4VRD is available online. The NeSy4VRD dataset and its companion VRD-World
OWL ontology are freely available in the Zenodo repository at https://doi.org/10.5281/
zenodo.7916355 under open source license CC BY 4.0. The NeSy4VRD software in-
frastructure that supports the analysis and extensibility of NeSy4VRD itself, along with
comprehensive documentation of how it use it, plus comprehensive documentation of
our DAE vision for continuous, decentralised enhancement of NeSy4VRD by indepen-
dent researchers working independently, are freely available on the GitHub platform at
https://github.com/djherron/NeSy4VRD under open source license MIT/Expat.

3.2 The VRD dataset and visual relationships

As mentioned above, NeSy4VRD is based on the Visual Relationship Detection (VRD)
image dataset (Lu et al., 2016). The visual relationships annotated for the VRD images
are 5-tuples with the following conceptual structure
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(subj_bbox, subj_class, predicate, obj_bbox, obj_class),

where the bounding boxes of the two objects are each represented by four integers, and
the two object classes and the predicate are represented by integer labels (indices into
ordered lists of object class names and predicate names). The predicate expresses a
particular relationship between a particular ordered pair of objects in a particular im-
age.

A raw annotated NeSy4VRD (and VRD) visual relationship, stored in JSON format,
looks like this:

{`predicate': 9,
`subject': {`category': 35, `bbox': [12, 243, 659, 724]},
`object': {`category': 23, `bbox': [253, 409, 426, 675]}}.

Visual relationship instances versus types Throughout this document we fre-
quently refer to example visual relationships in order to discuss concepts and illus-
trate aspects of OWL reasoning. Whenever we do so, for simplicity we adopt a more
compact and user-friendly 3-tuple representation. It is frequently convenient to distin-
guish between visual relationship instances and visual relationship types. VR instances
are concrete: i.e., NeSy4VRD annotated VRs, VRs inferred by OWL reasoning from
NeSy4VRD annotated VRs, and individual predicted VRs that emerge during neural
network training or inference. VR types are conceptual: abstractions (generalisations)
of VR instances that we entertain, conceptually, when convenient. Every VR instance
has a unique corresponding VR type. A VR instance relates two particular objects,
using a particular predicate. Its corresponding VR type relates two (corresponding)
particular object classes, using the same predicate. We use a user-friendly 3-tuple rep-
resentation for both VR instances and VR types. In fact, for VR types, only a 3-tuple
representation is meaningful. For VR instances we use lower-case identi�ers for the
subject and the object. For example, suppose image X has the annotated VR (instance)
(personX ride horseX) and that image Y has a similar (but different) annotated VR
(instance) (personY ride horseY). For VR types we use capitalised identi�ers for
the subject class and object class. Conceptually, these two example VR instances be-
long to the same VR type: (Person ride Horse), where Person and Horse are ref-
erences to NeSy4VRD object classes (and to corresponding classes in OWL ontology
VRD-World). Figure 3.1 shows two representative VRD images with their NeSy4VRD
annotated objects and some of their NeSy4VRD annotated visual relationships (VR in-
stances, as opposed to VR types).

Scene graphs The collection of VRD (and now NeSy4VRD) visual relationships
annotated for an image of the VRD dataset forms a natural directed graph of the scene
in the image. Perhaps as a result, and as is evident in the survey paper Zhu et al. (2022),
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Figure 3.1: Two representative images from the VRD dataset with objects localised
in bounding boxes and samples of representative annotated visual relationships
rendered as user-friendly 3-tuples.

much of the image interpretation literature speaks of scene graphs and scene graph
generation rather than visual relationships and visual relationship detection. These lan-
guage differences in the literature mask the fact that two research communities are es-
sentially talking about the same thing in different ways. We tend to use the language
of visual relationships because we were exposed to it �rst, via the VRD dataset and Lu
et al. (2016). But we switch to speaking of scene graphs at times, when the context
suggests it may be helpful.

3.2.1 Attractive characteristics of the VRD dataset

The VRD dataset is not the only image dataset with annotated visual relationships. Table
3.1 summarises the most prominent image datasets whose accompanying annotations
include visual relationships (or scene graphs) in some form. Zhu et al. (2022) men-
tion several further, less prominent such datasets, most of which are subsets of Visual
Genome.

The VRD image dataset has several characteristics that make it attractive, including for
neurosymbolic research. The �rst is its small size: 4,000 training images and 1,000 test
images. Since deep learning is known to be data hungry, the small amount of training
data (in theory) leaves greater space for symbolic components (like OWL-based knowl-
edge graphs) to enhance deep learning's predictive performance. Second, relative to
its size in images, the number of distinct object classes and predicates referenced in
its visual relationships is relatively large: 100 and 70, respectively. In our case, this
suggests that the annotations have the potential of leading to the design of a reasonably
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Table 3.1: Image Datasets with Annotated Visual Relationships

Dataset Images Classes Predicates VR types VR instances

VRD1 5,000 100 70 6,672 37,993
Visual Genome2 108,077 33,877 42,374 n/a 2,347,000
Open Images v43 9.2m 600 n/a 329 391,000
COCO-a4 330,000 81 140 n/a n/a5

1 Lu et al. (2016)
2 Krishna et al. (2016)
3 Kuznetsova et al. (2020). In version 4 (2020), the 600 object classes are annotated within

1.9m of the available images, and the 391,000 annotated visual relationships involved just
57 of the 600 object classes.

4 Ronchi and Perona (2015). Human agents are the subject of every visual action.
5 Instances of n/a indicate where we were unable to �nd a count.

complex yet moderately sized ontology: something that requires substantial logical in-
ference to be exercised when OWL reasoning is activated, while being manageable in
scope. Third, the distribution of the types of the annotated visual relationships,

(si pk oj ) i; j = 1; : : : ; 100 k = 1; : : : ; 70;

has a long tail that provides many instances of data conditions suited to the study of
zero-shot and few-shot learning. Zero-shot and few-shot learning tasks provide good
opportunities for neurosymbolic researchers to explore ways by which symbolic com-
ponents (like OWL-based knowledge graphs) might improve deep learning's ability to
generalise from limited training examples.

The scene graph (and visual relationship detection) survey paper Zhu et al. (2022) shows
that many researchers have been attracted to the VRD dataset. Visual Genome is the
most popular. The datasets in Table 3.1 share a common shortcoming with respect
to our research needs, however: none of them has a well-aligned, companion OWL
ontology closely describing the domain of the dataset. We opted to work with the VRD
dataset for the reasons noted above, and we resolved to engineer our own companion
OWL ontology.

3.2.2 Unattractive characteristics of the VRD dataset

In the course of familiarising ourselves with the VRD images and their annotated visual
relationships, we developed extensive software functionality to search for and display
images and visual relationships that satisfy myriad data conditions. A key part of this
functionality and analysis involved displaying an individual annotated visual relation-
ship against its associated image. We did this by drawing the bounding boxes annotated
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for the ordered pair of objects participating in a visual relationship: one colour for the
object playing the `subject' role, and a different colour for the object playing the `ob-
ject' role, so visual interpretation was easy. We found this to be the only sure way to
evaluate any given annotated visual relationship, in order to:

ˆ verify that bounding boxes are reasonable;

ˆ understand the true range of real-world objects sharing a given object class name;

ˆ understand the true range of senses in which annotators use a given predicate.

During our analysis, we attended to these considerations closely because our objective
of designing a precise and credible companion OWL ontology was always uppermost
in our mind. Our prime concern was to ensure that we fully understood the seman-
tics of the 100 object class names, and the 70 predicate names, so that we could make
informed decisions (i) when constructing OWL class hierarchies, (ii) when specifying
object property characteristics (like symmetry and transitivity) and object property re-
lationships (like inverses, property equivalence, and sub-property hierarchies), and (iii)
when specifying classes that restrict the domains and/or ranges of object properties in
some way.

Our analysis revealed many issues with the crowd-sourced VRD annotated visual rela-
tionships, some of which were particularly problematic with respect to our requirements
(described above). The more we looked, the more issues accumulated. The main issue
categories we discovered within the original VRD annotated visual relationships are
these:

(1) stark variability in the types of objects sharing certain object class names;

(2) different object class names for objects clearly drawn from the same distribution
and otherwise indistinguishable from one another;

(3) diverse semantics (usage) of single predicate names;

(4) outright errors in visual relationship construction;

(5) multiple near duplicate bounding boxes for the same object in a single image;

(6) multiple near and/or exact duplicate visual relationships annotated for an image;

(7) poor quality bounding boxes.

Category (1) issues make it problematic to design a credible class hierarchy for an OWL
ontology. For example:

ˆ object class bear pertains to both real bears and teddy bears;
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ˆ object class plate pertains to dishware plates, vehicle license plates, baseball
`home' plates and bases, plaques on walls, etc.;

ˆ object class glasses pertains to eyeglasses, drinking glasses, miscellaneous things
made of glass (e.g. table tops, glass barriers, etc.);

ˆ object class person pertains to both people and to stereo (audio) speakers.

Category (2) issues make object detection harder and more error prone. For exam-
ple:

ˆ object classes plane and airplane label objects that are indistinguishable and
are clearly drawn from the same distribution;

ˆ object classes coat and jacket do the same;

ˆ object classes road and street do the same.

Category (3) issues make it problematic to de�ne object properties (the ontology coun-
terparts of predicates) precisely, including their particular characteristics, relationships,
domains, and ranges. For example:

ˆ predicate across is used in the sense of `along side of', `is crossing the', `is
across from', etc.;

ˆ predicate fly is used in the sense of `is �ying a', `is �own by', `is �ying in', `is
�ying above', etc.;

ˆ predicate walk is used in the sense of `walk on', `walk next to', `walk towards
each other', `walking the dog', etc..

Category (4) issues complicate visual relationship detection overall. For example:

ˆ in possessive relationship patterns such as (person wear X) or (person hold
X), frequently the bounding box for X places object X on or with a person different
from the one referenced in the subject of the relationship;

ˆ in positional relationship patterns such as (X behind Y) or (X above Y), fre-
quently X and Y need to be swapped or the predicate changed to its inverse.

Issue categories (5), (6) and (7) are self-explanatory. Categories (1) and (3) have serious
implications with respect to ontology design. If left unresolved, these would make
designing a credible ontology infeasible.
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Table 3.2: Quantitative comparison of the NeSy4VRD and VRD annotated visual
relationships (VRs).

Metric NeSy4VRD VRD
Object classes 109 100
Predicates 71 70
Number of training set annotated VRs 29,333 30,355
Number of test set annotated VRs 9,201 7,638
Total annotated VRs 38,534 37,993
Average VR annotations per training image 7.8 7.6
Average VR annotations per test image 9.9 7.6
Number of training images with duplicate VRs 0 323
Number of test images with duplicate VRs 0 91

3.3 NeSy4VRD annotated visual relationships

NeSy4VRD resolves the problematic issues with the VRD annotated visual relation-
ships discussed in the previous section. With the help of NeSy4VRD tooling, and its
semi-automated, repeatable work�ow (described shortly), we customised (changed, re-
moved, contributed) visual relationship annotations for 1,715 of the 4,000 VRD training
images, and 828 of the 1000 VRD test images, for a total of 2,543 images, or just over
half of the total number. Table 3.2 compares the NeSy4VRD annotated visual rela-
tionships with the original VRD annotated visual relationships in relation to various
quantitative metrics. The table indicates that NeSy4VRD has more object classes, more
predicates, more visual relationships overall, and greater average annotated visual rela-
tionships per image. The associated quality improvements of the NeSy4VRD annotated
visual relationships are harder to convey.

3.4 Our OWL ontology design goals

We engineered our VRD-World OWL ontology with several design goals in mind, each
of which has been satis�ed. These design goals were:

ˆ de�ne classes for the ontology that are one-to-one counterparts of the NeSy4VRD
object classes, and position these as leaf classes in a class hierarchy;

ˆ ensure the class hierarchy possesses credible, common sense, and reasonably rich
subsumption paths that will exercise the `type inference' capabilities of OWL
reasoning in a meaningful way;

ˆ de�ne object properties for the ontology that are one-to-one counterparts of the
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NeSy4VRD visual relationship predicates;

ˆ ensure the object properties have credible, common sense, and reasonably rich
characteristics (like symmetry and transitivity), relationships (like inverses, equiv-
alent properties, and sub-property/parent-property relationships), and domain and
range restrictions (where applicable), in order to ensure that the `link inference'
capabilities of OWL reasoning will be exercised in a meaningful way;

ˆ ensure that the ontology, overall, contains suf�cient supplementary ontological
infrastructure (e.g., supporting classes, object properties, and data properties, as
required) in order for a knowledge graph, governed by the ontology, to faithfully
host the NeSy4VRD annotated visual relationships in their entirety, without loss
of information, and which permits them to be extracted from the knowledge graph
and fully reconstituted, even if they have been augmented (materialised) by OWL
reasoning.

3.5 Overview of the VRD-World OWL ontology

Here we begin describing the OWL ontology that we engineered to be a well-aligned
companion to the NeSy4VRD dataset so that we might study the effects that symbolic
OWL reasoning can have on neural, subsymbolic learning within the application task
of visual relationship detection in images. We called this ontology VRD-World because
the domain it describes (that of the NeSy4VRD dataset) is a broad and sparse subset of
our common, everyday real world.

Table 3.3 provides a quantitative view of the VRD-World OWL ontology (version 1) in
terms of key OWL ontology metrics. We can see that while NeSy4VRD has 109 object
classes, VRD-World has 239 classes. The extra classes in VRD-World arise because
we mapped the 109 NeSy4VRD object classes to counterpart VRD-World classes that
appear as leaf classes within a larger class hierarchy that we designed around them.
The count of SubClassOf axioms is a related metric that gives the number of explicit
(asserted) axioms in the ontology that declare one class to be a subclass of another, such
as

vrd:Car rdfs:subClassOf vrd:RoadMotorisedVehicle .
vrd:Chair rdfs:subClassOf vrd:SeatingFurniture .
vrd:SeatingFurniture rdfs:subClassOf vrd:Furniture .

The 71 NeSy4VRD predicates map to counterpart VRD-World object properties, and
these form the bulk of the 74 object properties reported in Table 3.3. The 3 extra object
properties relate to how we represent images within VRD-World, such that an image and
all of its visual relationships (i.e., its scene graph), whether asserted or inferred, can be

47



Table 3.3: Summary metrics for the VRD-World OWL ontology (v1)

Summary Metric Count
Axiom 815
Logical axioms 433
Declaration axioms 322
Classes 239
Object properties 74
Data properties 4
Annotation properties 8

Class axioms Count
SubClassOf 242
EquivalentClasses 21
Object property axioms
SubObjectPropertyOf 46
EquivalentObjectProperties 7
InverseObjectProperties 6
TransitiveObjectProperties 17
SymmetricObjectProperties 8

stored and managed as a cohesive unit, like a sub-graph of the knowledge graph.

OWL object property axioms are used to declare that a given object property has a
certain characteristic, such as symmetry or transitivity, or is involved in certain rela-
tionships with other properties, such as having an inverse or a parent property. Two
object properties having different names may also be declared to be equivalent to one
another. In Table 3.3 we see that, in VRD-World, there are 46 explicit (asserted) axioms
declaring sub-property relationships such as:

vrd:wear rdfs:subPropertyOf vrd:has .
vrd:sitUnder rdfs:subPropertyOf vrd:under .

And there are 7 explicit declarations of pairs of equivalent properties, such as:

vrd:beside owl:equivalentProperty vrd:nextTo .
vrd:beneath owl:equivalentProperty vrd:under .

For some of the metrics in Table 3.3, the counts represent only what has been explicitly
declared (asserted to be true) in the VRD-World ontology, not what is logically entailed
and may eventually be materialised during OWL reasoning. OWL reasoning will not
infer new classes for the class hierarchy, or new object properties for relating individu-
als, but it will infer whatever class axioms and object property axioms are entailed by
the ontology. The richness of VRD-World in terms of classes, object properties, and
object property characteristics and relationships, gives OWL reasoning plenty of scope
to perform substantial amounts of logical inference when activated.

3.6 The VRD-World class hierarchy

Figure 3.2 provides a view of the class hierarchy of our VRD-world OWL ontology (ver-
sion 1). This is a custom class hierarchy that we designed around the NeSy4VRD object
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classes. The NeSy4VRD object classes are leaf classes in the hierarchy. All of the par-
ent classes in the hierarchy were introduced by us in order to unify the NeSy4VRD
object classes into a coherent whole. We took a bottom-up approach to arranging the
hierarchy.

Our Wikidata-inspired class hierarchy for VRD-World In addition to the
class hierarchy for the VRD-World OWL ontology discussed so far, in the early stages
of our research we also designed an alternate class hierarchy for VRD-World, one in-
spired by Wikidata (Vrande�cić & Kr ötzsch, 2014). We mapped each NeSy4VRD object
class to a counterpart class in the vast Wikidata class hierarchy, and then used SPARQL
queries to �nd all the Wikidata parent classes of these `base' classes. We wrote re-
cursive code to isolate each of the unique subsumption paths implied by the bag of
Wikidata child-class/parent-class links returned by our SPARQL queries. We browsed
these subsumption paths visually and, from amongst them, selected a few that blended
well with the nascent class hierarchy for VRD-World that gradually emerged. We have
not used this potential alternate class hierarchy in our research. Appendix A describes
this alternate, Wikidata-inspired class hierarchy for VRD-World in more detail.
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Figure 3.2: A partial pictorial rendering of the class hierarchy of the VRD-world OWL ontology (version 1). The object classes of the
NeSy4VRD dataset are represented one-to-one by leaf classes in the hierarchy. To minimise clutter, the names of these leaf class are
enclosed within the bubble that represents their main parent class. Lines represent sub-class/parent-class relationships. Classes coloured
orange are new to NeSy4VRD and do not exist in the annotated visual relationships of the VRD dataset. All bubbles represent parent
classes that were introduced to organise the NeSy4VRD leaf classes into a coherent hierarchy. To minimise clutter, this rendering of the
VRD-World class hierarchy does not re
ect (i) many subclass relationships, and (ii) many additional classes declared to be unions of
other classes.
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3.7 The VRD-World object properties

Figure 3.3 provides a view of the object properties of our VRD-world OWL ontology
(version 1). The VRD-World object properties are one-to-one counterparts of the pred-
icates used in the annotated visual relationships of NeSy4VRD. The object properties
(predicates) are either common spatial relations or common verbs.

Unlike class hierarchies for VRD-World, where we engineered two alternate candidates
(as described above), we designed only one version of object properties for VRD-World.
One reason is that, with object properties, there was no requirement to introduce addi-
tional, more general properties in order to unify the base object properties into some all-
inclusive hierarchy. And, as can be seen in Figure 3.3, the existing object properties are
already fairly rich in common sense subproperty and equivalence relationships.

Another reason is that the common sense semantics of the object properties are relatively
�xed, so there is less opportunity for exploring variations whilst maintaining a common
sense grounding. For example, in any version of our VRD-World object properties that
we might devise, common sense dictates that we would declare property beside to
be symmetric. Similarly, common sense dictates that we would declare property sit
next to to be a subproperty of next to. That said, many of our choices for de�ning
the object properties of VRD-World are highly subjective and arbitrary. For example,
we declare property over to be a subproperty of above. But it could be the other way
round; or they could be declared to be equivalent; or we could pretend they are not
related. We explore the malleable nature of the object properties declared for VRD-
World in thread two of our research, in Chapter 4, when we examine the effects of
OWL reasoning on the task of detecting visual relationships in images.
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Figure 3.3: A partial pictorial rendering of the object properties of the VRD-world OWL ontology (version 1). Each NeSy4VRD visual
relationship predicate is represented by a VRD-World object property coloured dark blue. Object properties that share semantics are
gathered into bubbles that re
ect their semantic category, coloured turquoise. Dotted lines represent sub-property relationships. Solid
lines with double arrows represent semantic equivalence. To minimise clutter, this rendering does not attempt to express object property
relationships such as inverses, or property characteristics such as symmetry and transitivity.
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Figure 3.4: A zoom-in on the top-left portion of the VRD-world ontology class hierarchy shown
in Figure 3.2. This zoom-in highlights classes Vehicle and VehiclePart, and the branches of
subclasses beneath them.

3.8 Interpreting VRD-World

To help readers get a sense of how the class hierarchy and the object properties of the
VRD-World OWL ontology intertwine and interoperate, we brie�y discuss how VRD-
World models part-whole relations. Classes of `whole' objects (like Car) and classes
of `part' objects (like Wheel) are modelled in independent but related branches of the
class hierarchy. For example, Figure 3.4 zooms-in on the top-left portion of the full
class hierarchy shown in Figure 3.2 to highlight the classes Vehicle and VehiclePart.
Each of these classes is the root of a sub-tree within the overall hierarchy. Under class
Vehicle we have subclasses representing `whole' objects such as Car, Airplane, and
Boat. Under class VehiclePart we have subclasses representing `part' objects such as
Wheel, Engine (which represents airplane engines only), and Boat Motor.

Part-whole relations are modelled using object properties to relate individual `whole'
objects with individual `part' objects. The VRD-World object property that most closely
and exclusively resembles a `partOf' relation is object property attachedTo. For ex-
ample, within NeSy4VRD we encounter annotated visual relationships such as

(wheel attachedTo car)
(engine attachedTo airplane)
(boatMotor attachedTo boat).

VRD-World object property has (the counterpart of NeSy4VRD predicate has) is lin-
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guistically �exible enough to often serve as an inverse `hasPart' relation, leading to
counterpart inverse visual relationships such as

(car has wheel)
(airplane has engine)
(boat has boatMotor).

But note that the natural language semantics of VRD-World object property has are too
general for one to assume that it always connotes a `hasPart' relation. For example, has
can also convey the notion of possession, as in (person, has, phone); or the notion
of wearing, as in (person, has, tie); etc.. Therefore, in VRD-World, the object
properties attachedTo and has are not declared to be inverses of one another, even
though they can sometimes act as inverses.

3.9 NeSy4VRD support for extensibility

For researchers using NeSy4VRD, the default option is to use the NeSy4VRD anno-
tated visual relationships, and the companion OWL ontology, VRD-World, as is. But
NeSy4VRD itself invites researchers to do otherwise. It invites them to customise
and extend NeSy4VRD, to tailor it for their particular research needs, and to share
their extensions. In this section, we describe the components of NeSy4VRD that to-
gether enable (i) the extensibility of the NeSy4VRD annotated visual relationships and,
thereby, of the VRD-World OWL ontology as well, and (ii) the sharing of independent
NeSy4VRD extensions, and the utilisation of shared extensions by others.

NeSy4VRD's support for extensibility comes in the form of (i) comprehensive Python
code enabling deep but easy analysis of the images and their annotations, (ii) a custom,
text-based protocol for specifying visual relationship annotation customisation instruc-
tions, declaratively, (iii) a con�gurable, multi-step Python-based work�ow for applying
speci�ed visual relationship annotation customisations and extensions, in an automated,
repeatable process, and (iv) a vision for a process of decentralised dataset enrichment
we call distributed annotation enhancement (DAE).

3.9.1 Comprehensive code for dataset analysis

A prerequisite for customising the NeSy4VRD annotated visual relationships in a sys-
tematic way is being able to thoroughly analyse them, in conjunction with the associ-
ated images. NeSy4VRD provides comprehensive Python code for this. We list a small
sampling of the basic functionality available in NeSy4VRD in order to give a �avour
of the visual relationship analysis services it provides. With NeSy4VRD's support for
analysing the NeSy4VRD dataset, one can do things such as:
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ˆ display an image, showing the objects annotated for: (i) one particular visual
relationship, (ii) a subset of the visual relationships, or (iii) all visual relationships;

ˆ print all of the visual relationships for an image: (i) in readable (s p o) format,
(ii) in raw format;

ˆ �nd all images having visual relationships: (i) involving object class X, or object
classes [X,Y,...], (ii) using a particular predicate, (iii) using a particular visual
relationship pattern, such as (s p X), (X p o), (s X o), etc.;

ˆ �nd all images with a target number of visual relationships;

ˆ perform distributional analyses of: (i) the number of visual relationships per im-
age, (ii) the number of distinct object classes per image, (iii) the number of distinct
predicates per image, etc.;

ˆ perform quality veri�cation analyses: e.g., verify that there are no images with
(i) duplicate visual relationships, (ii) degenerate bounding boxes, (iii) bounding
boxes assigned to multiple different object classes, etc..

3.9.2 The NeSy4VRD protocol

NeSy4VRD provides a custom text-based protocol for specifying changes to, or exten-
sions of, the visual relationships annotated for its images. Specifying customisations
and extensions in this way, rather than applying them in an adhoc fashion, facilitates
large volumes of customisations or extensions to be applied safely, using the automated,
repeatable process of the NeSy4VRD work�ow. The NeSy4VRD protocol allows one
to specify instructions to change existing annotated visual relationships, to remove un-
wanted visual relationships, and to add new visual relationships for any image. Listing
3.1 shows representative customisation and extension instructions in relation to �ve im-
ages. These declarative instructions are expressed using the NeSy4VRD protocol.

Listing 3.1: Example visual relationship annotation customisation and extension
instructions expressed using the NeSy4VRD protocol.
imname ; 3223670633 _7d3d72dfe8_b . jpg
cvrsoc ; 4; ( `person ' , `on ' , `shelf '); speaker
cvrsbb ; 4; ( ` speaker ' , `on ' , `shelf '); [161 ,234 ,231 ,270]

imname ; 8934043045 _251b42d19a_b . jpg
cvrooc ; 7; ( `bus ' , `beside ' , `car '); truck
cvrobb ; 7; ( `bus ' , `beside ' , ` truck '); [334 ,557 ,99 ,403]

imname ; 1426904233 _ee344879b6_b . jpg
cvrsoc ; 5; ( `bear ' , `sit on ' , `basket '); teddy bear
cvrpxx ; 5; ( ` teddy bear ' , `sit on ' , `basket '); in
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imname ; 4929276486 _ca06aedbb9_b . jpg
rvrxxx ; 4; ( `person ' , `wear ' , ` jacket ');
avrxxx ; boat ; [477 ,594 ,319 ,746]; has ; dog ; [478 ,529 ,587 ,618]
avrxxx ; boat ; [477 ,594 ,319 ,746]; carry ; dog ; [478 ,529 ,587 ,618]

imname ; 7171463996 _900cb4ce33_b . jpg ; r imxxx

In Listing 3.1, the �rst entry speci�es two improvements to a single visual relationship
for the image in question (indicated by keyword imname). The visual relationship re-
ferred to is the one currently occupying position (index) 4 in the image's list of annotated
visual relationships. The user-friendly version of this visual relationship is currently
(person on shelf). If the NeSy4VRD work�ow �nds a mismatch between index
4 and (person on shelf), it aborts and explains the discrepancy, allowing correc-
tions to be applied to the instructions in the text �le. The cvrsoc instruction declares
an intention to change the subject's object class, indicated by soc in the instruction
name, from person to speaker, (aka `audio speaker'). Once the NeSy4VRD work�ow
executes the cvrsoc instruction, the user-friendly version of the visual relationship be-
comes (speaker on shelf), so this is echoed in the instruction which follows, to
avoid a mismatch that would lead to the NeSy4VRD work�ow aborting. The next in-
struction for that same visual relationship, the cvrsbb instruction, declares an intention
to change the subject's bounding box, as indicated by sbb in the instruction name.

The other instructions seen in the listing work similarly. Instruction cvrooc declares
an intention to change the `object' object class; instruction cvrobb declares an inten-
tion to change the bounding box of the `object' object; instruction cvrpxx declares
an intention to change the predicate of a visual relationship. Instruction avrxxx de-
clares an intention to append (introduce) a new visual relationship to the image's list
of annotations. Instruction rvrxxx declares an intention to remove a particular visual
relationship. Finally, instruction rimxxx requests that an image, and all of its annotated
visual relationships, be removed from the annotations altogether.

3.9.3 The NeSy4VRD work
ow

The NeSy4VRD work�ow is a set of Python modules and scripts that implement a con-
�gurable, multi-step sequential process for applying planned, pre-speci�ed customisa-
tions and extensions to NeSy4VRD annotated visual relationships, in an automated,
safe, repeatable manner. Each sequential step of the work�ow relates to discrete cat-
egory of annotation customisation, and is performed by a dedicated Python script de-
signed for that task. A con�guration module co-ordinates the multi-step process. Each
step (script) of the work�ow imports the con�guration module to access the variables
it needs in order to execute properly. Each step is optional, and depends only on the
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category of change one wishes to apply.

The instance of the NeSy4VRD work�ow that we con�gured for our work—the work
that related to cleaning and improving the crowd-sourced annotated visual relation-
ships of the VRD dataset so we could design VRD-World—consisted of the following
steps:

1. change existing and/or add new object class names or predicate names to the
respective master lists that de�ne these names;

2. execute the annotation customisation and extension instructions that have been
speci�ed using the NeSy4VRD protocol, and stored in a particular text �le;

3. for a speci�ed set of images, change all instances of object class X to object class
Y; (more than one set of images can be processed in this way);

4. merge all instances of object class S into object class R; merge all instances of
predicate A into predicate B; (multiple such pairs can be processed);

5. remove all instances of speci�ed visual relationship types, globally;

6. remove all image entries from the annotations dictionary that have zero visual
relationships annotated for them;

7. execute the annotation customisation and extension instructions that have been
speci�ed using the NeSy4VRD protocol, and stored in a particular text �le;

8. execute the annotation customisation and extension instructions that have been
speci�ed using the NeSy4VRD protocol, and stored in a particular text �le;

9. change visual relationship type E to type F, globally; (multiple such pairs can be
processed; restrictive conditions apply);

10. �nd images with duplicate visual relationships and remove the duplicates, glob-
ally;

11. execute the annotation customisation and extension instructions that have been
speci�ed using the NeSy4VRD protocol, and stored in a particular text �le.

3.9.4 Distributed annotation enhancement

Distributed annotation enhancement (DAE) is the name we have given to (what we be-
lieve to be) a novel model for collaboratively enriching the annotations of a dataset, in a
decentralised, distributed manner. The idea for DAE emerged from the NeSy4VRD pro-
tocol and the NeSy4VRD work�ow infrastructure described in the preceding sections.
DAE facilitates the sharing of extensions to NeSy4VRD, and the utilisation of shared
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extensions. The DAE model is distinct from the conventional crowd-sourcing model for
distributing the effort of annotating datasets.

We describe our vision of DAE with respect to NeSy4VRD in two parts. Part one is as
follows. Ideally, some researchers opt to use NeSy4VRD in their neurosymbolic sys-
tems research. In the process of doing their research, some opt to enrich NeSy4VRD,
by extending or tailoring its annotated visual relationships in some way. The motiva-
tion may be to tailor NeSy4VRD to better �t particular research needs (e.g., by creating
conditions suited for speci�c experiments), or it may be simply to contribute to the
enrichment of the dataset. Ambitions to tailor NeSy4VRD in such ways are realistic
because the dataset is small (5000 images), and because NeSy4VRD provides the in-
frastructure that supports its own extensibility. Ideally, some of the researchers who opt
to extend or tailor NeSy4VRD, will go further an opt to share their extensions. The
documentation for DAE on GitHub speci�es how such extensions can be packaged for
sharing. The NeSy4VRD GitHub site also invites researchers to use the site as a central
repository for hosting NeSy4VRD extensions or for advertising links to NeSy4VRD
extensions.

Part two of DAE is about utilising shared extensions to NeSy4VRD annotations. The
vision here is for researchers interested in using NeSy4VRD to have the freedom to
compose a particular instance of NeSy4VRD annotations that best suits their research
needs. The foundation would likely always be the baseline NeSy4VRD annotations,
but these would be composable with any or all of the extensions that have been shared
up to that point. The NeSy4VRD work�ow provides the infrastructure to manage the
composition. In particular, it provides the interpreter of the NeSy4VRD protocol. The
protocol interpreter permits any NeSy4VRD extension (that is properly speci�ed using
the NeSy4VRD protocol) to be composed with the baseline NeSy4VRD annotations,
and with any other shared extension of the NeSy4VRD annotations.

For example, suppose researcher A annotates instances of `water' in the images of
NeSy4VRD, and introduces visual relationship annotations that reference water, and
opts to share this extension. Suppose researcher B does the same with respect to the
object class `snow'. Researcher C would then have the option to compose an instance
of NeSy4VRD that includes the baseline annotations, plus the extensions contributed
by researchers A and B.

The concept of DAE is described at greater length in the NeSy4VRD repository on
GitHub, at https://github.com/djherron/NeSy4VRD. The concept generalises beyond
NeSy4VRD itself. The keys to the idea are the text-based protocol for specifying anno-
tation customisations and extensions, and the protocol interpreter.
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3.10 Summary

NeSy4VRD is a multi-faceted `image dataset + OWL ontology' resource. It facilitates
neurosymbolic research with OWL-based knowledge graphs for the computer vision
task of detecting visual relationships in images. The NeSy4VRD dataset restores public
access to the images of the VRD dataset (Lu et al., 2016), and combines these with
quality-improved NeSy4VRD annotated visual relationships. Uniquely, NeSy4VRD
accompanies its dataset with a well-aligned, companion OWL ontology, called VRD-
World. The alignment is deliberately strong enough for the results of OWL reasoning
over the ontology (in the presence of accompanying data facts) to be directly pertinent
to the subsymbolic learning task of detecting visual relationships in images. These
core components of NeSy4VRD are themselves accompanied by comprehensive soft-
ware infrastructure that supports the extensibility of NeSy4VRD. NeSy4VRD enables
neurosymbolic research with OWL-based knowledge graphs by lowering the barriers to
entry for conducting such research.
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Chapter 4

Knowledge Graph Reasoning for
Visual Relationship Detection

Chapter 3 described thread one of our research into combining subsymbolic learning
with symbolic OWL reasoning: our creation of the NeSy4VRD resource to enable our
research. This chapter presents thread two of our research: using OWL-based knowl-
edge graph reasoning to guide neural, subsymbolic learning for detecting visual rela-
tionships in images. Thread two of our research relies upon NeSy4VRD. Thread two of
our research is our �rst opportunity to address our central research questions: (i) how
can we combine subsymbolic learning with symbolic OWL reasoning, and (ii) what are
the effects or bene�ts of doing so?

To consider our research questions within the setting of thread two (detection of visual
relationships in images), we conducted two investigations. Both investigations use a
common, baseline deep learning system for visual relationship detection, and specialise
that baseline system by (i) exercising a particular aspect of OWL reasoning, and (ii)
by integrating that aspect of OWL reasoning in a particular way. In the process, the
baseline deep learning system becomes a neurosymbolic system. Both investigations
look for evidence of the effects of OWL reasoning in recall@N predictive performance
scores, and by analysing the underlying predicted visual relationships themselves. We
look for the effects of OWL reasoning on deep (subsymbolic) learning using other met-
rics as well, such as: the volume of predicted VRs per image, mAP@N, learning speed
(measured in training epochs), and the incidence rate of semantically invalid predicted
VRs. Both investigations leverage OWL reasoning during neurosymbolic system train-
ing and inference.

For both investigation 1 and investigation 2, the only difference between the common
baseline deep learning system and the neurosymbolic system used in the investigation
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is the category of OWL reasoning that is exercised, and the manner in which it is in-
tegrated. This deliberate construction allows us to be con�dent that any changes we
observe in neurosymbolic system predictive performance relative to baseline, as a result
of integrating OWL reasoning, are due to OWL reasoning alone. In other words, we
are con�dent that the effects of OWL reasoning that we observe are causal, and not
distorted by confounding variables.

We begin the chapter by quickly de�ning the computer vision task of detecting visual
relationships in images, in order to set the scene for all of thread two of our research.
Then we describe our baseline deep learning system for detecting visual relationships
in images. Then we present investigation 1. Investigation 1 leverages OWL reasoning
to augment the visual relationship annotations of the images that serve as targets during
training. We show that this augmentation (this scene graph materialisation) enriches the
supervision in ways that usually lead to improved visual relationship detection predic-
tive performance, but not always.

Then we present investigation 2. Investigation 2 leverages OWL reasoning to apply a
semantic loss penalty as a form of logical constraint, to help teach a neural network
the domain and range restrictions declared within the VRD-World ontology in order
to avoid predicting visual relationships that are semantically invalid. We show that an
OWL-based knowledge graph can be leveraged in the guise of a symbolic reasoning
binary classi�er. We describe our use of the symbolic reasoning binary classi�er during
both neural network training and inference. During training, it allows us to apply our se-
mantic loss penalty to guide neural learning. During inference, it allows us to �lter-out
semantically invalid predictions so they are not submitted for performance evaluation.
Following our discussion of investigation 2, we brie�y describe some future work, be-
fore closing with a summary.

4.1 The visual relationship detection problem

Figure 4.1 sets the scene for all of thread two of our research into combining subsym-
bolic learning with symbolic OWL reasoning. It provides a conceptual overview of the
visual relationship detection problem, where the objective is to identify the objects in an
image, and to predict relationships between those objects, such that the predicted visual
relationships match the visual relationships that have been annotated for the image. It
also expresses the central hypothesis of thread two of our research: that a neurosym-
bolic system that leverages OWL-based knowledge graphs and OWL reasoning, can
outperform a deep learning system that relies on subsymbolic learning alone.

For example, Figure 4.1 indicates that (dog ride surfboard) is a visual relationship
that has been annotated for the image in the �gure. It suggests that the deep learning
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Figure 4.1: A conceptual rendering of the visual relationship detection problem, and of the
hypothesis that by combining symbolic OWL reasoning with deep learning, we can improve deep
learning's predictive performance with respect to visual relationship detection in images.

system (in the top half of the �gure) has failed to predict that visual relationship, and
that the neurosymbolic system (in the bottom half), that leverages OWL reasoning in
order to guide deep learning, succeeds in predicting that visual relationship.

Metrics traditionally used with the visual relationship detection problem (and the VRD
dataset) are recall@50 and recall@100. In Figure 4.1, if we suppose that the four an-
notated visual relationships represent all of the visual relationships annotated for the
image, then, recall@N (for N > 3) for the baseline deep learning system is 1=4 = 0:25,
and recall@N for the neurosymbolic system (that leverages OWL-based knowledge
graph reasoning) is 3=4 = 0:75.

Two regimes of experimentation In Lu et al. (2016), the paper which introduced
the VRD dataset, the authors distinguish between what they call a `visual relationship
detection' regime of experiments, and a `predicate detection' regime of experiments.
This set a pattern which others have followed, including ourselves. In the `visual re-
lationship detection' regime, one uses the objects detected by an object detector for
training any downstream components of a visual relationship detection system. In the
`predicate detection' regime, one uses the objects in the annotated visual relationships
for training downstream components. The `predicate detection' regime is akin to sim-
ulating the existence of an object detector—a perfect one that detects precisely those
objects that have been annotated. It eliminates the noise of the object detection, and
puts all the attention on the prediction of predicates.
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The performance of our object detector was indeed noisy. With the `predicate detection'
regime of experimentation, however, we were much more con�dent that the changes in
metric scores we observed in our experiments were due exclusively to the effects of
OWL-based knowledge graph reasoning. We did not have to worry that perhaps the
signal we were receiving had been distorted by noise. We came to regard the `predicate
detection' regime of experimentation as `noise cancellation mode', and eventually we
came to use it exclusively. Our true subject of study is exploring ways of combining
subsymbolic learning with symbolic OWL reasoning, and examining the effects or ben-
e�ts of doing so. For us, the computer vision task of visual relationship detection in
images is merely a context (a somewhat arbitrary context) in which to study our subject.
We had no qualms when we eventually effectively abandoned the `visual relationship
detection' regime of experimentation in favour of the `predicate detection' regime. We
did not wish to study our subject through a cloudy microscope.

4.2 Our baseline deep learning visual relation-
ship detection system

Here we discuss the architecture of our baseline deep learning visual relationship detec-
tion system. We begin with a high-level overview. Then we discuss components of the
architecture in detail, and describe how we worked with them for the purposes of our
three investigations.

4.2.1 Overview

Figure 4.2 shows the architecture of our baseline deep learning system for detecting
visual relationships in the VRD images of the NeSy4VRD dataset. Conceptually, the
system is a simple pipeline of two components: an object detection neural network fol-
lowed by a predicate prediction neural network. The object detection neural network
detects objects in the VRD images, localising them with bounding boxes, and classi-
fying the object within each bounding box. The predicate prediction neural network
(PPNN) predicts relationships between ordered pairs of the objects in an image. Figure
4.2 also shows how the noise of object detection (due to misidenti�ed objects) can be
cancelled by working with the annotated objects in place of detected objects.

4.2.2 Object detection

Here we describe our object detection model and how we worked with it. The model we
used for object detection is the PyTorch implementation of a Faster R-CNN ResNet50
FPN object detector. PyTorch provides a pretrained instance of the model that is trained
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