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Abstract

This dissertation comprises research in diverse areas related to both ontology reasoning and
ontology modeling. While these two topics differ in certain important ways, fundamentally data
representation and modeling is central to the development of common-sense and useful reasoning
methods, and useful reasoning applications enhance and enrich semantic models with ontologies.
The contributions to both topics in this document are approached separately from a unified perspec-
tive, where ontology modeling and reasoning do not merely exist as adjacent topics, but instead
inform each other. The five internal chapters each correspond to unique and related publications
that all orbit this core topic and are contextualized in the introduction with central themes, which

are then re-examined in the conclusion.
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Chapter 1

Introduction

This cumulative dissertation comprises research in diverse areas related to both ontology reason-
ing and ontology modeling. While these two topics differ in certain important ways, fundamen-
tally data representation and modeling is central to the development of common-sense and useful
reasoning methods, and useful reasoning applications enhance and enrich semantic models with
ontologies. In this chapter some initial context is provided from a high-level perspective so that
readers may familiarize themselves with the general concepts behind the research presented in fol-
lowing chapters containing the academic publications. More specific information will be provided
in the chapters themselves that pertains to the content involved. At the end of this chapter some
motivation will be presented that provides some justification to bind the chapters together in a

centralized way and that will be examined in the the conclusion.

1.1 Ontologies

The word ontology comes from a domain of philosophy, specifically metaphysics, that attempts to
describe what things exist, and investigates the nature of this existence. Ontologies in computer
science are called this way because they are used for a similar reason, though in this case the appli-
cation is more pragmatic. An ontology is, to put it very briefly, a formal artifact that describes in

a logically precise manner the way data should be organized in order to to represent the intended



Table 1.1: ££T Semantics

Description Expression Semantics
Individual a ac A?
Top T AT
Concept C ctc At
Role R RT C AT x AT
Conjunction cnb ctnD?
Existential Restriction JR.C { a | there is b € AT such that (a,b) € Rf and b € C7 }
Concept Subsumption cCCD Cctc D*
Role Subsumption RCS RTC §*
Role Chain Rio---oR,C R R%O---ORggRI

with o signifying standard binary composition

semantics of whatever domain it describes. This means that, like this dissertation, research into
ontologies has both a formal part that investigates how they can be leveraged for reasoning appli-
cations, and also a user-centric part that involves the semantics of what people want to represent
and how to facilitate this in an efficient way.

Ontologies are often expressed in the Web Ontology Language (OWL) [1], and OWL ontolo-
gies correspond to particular description logics (DL). Typically a DL has three major components
all of which are used to form axioms with a flexible set of logical operators: classes, roles', and
individuals. The type of description logic used can vary based on what logical operators are used
in the ontology.

Typically OWL ontologies support description logics with operators such as conjunction 1,
disjunction L, existential quantification 3, universal quantification V, and binary composition o, all
of which are connected with C to form axioms out of expressions. The choice of which operators
to support in a given ontology has significant impact on the semantics for both modeling and
reasoning.

In Tables 1.1 and 1.2 we can see the semantics for the two different logics mentioned specifi-

cally in this document to illustrate this point. Table 1.1 shows the very simple logic of ££" where

IClasses are sometimes referred to as concepts, and roles are sometimes referred to as properties. As the terms are
equivalent we will prefer the ones shown here.



Table 1.2: ALCH Semantics

Description Expression Semantics
Individual T rt e AT
Top T AT
Bottom L 0
Class B BT C AT
Role R RT C AT x AT
Negation -B A\ B
Conjunction Bric BT nC?
Disjunction BuUcC BTuC?
Existential Restriction dR.B { x| there is y € A such that (z,y) € RT andy € BY }
Universal Restriction VR.B {z| forally € AT where (x,y) € RY, wehavey € B* }
Class Assertion B(a) at € BY
Role Assertion R(a,b) (a,b) € R*
Negated Role Assertion | —R(a,b) (a,b) ¢ R*
Class Subsumption BCC BT Ccc?
Class Equivalence B=C BT =(C?
Role Subsumption RCS RT C S%

there is no disjunction, negation, or universal quantification. This makes modeling and reasoning
with £L£T ontologies quite a bit simpler than ontologies that use ALCH semantics shown in Table
1.2 where these connectives do appear and permit more complex expressions. This is not always
a linear relationship when comparing description logics however, since we can see that ££1 does

support o while ALCH does not.

1.1.1 Ontology Reasoning

Ontology reasoning is a broad domain that takes the formal axioms and rules present in an ontology
and derives new insights from them [2]. Ontology reasoning is usually deductive: it uses a set of
known facts and the schema provided by the ontology with a reasoning algorithm to find out new
information. This can be a fairly simple process like we see in part of Chapter 4 [3] where the
description logic ££7 is used as input to the system, or it can be recursive and complex like the

reasoning shown in Chapter 3 [4] with the more complicated logic called ALCH. There are also
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inductive approaches to ontology reasoning, which attempt to perform or augment reasoning with
machine learning and neural network techniques as is shown in of Chapter 4 with long short-
term memory networks. And of course the backbone of an efficient reasoning algorithm is often
the data representation underpinning the algorithm, an example of which is presented Chapter 2
[5] that provides an interface between the reasoning application and the person who inputs the

ontology according to their desired semantics.

1.1.2 Ontology Modeling

Ontology modeling addresses one of the other major aspects of ontology research, namely the
semantics and methodology surrounding their development. This involves laying groundwork in
software like we see in Chapter 2. But it also concerns aspects of usability and design preference as
discussed in Chapter 5 [6], where an empirical study was undertaken to investigate how complex
an ontology really needs to be in order to be useful. This is important for modeling as well as
reasoning, since the necessary complexity of an ontology will determine a large portion of the
reasoning complexity. In Chapter 6 [7] an example is presented of a particular ontology with
examples that shows the results of modeling with a modular methodology that aligns with the

observations presented in Chapter 5.

1.2 Motivation

Throughout this document there are examples that touch on various aspects of a unified research
program. While the separate contributions themselves do not directly mention an overarching
theme, it is not hard to detect some themes if a reader knows what to look for. For this reason a
short set of related research questions are presented here before the subsequent chapters begin to
focus and motivate them. Later in the conclusion in Chapter 7 the questions will be examined in

depth.



1. How can software support both ontology development and modeling as well as reasoning?
2. What are novel ways in which ontology reasoning can be efficiently accomplished?

3. In what ways can ontology reasoning leverage other Al techniques?

4. How do the semantics of ontology modeling impact ontology reasoning?

5. What does an ontology that was developed with modeling techniques look like?

Figure 1.1: Motivating research questions

Each of these questions corresponds to one of the five chapters following this introduction,
though all questions are probably relevant to some degree throughout. Chapter 2 addresses question

1, Chapter 3 investigates question 2, and so on.

1.3 Outline

This cumulative dissertation contains five chapters that each respond to one of the research ques-
tions shown in Figure 1.1. First Chapter 2 will present and discuss how an API can support ontol-
ogy authoring and editing for modeling or reasoning. Next in Chapter 3 we will see how a reasoner
can be developed with the same ontology API as the first chapter that provides an innovative re-
formulation of a traditional reasoner algorithm with unique benefits and design tradeoffs. The
following Chapter 4 presents an alternative approach to ontology reasoning that tries to perform
symbolic reasoning tasks with a neural network. Then in Chapter 5 we will see an evaluation of
how ontology modeling could be done more simply with patterns, and in a way that could greatly
impact the reasoning complexity of an ontology. Finally we will see an example of an ontology
that was modeled using these patterns.

Each chapter begins with an overview of the publication and a short description of how it
connects to the research presented here. Then a duplication of the camera-ready pre-print discussed

in the chapter will be reproduced in the appendix for reference. At the end of the document



there will be a short conclusion that summarizes the topics discussed and revisits the motivating

questions.



Chapter 2

A Functional API for OWL

2.1 Overview of Contribution

This chapter presents work that led to the development of an API for the Web Ontology Language
(OWL) called (f OWL)[5]. The (f OWL) API is named in this way because it is implemented
in Clojure, a dialect of the Lisp functional programming language, which uses parentheses to

encapsulate functions as seen in the logo in Figure 2.1.

WL

Figure 2.1: (f OWL) logo

(f OWL) provides an alternative style of interaction with ontologies to the commonly used
OWL API [8] that is implemented in an object oriented style. The existence of alternatives like
(f OWL) allows users and developers to interact with OWL ontologies with different styles of
programming interfaces. The implementation style also leverages data structures and techniques
unique to the language so that OWL ontologies can be interacted with in different ways that can

yield positive results in terms of speed and efficiency for the computer and the user.



2.2 Connection to Research

(f OWL) is not by itself a major publication result, it does however connect directly to the subse-
quent paper where it was used to develop a reasoner. The primary contribution in this work besides
its connection to the next chapter is the connecting role it shows between ontology reasoning and
ontology modeling and development in response to research question 1. With the API a user can
develop ontologies according to their preferred methodology and then later reason with them using

applications that interface with the same API.



Chapter 3

Should I Stay or Should I Go: A New

Reasoner for Description Logic

3.1 Opverview of Contribution

The research discussed in the chapter regards a reasoner called Emi that was featured in [4]. The
Emi reasoner is a reformulation of traditional tableau reasoners to solve axioms more like rule-

based reasoners.

3.1.1 Tableau Reasoning Algorithms

A tableau algorithm [2] is an algorithm that can determine the consistency of an ontology. Usually
ontologies that are expressed in logics that contain disjunction, conjunction, universal quantifica-
tion, existential quantification, and negation, such as ALC' and logics that have it as a sub-logic
like ALCH in Figure 1.2, require tableau reasoners.

The tableau algorithm works by drawing out a graph of individuals in the ontology to determine
if the membership of the individual can be verified for every class expression. To give an example,
assume we have a very simple ontology such as the one shown in Figure 3.1'.

Here there are two axioms and three assertions about them, and we can see how a tableau can

M this example A,B,C are class names, R is a role name, and d,e are individuals.



{AC B, Bc 3R.C, A(d), R(d,e), C(e)}

Figure 3.1: Example Ontology Fragment

be constructed in Figure 3.2. Each of the two nodes corresponds to a unique individual from the
ontology, and the label L contains a set of expressions that the individual is a member of. This
simple example is easy enough to trace mentally by simply inspecting the axioms, but a larger
ontology with more axioms and individuals can very easily produce a very large graph that is quite

complex and interconnected.

L(d) = {A, B, IR.C}

L(e) = {C}

Figure 3.2: Example Tableau Graph

3.1.2 Rule-Based Reasoning Algorithms

Rule-based reasoners are designed for different types of logic such as Horn-logics and logic pro-
gramming. These logics often have different semantics than description logics but can often work
together when ontologies and rules have compatible expressivity.

A rule-based reasoner comparable to the tableau example seen previously is shown in Figure
3.3. Here we have the same two axioms and three assertions, they are just written as if they were
logic programming axioms. If we want to see how a rule-based reasoner functions, we an simply
take the axioms along with all of the assertions we know as facts, and then any time the antecedent

of an axiom is true based on the facts that we have we also add the consequent of the axiom. For
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{A(x) :- B(x), B(x) - R(x,y) A C(y), A(d), R(d,e), C(e)}

Figure 3.3: Example rules

example, because we know A(x) : —B(z) and we know A(d), then we can also add B(d) to the
facts that we know.

This type of reasoning can also be quite complex as well in more elaborate scenario. However
there is a sense in which it can be more intuitive, since at any stage the axiom remains the same

and a human often might solve the reasoning problem in a similar way by attempting substitution.

3.1.3 Emi

The Emi reasoner is an attempt to re-imagine the tableau algorithm as a complex type of rule
reasoner. This is done by taking the tableau expansion rules such as shown in Figure 3.1 [2] that
are used to solve the tableau algorithm and inverting them like we can see in Figure 3.2, so that
instead of making a graph with individuals labelled by their expressions, the algorithm instead
works with expressions labelled by their individuals. This minor change allows the Emi reasoner

to ’solve’ axioms as if they were rules by substitution as long as no backtracking is required.

the following expansion rules apply to element = when z is not blocked
M-rule ifl. (CMD) e L(x)
2. {C,D} ¢ L(x)
then L(z) — L(z)U{C,D}
U-rule if 1. (CUD)e L(x)
2. {C,DYNL(x)=10
then either £L(x) — L(z) U{C}
orelse L(z) — L(x) U{D}
Jrule if 1. JR.C € L(x)
2. thereisnoys.t. L((z,y)) = Rand C € L(x)
then create a new node y and edge (z,y) with £(y) = {C'} and L((z,y)) = R
V-rule if 1. VR.C € L(x)
2. thereis some y s.t. L((z,y)) = Rand C' ¢ L(x)
then L(y) — L(y)U{C}

Table 3.1: ALC Tableau Expansion Rules

A side effect of this inversion of the tableau is the emergence of many new and potentially

11



M-rule ifl. e £L(CMND)
2. ¢ L(C)NL(D)
then L(C)— L(C)U{z}
L(D) = L(D)uU{z}
U-rule if 1. z € £L(CUD)
2. ¢ L(C)UL(D)
then either £L(C) — L(C) U {z}
orelse L(D) — L(D)U{z}
Jrule ifl. z € L(IR.C)
2. thereisnoys.t. (z,y) € L(R)andy € L(C)
3. thereis no z s.t. z is blocked by 2
then create a new element y with y € £(C') and (z,y) € L(R)
V-rule ifl. 2 € L(VR.C)
2. thereissomey s.t. (x,y) € L(R)andy & L(C)
then L(C)— L(C)U{z}

Table 3.2: Inverted ALC Tableau Expansion Rules

powerful optimizations that may not translate to a traditional tableau. One such optimization,
called ABox expansion, works lie the rule based reasoners, where a fact that we know for certain
from the assertions can cause other new certain facts to emerge from the reasoning process that
are a direct result of the assertions. Adding these to the reasoner allows it to vastly reduce the
potential search space for a solution by removing impossible configurations from consideration.
Another optimization emerges from the need to reformulate the notion of blocking in a functional
programming style to ensure termination where there are no global references or variables, which
we call local blocking. By maintaining a history where newly created individuals came from, and
where their ancestors originated, it is quite straightforward to simply prevent axioms from creating
cycles by stopping them from generating new individuals whenever an individual in their history

exists as a result of the axiom that is currently being solved.

3.2 Connection to Research

The Emi reasoner and its accompanying publication demonstrate that there is indeed value in
reexamining established reasoning algorithms. Although Emi does not (and likely cannot) chal-

lenge fundamentally the proven complexity of reasoning with OWL ontologies, by approaching

12



the problem in a new way it demonstrates that for research question 2 there are many possible
novel methods still available for researchers to explore that can optimize reasoning performance

and eplainability.
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Chapter 4

Completion Reasoning Emulation for the

Description Logic EL+

4.1 Overview of Contribution

This chapter concerns the publication [3] where a simpler description logic ££7 is used to generate
input for training a neural network, which is then evaluated to see if it can be used to emulate the
behavior or a reasoner by learning the sequences of its inferences.

The inferences that occur in an ££7 reasoner are similar in some respects to the rule-based
reasoners described in Chapter 3. However, because £L£7 is so simple it can actually be evaluated
without inspecting any individuals and instead applying a series of completion rules like can be
seen in Figure 4.1 on axioms themselves. These rules can be used by taking each and searching
for axioms in the ontology that fit the pattern on the left side, and then whenever a match is found
adding new inferred axiom to the ontology of the form on the right hand side and repeating the
process. For £L£" ontlologies there are always a finite number of these entailments that can be
generated, and at a certain stage of doing this reasoning every axiom can be checked by every
rule and nothing new will emerge. This stopping point is known as completion, hence the name
completion rules.

Because this reasoning process is deterministic and follows certain pre-defined patterns in

14



Table 4.1: ££* Completion Rules

() ACC CLCD =ACD
2 ACC, ACC, CNC,CDEACD
3) ACC CLC3RD =AC3R.D
4 AC3IRB BCC 3RCCD =ACD
(5) AC3ISD SCR =AC3RD
(6) AC 3R,.C C C3Ry.D RioRyC RE=AC 3R.D

5
ompletion Step
ompletion Step n

Completion Step T Completion Step 2

KB Vector Copy 1 KB Vector Copy 2

KB Vector

Figure 4.1: Flat Architecture

terms of the inferences it makes at each stage, the data collected from this reasoner was then
fed into a series of different very simple Long Short-Term Memory (LSTM) networks and trained
to trace the input ontology into the inferences that should emerge from reasoning with comple-
tion rules. The most basic control network can be seen in Figure 4.1 where no special help or
assistance was given to the network and it was just naively trained as-is with the defined input and
output sizes.

Two other networks were devised that roughly correspond to each other in order to test whether
intermediate results from the reasoner can augment or improve the process. Figure 4.2 shows a
network where the training is shaped according to this intermediate reasoning stage, but which
is allowed to train and correct itself from the real inputs and outputs. In Figure 4.3 the same
network is now split into two parts that are trained separately, first training the input layer to learn
intermediate results, then training the output layer to learn answers from intermediate results. On
evaluation results are fed from one network directly into the other so that both networks were

comparable.

15



Completion Step 1
Completion Step 2

[A- Train 1 to match reasoner step support data
B. Test 1 and save result

(C. Train 2 using correct answers from reasoner|
ID. Test 2 using saved data from 1

Completion Step n

Eompletion Step 1 Completion Step 3 Eompletion Step 1 @F@ Completion Step 1
LSTM Cell LSTM Cell 1 (
Gopports ST Gapponts step
Supports Step I Supports Step 2

Supports stey
LSTM Cell }—)‘ LSTM Cell }—)

©
KB Vector Copy 1 KB Vector Copy 2

4
u

i

LSTM Cell

+

LSTM Cell

* g

1

M
K8 Vector Copy | KB Vector Copy 3 8 Vector Copy 0
(KB Vector)

Figure 4.3: Piecewise Architecture

KB Vector Copy 1

*

Figure 4.2: Deep Architecture

Although none of these LSTMs achieved groundbreaking accuracy, they did begin to very

closely resemble the shape and patterns of the correct answers, even though the answers themselves

were not exact.

4.2 Connection to Research

This chapter relates to the research question 3 by demonstrating how reasoners can be used with
other Al techniques such as LSTMs and neural networks to investigate interesting new ways of
performing inference and combining the unique benefits of different styles of Al. The potential to
learn with intermediate answers could provide a way to peek inside the black box of many deep

learning systems and gain insights into what they are really learning and how this can be leveraged

for reasoning purposes.
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Chapter 5

Expressibility of OWL Axioms with

Patterns

5.1 Overview of Contribution

The publication [6] featured in this chapter takes a step away from reasoning directly and inves-
tigates how ontologies could be modeled, based on their semantics, and whether this could have
been simpler if written differently. This paper is primarily concerning modeling, but reasoning still
plays a role as complexity of axioms and how they are authored can impact the performance of a
reasoner. From a modeling perspective the complexity of axioms is critical, however, as writing
and working with axioms when modeling can have a steep learning curve.

Complexity is managed in the modeling process by adhering to a modular methodology [9] that
uses patterns to formulate common simple axioms that authors often use when writing ontologies
that can also be easily displayed in a visual editor. To evaluate whether existing ontologies could
have been written with these simple patterns (even though they weren’t), an empirical analysis was
done to see what percentage of the axioms they contained might have emerged from pattern.

This involves first doing a very simple normalization that has no impact on the semantics of the
ontology, in case some axioms were written in ways that could very easily be broken down into

multiple simple parts. Next these axioms were matched against the axiom patterns shown in Table

17



5.1 in much the same way as the ££ completion reasoner examines axioms, except in this case
it is not doing inference but instead counting axioms that were or could have been expressed with

each pattern.

Subclass ALCB Functional T CLKIR.T
Disjoint Classes ANBLC L Qualified Functional T C<IRB
Domain JR.T CB Scoped Functional AC <IR.T
Scoped Domain JRALCB Qualified Scoped Functional ALC <IRB
Range T C VR.B Inverse Functional T CKIR™.T
Scoped Range AC VRB Inverse Qualified Functional T CLKIR™ B
Existential ALC JR.B Inverse Scoped Functional ACKIR™.T
Inverse Existential A C JR™.B Inverse Qualified Scoped Functional A C <IR™.B
Structural Tautology A C >0R.B

A,B,R are variable terms that contain at most one class or role name, or a data range

Table 5.1: OWLAXx Axiom Patterns

In the resulting evaluation it turns out that, despite performing a very simple analysis, almost
all of OWL axioms that occur in OWL ontologies that were inspected could have been or were

simple and expressible with patterns.

5.2 Connection to Research

The content in this chapter addresses research question 4 by examining ways in which ontology
development methodology that involves simple patterns of tractable axioms can inform and impact
a reasoning algorithm. Because we can see that most of OWL doesn’t need to be overly complex
to still fulfil its purpose, reasoners like Emi that perform well on simple axioms can benefit from a

unified design process that encompasses ontology development as well as ontology reasoning.
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Chapter 6

A Domain Ontology for Task Instructions

6.1 Overview of Contribution

The final chapter in this document references a publication that uses the methodology [9] examined
in the previous chapter and produces a tangible artifact. The ontology itself can be seen in Figure

6.1, as well as the modules that were used to construct it that are indicated by the grey boxes.

Action
""" clicking ]
! !
Ureading 1| e
| retrieving i Instruction! I Affordance ]
| searching | —— -
| listening-for |
| e | [Act\on»lnsirucﬁcn]—b{ Instruction ]»555"‘"9 -
,,,,,,,,,,,,, ‘ ISR-MATB Experiment
haslnstrucon | _______
SIS - afrds | onvQuadrant
[ Gmgipackoainybaloll |
triggers
Action 99 ’{ TransitionDescription ] [ Description-Instruction ] hasLocation
Description -
hasPostSituationDescription
|
SituationDescription,
informs hasName
SituationDescription [~ hasCurrentCondition { i it } oﬁype)[ Type ] providesRole b
hasEarlierCondition hasCurrentCondition hasFirstitem
hasSeconditem ItemRole
ltemDescripton [« i 0 pressseesoo
isPresent hastiemRoieType | lrgel
refersToltemLocation P N
refersTolemColor | reforsToltemType infoBution
i T
refersToltemShape
Item hasAffordance Type clickable
refersTo affords _| searchable
hasltemName ] retrievable
@ i findable
| audible
) visible

Figure 6.1: ISR-MATB Ontology

This ontology describes an experiment in cognitive science, where a cognitive agent was de-

19



signed to perform a set of tasks and respond as a human would. Each task involves some set
of instructions, shown in the instruction module, that could describe the agent’s environment or
situation in the situation description. The agent could then take actions which might alter the envi-
ronment or experiment. There are also modules to represent affordances the agent had, as well item
roles for the items in the agent’s environment and of course a module fr the experiment itself. Each
axiom included in the ontology is described in detail in a short axiomatization for each module so

that a reader can connect the high-level diagram with the formal axioms.

6.2 Connection to Research

This publication shows an example of what an ontology can look like when it is designed with the
methodologies and techniques discussed in the previous chapter. It responds to research question
5 by providing such an example and describing the use case in detail to contextualize how the

ontology development meets the needs of the users.
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Chapter 7

Conclusion

To tie things together now here in the conclusion, the research questions from Figure 1.1 will be

reexamined and discussed in context of their respective chapters.

Research Question 1:

How can software support both ontology development and modeling as well as reasoning?
In Chapter 2 an example was given of how software can be developed to represent the se-
mantics of an OWL ontology in efficient ways to meet particular requirements of a user. With (f
OWL), not only is there a flexible and lightweight API for ontology management in the functional
programming paradigm, but also a framework upon which reasoning applications such as Emi can

be developed. Although there are certainly other options for different use cases and preferences, (f

1. How can software support both ontology development and modeling as well as reasoning?
2. What are novel ways in which ontology reasoning can be efficiently accomplished?

3. In what ways can ontology reasoning leverage other Al techniques?

4. How do the semantics of ontology modeling impact ontology reasoning?

5. What does an ontology that was developed with modeling techniques look like?

Figure 1.1: Motivating research questions (repeated from page 5)
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OWL) represents a strong example of how software can support both ontology development and

ontology reasoning.

Research Question 2:

What are novel ways in which ontology reasoning can be efficiently accomplished?

The Emi reasoner presented in Chapter 3 demonstrates that new ways of approaching estab-
lished algorithms an lead to unexpected benefits and insights. Although the Emi algorithm is
theoretically related to existing algorithms in terms of complexity, due to the unique implemen-
tation it is able to achieve certain benefits that surpass other reasoners in efficiency. This is of
course a design trade-off that benefits in some situations and adds complexity in others. In the end
it is clear that efficient and novel ways to reason with ontologies are a potentially fruitful topic for

further investigation.

Research Question 3:

In what ways can ontology reasoning leverage other Al techniques?

Chapter 4 presents a method whereby an LSTM neural network can be used to emulate a
reasoner applying completion rules to an ££" ontology. This method of reasoning trades the
certainty of a deductive algorithm for the speed and flexibility of a trained neural network. While
the range of possible Al topics that could augment ontology reasoning is quite broad, the research
in this chapter provides some useful context into one such attempt to integrate and leverage other

Al techniques in ontology reasoning.

Research Question 4:

How do the semantics of ontology modeling impact ontology reasoning?
The study presented in Chapter 5 investigates the extent to which the axiomatic complexity of
OWL ontologies is inherent to the language or simply an artifact of design choices and authorship.

To a surprising degree it turns out that ontologies are mostly very simple, even with a very naive
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analysis, and could possibly even be simpler with a more thorough investigation. This hinges on
the concept of expressibility, which relates to both ontology modeling and ontology reasoning. If
we axioms are expressible simply with patterns, then doing so benefits both the modeler and the

algorithm by removing ambiguity and complexity from the statements made.

Research Question 5:

What does a ontology that was developed with modeling techniques look like?

In Chapter 6 an example was provided that applied the axiom patterns that appeared in Chapter
5 to an actual use case. Here it can be seen how the rather simple statements made in the ax-
iomatization lead to a robust ontology that can represent a range of cognitive science experiments.
These simple axioms are used in a modular development methodology, whereby smaller modules
are modeled independently and then put together to make a larger ontology. Modularization, in
this sense, ensures that the ontology model is sufficiently precise while avoiding undesirable com-
plexity in the modeling process as well as in any potential reasoning applications that may want to

be applied in the future.
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A Functional API for OWL
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Abstract. We present (f OWL), a minimalistic, functional program-
ming style ontology editor that is based directly on the OWL 2 Struc-
tural Specification. (f OWL) is written from scratch, entirely in Clojure,
having no other dependencies. Ontologies in (f OWL) are implemented
as standalone and homogeneous data structures, which means that the
same exact functions written for single axioms or expressions often work
identically on any part of an ontology, even the entire ontology itself.
The lazy functional style of Clojure also allows for intuitive and simple
ontology creation and modification with a minimal memory footprint.
All of this is possible without ever needing to use a single class, except
of course in the Ontologies one creates!

1 Motivation

The semantic web community has widely adopted the OWL API [2] for ontology
creation and development. Many researchers and programmers find this software
very useful and enjoy its Object-Oriented style. Other APIs for OWL have also
been written in imperative languages like Owlready [3] in Python. However, some
developers prefer to program in functional languages and find that the imperative
style APIs are more of a hindrance than a help when dealing with ontologies.
There has been work towards providing functional style programming for OWL,
like Tawny-OWL [4], but this is fundamentally dependent on the OWL API so it
is cosmetically functional but not obviously compatible with many of the unique
features and optimizations of the functional style. In order to support other
styles of programming for ontologies we have developed (f OWL), a functional
perspective on ontology development.

2 (f OWL)

As an original standalone piece of software, (f OWL) is not a wrapper for the
OWL API. It starts again at the beginning and is truly functional from the
ground up. (f OWL) was written with Clojure because it is a functional lan-
guage that compiles with the Java Virtual Machine, and thus will have a broad
compatibility with any machine that can run Java. Clojure has the added benefit

Copyright (©) 2020 for this paper by its authors. Use permitted under Creative Com-
mons License Attribution 4.0 International (CC BY 4.0).
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Functional Lisp-like syntax

No dependencies Requires only Clojure

No classes Objects can be created and manipulated directly
Ontology data structure Homogeneous and uniform: can be traversed
Lightweight Supports OWL 2, no unnecessary baggage
Clojure Efficiency Lazy functions and optimizable recursion

Concise function names Avoids verbose unhelpful Java conventions

Table 1. Features of (f OWL)

of intuitive native laziness, so writing efficient programs to create and manip-
ulate ontologies is not a challenge. To ensure that the semantics are correct, (f
OWL) directly implements the grammar of the OWL 2 Structural Specification
[5]. And because it is entirely original, (f OWL) is divorced from any historical
dependencies and commitments that clutter other software.

(f OWL) includes many novel optimizations that streamline ontology devel-
opment. True to the functional paradigm (f OWL) uses functions and shuns
classes. Indeed all OWL ontology objects can be created directly with (f OWL)
functions. And since these functions are not bound up in an arbitrary class hier-
archy, they can operate on independent data structures that are internally typed
to represent OWL semantics. A (f OWL) ontology itself is simply another data
structure made of collections of smaller similar structures. This means that in
most cases an expression, an axiom, even an ontology can be traversed recur-
sively as-is without writing more functions. (f OWL) also simplifies many of the
unhelpful, highly verbose Java-style function names that occur in other programs
and instead adopts a concise functional naming scheme.

(f OWL) is built and tested using Leiningen' and the source code can be
found on GitHub.? During testing, it efficiently reads and writes copies of over
260 different functional syntax ontologies from various domains, including the
massive Gene ontology [1], with no errors being detected. It is available on the
Clojars® repository so that users can easily import it into their own Clojure
projects. ClojureDoc? for (f OWL) is available, and documentation is also acces-
sible in the read—eval-print loop (REPL) for individual functions while writing
programs.

2.1 Examples from the REPL

— Create an axiom
fowl.core=> (ont/implies (ont/exists "r" "a") "b")
SubClassOf (ObjectSomeValuesFrom(r a) b)

! https://leiningen.org/

? https://github.com/aaronEberhart/f0WL

3 https://clojars.org/onto.aaroneberhart/fowl

* https://cljdoc.org/d/onto.aaroneberhart/fowl/0.0.1-SNAPSHOT/doc/readme
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— Show the documentation for a function
fowl.core=> (doc ont/makeOWLFile)

ontology.core/makeOWLFile

([ontology filename & fileTypel)
Writes an owl file of the ontology with the supplied file name.
Optional argument allows choice of file type. No option defaults to functional syntax.
(Currently only functional syntax defined)

— Make an ontology with a Clojure threading expression

fowl.core=> (-> ont/emptyOntologyFile
(ont/setOntologyIRI "http://www.test.iri")
(ont/addAnnotations (ont/annotation "annotations" "are fun"))
(ont/addPrefixes (ont/prefix "" "http://www.test.iri/")
(ont/prefix "prefix" "http://www.prefix.iri/"))
(ont/addAxioms (ont/implies "a" (ont/IRI "prefix" "b"))
(ont/implies (ont/or "d" "g") "a")
(ont/implies (ont/inverseRole "r") "s")
(ont/fact "a" "i")
(ont/fact nyn ujn "i")))

Prefix(rdf :=<http://www.w3.org/1999/02/22-rdf-syntax-ns#>)
Prefix(rdfs:=<http://www.w3.org/2000/01/rdf-schema#>)
Prefix(prefix:=<http://www.prefix.iri/>)
Prefix(:=<http://www.test.iri/>)
Prefix(xsd:=<http://www.w3.org/2001/XMLSchema#>)
Prefix(owl:=<http://www.w3.0rg/2002/07/owl#>)

Ontology(<http://www.test.iri>
Annotation(:annotations "are fun")

ObjectPropertyAssertion(:r :j :i)
SubObjectProperty0f (ObjectInverseOf (:r) :s)
SubClass0f (ObjectUnion0f (:d :g) :a)
SubClassO0f (:a prefix:b)

ClassAssertion(:a :i)

)
— Add every third axiom from a vector into a set with a tail recursive loop

fowl.core=> (loop [counter O

axiomSet #{}

axioms [(ont/implies (ont/exists "r" "a") "b")
(ont/implies (ont/or "b" "c") (ont/not (ont/or "d" "e")))
(ont/implies (ont/roleChain "r" (ont/inverseRole "s")) "t")
(ont/fact (ont/inverseRole "s") "i" "j")
(ont/fact "a" "i")
(ont/fact "d" "i" (ont/stringliteral "1"))
(ont/implies (ont/roleChain "s" "q") "t")]]

(if (empty? axioms) ; are there no axioms left?
axiomSet ; return axiom set
(recur ; else recurse with new values
(inc counter) ; counter + 1
(if (= 0 (mod counter 3)) ; is counter mod 3 == 07
(conj axiomSet (first axioms)) ; add first axiom to set
axiomSet) ; else keep current axiom set
(rest axioms)))) ; remove first axiom

#{0bjectPropertyAssertion(ObjectInverse0f(s) i j)
SubClassOf (ObjectSomeValuesFrom(r a) b)
SubObjectProperty0f (ObjectPropertyChain(s q) t)}
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— Use a partial function and a list comprehension to make axioms for a class

fowl.core=> (let [aImplies (partial ont/implies "a")]
(for [b ["c" (ont/all "r" "d") (ont/and "e" "f" "g")]] (aImplies b)))

(SubClass0f (a c)
SubClass0f (a ObjectAllValuesFrom(r d))
SubClassOf (a ObjectIntersectionOf(e f g)))

More examples are available on the project GitHub page.

3 Evaluation

As a preliminary benchmark, we choose a few operations in (f OWL) that are
commonly used and have near equivalent counterparts in the OWL API: read
an ontology, write an ontology, get the NNF of all class axioms. Table 2 shows
the average time to complete a task, and Table 3 shows the average times when
they are each scaled by the number of axioms in the ontology. As expected,
the performance of (f OWL) with respect to the OWL API closely parallels the
difference between native Java and Clojure. Though it is usually faster when
reading files, as indicated by the scaled times, (f OWL) is slowed down while
reading large files by the need to construct many immutable objects for the
ontology, which is typical for Clojure programs. However, even a large (f OWL)
ontology can be accessed and traversed in a very efficient manner. This allows
(f OWL) to write files quickly. And it can get the NNF of all class axioms
significantly faster than even optimized stream functions.

All testing was done on a computer running Ubuntu 20.04.1 64-bit with an
Intel Core i7-9700K CPU@3.60GHz x 8, 47.1 GiB DDR4, and a GeForce GTX
1060 6GB/PCle/SSE2.

Read File Write File Get NNF
OWL API 167.1696 91.61577 23.737692

(f OWL) 1275.384 68.87327  13.186410
Table 2. Average of times in milliseconds for tested ontologies

Read File Write File Get NNF
OWL API 85.367181 8.82415379 1.8501445

(f OWL) 60.724610  6.01522460  0.6555225
Table 3. Average times in nanoseconds scaled by number of axioms
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4 Conclusion

(f OWL) provides a lightweight functional alternative for OWL ontology devel-
opment. It has numerous benefits that will doubtless increase as development
finalizes and it matures. (f OWL) is highly practical for developers who prefer
a functional language, it supports all of OWL 2, and provides unique functional
methods for structuring and manipulating ontology data.

5 Future Work

There are two major efforts in progress to improve this project. The first is
writing and testing new functions to allow the parsing of XML and RDF OWL
files. This capability is integrated into the current project framework but it is
incomplete and takes a fair amount of time to test and debug. Additionally,
because OWL files are frequently in XML and RDF format we have delayed
the implementation of ontology imports until after these file types can be read.
Once the imports are implemented (f OWL) should support at least as much
semantics for standard OWL ontology development as other APIs. A custom
reasoner is also in the early stages of development for (f OWL). We hope that
this will streamline reasoning over (f OWL) ontologies by running while they are
created.

Acknowledgement This material is based upon work supported by the Air Force Office
of Scientific Research under award number FA9550-18-1-0386.
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Abstract. We present the Emi reasoner, based on a new interpreta-
tion of the tableau algorithm for reasoning with Description Logics with
unique performance characteristics and specialized advantages. Emi turns
the tableau inside out, solving the satisfiability problem by adding ele-
ments to expressions rather than adding expressions to element node
labels. This strategy is inspired by decidable reasoning algorithms for
Horn Logics and ££7 that run on a loop rather than recursive graph-
based strategies used in a tableau reasoner. Because Emi solves the same
problem there will be a simple correspondence with tableaux, yet it will
feel very different during execution, since the problem is inverted. This
inversion makes possible many unique and straightforward optimizations,
such as paralellization of many parts of the reasoning task, concurrent
ABox expansion, and localized blocking techniques. Each of these op-
timizations contains a design trade-off that allows Emi to perform ex-
tremely well in certain cases, such as instance retrieval, and not as well
in others. Our initial evaluations show that even a naive and largely un-
optimized implementation of Emi is performant with popular reasoners
running on the JVM such as Hermit, Pellet, and jFact.

1 Introduction

Knowledge graph schema are complex artifacts that can be very useful, but are
often difficult and expensive to produce and maintain. This is especially true
when encoding them in OWL (the Web Ontology Language) as ontologies for
data management or reasoning. The high expressivity of OWL is a boon, in that
it makes it possible to describe complex relationships between classes, roles, and
individuals in an ontology. At the same time, however, this high expressivity is
often an obstacle to its correct usage that can limit adoption, and can hamper any
practical reasoning applications by adding complexity to the reasoning process.

To manage the complexity of OWL some prefer to accept hardness as it is and
develop tools to manage or simplify the tricky parts. However, it occasionally
is the case that problems appear difficult when they are actually quite intuitive
when expressed differently. When this happens it can be helpful to start again

3 We refer to properties as roles, unless a distinction is relevant, as this is the standard
description logic term. These include both object properties and data properties.
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from the beginning and re-imagine what is possible by trying something entirely
different. This will of course not alter the fundamental proven computational
complexity of any reasoning or modeling problem. But it can lead to algorithms
and design patterns that are more easily understandable, and potentially uncover
unique use cases and optimizations.

In this spirit we have used a new API for OWL called (f OWL) [2] for
our experiment that can represent and better facilitate ontology data for the
reasoning tasks we want it to perform. A custom reasoning algorithm called
Emilia? (Emi) was implemented specifically to leverage the unique advantages
of the new API, and with time the two will be able to seamlessly work within a
single framework. The Emi reasoner will be able solve all of the same problems
that current reasoners are able to solve, but its execution follows an iterative
rule-like path rather than recursive tableau.

This type of experiment may seem equivalent and redundant to logicians and
mathematicians, and looking at it only in a purely formal sense this can seem
to be the case, however Emi works entirely differently from current systems and
presents many opportunities for new research. The reasoner presented here is a
prototype which demonstrates that the technique is valid and no less efficient
than other comparable Java Virtual Machine (JVM) reasoners — the potential for
new unique research directions and optimization techniques using this method
will be the subject of future works. Initial testing is underway of Emi, and it
is already performing competitively with other state-of-the-art systems in use
today, and is particularly efficient with instance retrieval, despite being a naive
prototype system written in a high level language with only the most basic and
straightforward of optimizations.

2 ALCH

The Emi algorithm currently supports ALCH reasoning, and the syntax and
semantics of that logic are given below. Future extensions will likely expand
expressivity for additional description logics.

2.1 Syntax

The signature X' for the Description Logic ALCH is defined as X' = (N, N¢, Ng)
where:

— Ny is a set of individual element names.

— N¢ is a set of class names that includes T and L.
— Ng is a set of role names.

— Nj, N¢, Ng are pairwise disjoint

Expressions in ALCH use the following grammar:

4 Eager Materializing and Iterating Logical Inference Algorithm
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R ::= Ngr
C:=N¢c|-C|CnC|CuC]|3IR.C|VR.C

2.2 Semantics

An interpretation Z = (AI, -I) maps Ny, No, Ng to elements, sets, and rela-
tions in AZ with function -Z. An axiom A in ALCH is satisfiable if there is an
interpretation where -Z maps all elements, sets, and relations in 4 to AZ. An
ontology O is a set of axioms formed from ALCH expressions, and is satisfiable if
there is an interpretation that satisfies all axioms it contains, this interpretation
being a model for O. - is defined in Table 1 below.

Table 1. ALCH Semantics

Description Expression Semantics
Individual x zt e AT
Top T Af
Bottom L 0
Class B BT Cc AT
Role R RT C AT x AT
Negation -B AN\ B
Conjunction BnNncC Bfnc*
Disjunction BUC BTuc*

Existential Restriction | 3JR.B  |{ x| there is y € AT such that (z,y) € R* and y € B }
Universal Restriction VR.B |{ x| forall y € AT where (x,y) € R%, we have y € B }

Class Assertion B(a) at € B*
Role Assertion R(a,b) (a,b) € RT
Negated Role Assertion| —R(a,b) (a,b) & R*
Class Subsumption BCC BT cc?
Class Equivalence B=C Bt =C*
Role Subsumption RCS RT C 5%
3 (f OWL)

We use (f OWL)[2] because it includes many novel optimizations that streamline
ontology and reasoner development. True to the functional paradigm (f OWL)
uses functions and shuns classes. Indeed all OWL ontology objects can be created
directly with (f OWL) functions. And since these functions are not bound up
in an arbitrary class hierarchy, they can operate on independent data structures
that are internally typed to represent OWL semantics. A (f OWL) ontology
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itself is simply another data structure made of collections of smaller similar
structures. This means that in most cases an expression, an axiom, even an
ontology can be traversed recursively as-is without writing more functions. The
use of immutable data structures by (f OWL) in standard Clojure style also
permits straightforward implementation of concurrent processes that operate on
ontology data.

3.1 (f OWL) and Emi

Emi makes use of many features of (f OWL), some of which are uniquely advan-
tageous in that they have no comparable alternative in other reasoners or APIs.
One major advantage with using (f OWL) is the ontology-as-data-structure ap-
proach, which means that once (f OWL) has loaded the ontology into memory,
Emi can efficiently traverse and manipulate expressions in the ontology with-
out worrying about concurrency, since a (f OWL) ontology is immutable. Once
the ontology is processed and elements in the signature are assigned mutable
memory for use during reasoning, it is straightforward to define a partially par-
alellizable reasoning process with Clojure built-in functions that can be precisely
lazy or eager when needed. The optimal configuration for when to choose each
strategy is subject to many design trade-offs and does not have an objective best
answer, though we believe we have developed a decent strategy. Emi processes
axioms eagerly, but sets of axioms lazily and in parallel when possible due to the
general observation that many non-synthetic ontologies contain a large number
of axioms, most of which are rather small. This can affect performance on syn-
thetic datasets where the occurrence of large or complex axioms is potentially
higher and a different strategy may work better.

4 Emi Reasoner

As mentioned in the introduction, the new reasoner we are developing works
iteratively without a graph, and is more like reasoning in £ or datalog where
the process runs on a loop that eventually terminates rather than an expansive
graph traversal. To reason iteratively we effectively need to turn the tableau
inside out so we can work directly with axioms instead of a graph of elements.
This means we will need to look at each axiom individually and add elements to
or remove elements from expressions according to the tableau expansion rules as
if they were backwards. This process slowly builds up a model for the ontology
by partially realizing expressions until they become satisfiable and no longer
need to be modified. Since every element is inspected for every axiom and the
inverted tableau rules are followed in expressions we know this will be consistent.
We assume that all expressions in our algorithm will be converted into Negation
Normal Form (NNF); it is important to emphasize that absolutely no other
logical preprocessing is used in the algorithm. In this section we assume that
readers are familiar with the basics of tableau reasoning, if not they can consult
[1] for further information.
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4.1 Partial Interpretations

This algorithm works by directly attempting to realize an ontology and even-
tually build a consistent interpretation using the axioms as they are written in
NNF, by adding and removing elements until all axioms are satisfiable or the on-
tology is shown to be unsatisfiable. We refer to the changing states of a program
as partial interpretations.

Before continuing to the definition, it is important to stop and emphasize the
subtle difference between partial interpretations and standard interpretations. A
partial interpretation may be equivalent to some interpretation, and indeed when
Emi terminates and determines we have a satisfiable ontology this final partial
interpretation is a model. However partial interpretations are not necessarily
models and represent the states of the program as different assignments are at-
tempted in order to find a model. This difference may be confusing at first for
logicians who are used to only seeing standard interpretations, but the distinc-
tion is important not just for showing a simple proof but also for describing the
actual implementation of the algorithm as well. Our terminology deliberately
corresponds much more closely to how an actual implemented algorithm, rather
than a theoretical proof of one, would function by avoiding whenever possible
notions of infinity or concepts that would need to be represented by global vari-
ables that are pervasive in proofs and inconvenient or impossible to implement.
We do this intentionally so that it can be understood by programmers as well
as logicians; we hope not just to show correctness but that it is clear to anyone
how they could actually write a reasoner such as this.

Definition 1. A partial interpretation representing the current state of the al-
gorithm when a function is called is T* = (RI*, -I*) where T~ is a function that
maps elements, sets, and relations in an ontology O to a realization RL" of O.

Definition 2. A realization of ontology O is a set of assertions that states for
every class name A and element x in O that x € AT or x & AT and for every
role name R and element pair (z,y) in O that (z,y) € RT or (z,y) ¢ RE .

FEach partial interpretation in this algorithm corresponds to some realization
with a function -Z*. Note that there is no restriction against inconsistent real-
izations and partial interpretations, only that they must be complete. A partial
interpretation Z* with realization RZ™ of ontology O is said to be a model of O
iff there is an interpretation Z of O U RT .

As mentioned previously, while Z often denotes a single consistent interpre-
tation, Z* denotes the current interpretation when a function is evaluated in the
algorithm, and as such may change over time and contain information that is
later proved to be incorrect. Frequently we will say things like “Add z to EZ 7,
and this indicates that the partial interpretation Z* will henceforth be modified
in the program state to represent the described change to -Z~ that produces the
desired realization.
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4.2 Inverted Tableau Expansion Rules

Inverting the tableau rules is straightforward when we turn the standard tableau
terminology, such as occurs in [1,6], on its head and assume that “labels” rep-
resent the action of the -2~ function on class and role names in an ontology to
produce a realization, and that for any class or role name F that FZ = L(E).
To connect this idea with labelling terminology in a graph we use a labelled
object, which can represent both notions.

Definition 3. A labelled object E is an object that is associated with some set
L(E), or label.

First we note that nodes and labels do not necessarily need to be connected
in a graph to represent the semantics of ALCH, and can be reinterpreted as
freely associating labelled objects. A labelled object can be a node in a tableau
graph or simply an isolated named object with no inherent graph connections.
This means that a label for a complex expression can be defined recursively
to match the semantics of a partial interpretation Z*, e.g. when an expression
C'U D is satisfiable after applying the inverted tableau rules we have L(C'LD) =
(C LJD)I* = CT"UDT". We can represent axioms equivalently as labelled objects
without actually needing to make a graph as long as all names in the signature
are not duplicated in expressions but actually reference the same labelled objects.

For this algorithm we consider the inverted ALC tableau rules sufficient for
deciding ALCH satisfiability, since the addition of the H fragment does not
permit complex role expressions and they do not require expansion to check.
The RBox axioms that are not included here will be described in Table 4 with
the TBox axioms. In Table 2 we show the tableau expansion rules for ALC [1]
and assume the standard notion of blocking for them, which can be found with
the original proofs, then show the inversions in Table 3 where blocking is defined
in Subsection 4.4.

the following expansion rules apply to element x when x is not blocked
M-rule if 1. (CM D) € L(x)
2.{C,D} ¢ L(x)
then L(z) — L(z) U{C, D}
L-rule if 1. (CU D) € L(x)
2.{C,D}NL(x)=10
then either £(z) — L(z) U {C}
orelse L(z) — L(z)U{D}
F-rule if 1. 3R.C € L(x)
2. there is no y s.t. L((z,y)) = R and C € L(x)
then create a new node y and edge (z,y) with L(y) = {C} and L((z,y)) = R
V-rule if 1. VR.C € L(x)
2. there is some y s.t. L((z,y)) = R and C & L(x)
then L(y) — L(y) U{C}
Table 2. ALC Tableau Expansion Rules
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M-rule if 1. x € L(C' 1 D)
2.z ¢ L(C)NL(D)
then £(C) — L(C) U {z}
L(D) — L(D)U{z}
U-rule if 1. z € £L(C' U D)
2.2z & L(C)UL(D)
then either £(C) — L(C) U {z}
or else L(D) — L(D)U {z}
F-rule if 1. x € L(IR.C)
2. there is no y s.t. (z,y) € L(R) and y € L(C)
3. there is no z s.t. x is blocked by z
then create a new element y with y € £(C) and (z,y) € L(R)
V-rule if 1. z € L(VR.C)
2. there is some y s.t. (z,y) € L(R) and y &€ L(C)
then £(C) — L(C) U {z}
Table 3. Inverted ALC Tableau Expansion Rules

The labelling terminology is used in this subsection to show tableau cor-
respondence, though in general we avoid it since it is more obvious what is
happening to non-logicians when we show our algorithm as an implementable
process that produces interpretations, rather than a convoluted mathematical
abstraction. Specifically, we believe it is more natural to think of a predicate
that represents a set as a labelled object where the label represents the set asso-
ciated with the predicate, than it is to invert this and represent all the elements
as labels for connected sets of predicate names.

4.3 ABox Expansion

One of the more useful optimizations that this algorithm permits is the expan-
sion of ABox axioms into many additional, unstated, expressions which must
hold in every possible model. This expansion begins while the algorithm eval-
uates the ABox and detects any immediate clashes. Later while evaluating the
TBox the expansion detects any clashes that cannot possibly be fixed to allow
the algorithm to terminate quickly, and it can be done concurrently whenever
the algorithm adds or removes elements from expressions. In Definition 4 we
maintain the assumption that all expressions are NNF and use — to simplify the
appearance of equivalent expressions.

Definition 4. For partial interpretation Z*, expression E, and element/pair x:

1. A clash means € EX" and x € -ET

2. x must be in E iff there is no I* where modifying X to obtain x € ~EX
does not cause a clash

3.z must not be in E iff there is no I* where modifying -~ to obtain x € EX
does not cause a clash

4. An unresolvable clash means x must be in EX" and x must not be in ET"
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The set of all elements that must be in an expression EZ ", denoted E%:, is
a subset of the elements of EZ", and the set of all elements that must not be
in EZ°, written E%* , is a subset of the elements of =EZ . Like the expressions
themselves, the exact members of EZ and E% are unknown at the beginning of
the algorithm, so E%: and Eg indicate the additional knowledge of constraints
on satisfiability that grow as the algorithm runs and are thus referred to with the
7Z* as well. When we talk about element(s) being “added” to these sets (nothing
is ever removed), it is to indicate the change in -2~ that must hold in all future
T*. Sets of elements that must (not) be in a complex expression can be computed
in a straightforward way from the components of the expression they are in, for
example (BN C)Z = BL nCL and (BN C)E = BL UCL (note the use of
DeMorgan for m).

Expansion occurs during TBox evaluation by, whenever possible, propagating
the elements that must (not) be in expressions from antecedent to consequent,
e.g. if we have axioms {A(z), A C B} then z € A,,, and when we check A C B it
is often possible to conclude = € B,,. This is not always possible for expressions
containing disjunction and negation except in certain very specific cases. Re-
gardless the effect is powerful. Maintaining these sets allows us to explore only
potentially correct solutions by preemptively avoiding actions that will be in-
consistent in every model and also detect unresolvable clashes so the evaluation
can terminate more quickly.

4.4 Local Blocking

The notion of blocking is also required for termination due to the new elements®
created by the existential function. Our notion of blocking corresponds to the
usual definition in that it references the same cyclic patterns in roles, however
Emi cannot use blocking in reference to the global role hierarchy which is not
computed explicitly, so cycles are detected locally by tracing the dependency
paths that emerge as new elements are created to satisfy expressions.

Definition 5. A new element x was created to satisfy expression AR.B in an
algorithm A if there are partial interpretations I*,Z*' for A where for some y
we have (y,z) € RT ,z € BY ,y € 3R.BY" and y ¢ IR.BY ifx ¢ AT,

Definition 6. For expression 3R.BL", an element = is blocked by element z
if (z,x) € RY and x was created to satisfy IR.B, or if for (z,y0) € RE
where yo was created to satisfy IR.B we have n > 0 pairs of elements such

that Up—, (ye—1,yx) U {(yn, 2)} C AT x AT

Fortunately this restriction is rather intuitive to implement: we simply need
the function for an existential to not create new elements when checking new
elements that exist as a result of a prior application of the same function on

> When we say ‘new element’ this is equivalent to a fresh element symbol. It is written
this way because we are avoiding terminology that refers to an infinite set of names
and instead refer to what a program really does here, i.e. create something new

39



Should I Stay or Should I Go 9

the same existential, since this will induce a cycle. It is effectively as if elements
have a ‘history’ represented by the chain of pairs that they inherit from the
element that created them and which also contains their own origin. An element
will therefore not generate new elements in a function with the existential that
created it, and not if the function for the existential created an element that it
depends on for its existence, or that is in its ‘history’.

4.5 Termination Condition

The final component necessary for the algorithm to work is a termination con-
dition. Unlike a tableau, this algorithm will run on a loop and will actually
attempt to directly realize the ontology. How then do we know that the algo-
rithm has correctly realized all of the axioms? This is actually rather simple. If
the algorithm begins an iteration of checking all axioms with initial state Z and
ends this iteration with state Z; without encountering any unresolvable clashes,
then we know it can terminate successfully if Z; = Z;. Since we know that each
T* represents a possible interpretation, it is clear that Z* is a model when no
clash occurs after every axiom is checked and all elements remain the same in
all expressions.

Definition 7. A partial interpretation T* is said to equal partial interpretation
T, orI* =I*, iff VE € Nc U Ni we have EX = ET™,

Equality can be verified by checking if the names in the signature have not
changed any of their memberships. If an element has been added to the signature,
or has moved into or out of any class or role, the algorithm must check the axioms
one more time to see if these changes cause side effects. Otherwise the algorithm
will have checked every axiom and found them to be satisfiable without making
any changes and has produced a model.

4.6 Algorithm Definition

An outline of Emi is shown in Algorithm 1 that uses functions from Table 4.

Backtracking Explicit backtracking in this algorithm is handled by ‘reporting’
clashes and unresolvable clashes.

Definition 8. A report for Algorithm 1 immediately terminates execution of
whatever process is occurring and returns to the function that handles this report.

A report is meant to act like a programming exception. For example, when an
unresolvable clash is directly reported while evaluating the ABox the behavior
is clear, the ontology is unsatisfiable so all reasoning stops and the algorithm
immediately exits by returning False.

Standard clashes occur when the inverted tableau rules require an action
that is known to be inconsistent, but which could potentially be resolved by
making changes elsewhere. In this case the immediate action is to stop trying the
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obviously inconsistent task and instead do something different. This type of clash
is normally handled in Emi by the code that solves the inverted tableau rules in
the same way that a standard tableau might. However, there are cases where the
sat function must intervene, for instance when the antecedent of an axiom can
neither lack nor contain an element and both assignments have been attempted
to exhaustion. In this case we have indirectly found an unresolvable clash. If a
clash is reported but is able to be resolved, the algorithm merely proceeds along
as normal, and any problems that a removal causes will themselves be reported
and dealt with in the same way. Emi internally ensures that backtracking does
not return to an identical previous program state so that termination is not
a concern. ABox expansion greatly impacts this functionality by automatically
removing many impossible solutions from consideration, allowing these reports
to happen faster.

Parallelization Because we are not working with one single expanded concept
representing the entire set of axioms like a standard tableau, it is possible in this
algorithm to parallelize many operations on separate axioms. In the simplest
case, it is unproblematic for the algorithm to process more than one axiom at
the same time so long as they do not share any class or role names. Clashes that
occur as a result of two independent axioms will in either case still be detected
elsewhere and are dealt with regardless of the ordering. Additionally, this idea
can be extended in the implementation to allow for axioms that share names
to be evaluated concurrently as well, so long as shared names are not modified
in ways that can cause a clash and begin backtracking. Emi makes use of the
simplest case already and the implementation of more complex parallelization is
in development.

Table 4. sat function behavior for ALCH satisfiability of ontology O, class name A,
class expressions B, C, and roles R, S

Axiom Action

Ala) If a € AL report an unresolvable clash, otherwise add a to AT and AZ,

—~A(a) If a € AL report an unresolvable clash, otherwise add a to AZ

B(a)  Add a new class A and the axiom A C B to O and replace B(a) with A(a)
R(a,b) If (a,b) € RE report an unresolvable clash, otherwise add (a,b) to RZ and RZ,
—R(a,b) If (a,b) € RL report an unresolvable clash, otherwise add (a,b) to RZL

For all z € BT add z to C using the inverted tableau expansion rules.
B C C 1If a clash is reported, instead bactrack to remove = from B.

If both report a clash, report an unresolvable clash.

For all (z,y) € RT add (z,y) to S. If a clash is reported, instead backtrack to

remove (z,y) from R. If both report a clash, report an unresolvable clash.

C' Do sat(B C C) and sat(C C B) and report any unresolvable clashes.
S

B
R

Im
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Algorithm 1: ALCH satisfiability for ontology O

Result: A realization that is a model of O when True, otherwise False
when an unresolvable clash occurs

// Initialize an empty set to represent a realization for O
r «—{k
// Assume all E/E,,/Fm are empty and add them to Z*
for £ € No UNg do
E—{}
Ey {}7
Em — {};
I* < I*U{E, E, Em};

// Obtain NNF of all axioms
F < NNF of ABox of O;
A < NNF of TBox of O;

// Process ABox
for F' € F do
sat(F);
if an unresolvable clash is reported then
return False
// Process TBox
repeat
Lhg < I
for A€ Ado
sat(A);
if an unresolvable clash is reported then
return False

until Z* = Z7,;

return 7True

4.7 Correctness

The correctness of this algorithm follows from the direct correspondence between
the tableau rules and their inversions along with a few minor details. First we
will examine the inverted tableau rules. Each rule contains two distinct states
in both the standard and inverted rules, the antecedent ‘if’ clause where certain
conditions must hold, and the consequent ‘then’ clause where changes are made
to the state in order to find a model. Thus it will be sufficient to show that
each ‘if” and ‘then’ clause from the inverted tableau rules is re-writable into the
corresponding clause in the standard tableau rules.
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This state in the inverted tableau rules corresponds to the standard
tableau rules, since in each case we know x should be in C'T1 D, but it is
either not in C' or D or both.

The change made in response to the ‘if’ clause is also equivalent, since
the inversion adding  to C*" and DT" represents the notion that we now
have z € CT" and 2 € DT" which is identical to the standard tableau
rules adding {C, D} to L(z).

This state in the inverted tableau rules corresponds to the standard
tableau rules, since in each case we know x should be in C' LI D, but it is
neither in C' nor in D.

The change made in response to the ‘if’ clause is also equivalent, since
the inversion adding  to CZ~ or D" represents the notion that we now
have z € CZ" or z € DT which is identical to the standard tableau rules
either adding {C} to L(z) or adding {D} to L(z).

This state in the inverted tableau rules corresponds to the standard
tableau rules, since in each case we know z should be in 3R.C, but the
current state means that there is either no (z,y) € R such that y € C
or there is no y € C such that (z,y) € R. The blocking condition (3)
only applies when «x is blocked because it is a new individual that exists
as a (possibly indirect) result of an element previously created to satisfy
this expression. When z is blocked in this way it is clear that we have
completed the first iteration of a cycle and do not need to continue.

The change made in response to the ‘if’ clause is also equivalent, since the
inversion creating some y such that y € CZ~ and (r,y) € RT" represents
the notion that x € dR.C', which is identical to the standard tableau rules
creating a new node and edge for y with £(y) = {C'} and L((z,y)) = R.

This state in the inverted tableau rules corresponds to the standard
tableau rules, since in each case we know z should be in VR.C', but the
current state means that there is some y such that (z,y) € Rand y & C.
The change made in response to the ‘if’ clause is also equivalent, since
the inversion adding every y to CT~ wherever (z,7) € RT represents the
notion that x € VR.C, which is identical to the standard tableau rules
adding {C'} to any y so that L(y) = {C}.

The only remaining thing to discuss is that Algorithm 1 and the sat func-
tion are sound and complete. For this it is simple to outline without a lengthy
proof, since as we mentioned previously, the sat functions will test all elements
in all expressions with the tableau expansion rules, exactly as you would have
in a tableau. It is unnecessary and in fact unhelpful in this algorithm to com-
bine all expressions into a connected whole since each axiom is itself evaluated
consistently.

The subsumption axioms are solved in such a way that they implicitly com-
pute a class and role hierarchy, so any inference dependent on a hierarchy will
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still be entailed. Next, the stop condition of Algorithm 1 when the interpretation
has not changed is identical with a completed tableau that no longer requires
expansion or backtracking since both are models. And of course all cases where
unresolvable clashes can occur are sound because they indicate instances where
an element simultaneously must be in and must not be in an expression so the
algorithm should terminate. As for completeness, it is again clear that whenever
an unresolvable clash occurs it is identical with a case when a tableau discovers
a clash but cannot backtrack to correct it.

5 Evaluation

The implementation of the Emi reasoner is evaluated against other popular
JVM reasoners such as Hermit®, Pellet”, and jFact® [4,7,8] using Leiningen?,
which can run Clojure as well as Java programs. 500 ontologies were randomly
sampled, half from ODPs and Biomedical ontologies in [3], and half from the
Ontology Reasoner Evaluation 2015 competition dataset. These files were altered
by removing any axiom that is not expressible in ALCH for testing. Among
the 500 ontologies, 56 of them either timed out on all reasoners or caused our
evaluation program to crash in some unexpected way due to lack of heap. It is
not entirely clear from our logs which reasoner may be breaking in this way so
we omit them, though we are confident that Emi has no heap issues or memory
leaks (it is quite difficult to even intentionally create memory leaks with Clojure)
and it can load all files by itself without error.

All testing was done on a computer running Ubuntu 20.04.1 64-bit with an
Intel Core i7-9700K CPU@3.60GHz x 8, 47.1 GiB DDR4, and a GeForce GTX
1060 6GB/PCle/SSE2.

5.1 Results

Testing and development is ongoing for the Emi reasoner and these results are a
first example of the potential for this type of algorithm. A preliminary example
of the reasoning time can be found in Figure 1. In this example, 3 tests are per-
formed and timed on each reasoner: initialization from a file in memory shown
in Figure 2, satisfiability and consistency checking shown in Figure 3, and re-
trieval of the elements in all non-empty class and role names after reasoning has
completed shown in Figure 4.!° Each test was given a timeout of 5 minutes, and
when a test timed out more than 5 tests in a row for a reasoner it was prevented
from testing again on the same file to save time in the evaluation. Across all
tests, when we compare the percent difference between the reasoner time and
the average time for all reasoners we see that Emi is overall 9.8% faster than

6 Hermit Version 1.4.5.519

" Openllet Version 2.6.5

8 jFact Version 5.0.3

 https://leiningen.org/

!9 Raw data and charts are available for inspection https://tinyurl.com/kgswc2023
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average, Hermit is 4.2% slower than average, Pellet is 42.3% faster than average,
and jFact is 55.9% slower than average. No reasoner was ever more than 100%
better than average or 300% worse than average. Emi, Hermit, and Pellet each
had 2 files when they failed due to an exception, while jFact failed on 70 files,
though this is largely due to an issue it has with anonymous individuals in the
ORE dataset.

As you can see in Figures 2 and 3, the Emi reasoner has a relatively slow
initialize time and time for satisfiability on small ontologies. This is partially due
to the fact that Emi solves all ABox axioms without complex expressions while it
loads the ontology. This allows it to preemptively reject any naively unsatisfiable
ABox, and the cost of this is usually only a few milliseconds. Emi seems to scale
better than other systems and its performance improves in comparison as the
number of axioms increases. Also, Emi is definitively faster in every single test
when asked to compute the elements of all non-empty classes and roles, except
the two tests where it had a timeout when computing satisfiability. Emi finishes
reasoning with this information already computed, it is in effect computing both
things at once, and only needs a variable amount of time to answer in our tests
because it has to sort out the anonymous elements from every expression for
comparison with the other reasoners where these elements are hidden by the
OWL API [5]. Otherwise it could answer this in constant time.

Looking more closely at the data, there are three large clusters at 163, 325,
and approximately 5500 axioms due to the synthetic ontologies in the ORE
dataset. As you can see, all reasoners appear to behave similarly across multiple
files of the same size in the clusters. Except for these clusters there appears to
be a mostly stochastic distribution in the performance of each reasoner across
different files with jFact doing great on small files but not scaling well, while
Hermit, Pellet, and Emi start off a bit slower and seem to scale much better on
very large files.

An interesting pattern we have noticed in the evaluation is that Emi usu-
ally outperforms other reasoners when it checks large ontologies with empty or
nearly-empty ABoxes. This case makes sense when you notice that in ALCH,
as long as all axioms do not contain either negation or Top in the antecedent,
there will always be a model where every predicate is empty. This is the default
state when Emi starts, so it simply checks everything and the initial realization
turns out to be fine after the first iteration.

6 Future Work

In the future there is quite a bit of work left to finalize and sufficiently verify
Emi. These improvements will be ongoing as part of any new extensions. Paral-
lelization in particular will likely prove difficult to formally pin down, though em-
pirically its use is not as yet seeming to be problematic when comparing against
the behavior of other reasoners. Some obvious extensions that are planned for
the near future are inverse roles, nominals, and cardinality expressions which
can work quite directly with some of the already existing code. Role chains are
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Time (ms),log scale
Time (ms), log scale

# Axioms, log scale # Axioms, log scale

Fig. 1. All Reasoning Tests Fig. 2. Initialize

Time (ms), log scale.
Time (ms), log scale.

# Axioms, log scale # Axioms, log scale

Fig. 3. Satisfiability Fig. 4. Non-Empty Classes and Roles

another interesting and useful addition we are considering, though these will be
difficult to implement efficiently so we will be cautious.

An interesting observation we have made while considering extensions is that
some of the common difficulty with nominals in reasoning may turn out to be
trivial in many cases for the Emi algorithm because nominals are not necessar-
ily connected to anything as long as we maintain sufficient information about
(in)equality. Once this is implemented and our hypothesis is checked it would
also be straightforward to extend nominals to nominal schemas, since Emi does
not normalize or pre-process away the original axioms. Initial testing suggest
there is an intuitive way to bind nominal variables within axioms to solve this
directly as Emi reasons.

Acknowledgement This material is based upon work supported by the Air Force Office
of Scientific Research under award number FA9550-18-1-0386.
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Abstract

We present a new approach to integrating deep learning with
knowledge-based systems that we believe shows promise.
Our approach seeks to emulate reasoning structure, which can
be inspected part-way through, rather than simply learning
reasoner answers, which is typical in many of the black-box
systems currently in use. We demonstrate that this idea is fea-
sible by training a long short-term memory (LSTM) artificial
neural network to learn ££™ reasoning patterns with two dif-
ferent data sets. We also show that this trained system is re-
sistant to noise by corrupting a percentage of the test data and
comparing the reasoner’s and LSTM’s predictions on corrupt
data with correct answers.

Introduction

Machine learning and neural network techniques are often
contrasted with logic-based systems as opposite in many re-
gards. The challenge of integrating inductive learning strate-
gies with deductive logic has no easy or obvious solution.
Though there are doubtless many reasons for this, one major
roadblock is that solutions and evaluations which work well
for logic, or for deep learning and machine learning, do not
work well in the opposite, and likely do not further the goal
of integration. In this paper we present a new approach that
embraces the liminality of this specific integration task. Our
approach is by its very nature ill-suited to either machine
learning or logic alone. But it tries to avoid the pitfalls of
unintentionally favoring one paradigm over the other, aim-
ing instead to grasp at something new in the space between.

Related Work

A popular approach for training neural networks to recog-
nize logic is to use embedding techniques borrowed from
the field of natural language processing (NLP). For instance,
Makni and Hendler designed a system that layers Resource
Description Framework (RDF) graphs into adjacency matri-
ces and embedding them.(Makni and Hendler 2018) There

Copyright (©) 2020 held by the author(s). In A. Martin, K. Hinkel-
mann, H.-G. Fill, A. Gerber, D. Lenat, R. Stolle, F. van Harmelen
(Eds.), Proceedings of the AAAI 2020 Spring Symposium on Com-
bining Machine Learning and Knowledge Engineering in Practice
(AAAI-MAKE 2020). Stanford University, Palo Alto, California,
USA, March 23-25, 2020. Use permitted under Creative Commons
License Attribution 4.0 International (CC BY 4.0).
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is also considerable research into path-finding in embed-
ded triple data using recurrent neural networks (RNNs) or
LSTMs.(Xiong, Hoang, and Wang 2017; Das et al. 2016;
2017) Memory networks also successfully operate over
triple embeddings and are capable of transferring training
to work over triple embeddings from completely different
vocabularies.(Ebrahimi et al. 2018) There is even an attempt
to embed ££1 with TransE using a novel concept of n-
balls, though it currently does not consider the RBox as well
as certain ££71 axioms that do not translate into a triple
format.(Kulmanov et al. 2019; Bordes et al. 2013)

Discussion

Many of the systems just mentioned are very successful, yet
have a tendency to adopt familiar evaluation strategies from
deep learning. Sure, it’s great to be able to get a 99% F1-
score. When we do not know the underlying structure of the
data that we are using, this is often the best we can hope for.
However, precision and recall do not make much sense in a
knowledge base evaluation. For an integrated system, some
new goals and evaluation strategies seem warranted that are
neither completely deductive nor entirely empirical.

In a deductive reasoning system the semantics of the data
is known explicitly. Why then would we want to blindly al-
low such a system to teach itself what is important when
we already know what and how it should learn? Possibly we
don’t know the best ways to guide a complex network to the
correct conclusions, but surely more, not less, transparency
is needed for integrating logic and deep learning. Trans-
parency often becomes difficult when we use extremely deep
or complex networks that cannot be reduced to components.
It also makes things difficult when we pre-process our data
to help the system train by doing embeddings or other dis-
tance adjustments. When we embed all the similar things
close together and all the dissimilar things far apart the sys-
tem can appear to succeed, but we can’t tell if it was the em-
bedding or the system itself or one of a dozen other things
that might have caused this.

In response to these and other concerns we have devel-
oped some research questions that we hope to address in this
paper. Though we certainly will not be able to definitively
answer all of them, we do hope that by starting this inves-
tigation we can demonstrate future potential for this type of
inquiry.



Research Questions

1. Can a neural network emulate reasoner behavior?

. Can we still achieve success without embeddings?

. Can learning happen with arbitrary numerical names?

. Will intermediate answers help our evaluation?

AW N

. Is Fl-score sufficient to evaluate an integrated logic and
neural network system? If not, what would be?

Question one is the primary focus of this project, and the one
to which all the others are subordinate. It is the intention of
this paper and the prototype system we have implemented to
demonstrate that this is a feasible goal. Whatever disagree-
ments may arise concerning our later investigations, we will
argue that this is a necessary and plausible alternative course
of research.

The second question we have already mentioned in the
last section. It is our intention to avoid any pre-processing
that will allow the system to give correct answers without
learning the reasoning patterns. In this way we can better
verify whether we have truly solved the reasoning problem
and not some other easier task.

The third question is related to the second, but imposes
a more broad restriction on what we will be allowed to do.
Not only do we want to avoid embedding the data in a way
that will help the system to learn the answers. Also we must
take care when we go from logic to numerical data, and back
again, not to interfere with the latent semantics in the logic.
By avoiding distance comparisons in the naming convention
for the input we ensure that the names are arbitrary in both
systems. The only distances we intend to measure are be-
tween predictions and answers.

The fourth question is very important for our conception
of how future systems should work. In a logic-based system
there is transparency at any level of reasoning. We cannot,
of course, expect this in most neural networks. With a net-
work that aims to emulate reasoner behavior, however, we
can impose a degree of intermediate structure. This inter-
mediate structure allows us to inspect a network part-way
through and perform a sort of “debugging” since we know
exactly what it should have learned at that point. This is a
crucial break from current thinking that advocates more and
deeper opaque hidden layers in networks that improve accu-
racy but detract from explainability. Inspection of intermedi-
ate answers could indicate whether a proposed architecture
is actually learning what we intend, which should aid devel-
opment of more correct systems.

The fifth and final question is a difficult but necessary
question, likely beyond the scope of this paper. For now, it is
primarily a reminder that the method we choose intention-
ally does not try to find best answers for individual state-
ments. It tries to emulate reasoner behavior by matching the
shape of the reasoning patterns. That is not to say we don’t
care about right answers, or that they don’t matter. Those
values are reported for our system. And if reasoning struc-
ture is matched well enough then correct answers should fol-
low. But we believe that the reasoning distance results we
report are far more compelling and tell a better story about
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what is happening, as well as indicate the future potential of
this method.

Approach

We present a method for learning the structure of £ rea-
soning patterns using an LSTM that tests the questions posed
above. In our system we avoid, as much as possible, em-
beddings or any distance adjustments that might help the
system learn answers based on embedding similarity with-
out first learning the reasoning structure. In fact, a primary
feature of our network is its lack of complexity. We take
a very simple logic, reason over knowledge bases in that
logic, and then extract supports from the reasoning steps,
mapping the reasoner supports back to sets of the original
knowledge base axioms. This allows us to encode the in-
put data in terms of only knowledge base statements. It also
provides an intermediate answer that might improve results
when provided to the system. This logic data is fed into three
different LSTM architectures with identical input and output
dimensionalities. One architecture, which we call "Deep”,
does not train with support data but has a hidden layer the
same size as the supports we have defined. Another architec-
ture, called “Piecewise”, trains two separate half-systems,
one with knowledge bases and one with supports from the
reasoner. The last system, called “Flat”, simply learns to
map inputs directly to outputs for each reasoning step. We
will discuss in detail each part of the system in the follow-
ing sections, then provide some results.

ELT

ELT is a lightweight and highly tractable description logic.
A typical reasoning task in E£7 is a sequential process
with a fixed endpoint, making it a perfect candidate for se-
quence learning. Unlike RDF, which reasons over instance
data in triple format, ££™ reasoning occurs on the predicate
level. Thus we will have to train the system to actually learn
the reasoning patterns and logical structure of ££V directly
from encoded knowledge bases.

Syntax The signature ¥ for E£V is defined as:
Y = (N, N¢, Ng) with Ny, N¢, Ng pairwise disjoint.
N7y is a set of individual names.

N¢ is a set of Concept names that includes T.
N is a set of Role names.

Expressions in ££V use the following grammar:

R :=
C =

Ngr

Ne | €nc | 3RC

Semantics An interpretation I where I = (A, -7) maps
Ni,N¢, Ni to elements, sets, and relations in A! with
function -Z. For an interpretation I and C (i), R(i) € %, the
function -! is defined in Table 1.



Table 1: £E£1 Semantics
Description Expression Semantics
Individual a ac AT
Top T AT
Bottom 1 0
Concept C CT C AT
Role R RT C AT x AT
Conjunction cnbD ctnp?
Existential Restriction 3R.C { a | thereis b € AT such that (a,b) € RZ andb € CT }
Concept Subsumption cCcCD cTcpt
Role Subsumption RCS RT C 6T
Role Chain Rio---oR,CR Rfo.---oRI C R

with o signifying standard binary composition

Table 2: ££T Completion Rules

(), ACC CCD =ACD
) ACC, ACC, CiNC,CDEACD
3) ACC CC3RD =AC3R.D
4 AC3IRB BCC 3RCCD =ACD
(5) AC3SD SCR =AC3R.D
6)AC3R,.C CC3Ry.D RioRyCRE=AC 3IR.D

Reasoning It is a well established result that any ££7
knowledge base has a least fixed point that can be deter-
mined by repeatedly applying a finite set of axioms that pro-
duce all entailments of a desired type.(Besold et al. 2017;
Kazakov, Krétzsch, and Simanc¢ik 2012)  In other words,
we can say that reasoning in ££T often amounts to a se-
quence of applications of a set of pattern-matching rules.
One such set of rules, the set we have used in our exper-
iment, is given in Table 2. The reasoning reaches comple-
tion when there are no new conclusions to be made. Because
people are usually interested most in concept inclusions and
restrictions, those are the types of statements we choose to
include in our reasoning.

After the reasoning has finished we are able to recursively
define supports for each conclusion the reasoner reaches.
The first step, of course, only has supports from the knowl-
edge base. After this step supports are determined by effec-
tively running the reasoner in reverse, and replacing each
statement that is not in the original knowledge base with a
superset that is, as you can see by the colored substitutions
in Table 3. When the reasoner proved the last statement it did
not consider all of the supports, since it had already proved
them. It used the new facts it had learned in the last iteration
but we have drawn their supports back out so that we can
define a fixed set of inputs from the knowledge base.

Synthetic Data

To provide sufficient training input to our system we provide
a synthetic generation procedure that combines a structured

50

seedp =C1 C C2 C2C 3R1.C3
C2CC3 Cl C 3R3.C4
C3nCc4CCs C2C JR1.C3
Cl1 C JRI1.C1 JR1.C2C C4
Cl C JrR2.C3 R1 CER2
C2C JrR2.C3 RIoR3C R4
Which entails

Step 1: Step 2:
CICC3 seed; =C1 E C5
CICC4

CI C 3R1.C3

Cl1 E3JRrR2.C1

Cl1 C JR4.C4

Figure 1: First Iteration of Sequence

forced-lower-bound reasoning sequence with a connected
randomized knowledge base. This allows us to rapidly gen-
erate many normal semi-random ££" knowledge bases of
arbitrary reasoning difficulty. For this experiment we choose
a moderate difficulty setting so that it can compare with non-
synthetic data. An example of one iteration of the two-part
sequence is provided in Figure 1. To ensure that the ran-
domized statements do not shortcut this pattern, the random
statements are generated in a nearly disjoint space and con-
nected only to the initial seed term. This ensures that at least
one element of the random space will also produce random
entailments for the duration of the sequence, possibly longer.
Our procedure also guarantees that each completion rule will
be used at least once every iteration of the sequence so that
all reasoning patterns can potentially be learned by the sys-
tem.

SNOMED

We have also imported data from the SNOMED 2012 ontol-
ogy to ensure that our method is applicable to non-synthetic
data. SNOMED is a widely-used, publicly available, ontol-



Table 3: Support Generation

New Fact | Rule | Support
Step 1 CICC3 | (1) |ClCC2C2EC3
CICC4| 4 | ClCC2ClCJRICIIRI.C2CEC4
CICJRI1.C3 | (3) | C1CC2,C2C JR1.C3
ClIC3R2C1 | (5) | ClIC3RICI,RIER2
CIC JR4.C4 | (6) | C1C 3RI.CI,LR1 o R3C R4,C1 C JR3.C4
Step 2 CICCS | (2 |CG3nc4Cccsclicezc2Ce3clcee,Cl C3rICLARI.C2E CA

ogy of medical terms and relationships.(De Silva et al. 2011)
SNOMED 2012 has 39392 logical axioms, some of which
are complex, but this can be normalized in constant time to

/A Train 1 to match reasoner step support data
B.Test 1 and save result

C. Train 2 using correct answers from reasoner|
D. Test 2 using saved data from 1

a logically equivalent set of 124,428 axioms. It is expressed
in ££7, and newer versions utilize this complexity more

liberally. But the 2012 version contains exactly one state- B -
ment that is not in ££7 after normalization. We feel confi- @ @ Camption 517
dent that omitting T T JtopPartOf.Self does not constitute Kl
a substantial loss in the ontology. l s i e }_' - z
Because SNOMED is so large, we sample it to obtain 1 (—L-\ L
o oo 5D e~ EruSlp
connected subsets that also produce a minimum number of
reasoning steps. We require that the samples be connected
because any normal knowledge base is connected, and it im-

proves the chances that the statements will have entailments.

Often, however, random connected samples do not entail
. .. . KB Vector Copy 1 KB Vector Copy 3
anything, and this is also unusual in a normal ontology, so

we require a minimum amount of reasoning activity in the t

samples as well. The reasoning task for SNOMED is more
unbalanced than for the synthetic data. It is equally trivial for
the reasoner to solve either knowledge base type. However, ) ) ) )
we observe that random connected sampling tends to favor Figure 2: Piecewise Architecture
application of rules 3, 5, and 6 much more heavily than oth-
ers so the system will have a more difficult time learning the
overall reasoning patterns. This imbalance is likely an ar-
tifact from SNOMED because it seems to recur in different
sample sizes with different settings, though we acknowledge
that it could be correlated somehow with the sample gener-
ation procedure.

K8 Completion
o o

LSTM

LSTMs are type of recurrent neural network that work well

with data that has long-term dependencies.(Hochreiter and

Schmidhuber 1997) We choose to use an LSTM to learn e e }_’ e
the reasoning patterns of ££7 because LSTMs are designed S S

to learn sequence patterns. The network is kept as simple

as possible to achieve the outputs we require and maximize o p— }—,
transparency. For the piecewise system, depicted in Figure

2, we use two separate flat single LSTMs that have the num-

ber of neurons matching first the support shape, and later
the output shape. The deep system shown in Figure 3 is
constructed to match this shape so that the two will be com-
parable, it simply stacks the LSTMs together so that it can
train without supports. We also train a flat system, shown in Figure 3: Deep Architecture
Figure 4, that has the same input and output shape but lacks
the internal supports. We have done this three ways because
we can compare the behavior of the systems with support
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K8 Completion

Completion Step Completion Step 2

Completion Step 1

KB Vector Copy 1 KB Vector Copy 2 KB Vector Copy n
KB Vector

Figure 4: Flat Architecture

against the flat system as a baseline, and then see whether the
piecewise training is helping. All designs treat the reasoning
steps as the sequence to learn, so the number of LSTM cells
is defined by the maximum reasoning sequence length. We
train our LSTMs using regression on mean squared error to
minimize the distances between predicted answers and cor-
rect answers.

Overall System

The individual parts of our system are not themselves novel.
Our result, however, lies rather in the unexpected success
of this unconventional general approach we have applied.
One of the crucial factors in making this work is the way
in which we have translated the data from its logical format
into something a neural network can understand. In the fol-
lowing sections we will discuss how our system transforms
data from a knowledge base format to an LSTM format and
back again.

Statement Encoding Every data set we use has a fixed
number of names that it can contain for both roles and con-
cepts, and every concept or role has an arbitrary number
name identifier. For the synthetic data these numbers are
randomly generated. For SNOMED data, all of the labels
are stripped and the concept and role numbers are shuffled
around and substituted with random integers to remove any
possibility of the names injecting a learning bias. These la-
bels are remembered for later retrieval for output but the rea-
soner and LSTM do not see them. It can seem occasionally
like there is a bias in the naming if output for SNOMED
data is inspected because all the labels seem related. This
is merely a result of our sampling technique which requires
connected statements, so it is not a concern.

Knowledge bases have a maximum number of role and
concept names that are used to scale all of the integer values
for names into a range of [—1, 1]. To enforce disjointness of
concepts and roles, we map all concepts to (0, 1], all roles to
[-1,0). Each of the six possible normalized axiom forms
is encoded into a 4-tuple based on the logical encodings de-
fined in Table 4.

We would like to emphasize the distinction between our
method, which we prefer to call an encoding, and a tradi-
tional embedding. This encoding adds no additional infor-
mation to the names beyond the transformation from integer
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Table 4: Translation Rules

KB statement Vectorization
CXLCCY — 0.0, £, X 0.0]
cxneyccez - [ X Z 0]
CXC3IRY.CZ —  [0.0, &, =X, Z]
IRXCYCCZ — [=X X Z 00
RX CRY = [0.0,=%,=X,0.0]
RXoRYCRZ — [=X,=X =Z0.0]

¢ = Number of Possible Concept Names
r = Number of Possible Role Names

to scaled floating point number. It can be reversed, with a
slight loss of precision due to integer conversion, quite di-
rectly. The semantics of each encoded predicate name with
regards to its respective knowledge base is structural in re-
lation to its position in the 4-tuple, just like it would be in
an ELT axiom. And its semantics is not at all related to the
other non-equal predicate names within the same 4-tuple.

Knowledge Base Encoding In order to input knowledge
bases into the LSTM we first apply the encoding defined
in the previous section to each of its statements. Then we
concatenate each of these encodings end-to-end to obtain a
much longer vector. For instance,

Cl C JR1.C2,R1 C R2
might translate to
[0.0,0.5,—-0.5,1.0,0.0,—-0.5, —1.0,0.0].

This knowledge base vector is then copied the same number
of times as there are reasoning steps and stuck together once
again along a new dimension. For an experiment this is done
hundreds or thousands of times, and these fill up the tensor
that is given to the LSTM to learn. Because some of the
randomness can cause ragged data, any tensor dimensions
that are not the same length as the maximum are padded
with zeros.

Results

Viewed in terms of the questions posed at the beginning of
this paper we feel that our results are solid, and they vali-
date a reexamination of how we should approach integrating
logic and neural networks. We have attempted to create a
system that emulates a reasoning task rather than reasoning
output.

If we examine the example output from the synthetic data
inputs in Table 5, it is clear that it is getting very close to
many correct answers. When it misses, it still appears to
be learning the shape, and this makes us optimistic about
its future potential. The SNOMED predictions are much
more dense and do not fit well into a table, but we have in-
cluded a few good examples with the original data labels



Table 5: Example Synthetic Output

Correct Answer | Predicted Answer

Step0 | C9CCl1 C8C C9
C2C CI0 ClCC9
C9LCCI2 C8C C9
C7C C6 C8 C JR4.C9
C9C JdR4.C11 | C1 C JR5.C9
C2 C JR4.C9 C8 C JdR4.C9
C9 C 3R5.C9 C9 C 3R5.C9
C2 C JR5.C11
C9 C JrR7.C12
C2 C JRr6.C12

Stepl | C9C CI3 C8C CI2
C2LCCl1 C2C Cl10
C2LCCI2 Cl1CCl11
C2C JR4.C11 | C1 E3R3.C12
C2 C JR5.C9 C1 C JR4.C8
C2 C JR7.C12

Step2 | C2C CI13 Cl1CCI2

Table 6: Example SNOMED Outputs

Correct Answer

C6 C JR4.C1

Meaning if something is a zone of superficial fascia, then
there is a subcutaneous tissue that it is PartOf

Prediction C6 C JR4.C3

Meaning if something is a zone of superficial fascia,

then there is a subcutaneous tissue of palmar
area of little finger that it is PartOf

Correct Answer

C8LC JR3.C2

Meaning if something is a infrapubic region of pelvis,
then there is a perineum that it is PartOf

Prediction C9 C dR3.C2

Meaning if something is a zone of integument,

then there is a perineum that it is PartOf
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Deep @ Flat @ Piecewise FirstHall @ Piecewise Second Hal

Mean Squared Error
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Figure 5: Synthetic Training

Deep Piecenise First Half @ Piecewise Second Half @ Flat

\

Mean Squared Error

Epoch

Figure 6: SNOMED Training

translated into English sentences. Because there are so many
near-misses we include edit distance evaluations that better
capture the degree to which each predicted statement misses
what it should have been.

It is interesting to note that by comparing Table 7 with
Table 8 we can see that on the much harder SNOMED data
the deep system appears to have a better result because of
the higher F1 score, but the average edit distance, which is
our preferred alternative measure for evaluation, is not obvi-
ously correlated with the F1-score. This confirms that our
fifth research question was appropriate and that F1-score
might not be sufficient to evaluate whether or not we can
learn the shape of reasoning patterns.

A cause for the discrepancy may be the higher training
difficulty for reaching the completion versus reaching the
supports in the SNOMED data, which you can see in Fig-
ures 5 and 6. We can speculate on the degree to which vari-
ous factors are contributing to this, but importantly, the fact
that this discussion is even possible in the first place is a con-
firmation that we can answer the fourth research question in
the affirmative.

Another interesting result can be seen by examining the
charts in Figures 7 - 12. As we have noticed before, the Deep
architecture performs quite well on the synthetic data and
is quite resistant to increased levels of noise. The flat sys-



Table 7: Average Precision Recall and F1-score For each Distance Evaluation

Atomic Levenshtein Distance |Character Levenshtein Distance Predicate Distance
Precision] Recall [Fl-score | Precision | Recall [Fl-score [Precision| Recall |FI-score
Synthetic Data
Piecewise Prediction|0.138663| 0.142208 |0.140412| 0.138663 |0.142208|0.140412{0.138646|0.141923(0.140264
Deep Prediction 0.154398| 0.156056 |0.155222| 0.154398 |0.156056 | 0.155222 |0.154258|0.155736|0.154993
Flat Prediction 0.140410| 0.142976 [0.141681| 0.140410 |0.142976|0.141681 |0.140375]0.142687|0.141521
Random Prediction |0.010951|0.0200518{0.014166| 0.006833 |0.012401|0.008811 {0.004352|0.007908 |0.007908
SNOMED Data
Piecewise Prediction|0.010530| 0.013554 |0.011845| 0.010530 |0.013554{0.011845{0.010521|0.013554{0.011839
Deep Prediction 0.015983|0.0172811{0.016595| 0.015983 |0.017281(0.016595 |0.0156140.017281|0.016396
Flat Prediction 0.014414| 0.018300 {0.016112|0.0144140|0.018300(0.0161120.013495[0.018300|0.015525
Random Prediction |0.002807| 0.006803 |0.003975| 0.001433 |0.003444|0.002023 {0.001769|0.004281 [0.002504

Table 8: Average Statement Edit Distances with Reasoner

Atomic Levenshtein Distance ICharacter Levenshtein Distance Predicate Distance
From [ To [Average| From | To [ Average | From [ To [ Average
Synthetic Data
Piecewise Prediction |1.336599|1.687640|1.512119|1.533115|1.812006| 1.672560 |2.633427| 4.587382 |3.610404
Deep Prediction 1.256940(1.507150|1.382045|1.454787 |1.559751 | 1.507269 (2.504496| 3.552074 |3.028285
Flat Prediction 1.344946|1.584674|1.464810(1.586281|1.660409 | 1.623345 |2.517655| 3.739770 |3.128713
Random Prediction [1.598016|1.906369(1.752192|1.970604 |1.289533| 1.630068 |5.467918| 10.57324 |8.020583
SNOMED Data
Piecewise Prediction | 1.704931|2.686562|2.195746(2.016249|2.862737 | 2.439493 |6.556592| 5.857769 |6.207181
Deep Prediction 1.759633|3.052080(2.405857(2.027190|3.328850| 2.678020 |4.577427| 6.179389 |5.378408
Flat Prediction 1.691738(2.769542|2.230640|1.948757|2.991328 | 2.470042 |5.548226| 6.665659 |6.106942
Random Prediction |1.814656|3.599629(2.707143|2.094682|1.621700| 1.858191 |5.169093|12.392325|8.780709

tem gets similar results, but slightly worse. Surprisingly, the
piecewise model starts out mostly the same as the deep sys-
tem on synthetic data but then very quickly falters. When we
examine the results for the harder SNOMED data, however,
the opposite seems to be happening. The deep and flat sys-
tems still track each other. But for the unbalanced data the
deep system crosses into the random range by 30-50% cor-
ruption, while the piecewise system is able to skirt just above
random for the Character and Predicate distance functions
until around 80-90%.

Methodology

Our system is trained using randomized 10-fold cross valida-
tion to 20000 epochs on the deep and flat systems and 10000
epochs each for the parts of the piecewise system at a learn-
ing rate of 0.0001. The results from every fold are saved and
we report the average of all of the runs. Often there are better
and worse runs in any given 10-fold validation but the aver-
ages across multiple cross-validations with the same settings
remain basically the same. 10-fold cross-validations are per-
formed with an extra comparison against data that has been
corrupted at a fixed rate, starting with zero percent probabil-
ity of corruption and moving upwards by ten percent each
time. The data in Tables 7 and 8 is from the comparison with
no corruption, so the error data is not reported (it is identical
with reasoner answers).

To perform our evaluations we use three unique distance
measurements. We have a naive “Character” Levenshtein
distance function that takes two unaltered knowledge base
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statement strings and computes their edit distance.(Wiki-
books contributors 2019 accessed November 19 2019) How-
ever, because some names in the namespace are one digit
numbers and other names are two digit numbers, we include
a modified version of this function, called ”Atomic”, that
uniformly substitutes all two digit numbers in the strings
with symbols that do not occur in either. Since there cannot
be more than eight unique numbers in two decoded strings
there are no issues with finding enough new symbols. By
doing the substitutions we can see the impact that the num-
ber digits were having on the edits from the Atomic Lev-
enshtein distance. Finally we devise a distance function that
is based on our encoding scheme. The Predicate Distance
method disassembles each string into only its predicates.
Then, for each position in the 4-tuple, a distance is calcu-
lated that yields zero for perfect matches, absolute value of
guessed number - actual number for correct Class and Role
guesses, and guessed number + actual number for incorrect
Class and Role matches. So, for instance, guessing C1 when
the answer is C2 will yield a Predicate Distance of 1, while
a guess of R2 for a correct answer of C15 will yield 17.
Though this method is specific to our unique encoding, we
believe it detects good and bad results quite well because
perfect hits are 0, close misses are penalized a little, and
large misses are penalized a lot.

For each method we take every statement in a knowledge
base completion and compare it with the best match in the
reasoner answer, random answers, and corrupted knowledge
base answers. While we compute these distances we are able



to obtain precision, recall, and F1-score by counting the the
number of times the distance returns zero and treating the
statement predictions as classifications. Each time the sys-
tem runs it can make any number of predictions, from zero
to the maximum size of the output tensor. This means that,
although the predictions and reasoner are usually around the
same size and those comparisons are fine, we have to gen-
erate random data to compare against that is as big as could
conceivably be needed by the system. Any artificial shaping
decisions we made to compensate for the variations between
runs would invariably introduce their own bias in how we
selected them. Thus the need to use the biggest possible ran-
dom data to compare against means the precision, recall, and
F1-score for random are low.

Conclusion

In this experiment demonstrate that ££" reasoning can be
emulated with an LSTM. Although our example is merely
a prototype, we can definitively say yes to the first research
question, a neural network can be trained to emulate com-
pletion reasoning behavior. And because we have answered
this first research question without using name adjustments
or embeddings, so we can also answer yes to the second and
third questions. We have already discussed questions four
and five.

Future Work

There are a number of potential improvements that could
build on the work presented here. A few of the choices we
made might have had an impact of the results of the study
and we are curious if alternate strategies could improve the
way that the system learns reasoning patterns. We might
have chosen a 3-tuple encoding pattern that was more dense
but did not mirror the shape of the statements symmetrically.
We also considered adding the statements as an additional
dimension rather than concatenating them all together. This
may have made it easier for the system to distinguish indi-
vidual statements but would also add a lot of complexity in
the extra dimension. We experimented with different neu-
ron types like gated recurrent unit (GRU) and basic RNN,
though these had no significant impact on the results. The
type of neuron seems to have less effect than the overall
structure of the network. It would be interesting to see if
different ways of segmenting a network, besides just along
the supports as we have defined them, could improve results.

Along with these ideas to improve our current system, we
also speculate that with some effort we should be able to
accomplish basically the same type of thing with a more ex-
pressive logic and a new encoding. £L£1 for instance would
be an easy first attempt since it is so similar to ££7. Though
we should be able to adapt this strategy for any logic that
uses completion rules for reasoning. Whatever we choose to
do with it, we are optimistic that we can use this strategy
to advance understanding of how logic and neural networks
can work together.

Testing Environment

All testing was done on a computer running Ubuntu 19.10
64-bit with an Intel Core i17-9700K CPU@3.60GHz x 8, 47.1
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GiB DDR4, and a GeForce GTX 1060 6GB/PClIe/SSE2.
Source code and experiment data is available on GitHub
https://github.com/aaronEberhart/PySynGenReas.
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Abstract. The high expressivity of the Web Ontology Language (OWL)
makes it possible to describe complex relationships between classes, roles,
and individuals in an ontology. However, this high expressivity can be an
obstacle to correct usage and wide adoption. Past attempts to amelio-
rate this have included the development of specific, presumably human-
friendly syntaxes, such as the Manchester syntax or graphical interfaces
for OWL axioms, albeit with limited success. If modelers want to develop
suitable OWL axioms it is important to make this as easy as possible.
In this paper, we adopt an idea from the Protégé plug-in, OWLAx, which
provides a simple, clickable interface to automatically input axioms of a
limited number of types by following simple axiom patterns. In particu-
lar, each of these axiom patterns contains at most three classes or roles.
We hypothesize that most of the axioms in existing ontologies could
be expressed semantically in terms of simple patterns like these, which
would mean that more complex patterns can be used very sparingly.
Our findings, based on an analysis of 518 ontologies from six public
ontology repositories, confirm this hypothesis: Over 90% of class axioms
in the average ontology are indeed expressible with our simple patterns.
We provide a detailed analysis of our findings.

1 Introduction

Knowledge graph schema are complex artifacts that can be difficult and ex-
pensive to produce and maintain. This is especially true when encoding them
in OWL (the Web Ontology Language) as ontologies. The high expressivity of
OWL is a boon, in that it makes it possible to describe complex relationships
between classes, roles,! and individuals in an ontology. At the same time, how-
ever, this high expressivity is often an obstacle to its correct usage that can
limit adoption. Past attempts to ameliorate this have included the development
of specific, presumably human-friendly syntaxes, such as the Manchester syntax
[10], or graphical interfaces for OWL axioms, albeit with modest success [16].
Additionally, certain engineering paradigms and methodologies have been devel-
oped, such as eXtreme Design [2] or Modular Ontology Modeling [7,19], that try
to simplify the modeling process.

! We refer to properties as roles, unless a distinction is relevant, as this is the standard
description logic term. These include both object properties and data properties.
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In general, these methodologies aim to guide ontology developers through
the complex modeling process by either abstracting the complexity away (for
example, through the use of Ontology Design Patterns), or by limiting the scope
of the model to something immediately applicable and understandable. In this
paper we are particularly interested in the latter, especially during the axioma-
tization process. We believe that it is important to investigate new avenues for
improving the approachability of creating suitable OWL axioms.

One of the core tenets of the Modular Ontology Modeling methodology is
to produce schema diagrams and then systematically axiomatize them, with
the input of domain experts. This systematic axiomatization is inspired by the
OWLAXx plugin for Protégé,? which provides a simple, clickable interface to au-
tomatically input axioms of limited syntactic forms that are all created from
simple axiom patterns [17]. In particular, each of these simple axiom patterns
contains at most three classes or roles. In [17], it was posited (but not demon-
strated) that the 17 axiom patterns provided by the interface were sufficient for
most modeling purposes. In this paper, we test that hypothesis by analyzing
518 ontologies from six public ontology repositories. Concretely, we show the
following:

H1. Almost all axioms in OWL ontologies are expressible using a set of simple
axiom patterns, like those found in Table 1.

And indeed, as we will see, it holds for over 90% of class axioms in the average
ontology using our relatively straightforward analysis. With a more thorough
analysis or with different patterns, the percentage may even be higher.

2 Related Work

We are aware of only a very limited amount of research that specifically concerns
the semantic, not syntactic, composition and expressibility of ontologies regard-
ing patterns. There are several studies, such as [5,23,14], which investigate the
use of OWL syntax and constructs in general. However, a mere syntactic survey
of OWL as it is used in practice does not directly address the question we are
investigating, namely whether a relatively small set of axiom patterns suffices
to express most OWL axioms. Zhang et al. [26] look at ways to measure the
design complexity of ontologies. Their work is focused more on ontology quality
evaluation than ontology composition. Some have also attempted to measure
the effect that axioms like existential quantifiers have on reasoning time, such
as Kang et al. [11], although it is only tangentially related to the work that we
are presenting.

There are also, as previously mentioned, tools that attempt to simplify OWL
ontology development, such as Manchester Syntax [10], WebVOWL [13], CoMo-
dIDE [18], Graffoo [3], and ROWLTab [16]. These tools simplify the development
process but they do not measure whether OWL axioms are necessarily complex

2 See https://protege.stanford.edu/.
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in everyday usage. It could very well be the case that OWL is unavoidably com-
plicated and these tools are needed to deal with this complexity, although we
believe our work demonstrates that this is usually not the case.

3 Methodology

Our hypothesis is that most axioms in ontologies could be expressed with simple
axiom patterns. In this section, we will define what we mean by simple axioms,
then give an example of a set of patterns that generate simple axioms, such as
those used in the Protégé plugin OWLAx. Following that, we will describe how
to measure the extent to which an ontology is expressible with simple axiom
patterns, and then provide some minimal normalizations for ontologies which
we will use in our evaluation.

3.1 Simple Axioms

The simple axioms we study in this paper are defined below. We consider de-
scription logic syntax for OWL DL, that is, we identify it with the description
logic SROZQ(D) [8].

Definition 1. A Simple Axiom is any OWL aziom that contains at most three
class or role names, or a data range, and is not a syntactic shortcut for other
OWL azioms as defined in the OWL 2 Specification.® Any axiom which is not
simple is a Complex Axiom.

Our set of axiom patterns is designed for class axioms, so we restrict our focus
to class axioms in the evaluation, although, in principle, the notion of a simple
axiom could apply to role (RBox) axioms as well. The limitation of three atoms
for simple axioms is an intuitive threshold, in terms of size, because it means that
nesting is limited, yet the axiom can still contain expressions and participate in
complex inferences in combination with other simple axioms. This would not be
the case for axioms limited to size two, where one could only express A T B
for classes, or R C S for roles, which would radically limit the expressivity of
the ontology. Axioms with more than three atomic classes or roles may be more
expressive, but are often equivalent through normalization to smaller axioms, so
they do not make not good candidates for simple axioms. Note that negation
and inverse are not considered complex, since the definition considers only the
number of names; of course double negation can be eliminated trivially.

3.2 OWLAx axiom patterns

OWLAx [17] is a Protégé plugin that allows users to automatically generate
certain simple OWL axioms using a graphical interface. The set of axioms we
study in this paper are inspired by the axioms that OWLAx can create, and
they are listed in Table 1.

3 See https://wuw.w3.org/TR/2012/REC-owl2-syntax-20121211/
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Subclass ACB Functional T CE<1R.T
Disjoint Classes A M BLC 1 Qualified Functional T C <1R.B
Domain JR.T CB Scoped Functional A C <IR.T
Scoped Domain JR.A C B Qualified Scoped Functional A LC <1R.B
Range T C VR.B Inverse Functional T CE<K1IR™.T
Scoped Range ALC VR.B Inverse Qualified Functional T CKIR™.B
Existential AC JdrR.B Inverse Scoped Functional AC<IR™.T
Inverse Existential A C JR™.B Inverse Qualified Scoped Functional A C <1R™.B
Structural Tautology A C >0R.B

A,B,R are variable terms that contain at most one class or role name, or a data range

Table 1: OWLAx Axiom Patterns

The actual implementation details of the OWLAx plugin are not pertinent
to our discussion. Rather, we are interested in what it happens to contain: a set
of patterns that only make simple axioms. In this sense, the axiom patterns are
simple axiom patterns, since they can generate only simple axioms. And because
it was designed specifically to help create ontologies, we speculate that ontologies
will be mostly expressible using these patterns. We now discuss how to assess
the extent to which an ontology can be expressed using such aziom patterns.

3.3 Axiom Pattern Expressibility

To study whether axioms in an ontology are expressible with simple axiom pat-
terns, we first define the term axiom pattern and then show how a set of axiom
patterns can be used to study axioms in an ontology, obtaining multiple metrics
to evaluate pattern expressibility.

Definition 2. An Axiom Pattern is a programmatic template for creating
new, syntactically correct axioms. An axiom pattern may have variable terms
that can be used to obtain specific axioms by substitution. Given an axiom « and
a pattern p, we say that p can generate « (or, p is a-generating) if a can be
obtained by appropriately substituting variable terms in p.

For example, the axiom pattern A C JR.B for an existential axiom from Table 1,
where A, B, R are variable terms, can be used to generate the axiom Dog C
dchases.Squirrel by substitution, where “Dog” and “Squirrel” are classes and
“chases” is a role. Note that axiom patterns are very different from Ontology
Design Patterns (ODPs) [20], because an ODP is a partial ontology representing
a generic solution to a recurring ontology modeling problem, while an axiom
pattern is a pattern for making single axioms. They are fundamentally different
in purpose and nature (although the term pattern can be used for either).

Definition 3. The Axiom Pattern Expressibility aep(a) of an axiom «
w.r.t. a set of axiom patterns P is the set of patterns p € P each of which
can generate o with the fewest substitutions. Formally, given an axiom o« and a
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pattern p that can generate o, let sy(a) be the number of substitutions required
to generate a from p. Given an azxiom «, and a set P of axiom patterns, let
aep () be the set of a-generating patterns from P such that, for all q € aep(«)
and p € P, we have sq(a) < sp(a). Note that aep(a) may be empty if there are
no a-generating patterns in P.

We give an example for these definitions. Let P be the set of axiom patterns
from Table 1, and let & be Human C <1.hasHeart.T. Then sac<1r.7(a) = 2 and
sac<ir.B(a) = 3. It is easy to check that no other patterns in P can generate
a. Hence aep(a) = {AC <1R.T}.

Proposition 1. For P the set of axiom patterns from Table 1, and given any
aziom « in SROIQ(D), aep(w) is either empty or a singleton set. Le. if an
axiom can be generated from a pattern from P, then there is a unique pattern
with the minimal number of required substitutions.

Proof. 1t is sufficient to show that no axiom can be created by more than one
of our patterns with the fewest substitutions. This can be verified easily by in-
specting Table 1 and comparing pairs of patterns. We draft the thought process.
Table 1 states that each variable term contains at most one class or role name,
therefore subclass, disjoint classes, and structural tautology patterns all have
no overlapping patterns which could also produce axioms of those forms. The
domain, range, and existential patterns do not mutually overlap except in pairs
that vary only in the location of T or ~, so the claim is clearly also true, since
T or ~ in the pattern reduces the number of substitutions required to generate
an axiom containing it by 1. Functional and inverse functional patterns follow a
similar structure, where an axiom is always uniquely obtainable with the fewest
substitutions from the pattern containing T and ~ in the same locations.

The following will be used in our evaluations.

Definition 4. The Average Axiom Pattern Expressibility aep(A) for a
set of axioms A of cardinality |A| (i.e., |A| is the number of azioms in A) is
defined as

@en(A) = ) _laen(o)].
acA

The Average Ontology Axiom Pattern Expressibility oep(O) of a set of
ontologies O having cardinality |O| and set of axiom patterns P, is given by

5P (0) = 11 3 Tp(A),

where A represents the set of axioms in each ontology.

It is important to note that average ontology axiom pattern expressibility can
be used to evaluate a set of ontologies, and average axiom pattern expressibility
can be used to evaluate any number of axioms, e.g. a set of axioms which has
been collected from multiple ontologies.
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3.4 Normalization

We have discussed our evaluation measures for axiom pattern expressibility of an
ontology. However, there remains an issue that ontologies often vary radically
in the way they are syntactically expressed, even if semantically they mean
similar or even equivalent things. Ontologies are written for completely different
purposes and at differing levels of complexity; some ontologies are developed for
complex reasoning applications, while others are used for more straightforward
data integration. Even within a single ontology, different authors may express
equivalent statements in different ways based on personal preference or style. To
give an example, class disjointness of two classes A and B can be expressed with
any of the (equivalent) axioms AMBLC 1, AC -B, BLC —A, and others.

Hence, in order to evaluate the pattern expressibility of a large number of on-
tologies uniformly, we therefore need at least a minimal syntactic normalization
strategy taken from community standards that allows us to compare disparate
sources without biasing the evaluation in favor of any particular style. For this,
we use multiple strategies derived from common OWL practices.

Our normalization begins by filtering out all axioms except class, role, and
HasKey axioms. This is necessary because there are many OWL axioms for
which our pattern study will not apply. Included in this are assertion (ABox)
axioms, since these are primarily axioms about instances rather than classes and
roles, but also axioms such as annotations, declarations, and datatype definitions,
that are axioms according to the OWL 2 specification but carry no or few formal
semantics. HasKey axioms are taken into account because they are logical axioms
and not assertions or annotations, although their semantics is different from class
and role axioms. Note that none of our axiom patterns matches HasKey axioms.
The remaining class and role axioms are then transformed according to the
following procedures.

The first transformation that we perform is an equivalence transformation
based on the syntactic shortcuts defined in the OWL Structural Specification
[15]. Whenever an axiom is found that has one of the forms in Column 1 of Table
2, we perform the designated substitution. These substitutions are equivalent
rewritings so they do not alter the semantics of the ontology. It is also possible
that other simple transformations of class axioms according to the equivalences
defined in the structural specification could improve the evaluation, since these
axioms also might be expressible using patterns. Our transformation thus may
lead to an undercount in our disfavor; we will come back to this point later. Thus,
for EquivalentClasses, DisjointClasses, and DisjointUnion we convert them to
sets of SubClass axioms using definitions in the OWL 2 specification.

The second transformation that we perform is obtaining negation normal
form (NNF) of all class axioms in an ontology. By using the NNF we can trans-
form all of the class axioms in an ontology into simple syntactic forms that are
stripped of unnecessary information that might be due to coincidence rather
than semantic equivalence.

The last transformation we apply is splitting SubClass axioms with conjunc-
tions in the consequent, or disjunctions in the antecedent, into separate axioms.
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Ontology Axiom Substituted Axiom
ReflexiveObjectProperty(R) T C 3R.Self
IrreflexiveObjectProperty(R) JR.Self C |
FunctionalObjectProperty(R) TC<IRT
FunctionalDataProperty(S) TLC 18T
InverseFunctionalObjectProperty(R) TCKIR™.T
ObjectPropertyRange(R C) T CVR.C
DataPropertyRange(S D) TLCVS.D
ObjectPropertyDomain(R C) JR.TCEC
DataPropertyDomain(S C) IS.TCC

R is an ObjectProperty, S is a DataProperty, C is a Class, and D is a DataRange
Table 2: Axiom Transformations

This is a standard procedure in many normalizations, and we simply replace the
axiom with a set of axioms formed from the conjuncts or disjuncts whenever
an axiom of this type is found. There is a special case that occurs only when
the consequent is an ExactCardinality expression whose value is equal to 1. In
this case, we do not use a MinCardinality 1 substitution but instead add an
existential, since that is equivalent and more compact.

All normalizations are performed sequentially and axioms are output into a
separate collection for evaluation. This compartmentalizes the data and ensures
that no duplicates are created, even when a single axiom is transformed into a
set of axioms. The sets of axioms A used in our evaluations are these separate
normalized sets.

4 Evaluation

We analyze a set of 518 ontologies from various sources, normalizing them, and
testing them for axiom pattern expressibility according to the principles de-
scribed in the previous section. Ontologies were selected from diverse sources
with unique design requirements: benchmark ontologies, Ontology Design Pat-
terns (ODPs), ontologies extracted from Linked Open Vocabulary (LOV) [22], as
well as medical domain ontologies. It would technically be possible to integrate
other types of linked data in this analysis, though semantically it may not be
straightforward to interpret the results if the data was mixed, so we use only
OWL ontologies. Statistics about the original ontologies gathered before and af-
ter normalization can be found in Table 3. The normalization adds a few axioms
to the set of axioms from an ontology whenever an axiom is split, so counts
increase by a factor of around 7-8 to 10, except for ontologies that contain many
assertions that were excluded during the normalization process, like hydrogra-
phy and anatomy benchmarks. As mentioned previously, the normalized axioms
are the axioms used in the evaluation and the equations. We use the set of all
normalized axioms from all ontologies for the @ép(.A) numbers and the set of
normalized axioms from each ontology for oep(O) numbers.
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LOV Hydrography Anatomy Conference ODP Ontobee  Misc

classes 20075 341 6048 498 577 509925 80796
roles 10106 121 5 226 600 10453 535
data properties 8340 77 0 8 71 480 66
axioms 274991 8873 41407 3037 7378 5071892 816572
logical axioms 82450 5463 16383 2153 3223 963880 272334
normalized axioms 94937 1748 9951 2774 3917 1208950 391015
ontologies 250 4 2 7 80 171 4

Table 3: Ontology Statistics. Logical axioms are axioms that are neither decla-
rations nor annotations

In this section, we report the result for all ontologies we tested, then go into
details about each source, reporting a separate evaluation for each. Next we
break down the results by profile and report the numbers for those as well. In all
cases, the expressibility numbers are reported for All Axioms, Class Axioms, and
Simple Class Axioms. Our axiom patterns can only express simple class axioms,
thus the values for ‘All Axioms’ represent the evaluation using all class, role, and
HasKey axioms, ‘Class Axioms’ indicates the evaluation using only class axioms,
and ‘Simple Class Axioms’ represents the evaluation for only simple class axioms.
In Figures and Tables, the term “miss” is used to indicate a simple axiom that
was observed but was inexpressible using our patterns. The last value we report,
which is a byproduct of calculations that produce expressibility numbers, is the
percent subclass and percent existential, as well as their combination. By this we
mean, what percent of all of the axioms in an ontology are expressible with the
subclass pattern, the existential pattern, or both. It will turn out in nearly every
case that a surprisingly high proportion of most ontologies is expressible with just
these two simple axiom patterns. OWL files and source code for the evaluation,
except the gene ontology which can’t be uploaded due to size restrictions, can
be found on the GitHub page https://github.com/aaronEberhart/owlax and
the raw data can be inspected in the spreadsheet at https://tinyurl.com/
eswc2021.

4.1 Overall Expressibility

The average axiom pattern expressibility and the average ontology axiom pat-
tern expressibility for our simple axiom patterns over all normalized axioms in
all ontologies is included in Table 4, as well as the standard deviation for the
ontology axiom pattern expressibility.

Figure 1 shows the overall distribution of axioms for the entire collection of
ontologies. Complex class axioms, role axioms, miss (inexpressible simple ax-
ioms) and HasKey are the axioms that cannot be generated by our patterns;
note that only the first two of these play a significant role. Simple subclass is
54.8%, and existential is 23.9%, totaling 78.8%. This is almost the same as the
axiom expressibility value for all axioms (82.2%). A more detailed view of axiom
type distributions can be found in the next section in Figure 2.
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aep(A) oep(O) StdDev vep(O)

All Axioms 82.2% 82.9% 0.206
Class Axioms 83.8% 92.9% 0.165
Simple Class Axioms 99.8% 96.5% 0.153

Table 4: Overall Average Expressibility

@ subclass
@ existential
complex class axioms
@ role axioms
©® range

@ qualified scoped
functional

@ scoped domain

@ scoped range
domain

© miss

@ scoped functional
qualified functional
functional
structural tautology

@ inverse functional

@ inverse existential
has key

@ inverse qualified
scoped functional

Fig. 1: Overall Distribution of Axioms

4.2 Source Expressibility

As they are all from very different domains, each source was analyzed inde-
pendently from the whole. Our evaluation includes 250 ontologies that were
automatically pulled from LOV using a script that can be found on the project
GitHub. We obtained benchmark ontologies that are used for ontology align-
ment evaluation. There are 4 ontologies from Hydrography, 2 from Anatomy,
and 7 from the Conference domains, and each appear in their own column in
Tables 5 and 6. We also obtained and evaluated 80 ODPs, as well as a collection
of 171 OWL files that are mainly from the medical domain from the ontobee*
[25] website. Additionally, we gathered 4 ontologies that did not fall neatly into
any of these categories but nonetheless seemed interesting to include in the over-
all result. These ontologies are General Formal Ontology [6], Gene Ontology [4],
GeoLink Base Ontology [12], and the Enslaved Ontology [21], and their average
is labeled Misc in the tables.

4 http://ontobee.org.
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LOV Hydrography Anatomy Conference ODP Ontobee Misc

All Axioms 78.7% 77.1% 99.9% 89.3% 85.7% 88.7% 62.4%

Class Axioms 92.6% 84.5% 100% 96.2% 97.3% 89.9% 62.5%

Simple Class Axioms 99.2%  96.5% 100% 99.2% 99.1% 99.8% 99.9%
Table 5: aep(A) By Source

LOV Hydrography Anatomy Conference ODP Ontobee Misc

All Axioms 81.3% 77.5% 99.9% 87.3% 76.5% 88.3% 67.2%

Class Axioms 92.7%  89.7% 100% 92.8% 96.4% 91.8% 99.4%

Simple Class Axioms 95.2%  97.6% 100% 95.2% 97.7% 97.9% 99.4%
Table 6: oep(O) By Source

The Gene Ontology tends to dominate the other sources in Misc due to its
extremely large size. It also contains a much higher percentage of complex class
axioms than any other ontology we tested, which accounts for the difference
in Misc between simple class axioms and class axioms. In LOV there are a
considerable number of role axioms. This explains why the expressibility is so
much higher for class axioms than all axioms.

In Table 7, we see the range of percent subclass and existential among sources.
Anatomy, Ontobee, and Misc all contain medical domain ontologies, which may
account for the increase in percent existential if they contain more ontologies
in the EL profile. LOV and Hydrography, on the other hand, are expressible
with very little subclass at all, and both contain many role axioms. Except for
the Anatomy Benchmarks, which is actually only two ontologies so a dispropor-
tionately small sample size, it does not appear to be the case that any sources
are entirely existential and subclass. Neither are any sources completely lacking
the two axiom patterns. When we break the results down by profile in the next
section, things will look quite a bit different.

Figure 2 shows the actual counts of each axiom pattern used to calculate
expressibility in logarithmic scale. In this chart we can see how sources like On-
tobee and Misc do contain some of the less common patterns. They are just
so large that smaller sources, like ODPs and benchmarks, tend to have higher
percentages. The previously mentioned high percentage of complex class axioms
for Misc can be seen in the third column. Also, the two ontology sources with
the highest percent expressibility of subclass and existential are Anatomy and
Ontobee, both medical type ontology sources. If we move farther down the chart
to the less common axiom patterns, the larger ontology sources are less preva-
lent and now the benchmarks and ODPs start to dominate. The last two axiom
patterns were never detected by our program and inverse scoped functional oc-
curred once so the log scale in the chart hides this. For the inverse qualified
functional axiom pattern it is conceivable that authors rarely had occasion to
write axioms like this. Disjoint classes may seem surprising, however we inves-
tigated the evaluation and found that, even though our pattern, AM B C 1,
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LOV Hydrography Anatomy Conference ODP Ontobee Misc

Subclass 42.4% 46.2% 66.8% 57.6% 56.4% 60.2% 41.0%
Existential 05.9% 07.4% 33.1% 06.7% 05.7% 26.5% 20.7%
Subclass + Existential 48.3% 53.3% 99.9% 64.3% 62.1% 86.7% 61.7%

Table 7: Percent Subclass and Existential By Source

B Everything [ LOV Hydrography Benchmarks [ Anatomy Benchmarks
[ Conference Benchmarks [ ODPs Ontobee [ Misc
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Fig. 2: Axiom Expressibility Counts, Log Scale

is expressible in profiles that do not contain negation, authors are likely using
Protégé or the OWLAPI [9] to state disjoint classes axioms which the normal-
ization transforms into subclass axioms containing negation, as defined in the
specification. This causes disjoint classes to match the subclass pattern rather
than our disjointness pattern, which is not a false negative or a methodological
error, but it is technically a misclassification due to conflicting sets of patterns.

4.3 Profile Expressibility

During the analysis we also tested each ontology to see if it was in the OWL
profiles EL, QL, RL, or DL, and report the expressibility information for each
profile separately. In Tables 8, 9 and 10, the Full column is reproduced from
values in Section 4.1 and Table 4 for comparison, since every ontology will be in
OWL Full. There were 15 ontologies that could be loaded into the evaluation,
but the OWLAPI could not test their profile; these ontologies were not included
in the profile results but are included in the Full column. Interestingly, for the
EL, QL, and RL profiles we see around a ten percent expressibility boost over the
overall result. All three also have perfect expressibility for simple class axioms,
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EL QL RL DL Full
All Axioms 98.7% 99.7% 97.8% 91.4% 82.2%
Class Axioms 98.8% 100% 100% 92.7% 83.8%
Simple Class Axioms 100% 100% 100% 99.9% 99.8%
Table 8: aep(A) By Profile

EL QL RL DL Full
All Axioms 94.6% 87.7% 81.7% 82.8% 82.9%
Class Axioms 97.5% 97.1% 95.2% 94.4% 92.9%
Simple Class Axioms 98.1% 97.1% 95.2% 97.2% 96.5%
Table 9: oep(O) By Profile

and nearly perfect expressibility for all class axioms. The expressibility numbers
for DL are also slightly higher than the overall numbers, though significantly
less so than for the other profiles. The lower values for Full compared to DL are
heavily influenced by the Gene Ontology, which was not classified as OWL DL.

Unlike the different sources, where the percent subclass and existential num-
bers were mostly near the average, we get a much more skewed result when we
break the ontologies down by profile in Table 10. EL. and DL ontologies seem to
be expressible with a similar percentage of subclass axioms as the overall result,
though EL has many more existential expressions. QL ontologies, on the other
hand, are eighty percent expressible with the simple subclass pattern. And the
RL profile ontologies are almost entirely expressible with simple subclass. It is
no surprise, then, that EL, QL, and RL ontologies have such high expressibility.

In Table 11, we mark which of our axiom patterns are expressible in each
profile with an X symbol, using the OWL 2 Profiles [24] document as a reference.
We see that RL expressibility is almost entirely subclass, and the existential
pattern is indeed inexpressible in that profile. EL seems to be evenly divided
between subclass and existential, which again aligns with the types of statements
permitted in the profile. The DL profile allows all the types of expressions and
it understandably has a similar result to the overall average.

For the EL profile we also observe a unique result, because our axiom patterns
have almost complete overlap with the 4 normal form class axioms defined for
ELTT in [1], as shown in Table 12. The only exception is conjunction, which
can only match our disjoint classes axiom pattern when the consequent is equal
to L. If we were to define a conjunction axiom pattern, it might be possible to
completely express this profile with simple axiom patterns. This could also be
done for class axioms in the QL profile, where our axiom patterns could express
all simple axioms, and could express any set of QL axioms that was normalized
to remove nested quantifiers. Simple class axioms for the RL profile could be
expressed in much the same way as EL, missing only conjunction axioms that
do not have L in the consequent. With the addition of a conjunction pattern
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EL QL RL DL Full
Subclass 52.5% T78.2% 95.1% 60.9% 54.8%
Existential 46.1% 21.1% 0% 292% 23.9%
Subclass + Existential 98.6% 99.3% 95.1% 90.2% 78.8%
Table 10: Percent Subclass and Existential By Profile

EL QL RL DL EL QL RL DL

ACB [X X X X|T C<IR.T X

ANBLC 1|X X X|T C<IRB X
RTCB|X X X X|ACKIRT X X
JRALCB | X X X| AC<IRB X X
T C VR.B X|T C<IR™.T X
ALC VR.B X X|T C<IR.B X
AC 3RB|X X X |AC<IR™.T X X
AC 3R™.B X X |AC<IR .B X X
A C >0R.B X

Table 11: Profile Axiom Pattern Expressibility

and by normalizing to remove nested quantifiers we could also obtain complete
class axiom pattern expressibility for RL.

5 Discussion

Our motivation for this study is that we believe simple azioms, specifically those
that can be created from simple patterns, are easier for non-logicians to un-
derstand and utilize for modeling. This is not to say that complex axioms are
unnecessary, indeed they may be the most important. However, if most of OWL
could be expressed with simple patterns, as we have shown, this seems a good
place to focus our attention when we consider ways to facilitate adoption. Along-
side improved comprehension, simple axioms made from patterns come with a
number of added benefits: attempting to measure the non-local effects of onto-
logical commitments may be easier, they can be easily and automatically created
by tools that allow users to specify statements in a graphical interface without a
deep technical understanding of the inner-workings of OWL, and simple axioms
often do not require normalization before being input to a reasoner. To support
this, we determine the current usage characteristics of axioms in existing ontolo-
gies to see if they are expressible with simple axiom patterns, as well as how this
relates to different sources and OWL profiles.

Our evaluation is limited in a few ways. We have not yet investigated if
limiting an ontology engineer to these axiom patterns would pose additional
obstacles, such as in writing complex axioms. There is also no way we are aware
of to automatically detect if patterns were used to make an ontology, so we are
unable to compare ontologies made without patterns to those that were made
with patterns. Finally, our evaluation produces a lower bound. So while it shows
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Axiom Pattern EL£1F Normal Class Axiom
ALCB ALCB

AnBLC L ANMBLCC, when C= 1
JdR. T CB JR.AC B, when A =T
JR.ACB JR.ACB

AC JdR.B AC JdR.B

Table 12: EL£7T Axiom Pattern Expressibility

clearly that axiom patterns can provide sufficient expressibility for most axioms,
we do not yet know how much more a more sophisticated evaluation might find.

5.1 Future Work

In the future there are many potential next steps that could build on this study.
One approach would be to test different sets of simple axiom patterns and see
how the expressibility numbers compare between them. OWLAx was a good
basis to create an initial set of simple axiom patterns but there are some obvious
common ones that it lacks, for instance conjunction, disjunction, negation, as
well as multiple variations on cardinality and role axioms. For the current study
we only use simple axioms because there is no clearly defined way to categorize
complex axioms, which can be arbitrarily large. It may be interesting to analyze
the complex axioms to see if there are any new patterns that can be included.

We also admit that our definition of expressibility is quite simple, inten-
tionally kept this way for clarity. However it may be possible with some more
comprehensive statistical tools that a better understanding of axiom pattern ex-
pressibility in ontologies is possible. In a future study we may look into different
evaluations besides expressibility, perhaps it will be informative to compare.

Additionally, our method normalized many axioms, however it is likely that
complex axioms existed in the ontologies we studied that could have been nor-
malized but weren’t because our method only obtained NNF and then split up
appropriate conjunction and disjunction axioms. By introducing new terms in
the normalization to syntactically split some expressions we might be able to
even further increase the expressibility detection capability. Though, as previ-
ously mentioned, this would require the addition of new terms, and would be
equivalent but also contain more entities, so the comparison would be less obvi-
ously appropriate.

6 Conclusion

In this paper we demonstrate that most axioms in OWL ontologies are express-
ible with a small set of simple axiom patterns. This has implications for how we
approach ontology management and development. If ontologies are mostly ex-
pressible with simple patterns then focusing on supporting and explaining these
types of axiom patterns can lead to easier adoption and maintenance. Complex

72



Expressibility of OWL Axioms with Patterns 15

axioms will of course always be a part of OWL, but we can improve our on-
tologies most easily by first making sure that the patterns used to create simple
axioms are well understood and used correctly.
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Abstract. Knowledge graphs and ontologies represent information in a
variety of different applications. One use case, the Intelligence, Surveil-
lance, & Reconnaissance: Mutli-Attribute Task Battery (ISR-MATB),
comes from Cognitive Science, where researchers use interdisciplinary
methods to understand the mind and cognition. The ISR-MATB is a set
of tasks that a cognitive or human agent perform which test visual, au-
ditory, and memory capabilities. An ontology can represent a cognitive
agent’s background knowledge of the task it was instructed to perform
and act as an interchange format between different Cognitive Agent tasks
similar to ISR-MATB. We present several modular patterns for repre-
senting ISR-MATB task instructions, as well as a unified diagram that
links them together.

1 Introduction

Knowledge graphs facilitate data integration across highly heterogeneous sources
in a semantically useful way. Knowledge graphs may be equipped with a schema,
frequently an ontology, that combines the associative power of the knowledge
graph with the semantics of the ontology. Due to this, they are uniquely suited
to support research in cognitive science, where it is often necessary to incor-
porate information from fields like computer science, psychology, neuroscience,
philosophy, and more.

Cognitive agents are a sub-field of cognitive science and an application of
the more broad study of cognitive architectures. Cognitive architectures, like
ACT-R [1] for example, are an approach to understanding intelligent behavior
and cognition that grew out of the idea of Unified Theories of Cognition [8].
These systems have their roots in Al production systems and some types use
rules-based cognition. Many in Computer Science are familiar with inductive
themes from a different type, called Connectionism, due to its historic ties with
artificial neural networks. Symbolic cognitive architectures, by contrast, are less
widely known outside of cognitive science, and are abstracted and explicit like
logic programming.
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Both ontologies and cognitive architectures deal with symbolic knowledge.
Symbolic cognitive architectures typically focus on the plausibility of knowledge
and the way in which that knowledge is translated into human behavior within
a specific task. Ontologies offer a set of robust mechanisms for reasoning over
complex knowledge bases and could help cognitive architectures adapt to tasks
in novel environments. One way the two may be integrated is by leveraging the
ontology to reduce the specificity of a cognitive agent.

In general, cognitive agents are often specialized, or differentiated, to perform
a specific task or set of tasks. An undifferentiated agent is one that has no
specialization. The purpose of such an agent is to be adaptable to new tasks
as needed. As part of initial work to develop such an undifferentiated cognitive
agent, we have developed a modular ontology that captures instructions for a
specific cognitive agent task called ISR-MATB. We discuss this platform in more
detail in the next section.

Currently, the ontology supports the memory of a cognitive agent by adding
structure to its knowledge and providing new varieties of query-like recall. And
due to design methodology used during the modeling process, the ontology is
general enough that it could model other cognitive agent experiments, which
could then be evaluated against each other in a structured way. This allows
the ontology to act as an invaluable interchange format between researchers
developing cognitive agents.

The rest of this paper is organized as follows. Section 2 provides a brief
overview of the use-case: ISR-MATB. Section 3 provides an in-depth examination
of the ontology. Finally, in Section 4, we briefly conclude and discuss next steps.

2 ISR-MATB

ISR-MATRB is a series of cognitive tasks that could be completed by a Cognitive
Agent or a human [3]. A trial starts with one very simple task, the evaluation
then branches into two sub-tasks that relate back to the first task. After the two
sub-tasks are complete the agent completes one final task requiring integration
of remembered information from all previous tasks. The final task is made more
difficult by the possibility of incorrect feedback as the agent learns. ISR-MATB is
intended to be repeated for a fixed time so that researchers can observe changes
in the agent’s response time and develop better computational cognitive agents.

2.1 Psychomotor Vigilance Test

The Psychomotor Vigilance Test is one of the more basic cognitive tasks [2].
In this task, there is an area of the screen where a letter could appear. The
letter will be drawn with a specific color. When the letter does appear an agent
must press a button that acknowledges they have seen it. If the agent pushes the
button too soon a false start is recorded and the task continues normally. If too
much time passes before the agent pushes the button then the task will continue
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Fig.1: An example depicting the four ISR-MATB tasks in a single interface.

with the letter unacknowledged. The next two tasks reference this letter and
color, so the agent is instructed to remember them.

2.2 Visual Search

The Visual Search task requires that the agent determine if the letter they
remember is among a group of many letters that appear on the screen [10].
The other letters are distractors, and may be the same letter as the target
with a different color, or the same color as the target with a different letter, or
both color and letter different. The target may or may not appear among the
distractors, and never appears more than once. The agent pushes a button to
indicate whether the the letter is present or absent.

2.3 Auditory Search

The Auditory Search task is very similar to the Visual Search, except of course
that the agent must listen instead of look. In this task there are between one
and four audio messages that each include a spoken color and letter. If one of
the messages is the same as as the letter and color from the first task the agent
pushes a button to indicate that it is present, otherwise they indicate that it is
absent.
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2.4 Decision Making

The final task, Decision Making, requires agents to infer a relationship between
the outcomes of the Visual and Auditory Search tasks together with a new binary
piece of information called “Intelligence” that appears after choosing whether to
hypothetically allocate sensors or not. The rule the agent must guess is not too
hard, but it is complex enough that it must be learned by trial-and-error over
multiple attempts. Learning the rule is made more difficult by the unlikely but
not impossible event that the program responds incorrectly even when a correct
answer is given. Responding ‘yes’ or ‘no’ to this sub-task ends one ISR-MATB
trial.

3 Ontology Description

In this section we present the Instruction Ontology, a domain ontology built
for use with the ISR-MATB experiment platform. This ontology was produced
by following the Modular Ontology Modeling (MOM) methodology, outlined in
[7,6] MOM is designed to ensure the high quality and reusability of the resulting
ontology, both in terms of scope and in terms of granularity, which is a desired
outcome.

The ontology consists of six modules: ISR-MATB Experiment, Instruction,
SituationDescription, ltemRole, Action, and Affordance. For each module, we
describe its purpose, provide a schema diagram,® and state its axiomatization
in both description logic syntax and natural language. The OWL file for this
ontology can be found online® as well as the official documentation.® Figure 5
shows the schema diagram for the entire ontology.

3.1 ISR-MATB Experiment.

The ISR-MATB Experiment module is the core module for the ontology. The two
main classes are ISR-MATB Experiment and ISR-MATB Task. As noted in Section
2, an experiment consists of up to four tasks that may require that information
be carried between them, where each Task resides in a specific quadrant of
the interface. Each Task provides roles to different ltems, as well as a set of
Instructions for the agent to carry out. We discuss these classes in more detail in
their respective Module sections. The schema diagram for this module is shown
in Figure 2c.

4 A schema diagram is an informal, but intuitive way for conveying information about
the structure and contents of an ontology. We use a consistent visual syntax for
convenience, detailed in Figure 2.

® See https://raw.githubusercontent.com/undiffagents/uagent/develop/
ontology/uagent.owl.

6 See https://daselab.cs.ksu.edu/content/domain-ontology-instruction
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Axiomatization:

T C Vaffords.Affordance (1)

ISR-MATBTask C >1 haslnstruction.Instruction (2)
ISR-MATBExperiment C <4 hasTask.ISR-MATBTask (3)

T C VhasLocation.Location 4)

T C VYhasName.xsd:string (5)

ISR-MATBTask C =1 hasName.xsd:string (6)

ISR-MATBTask C VprovidesRole.ltemRole (7)

ISR-MATBTask C Vinforms.ISR-MATBTask (8)

Explanation of axioms above:

1. Range. The range of affords is Affordance.

2. Minimum Cardinality. An ISR-MATBTask has at least one Instruction.

3. Maximum Cardinality. An ISR-MATBExperiment consists of at most four
ISR-MATBTasks.

4. Range. The range of hasLocation is Location.

5. Range. The range of hasName is xsd:string.

6. Scoped Range. The range of providesRole is ltemRole when the domain is
ISR-MATBTask.

7. Scoped Range. The range of informs is ISR-MATBTask when the domain is
ISR-MATBTask.

3.2 Action

The Action module is an instantiation of the Explicit Typing meta-pattern de-
scribed in [9].7

In this case, we use a class, ActionType, to represent a controlled vocabulary.
We believe that using a controlled vocabulary to represent this type information
is less invasive to the ontology. This way, adding or removing types of actions
from the controlled vocabulary does not actually change the ontology. Some
instances of the controlled vocabulary are listed in Figure 5.

An Action, in this context, is the physical, actual action that takes place to
transition between different states of the experiment, e.g. ‘the action of clicking
a button.” The schema diagram for this module is shown in Figure 2a.

Axiomatization:

Action C =1ofType.ActionType (1)

7 [9] is a modular ontology design library; it contains a set of frequently used patterns
and respective documentation.
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1
| TransitionDescription |

e

triggers

ofType ActionType I'_ _____ A |'_ _____ B
L Item | ISR-MATB Task |
refersTo affords affords

IL Item 1| ofType AffordanceType

(a) The schema diagram for the Action (b) The schema diagram for the Affor-
module. dance module.

affords hasl..n

informs

ISR-MATB Experiment
hastask— —/7i - — === b —
ISR-MATB Task

1
ISR-MATB Task | I Item |

hasLocat\un)r ——1
Locationl

hasName JRE providesRole assumedBy

providesRole

[-_It:mRoTe_-} ItemRole of Type ItemRoleType

(c) The schema diagram for the ISR- (d) The schema diagram for the ltem-
MATB Experiment module. Role module.

Fig. 2: Orange boxes are classes and indicate that they are central to the diagram.
Blue dashed boxes indicate a reference to another diagram, pattern, or module.
Gray frames with a dashed outline contain modules. Arrows depict relations and
open arrows represent subclass relations. Yellow ovals indicate data types (and
necessarily, arrows pointing to a datatype are data properties). Finally, purple
boxes represent controlled vocabularies. That is, they represent a controlled set
of IRIs that are of that type.

Explanation of axioms above:

1. Exact Cardinality. An Action has exactly one ActionType.

3.3 Affordance

The Affordance module is also instantiated from the Explicit Typing meta-pattern,
explained in more detail in Section 3.2 and [9]. An Affordance is essentially some
quality of an Item that indicates that “something” may be done with it. Familiar
examples might include clickable buttons or text highlighted in blue (perhaps
indicating that it’s a hyperlink). Instances of the AffordanceType can be found
in Figure 5. The schema diagram for this module is shown in Figure 2b.
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Axiomatization:

Affordance C =1hasAffordanceType.AffordanceType (1)

Explanation of axioms above:

1. Exact cardinality. An Affordance has exactly one AffordanceType.

3.4 ItemRole

The ltemRole module is an instantiation of the AgentRole pattern, which may
also be found in [9]. We also equip it with an explicit type, in the same manner
as Action and Affordance.

Each ISR-MATB Task may provide roles to ltems. That is, certain items may
be a target or distractor, but not always. This allows us to assign certain roles
to items that may, if they were qualities, be ontologically disjoint. The schema
diagram for this module is shown in Figure 2d.

Axiomatization:
ISR-MATBTask C VprovidesRole.ltemRole (1)
T C VhasltemRoleType.ltemRoleType (2)
ltemRole C YassumedBy.ltem (3)
ltemRole C JassumedBy.ltem (4)

Explanation of axioms above:

1. Scoped Range. The range of providesRole is ItemRole when the domain is
ISR-MATBTask.

2. Range. The range of hasltemRoleType is ltemRoleType.

. Scoped Range. ltemRoles are assumedBy Iltems.

4. Existential. Every ltemRole is assumedBy an ltem.

w

3.5 SituationDescription

For this module, we opted to use the Situation and Description approach. We
chose to use this conceptualization due to the non-linear nature of the instruc-
tions.® That is, an ISR-MATB Task is not a sequence of instructions, but a
collection of directions or descriptions.

An Instruction, is a description of a way to transition between two states. In
order to follow out an instruction the state described in the the pre-SituationDescription
would need to be met. Following through would result in a new state, the Post-
Situtation Description.

8 For a deeper discussion on Descriptions, Situations, and Plans, see [4].
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1 1
| TransitionDescription | | DescriptionlInstruction |

_____ ~I—- l_;7p_____

hasPreSituationDescription,
hasPostSituationDescription

SituationDescription hasCurrentCondition RelativeCondition

LocationType ofType

contributesTo

hasCurrentCondition, hasFirstltem,

refersToltemLocation hasEarlierCondition hasSecondltem RelativeConditionType
refersToltemColor
ItemDescription

refersToltemType isPresent hasltemName assumedBy

!

ColorType

refersToltemShape

ShapeType

N N
ltemType @ Il ItemRole |

——— ———

\

Fig. 3: The schema diagram for the SchemaDiagram module. Color and shape
usage is the same as in previous diagrams.

Furthermore, the SituationDescription will indicate the presence, or absence,
of an item, as well as its description. Descriptions, in this case, are relegated to
controlled vocabularies in the same manner as Affordance or Action. We call this
an ltemDescription because it is inherent to the Instruction and not the ltem,
itself.

The schema diagram for this module is shown in Figure 3.

Axiomatization:

SituationDescription C VhasCurrentCondition.(RelativeCondition U ltemDescription)

(1)

SituationDescription C VhasEarlierCondition.ltemDescription (2)
T C VYhasRelativeConditionType.RelativeConditionType

3)

RelativeCondition T VhasFirstltem.ltemDescription (4)

RelativeCondition C VhasSecondltem.ltemDescription (5)

ltemDescription C Vofltem.ltem (6)

ltemDescription C =1 isPresent.xsd:boolean (7)

T C VrefersToltemLocation.LocationType (8)

T C VrefersToltemColor.ColorType (9)

T C VrefersToShapeType.ShapeType (10)

T C VrefersToltemType.ltemType (11)

ltemDescription C >0 refersToltemLocation.LocationType (12)

ltemDescription C >0 refersToltemColor.ColorType (13)
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ItemDescription C >0 refersToltemShape.ShapeType (

ItemDescription C >0 refersToltemType.ltemType (
T C VhasltemName.xsd:string (16

JhasltemName.T C Iltem (

~— — ~— ~—

Explanation of axioms above:

1. Scoped Range. The range of hasCurrentCondition is a RelativeCondition or
ltemDescription when the domain is SituationDescription.
2. Scoped Range. The range of hasEarlierCondition is ItemDescription when
the domain is SituationDescription.
. Range. The range of hasRelativeConditionType is RelativeConditionType.
4. Scoped Range. The range of hasFirstltem is ItemDescription when the do-
main is RelativeCondition.
5. Scoped Range. The range of hasSecondltem is ltemDescription when the
domain is RelativeCondition.
6. Scoped Range. The range of ofltem is Item when the domain is ltemDescrip-
tion.
7. Scoped Range. An ltemDescription has exactly one Boolean flag indicating
whether or not it is present.
8. Range. The range of refersToltemLocation is LocationType.
9. Range. The range of refersToltemColor is ColorType.
10. Range. The range of refersToltemShape is ShapeType.
11. Range. The range of refersToltemType is ltemType.
12. Structural Tautology. An ItemDescription may refer to a LocationType.
13. Structural Tautology. An ltemDescription may refer to a ColorType.
14. Structural Tautology. An ltemDescription may refer to a ShapeType.
15. Structural Tautology. An ItemDescription may refer to an ltemType.
16. Range. The range of hasltemName is xsd:string.
17. Domain Restriction. The domain of hasltemName is restricted to ltems.

w

3.6 Instruction

Instructions are the atomic units of a task. They come in two varieties: descrip-
tions and actions. The former are instructions that are prescriptive or descrip-
tive. They are statements that indicate information about the environment or
the task. They may, in natural language, take such form as “There is a button
named ‘Present’.” The latter type of instruction instructs when or where to do
something. For example, “Press the button if a high-pitched tone is heard.” An
Action-Instruction prescribes some transition between descriptions of situations,
whereas Description-Instructions directly contribute to said SituationDescrip-
tion. The module also uses a data property to capture the natural language
formulation of the Instruction. The schema diagram for this module is shown in
Figure 4.
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asString

Instruction

A

DescriptionInstruction

contributesTo

ActionInstruction

prescribes

TransitionDescription

hasPreSituationDescription,
hasPostSituationDescription

——— ——— ——— ———

SituationDescription |

Fig. 4: The schema diagram for the Instruction module. Color and shape usage
is the same as in previous diagrams.

Axiomatization:
ActionlInstruction C Instruction (1)
ActionlInstruction C Vprescribes.TransitionDescription (2)
T C VasString.xsd:string (3)
Instruction T >0 asString.xsd:string (4)
Descriptioninstruction C Instruction (5)
DescriptionInstruction C VcontributesTo.SituationDescription (6)
T C VhasPreSituationDescription.SituationDescription

(7)

T C VhasPostSituationDescription.SituationDescription
(8)

Explanation of axioms above:

—_

Subclass. Every ActionInstruction is an Instruction.

Scoped Range. The range of prescribes is TransitionDescription when the
domain is ActionlInstruction.

Range. The range of asString is xsd:string.

Structural Tautology. An Instruction may have a string representation.
Subclass. Every Descriptionlnstruction is an Instruction.

Scoped Range. The range of contributesTo is SituationDescription when the
domain is DescriptionInstruction.

Range. The range of hasPreSituationDescription is SituationDescription.

. Range. The range of hasPostSituationDescription is SituationDescription.

o

SOt W

o N
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the same as in previous diagrams.
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4 Conclusion

In this paper we have presented an ontology for modeling the ISR-MATB cogni-
tive agent task instructions. This ontology can be used, as we have, to directly
support the memory of a cognitive agent performing tasks. It also could support
experiment design, irrespective of any agent, by providing a structured basis
for evaluating similar tasks. The modular structure facilitates adapting the on-
tology to other use cases and scenarios by replacing or adapting the existing
modules. It is also possible to create new modules from the referenced patterns
via template-based instantiation [5].

4.1 Future Work

In the future we plan to extend this ontology so that it can support a fully
undifferentiated agent. This will include tasks like ISR-MATB, but also many
others that could be very different. One such task is supporting materials sci-
ence research that uses the Autonomous Research System (ARES) framework.
An undifferentiated cognitive agent could operate a robotic system that per-
forms research, using software like ARES, saving materials researchers hours of
potentially hazardous lab work.

Acknowledgement This material is based upon work supported by the Air Force Office
of Scientific Research under award number FA9550-18-1-0386.
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