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Abstract

Ontology-based systems can perform efficient query answering and automated reasoning given a set of
constraints or rules. However, they work rather statically and offer only limited user adaptability. They may
answer queries and provide explanations for their answers, but there is no real interaction with end-users
and no general way of dealing with situations where additional input from the user is needed to solve the
problem at hand. To overcome this limitation, we aim to develop a generic method for interacting with
ontologies formulated in OWL in a dialog-like manner. The first objective of our project is to understand
the theoretical foundations of these dialogs, where the system, in need of additional information to answer a
query, determines questions to send to the user purely based on logical reasoning on available knowledge. As
a basis for structuring this interaction, we focus on interactive abduction: a new interactive way to solve the
abduction problem in a DL knowledge base. On this ground, we will develop a prototypical generic system
that allows collaborative query answering with OWL ontologies. Finally, we want to investigate how to tailor
interactions on the basis of user models, and develop personalised and interactive explanation methods for
logical reasoning accordingly.
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1. Background

From its birth in the 1950s, Al research has focused on building machines able to solve tasks that
would normally require human intelligence, such as theorem proving, game playing, and solving
microworlds [1]. Since then, AI has been successfully applied to a wide range of domains, to the
point that today Al systems are present in everyday life, supporting humans in handling data, making
decisions, and optimising processes. For this reason, a flourishing research direction in Al is now
committed to build systems that are not only capable of solving tasks, but that are also able to
provide personalised outputs and adapt to specific users. Rather than achieving or substituting
human intelligence, the new generation of Al systems should assist users and collaborate with them,
thus augmenting human capabilities [2].

While much research has been conducted for chatbot personalisation, little work has been done in
this direction for logic-based systems. These are systems in which knowledge has been formalised,
able to perform automated reasoning given a set of constraint or rules. The rigour of logical formalisms
ensures a high level of transparency and trustworthiness making symbolic systems highly desirable
in critical domains where formal guarantees are needed. However, current logic-based systems offer
only limited user adaptability. They may answer user queries [3] and provide explanations for their
answers [4, 5, 6], but there is little space for personalised interaction with end-users and no general
way to deal with situations where additional input from the user is needed to solve the problem at
hand.
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Table 1
System-Biologist interaction as Natural Language and DL Queries

Dialog in Natural Language DL formalisation

System: Is the Great Barrier Reef bleached? ¢:() = Bleached(gbr)
Biologist: No

System: What animals live in the Great Barrier Reef? g,(x) = populatedBy(gbr, x)
Biologist: Butterflyfish, damselfish, green sea turtle, dugong

System: Is the butterflyfish population declining? g5() = Declining(butterflyfish)
Biologist:  Yes

System: The Great Barrier Reef is not healthy —HealthyCoral(gbr)

We consider logic-based systems that make use of description logics (DL) knowledge bases. DL are a
family of knowledge representation formalisms which formalise domain knowledge by use of concept,
role and individual names. Thanks to their balance between expressiveness and computational
tractability, they have been proven very successful in many areas of Al notably as the formalism
underpinning the web ontology language OWL, as well as in ontology based data access, and
knowledge representation and reasoning [7, 8, 9]. For an introduction to description logics we refer
to [10].

A DL knowledge base consists of a TBox, expressing the structure of a domain, and an ABox,
expressing the specific instances of a domain. Knowledge bases are used by logic-based systems to
perform automated reasoning, with applications in domains such as healthcare, biology, planning,
semantic technologies [11, 12, 13, 14]. In what follows, we will use IC, T and A to refer to a knowledge
base, TBox and ABox respectively.

Since dialogs are a popular, efficient, and user-friendly method for interacting with users, our aim
is to develop a generic method for interacting with logic-based systems in a dialog-like manner. This
type of interaction would be beneficial for both knowledge engineers and end users.

As an example, consider a logic-based system for monitoring marine ecosystems. Sensors provide
information about water temperature and water quality, while the system also stores information
about different fish species. A marine biologist consults the system to determine whether the Great
Barrier Reef is healthy. Since the system lacks information about the status both of the coral in the
Great Barrier Reef, and of the fishes that populate it, it starts a dialog with the marine biologist. To
answer the query, the system interacts with the biologist and combines the acquired information
with its background knowledge. One possible dialog is presented in Table 1.

Dialogs like this are not new and are easy to hard-code if we know exactly what kind of interaction
we would want to have. However, our aim is to address system-user interactions in a generalised
way to determine such questions purely based on logical reasoning on the available knowledge. The
column "DL formalisation” in Table 1 shows that our dialog can be seen as a series of logical queries
and answers between the user and the system.

Formally, we can see the problem in the example as an abduction problem. In abduction, we are
given a knowledge base and a fact whose truth cannot be established purely based on the available
knowledge [15]. Abductive reasoning then produces a set of hypotheses for the fact, which could
be verified by the biologist afterward. Since our aim is to produce only the correct hypothesis by
interactively constructing it through questions to the user, we call our problem interactive abduction.
Interactive abduction has applications that go beyond the dialog scenario above: while it can be used



by Al systems to answer questions in interaction with a human user or some external system, it
can also be used for interactive configuration tasks or for knowledge engineering to interactively
construct statements to be added to a knowledge base.

2. Related Work

Current software to interact with logic-based systems include Protégé and Evonne. Protégé is an
interactive software for editing and creating ontologies [16], whereas Evonne is a Protégé plug-in
that allows users to see the derivation steps of an entailment by unfolding a proof in a tree-like
structure [17].

In the realm of knowledge representation, there are works that consider dialog-like interactions
between a system and a user. Research about planning has shown how explanations can be formulated
as model reconciliation problem, where dialog is used to update user knowledge with the information
necessary to understand why a specific plan was formulated by the system [18, 19]. Within this
line of research, Vasileiou et al. [20] has studied how to apply argumentation to user interaction, to
provide more fine-grained and tailored explanations. The idea of interacting through queries has
also been considered in the scope of concept learning, where the purpose is to learn a new concept
to add to the knowledge of the system through a sequence of queries sent to an expert [21]. With
respect to ontology debugging, our previous work has considered how such task can be undertaken
interactively, by merging user answers to queries with automated computation [22]. Furthermore, in
controlled query evaluation, a system that answers user queries keeps track of previous interactions
with the user, to avoid disclosing protected information by adapting its answers according to what
has already been said [23].

As anticipated in the introduction, in our project on interactive dialogs with logic-based systems
we focus on interactive abduction as a basis for user interactions. In DL, abduction has been proposed
as a method to explain missing entailments. Given a KB K, and an observation ® s.t. K ¥ &,
abduction provides hypotheses H s.t. K U H £ ®. We speak of TBox or ABox abduction problem
depending on whether the generated hypotheses consist of TBox or ABox axioms. The complexity
of computing which assertions are necessary or relevant for a given ABox abduction problem has
been studied for DL-Lite [24] and Existential Rules [25]. Also, different constraints have been
proposed to compute hypotheses: consistency H U K ¥ L, relevance H ¥ ®, minimality, signature
sig(H) C X [15, 26, 27, 28, 29]. However, these are just parameters to adjust before (or after) computing
hypotheses, rather than actual options to interactively build a subset of desired and factually correct
hypotheses. This gap is also visible in current practical methods for solving the abduction problem,
as they do not involve the user [26, 30, 31]. The only systems that offer some form of interaction are
CATS, that allows the user to choose the best suited algorithm to compute the hypotheses according
to the case [32], and Evee, whose workflow facilitates incremental adaptation of the signature of the
hypotheses [33].

3. Problem

To formally capture the type of dialog presented in the introduction, we propose the interactive
abduction problem (IAP). We start by focusing on IAP that have atomic queries (AQ) as query language,
that is, queries of the form C(x) or r(x, y), r(a, y), r(x,a) where C is a concept name, r is a role name,
ais an individual and x, y € N, (the countable, infinite set of variables). In what follows, we will use
Ass to refer to the set of all assertions.



Definition 1. An Interactive Abduction Problem (IAP) is a tuple (K, q,U), which consists of:

1. a background knowledge base IC;

2. a query q in the form of a Boolean query;

3. a User U modeled as an OracleU : {Ass, AQ} — {yes, no} U Ul%:l P(le) s.t. U(a) € {yes, no, ¢}
ifa € AssandU(a) € P(le) otherwise, where k is the number of free variables in o, and Ny is
the countable, infinite set of individual names.

Definition 2. A solution to IAP is a set S = (H, ans), where H C Ass, ans € {yes, no} and

1. KU®H k qifans = yes or KU H k —q if ans = no;
2. foralla € H,U(a) = yes orU(—ax) = no

Definition 3. A dialog is a sequenceIl = (ay, ans;), ..., (@, ans,) where@; € AssU AQ and ans; = U(q;)
which is successful if for H = {&; | (&, yes) € I} U {~q; | (o, no) € I} U {e(©) | (a5(X),S) € I, ¢ € S},
(H, yes) or (H, no) is a solution.

Intuitively, IAP can be thought of as a game where, given an input question ¢, the system asks
questions to a user, and for each question in a dialog II, the user returns "yes”, "no”, ”I do not know”
(the empty set) or individuals. The system adds the assertions that are confirmed by the user to the
set H,until CUH Eqor CUH £ —q.

At this stage of our project, we have already analysed how the number of queries required to find
a solution to an IAP changes given different DL, query languages and constraints on the type of
individuals allowed (fresh or from the ABox). Interestingly, for the case of an IAP that uses £L£, AQ
as the query language and allows for fresh individuals, a solution can always be obtained with a
polynomial number of queries, if it exists.

With the formal definitions of the elements of an IAP at hand, we can now formalise the example

presented in the introduction.

Example 4. Consider the IAP (KC, q,U) with K = (T U A)

T :={ —Bleached 1 StableTemp 1 V¥ populatedBy.(Fish ™ Thriving) T HealthyCoral,
Polluted m ApopulatedBy.(Fish 1 Declining) € —HealthyCoral,
Bleached 1 Polluted T —HealthyCoral,  Thriving 1 Declining € L }
A :={ Fish(butterflyfish),  Fish(damselfish), Fish(salmon), StableTemp(gbr), Polluted(gbr) }

The query of this IAP is ¢ = HealthyCoral(gbr). The same problem could be stated as an ABox
abduction problem. In this case, we would produce a set of hypotheses (depending on the constraints
used) for g, many of which are incorrect not just as explanations for the specific case, but also factually
incorrect w.r.t. the real world. As an example, current abduction algorithms would produce, a set of
hypotheses £ with {Bleached(gbr)} € £ which is incorrect, and also {populatedBy(gbr, salmon)} € £
which is incorrect since salmons do not live in tropical seas. Furthermore, to obtain the hypotheses
for g = —HealthyCoral(gbr), we would have to instantiate a new abduction problem, with
—HealthyCoral(gbr) as a query.

To interact with the user U, we need a strategy that selects the questions to ask.

Definition 5. A strategy is a function that takes a KB K and an assertion q from an IAP (K, q,U), as
well as a dialog T1, and returns an assertion or an AQ.



Given different answers from the user, different dialogs are produced by the same strategy. Hence,
we introduce the notion of dialog tree for a strategy, that are all the possible dialogs the strategy
would create for a given IAP. In the tree, branching happens through the user answers. Each node in
the tree is a state in a dialog game, and the depth of a dialog tree is the length of its longest branch.

To make things easier, we focus on the case where the system only asks assertions, to which the
user can answer “yes”, “no”, or the empty set ("I do not know”). This means that from each node of a
dialog tree there are three possible answers, and the number of possible dialogs is at most 3k where
k=11

Given these notions, how can we compare strategies and choose one to interact with the user?
First of all, to make strategies comparable, we assume that if the strategy is underspecified the next
question is chosen based on a global, fixed order (this way every strategy is deterministic). Hence,
we assume a total ordering < on all possible assertions.

That said, one could think that a good way to compare strategies is to consider a strategy better
than another if, given any user, it produces a shorter (or equal) dialog. However, it is possible to show
that this way of comparing does not allow to find an overall better strategy, as it is always possible to
find a random strategy that asks exactly the questions needed to obtain a solution.

We need a definition that considers the entire dialog tree produced by a strategy. Currently, we
consider the following:

Definition 6. Given an IAP P, two strategies Sy and Sg, we say that S, is better than Sg, written
Sa X Sg, if there isan € N s.t. for all k < n, the dialog trees S4(P) and Sg(P) produced by S, and Sg,
respectively, have the same number of completed dialogs of length k, and S4 has more or equal completed
dialogs of length n than Sg.

Here, when comparing strategies we focus on positive solutions to IAP. This means that whenever
it becomes clear that it is not possible to find a hypothesis Hs.t. U H k g, we terminate the dialog.
Given IC, g, a partial solution H, the strategies that we have considered are:

1. S;: if there is a relevant assertion ff for ()JC U H, q) s.t. K UH ¥ f, ask f;
2. Sy: if there is a necessary assertion f for (K U H, q) ask f, otherwise use S;;
3. S3: ask necessary assertion first, then necessary entailed, otherwise use S;.

Theorem 7. Given an IAP A, S3(A) X S,(A) X S1(A).

Necessary and relevant assertions can be computed in polynomial time [24]. The complexity
of determining necessarily entailed assertions is not included in [24], but is a consequence of the
following theorem.

Theorem 8. For every DL that allows for concept and role disjointess axiom, the problem of deciding
whether an assertion is necessary entailed can be polynomially reduced to deciding existence of a solution.

Proof. Let (IC, H, ®) be an abduction problem, and qﬁ(?))) be an assertion. To check if qﬁ(_b)) is a necessary
entailed assertion, we construct the knowledge base K’ = K U {§y C —¢,¥(b)}. If the abduction
problem (K, H, ®) does not admit a solution, ¢(b) is necessary entailed. O

4. Plan

The core of our PhD project is to establish the formal foundation of interactive abduction for different
description logics. As mentioned above, we are currently investigating strategies to interact with the



user and the associated decision problems, as well as their computational complexity, focusing on
AQ as a query language. Extending the query language to complex concepts or union of conjunctive
queries is beyond the scope of our research, but we plan to also investigate the case where the user is
free to return individuals, and not just "yes”, "no”, "I do not know” as answer.

Once efficient strategies for asking questions are found, we will develop a first practical system that
implements interactive abduction. For a first evaluation of this prototype, we will model also the user
as a logic-based system, which will allow us to do large scale experiments based on available ontology
benchmarks without human users. In the next step, we will use our system with a knowledge base
developed specifically for users affected by type 2 diabetes [34]. In this application, diabetic users can
consult the system to receive daily advice on their lifestyle and diet. The system, that stores medical
information together with data about the patient (age, blood sugar level...) and their habits, initialises
a dialog when additional information is necessary to answer questions such as: ”Is this meal suitable
for me before going to bed?” This application will allow us to evaluate our system in a user study
and understand how this type of dialog is perceived by human users.

In a subsequent stage, we plan to personalise the interaction on the basis of user-models. In this
setting, the system has background information about the user before the interaction begins and
uses it to tailor the interaction according to what the user knows. A starting point will be to focus
on signatures as a way to restrict the space of possible answers and questions, as our user model
will make sure that we can infer the appropriate signature of the current situation. We will build on
interpolation [35, 36, 37], which allows to project (portions of) knowledge into different vocabularies.
We will use it to restrict and project questions and answers to the vocabulary that suits the user type
and the current situation.

As a last step, we plan to develop interactive explanation methods for logical reasoning based on
user models. Current research on explanations in DL knowledge bases, consisting of both theoretical
techniques for providing explanations [4, 5, 6, 38] and practical systems for visualising them [17, 33]
lacks user adaptability. For this reason, we will develop flexible variants of existing logic-based
explanation methods that allow for this kind of user adaptation. For instance, we want our system
to dynamically adapt the length of an explanation based on user preferences. Once these aspects
have been considered, extended and efficiently merged in a single logic-based system, our aim is to
conduct a final user study.
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