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Preface

This volume contains the papers presented at the 16th International Conference on
Logic Programming and Non-monotonic Reasoning (LPNMR 2022) held during
September 5-9, 2022, in Genova Nervi, Italy.

LPNMR 2022 was the sixteenth in the series of international meetings on logic
programming and non-monotonic reasoning. LPNMR is a forum for exchanging ideas
on declarative logic programming, non-monotonic reasoning, and knowledge repre-
sentation. The aim of the conference is to facilitate interactions between researchers and
practitioners interested in the design and implementation of logic-based programming
languages and database systems, and those working in knowledge representation and
non-monotonic reasoning. LPNMR strives to encompass theoretical and experimental
studies that have led or will lead to advances in declarative programming and
knowledge representation, as well as their use in practical applications. The past edi-
tions of LPNMR were held in Washington, D.C., USA (1991), Lisbon, Portugal
(1993), Lexington, Kentucky, USA (1995), Dagstuhl, Germany (1997), El Paso, Texas,
USA (1999), Vienna, Austria (2001), Fort Lauderdale, Florida, USA (2004), Diamante,
Italy (2005), Tempe, Arizona, USA (2007), Potsdam, Germany (2009), Vancouver,
Canada (2011), Corufa, Spain (2013), Lexington, Kentucky, USA (2015), Espoo,
Finland (2017), and Philadelphia, USA (2019).

LPNMR 2022 received 57 submissions. Every submission was reviewed by at least
three Program Committee members. In total, 34 papers were accepted as regular long
papers, and five as short papers. Thus, 39 of the 57 papers were accepted. The scientific
program also included four invited talks by Nicola Leone, University of Calabria, Italy;
Sheila Mcllraith, University of Toronto, Canada; Alessandra Russo, Imperial College
London, UK; and Stefan Woltran, TU Wien, Austria. Moreover, the program was
completed by three thematic invited tutorials by Stefania Costantini, University of
L’Aquila, Italy; Viviana Mascardi, University of Genoa, Italy; and Andreas Pieris,
University of Edinburgh, UK.

Springer sponsored the best technical paper award, while the Italian Association for
Logic Programming (GULP) sponsored for the best student paper award. These awards
were granted during the conference, followed by the selection of papers to have their
long versions invited for Rapid Publication Track to the Artificial Intelligence Journal
and to the journal of Theory and Practice of Logic Programming.

Three workshops were co-located with LPNMR 2022: the 4th International
Workshop on the Resurgence of Datalog in Academia and Industry (DATALOG 2.0),
the First International Workshop on HYbrid Models for Coupling Deductive and
Inductive ReAsoning (HYDRA 2022), and the 29th RCRA Workshop on Experimental
Evaluation of Algorithms for Solving Problems with Combinatorial Explosion (RCRA
2022). A Doctoral Consortium (DC) was also part of the program. We thank the
workshop and DC organizers for their efforts.



vi Preface

We would like to express our warmest thanks and acknowledgments to those who
played an important role in the organization of LPNMR 2022: the Program Committee
and additional reviewers for their fair and thorough evaluations of submitted papers;
Viviana Mascardi for coordinating the workshops, Martin Gebser for organizing the
Doctoral Consortium, Jessica Zengari for advertising the conference and its workshops
through a number of channels, and the members of the Local Organizing Committee
(Angelo Ferrando, Matteo Cardellini, and Marco Mochi) and the other volunteer
members for working hard towards the success of the event.

The LPNMR 2022 conference received support from several organizations. We
gratefully acknowledge the DIBRIS Department of the University of Genoa, the
National Science Foundation, the Artificial Intelligence Journal, the Italian Association
for Logic Programming (GULP), Springer, the Association for Logic Programming,
Potassco Solutions, SurgiQ, DLV System, the Royal Society (supporting G. Gottlob by
Project RAISON DATA No. RP\R1\201074), and the Alan Turing Institute.

The conference was managed with the help of EasyChair.

September 2022 Georg Gottlob
Daniela Inclezan
Marco Maratea
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DLV Evolution from Datalog to Ontology
and Stream Reasoning

N. Leone, M. Alviano, F. Calimeri, C. Dodaro, G. Ianni, M. Manna,
E. Mastria, M.C. Morelli, F. Pacenza, S. Perri, K. Reale, F. Ricca,
G. Terracina, and J. Zangari

University of Calabria, Italy
{n.leone,m.alviano, f.calimeri, c. dodaro, g. ianni,
m. manna, e.mastria,m. c.morelli, f. pacenza, s. perri,
k. reale, f.ricca,g. terracina, j. zangari}@unical. it

Abstract. DLV has been one of the first solid and reliable integrated systems for
Answer Set Programming (ASP). DLV has significantly contributed both in
spreading the use of ASP and in fostering Al-based technological transfer
activities. This paper overviews the history and the recent evolution of the
system, which enable effective reasoning on ontologies and streams of data, and
the development of new applications.

Keywords: Answer set programming - Ontologies - Stream reasoning

The DLV System

DLV [27] has been one of the first solid and reliable integrated ASP systems. Its project
started a few years after the first definition of answer set semantics [21]. It has always
been, since the beginning, a suitable tool for applications in academic and real-world
scenarios, and significantly contributed both in spreading the use of ASP and in fos-
tering Al-based technological transfer activities [2, 19, 23]. After years of incremental
updates, a brand new version has been released, namely DLV-2 [4], a modern ASP
system featuring efficient evaluation techniques, proper development tools, versatility,
and interoperability. The project firstly focussed on developing separate solutions for
grounding and solving, releasing the I-DLV grounder [13] and the WASP solver [5];
later on, the two systems have been integrated in a monolithic, yet slender body. As for
the input language, DLV-2 was born fully compliant with the ASP-Core-2 standard
language; in addition, it offers additional constructs and tools for further enhancing
usability in real-world contexts [2, 23]. Historically, one of the most distinctive traits of
DLV is a full-fledged deductive-database system nature; nevertheless, it has been
steadily maintained and properly updated beyond this scope to handle an increasing
number of real-world and industrial applications. Actually, the development of
industrial applications of DLV started around 2010, with the first success story being
the development of a team-building system [23]. The number of DLV-based industrial
applications is constantly growing, among latest we mention: a system querying
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DBpedia in natural language [17], a tool for rescheduling of nurse shifts in hospitals
[6], a decision support system for the diagnosis of headache disorders [16], and a
system for compliance-checking of electric panels [8]. Recently, DLV has been
empowered with tools and extensions to handle large scale reasoning with Datalog, run
on smart devices, and connect to big data systems [26, 28]. Nonetheless, some of the
most compelling challenges consist of empowering DLV with means for ontological
reasoning, and stream reasoning.

DLV for Ontological Reasoning

Since 2012, DLV has been actively supporting Ontology-Based Query Answering
(OBQA) [10], where a query g(x) is evaluated over a knowledge base consisting of an
extensional dataset D paired with an ontology X. In this context, Description Logics
(DLs) [1] and Datalogi [10] have been recognized as the two main formalisms to
specify ontologies. Unfortunately, in both cases, OBQA is generally undecidable [9].
To overcome this limitation, a number of classes of ontologies that guarantee the
decidability of query answering have been proposed with the aim of offering a good
balance between computational complexity and expressiveness. Since DLV natively
deals with plain Datalog, it can deal with Linear [11], Guarded [9] and Sticky [12],
which are Datalog rewritable under conjunctive queries, namely the ontology and the
query can be rewritten, independently from datasets, into an equivalent Datalog pro-
gram. Analogously, since DLV natively supports function symbols and value invention
in a controlled way, it directly supports Weakly—Acyclic, which admits canonical
models of finite size. In 2012, DLV started supporting Shy, which encompasses and
generalizes plain Datalog, Linear and DL-Liteg. In particular, DLV? [25]—the branch
of DLV supporting Shy—implements a fixed-point operator called parsimonious
chase and it is still considered a top system over these classes [7]. Subsequently, a new
branch of DLV, called OWL2DLV [3], has been developed with the aim of evaluating
SPARQL queries over very large OWL 2 knowledge bases. In particular, OWL2DLV
supports Horn-SHZQ and a large fragment of £L++. Moreover, OWL2DLV incor-
porates novel optimizations sensibly reducing memory consumption and a server-like
behavior to support multiple query scenarios. The high potential of OWL2DLV for
large-scale reasoning is outlined by the results of an experiment on data-intensive
benchmarks, and confirmed by the direct interest of a major international industrial
player, which has stimulated and partially supported this work. More recently, DaR-
Ling [20]—a Datalog rewriter for DLP ontologies under SPARQL queries—enriched
the DLV suite for OBQA to deal with the sameAs and to support concrete datatypes.
Finally, by exploiting a novel algorithm designed for the so called dyadic existential
rules [22], it is now possible to exploit DLV~ to deal also with Ward ontologies.

DLV for Stream Reasoning

DLV has been empowered with Stream Reasoning capabilities, which are nowadays a
key requirement for deploying effective applications in several real-world domains,
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such as IoT, Smart Cities, Emergency Management. Stream Reasoning (SR) [18]
consists in the application of inference techniques to highly dynamic data streams, and
ASP is generally acknowledged as a particularly attractive basis for it. In this view, a
new incarnation of DLV has been released, namely I-DLV-sr [15], that features a
language ad-hoc conceived for easily modeling SR tasks along with robust perfor-
mance and high scalability. In fact, the input language consists in normal (i.e.,
non-disjunctive) stratified ASP programs featuring streaming literals in rule bodies,
over the operators: in, always, count, at least, and at most; recursion involving
streaming literals is allowed. The system takes advantage from Apache Flink for effi-
ciently processing data streams and from incremental evaluation techniques [14, 24] to
efficiently scale over real-world application domains. I-DLV-sr proved to be effectively
usable over real-world SR domains; nevertheless, being under steady development, it
has been significantly improving over time with respect of stability, performance and
language features; for instance, inspired by applications in the smart city domain, new
constructs have been recently introduced that further ease the modeling of reasoning
tasks and enable new functionalities, such as external sources of computation, trigger
rules, means for explicitly refer to time, generalized streaming atoms.

Conclusion

DLV is one of the first solid and reliable integrated ASP systems. We reported on the
development of DLV, mentioned some of the latest applications, and focused on some
recent enhancements for reasoning on ontologies and streams of data.
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Reward Machines: Formal Languages
and Automata for Reinforcement Learning

Sheila Mcllraith

University of Toronto, Toronto, Canada
sheila@cs.toronto.edu

Reinforcement Learning (RL) is proving to be a powerful technique for building
sequential decision making systems in cases where the complexity of the underlying
environment is difficult to model. Two challenges that face RL are reward specification
and sample complexity. Specification of a reward function — a mapping from state to
numeric value — can be challenging, particularly when reward-worthy behaviour is
complex and temporally extended. Further, when reward is sparse, it can require
millions of exploratory episodes for an RL agent to converge to a reasonable quality
policy. In this talk I’'ll show how formal languages and automata can be used to
represent complex non-Markovian reward functions. I’ll present the notion of a Reward
Machine, an automata-based structure that provides a normal form representation for
reward functions, exposing function structure in a manner that greatly expedites
learning. Finally, I’ll also show how these machines can be generated via symbolic
planning or learned from data, solving (deep) RL problems that otherwise could not be
solved.
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Advances and Their Role
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Abstract. Over the last two decades there has been a growing interest in
logic-based machine learning, where the goal is to learn a logic program, called
a hypothesis, that together with a given background knowledge explains a set of
examples. Although logic-based machine learning has traditionally addressed
the task of learning definite logic programs (with no negation), our logic-based
machine learning approaches have extended this field to a wider class of for-
malisms for knowledge representation, captured by the answer set programming
(ASP) semantics. The ASP formalism is truly declarative and due to its
non-monotonicity it is particularly well suited to commonsense reasoning. It
allows constructs such as choice rules, hard and weak constraints, and support
for default inference and default assumptions. Choice rules and weak constraints
are particularly useful for modelling human preferences, as the choice rules can
represent the choices available to the user, and the weak constraints can specify
which choices a human prefers. In the recent years we have made fundamental
contributions to the field of logic-based machine learning by extending it to the
learning of the full class of ASP programs and the first part of this talk provides
an introduction to these results and to the general field of learning under the
answer set semantics, referred here as learning from answer sets (LAS).

To be applicable to real-world problems, LAS has to be tolerant to noise in
the data, scalable over large search spaces, amenable to user-defined
domain-specific optimisation criteria and capable of learning interpretable
knowledge from structured and unstructured data. The second part of this talk
shows how these problems are addressed by our recently proposed FastLAS
approach for learning Answer Set Programs, which is targeted at solving
restricted versions of observational and non-observational predicate learning
from answer sets tasks. The advanced features of our family of LAS systems
have made it possible to solve a variety of real-world problems in a manner that
is data efficient, scalable and robust to noise. LAS can be combined with sta-
tistical learning methods to realise neuro-symbolic solutions that perform both
fast, low-level prediction from unstructured data, and high-level logic-based
learning of interpretable knowledge. The talk concludes with presenting two
such neuro-symbolic solutions for respectively solving image classification
problems in the presence of distribution shifts, and discovering sub-goal
structures for reinforcement learning agents.
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Non-monotonic Logic-Based Machine Learning

Over the last decade we have witnessed a growing interest in Machine Learning. In
recent years Deep Learning has been demonstrated to achieve high-levels of accuracy
in data analytics, signal and information processing tasks, bringing transformative
impact in domains such as facial, image, speech recognition, and natural language
processing. They have best performance on computational tasks that involve large
quantities of data and for which the labelling process and feature extraction would be
difficult to handle. However, they suffer from two main drawbacks, which are crucial in
the context of cognitive computing. They are not capable of supporting Al solutions
that are good at more than one task. They are very effective when applied to single
specific tasks, but applying the same technology from one task to another within the
same class of problems would often require retraining, causing the system to possibly
forget how to solve a previously learned task. Secondly, and most importantly, they are
not transparent. Operating primarily as black boxes, deep learning approaches are not
amenable to human inspection and human feedbacks, and the learned models are not
explainable, leaving the humans agnostic of the cognitive and learning process per-
formed by the system. This lack of transparency hinders human comprehension,
auditing of the learned outcomes, and human active engagement into the learning and
reasoning processes performed by the AI systems. This has become an increasingly
important issue in view of the recent General Data Protection Regulation (GDPR)
which requires actions taken as a result of a prediction from a learned model to be
justified.

There has been a growing interest in logic-based machine learning approaches
whose learned models are explainable and human interpretable. The goal of these
approaches is the automated acquisition of knowledge (expressed as a logic program)
from given (labelled) examples and existing background knowledge. One of the main
advantage of these machine learning approaches is that the learned knowledge can be
easily expressed into plain English and explained to a human user, so facilitating a
closer interaction between humans and the machine. Logic-based machine learning has
traditionally addressed the task of learning knowledge expressible in a very limited
form [14] (definite clauses). Our logic-based machine learning systems [1, 2, 7] have
extended this field to a wider class of formalisms for knowledge representation, cap-
tured by the answer set programming (ASP) semantics [4]. This ASP formalism is truly
declarative, and due to its non-monotonicity it is particularly well suited to common-
sense reasoning It allows constructs such as choice rules, hard and weak constraints,
and support for default inference and default assumptions. Choice rules and weak
constraints are particularly useful for modelling human preferences, as the choice rules
can represent the choices available to the user, and the weak constraints can specify
which choices a human prefers. In the recent years we have made fundamental con-
tributions to the field of logic-based machine learning by extending it to the learning
of the full class of ASP programs [5]. Early approaches to learning ASP programs can
mostly be divided into two categories: brave learners aim to learn a program such that
at least one answer set covers the examples; on the other hand, cautious learners aim to
find a program which covers the examples in all answer sets. Most of the early
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ASP-based ILP systems were brave. In [7], we showed that some ASP programs cannot
be learned using either the brave or the cautious settings, and in fact a combination of
both brave and cautious semantics is needed. This has the original motivation for the
Learning from Answer Sets family of frameworks [8—11] which we have developed
since then and have been shown to be able to learn any ASP program.

One of the main features of our LAS framework is the ability to support
non-monotonic learning. Non-monotonicity permits incremental learning, allowing the
machine to periodically revise rules and knowledge learnt, as examples of user beha-
viours are continuously observed. The non-monotonicity property is particularly rele-
vant in pervasive computing, where systems are expected to autonomously adapt to
changes in user context and behaviour, whilst operating seamlessly with minimal user
intervention. We have used our non-monotonic LAS systems in mobile privacy [13],
where devices learn and revise user’s models from sensory input and user actions (e.g.
user’s actions on mobile devices), and in security [3], where anomaly detection policies
are learned from historical data using domain-specific function for scoring candidate
rules to guide the learning process towards the best policies. In both applications, the
declarative representation of the learned programs make them explainable to human
users, and providing way for users to understand and amend what has been learnt.

Often, many alternative solutions can be learned to explain given set of examples,
and most logic-based learning systems employ a bias towards shorter solutions, based
on Occam’s razor (the solution with the fewest assumptions is the most likely).
Choosing the shortest hypothesis may lead to very general hypotheses being learned
from relatively few examples. While this can be a huge advantage of logic-based
machine learning over other machine learning approaches that need larger quantities of
data, learning such general rules without sufficient quantities of data to justify them
may not be desirable in every application domain. For example, in access control,
wrongly allowing access to a resource may be far more dangerous than wrongly
denying access. So, learning a more general hypothesis, representing a more permissive
policy, would be more dangerous than a specific hypothesis, representing a more
conservative policy. Equally, for access control where the need for resources is time
critical, wrongly denying access could be more dangerous than wrongly allowing
access. When learning such policies, and choosing between alternative hypotheses, it
would be useful to specify whether the search should be biased towards more or less
general hypotheses. In [6], we have proposed a logic-based machine learning system,
called FastLAS, targeted at solving a restricted version of the context-dependent
learning from answer sets tasks that require only observational predicate learning. This
system has two main advantages: it allows for domain-specific scoring function for
hypotheses which generalises the standard Occam’s razor approach, where hypotheses
with the lowest number of literals are normally assumed to be preferred; and it is
specifically designed to be scalable with respect to the hypothesis space. Its restriction
to observational predicate learning has been lifted in [12], where the FastNonOPL
system is proposed to solve non observational predicate learning from answer set tasks,
whilst preserving scalability is a challenging open problem.
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Abstract. Abstract argumentation frameworks are among the best researched
formalisms in the last two decades. They can be used to model discourses,
provide a common ground for several nonmonotonic logics, and are employed
to define semantics for more advanced argumentation formalisms. In the latter
two domains, it is not the abstract argument’s name, but the claim the argument
represents, which should be in the focus of reasoning tasks. In this context, the
fact that different arguments can represent the same claim leads to certain
intricacies when it comes to the actual definition of semantics and in terms of
computational aspects. In this talk, we give an overview on recent results in this
direction. Those include the relation between argumentation and logic pro-
gramming semantics, as well as a complexity analysis of acceptance problems in
terms of claims and the effect of preferences in this setting.

Keywords: Argumentation Semantics - Claim-based Reasoning - Computational
Complexity - Preferences

A Claim-Based Perspective on Logic Programming

Computational argumentation is a vibrant research area in Al [1, 2]; it is concerned
with conflict resolution of inconsistent information and the justification of defeasible
statements (claims) through logical or evidence-based reasoning. The abstract repre-
sentation of conflicting information, significantly shaped by Dung [6], is among the
most prominent approaches in this context. In his abstract argumentation frameworks
(AFs), each argument is treated as an abstract entity while an attack relation encodes
(asymmetric) conflicts between them. Acceptance of arguments is evaluated with
respect to argumentation semantics. In recent years, the acceptance of claims received
increasing attention [3, 9]. Claim-augmented argumentation frameworks (CAFs) [9]
extend Dung’s model by assigning each argument its own claim, allowing for sys-
tematic study of structural and relational properties of claim acceptance. Formally, a
CAF is a triple (A, R, ¢l) consisting of a set of arguments A, a set of directed attacks

! Supported by WWTF through project ICT19-065, and FWE through projects P30168
and W1255-N23.
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RCA x A between arguments, and a claim-function ¢l assigning a claim to each
argument. They can be represented as directed labeled graphs (cf. Example 1).
Argumentation and logic programming are closely related [5, 6, 13]. The corre-
spondence of stable model semantics with stable semantics in AFs is probably the most
fundamental example [6], but also other logic programming semantics admit equivalent
argumentation semantics [13]. With CAFs, the correspondence is particularly close:
when identifying atoms in a given logic program (LP) P with claims of arguments
constructed from rules in P we obtain a natural correspondence between LP semantics
and AF semantics in terms of claims.
Example 1 (adapted from [5]). Consider the following logic program P:

ro :a < not d r9 :b < not a T4 i€ < not e
r1 :d < not a r3 :c < not a,not b rs :e < not a,not e

When we interpret each rule r; as an argument x; with claim head(r;) and consider
attacks between arguments x; and x; if the claim of x; appears negated in the body of the
rule r; corresponding to x;, we obtain the following CAF F:

4@
Cc (T3 Zo fa% @

P returns (), {a}, and {d, b} under p-stable model semantics (where one allows for
undecided atoms). The complete” argument-sets of F in turn are (J, {xo}, and {x;,x,}.
Inspecting the claims of these sets, F thus yields the same outcome as P. This is not a
coincidence: as shown in [5], complete semantics correspond to p-stable model
semantics when extracting the claims of the arguments. o

Hence the representation as CAF establishes the connection between the two
paradigms without detours, i.e., no additional steps or mappings are needed. Moreover,
with CAFs, it is possible to capture semantics that make direct use of the claims. This
advantage becomes apparent when we consider semantics that take false atoms into
account: L-stable semantics [10] minimizes the set of undecided atoms in a p-stable
model. Semi-stable semantics can be seen as their AF counter-part: here, the set of
arguments which are neither accepted (i.e., contained in a complete extension) nor
attacked is minimized. However, when evaluating our LP P under L-stable model
semantics and its corresponding CAF F under semi-stable semantics we observe an
undesired discrepancy.

Example 2 (Example 1 ctd.). The L-stable models of P are {a} (atoms b, ¢, d are false)
and {d, b} (here, a, c are false). We obtain the single semi-stable extension {xp} in F
(xp attacks all remaining arguments except x4, minimizing undecided arguments),
hence {a} is the only semi-stable claim-set of F. o

2 A set of arguments E is complete if it is conflict-free, defends itself, and contains all arguments it
defends (E defends a if each attacker b of a is counter-attacked).
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With CAFs, it is possible to define argumentation semantics such that they mimic
the behavior of performing maximization on conclusion-level and minimize the set of
undecided claims instead. For this, it is crucial to consider the defeated claims of an
extension: intuitively, a claim is defeated iff all arguments carrying this claim are
attacked. We illustrate the idea on our example.

Example 3 (Example 1 ctd.). We model L-stable semantics by maximizing accepted
and defeated claims of complete sets: The set {x} defeats claims b, ¢, d; claim e is not
defeated because xy does not attack all occurrences of e. The set of accepted and
defeated claims w.r.t. the extension {xo} (the claim-range of {xp}) is thus given by
{a,b,c,d}. Note that we obtain the same claim-range for the complete set {x;,x,},
which provides us with two semi-stable extensions under this evaluation method. Now,
F yields the same outcome as P when evaluated under L-stable semantics. o

Advances in Claim-Based Reasoning in a Nutshell

Claim-Based Semantics. We sketched two different evaluation methods for CAFs,
taking into account different aspects of claim-based reasoning: In the first method,
semantics are evaluated with respect to the underlying AF and the claims are extracted
in the final step of the evaluation. We call this variant inherited semantics [9]. In the
second method, we considered claim-defeat (as illustrated in Example 3) and per-
formed maximization on claim-level. We call this variant claim-level semantics [8, 12].
Both variants capture claim-based reasoning in different aspects. While inherited
semantics are well-suited to investigate justification in structured argumentation,
claim-level semantics capture reasoning in conclusion-oriented formalisms. In the talk,
we will review a detailed comparison between these two variants, cf. [8].

Well-formed CAFs. Observe that in CAFs obtained from LPs (cf. Example 5), any two
arguments with the same claim attack the same arguments, i.e., if x and y have the same
claim then x attacks the argument z iff y attacks z. This behavior is common to many
instantiations of CAFs, and gives rise to the important class of well-formed CAFs.
Formally, a CAF (A, R,cl) is well-formed iff for all x,y € A with cl(x) = cl(y) we
have {z|(x,z) € R} = {z|(y,z) € R}. As mentioned, well-formed CAFs capture
LP-instantiations. Moreover, well-formed CAFs have benefits over general CAFs with
regards to semantical properties and computational complexity. We furthermore note
that the inherited and claim-based versions of prominent (e.g., stable) semantics
coincide on well-formed CAFs [8].

Preferences in Claim-Based Reasoning. While well-formed CAFs are a natural
sub-class of CAFs, they fail to account for a notion common to many formalisms
instantiated into AFs, namely preferences. Specifically, in the course of the instantia-
tion process, it often occurs that one argument x is considered stronger than (or:
preferred to) another argument y (x > ). If there is an attack violating this preference,
i.e., (y,x) € R, then this is called a critical attack. This notion of preference in terms of
argument strength leads to a generalization of well-formed CAFs to so-called
Preference-based CAFs (PCAFs) [4]. Formally, a PCAF is given as (A, R, cl, =) where
(A,R,cl) is a well-formed CAF and > is an asymmetric preference relation over A.
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Preferences are then resolved via so-called preference-reductions which transform
PCAFs into CAFs. The literature [11] describes several such reductions for AFs: a
prominent method is to delete critical attacks; further approaches revert critical attacks
or delete them only if there is also an attack from the stronger to the weaker argument,
Finally a combination of the latter two is often considered. These four reductions give
rise to four new CAF-classes being strictly located between well-formed CAFs and
general CAFs. Also, only some of these classes preserve certain benefits of
well-formed CAFs while others exhibit the same behavior as general CAFs.

Complexity Results. In the talk, we finally review complexity results obtained for
CAFs and PCAFs [4, 7, 9]. It has been shown that the verification problem (testing
whether a given claim set is an extension for a given CAF/PCAF) can have higher
complexity for CAFs than for AFs, while this gap does not show up for most semantics
when restricting ourselves to well-formed CAFs. Interestingly, for PCAFs this effect
depends on the chosen reduction.

References

1. Atkinson, K., et al.: Towards artificial argumentation. AI Mag. 38(3), 25-36 (2017)

2. Baroni, P., Gabbay, D.M., Giacomin, M.: Handbook of Formal Argumentation. College
Publications (2018)

3. Baroni, P., Riveret, R.: Enclling systems. J. Artif. Intell. Res. 66, 793-860 (2019)

4. Bernreiter, M., Dvorak, W., Rapberger, A., Woltran, S.: The effect of preferences in abstract
argumentation under a claim-centric view. CoRR (2022). https://doi.org/10.48550/arXiv.
2204.13305, accepted for publication at NMR’22

5. Caminada, M., S4, S., Alcantara, J., Dvorak, W.: On the equivalence between logic pro-
gramming semantics and argumentation semantics. Int. J. Approx. Reas. 58, 87-111 (2015)

6. Dung, P.M.: On the acceptability of arguments and its fundamental role in nonmonotonic
reasoning, logic programming and n-person games. Artif. Intell. 77(2), 321-358 (1995)

7. Dvorak, W., GreBler, A., Rapberger, A., Woltran, S.: The complexity landscape of
claim-augmented argumentation frameworks. In: AAAIL pp. 6296-6303 (2021)

8. Dvotdk, W., Rapberger, A., Woltran, S.: Argumentation semantics under a claim-centric
view: Properties, expressiveness and relation to SETAFs. In: KR, pp. 341-350 (2020)

9. Dvorak, W., Woltran, S.: Complexity of abstract argumentation under a claim-centric view.
Artif. Intell. 285, 103290 (2020)

10. Eiter, T., Leone, N., Sacca, D.: On the partial semantics for disjunctive deductive databases.
Ann. Math. Artif. Intell. 19(1-2), 59-96 (1997). https://doi.org/10.1023/A:1018947420290

11. Kaci, S., van der Torre, L.W.N., Vesic, S., Villata, S.: Preference in abstract argumentation.
In: Handbook of Formal Argumentation, vol. 2, pp. 211-248. College Publications (2021)

12. Rapberger, A.: Defining argumentation semantics under a claim-centric view. In:
STAIRS-ECAI. CEUR Workshop Proceedings, vol. 2655. CEUR-WS.org (2020)

13. Wu, Y., Caminada, M., Gabbay, D.M.: Complete extensions in argumentation coincide with
3-valued stable models in logic programming. Studia Logica 93(2-3), 383—403 (2009)


https://doi.org/10.48550/arXiv.2204.13305
https://doi.org/10.48550/arXiv.2204.13305
https://doi.org/10.1023/A:1018947420290

Contents

Technical Contributions

Syntactic ASP Forgetting with Forks. . .. ....... ... ... .. .. ... ....

Felicidad Aguado, Pedro Cabalar, Jorge Fandinno, David Pearce,
Gilberto Pérez, and Concepcion Vidal

Modal Logic S5 in Answer Set Programming with Lazy Creation

of Worlds. . . ...

Mario Alviano, Sotiris Batsakis, and George Baryannis

Enumeration of Minimal Models and MUSes in WASP. . .. ............

Mario Alviano, Carmine Dodaro, Salvatore Fiorentino,
Alessandro Previti, and Francesco Ricca

Statistical Statements in Probabilistic Logic Programming . .............

Damiano Azzolini, Elena Bellodi, and Fabrizio Riguzzi

A Comparative Study of Three Neural-Symbolic Approaches to Inductive

Logic Programming. . . . . ... ... ..

Davide Beretta, Stefania Monica, and Federico Bergenti

A Definition of Sceptical Semantics in the Constellations Approach .. ... ..

Stefano Bistarelli and Francesco Santini

SHACL: A Description Logic in Disguise . . .. .....................

Bart Bogaerts, Maxime Jakubowski, and Jan Van den Bussche

Tunas - Fishing for Diverse Answer Sets: A Multi-shot Trade up Strategy . . .

Elisa Bohl and Sarah Alice Gaggl

Emotional Reasoning in an Action Language for

Emotion-Aware Planning . . . . ... ... .. .. .. ..

Andreas Brdnnstrom and Juan Carlos Nieves

Metric Temporal Answer Set Programming over Timed Traces. . . ........

Pedro Cabalar, Martin Diéguez, Torsten Schaub, and Anna Schuhmann

Epistemic Logic Programs: A Study of Some Properties . ..............

Stefania Costantini and Andrea Formisano

Deep Learning for the Generation of Heuristics in Answer Set

Programming: A Case Study of Graph Coloring . . . ..................

Carmine Dodaro, Davide Ilardi, Luca Oneto, and Francesco Ricca

16

29

43

56

62

75

&9



XXViil Contents

A Qualitative Temporal Extension of Here-and-There Logic. . ........... 159
Thomas Eiter and Patrik Schneider

Representing Abstract Dialectical Frameworks with Binary Decision

Diagrams . . . . ... 177
Stefan Ellmauthaler, Sarah Alice Gaggl, Dominik Rusovac,
and Johannes P. Wallner

Arguing Correctness of ASP Programs with Aggregates. . .. ............ 190
Jorge Fandinno, Zachary Hansen, and Yuliya Lierler

Efficient Computation of Answer Sets via SAT Modulo Acyclicity
and Vertex Elimination . .. ........ ... ... . ... . .. ... .. 203
Masood Feyzbakhsh Rankooh and Tomi Janhunen

TASCAR: Incremental Answer Set Counting by Anytime Refinement . . . . . . 217
Johannes Klaus Fichte, Sarah Alice Gaggl, Markus Hecher,
and Dominik Rusovac

Reasoning About Actions with £L Ontologies and Temporal Answer Sets

Laura Giordano, Alberto Martelli, and Daniele Theseider Dupré

Inference to the Stable Explanations . ... ......... ... ... ... ... .... 245
Guido Governatori, Francesco Olivieri, Antonino Rotolo,
and Matteo Cristani

Semantics for Conditional Literals via the SM Operator. . ... ........... 259
Zachary Hansen and Yuliya Lierler

State Transition in Multi-agent Epistemic Domains Using Answer Set
Programming . . . .. ... .. 273
Yusuf Izmirlioglu, Loc Pham, Tran Cao Son, and Enrico Pontelli

Towards Provenance in Heterogeneous Knowledge Bases .. ............ 287
Matthias Knorr, Carlos Viegas Damasio, Ricardo Gongalves,
and Jodo Leite

Computing Smallest MUSes of Quantified Boolean Formulas. . . . ... ... .. 301
Andreas Niskanen, Jere Mustonen, Jeremias Berg, and Matti Jédrvisalo

Pinpointing Axioms in Ontologies via ASP ... ... ... ... ... ... .... 315
Rafael Perialoza and Francesco Ricca

Interlinking Logic Programs and Argumentation Frameworks. . .. .. ... ... 322
Chiaki Sakama and Tran Cao Son

Gradient-Based Supported Model Computation in Vector Spaces . ........ 336
Akihiro Takemura and Katsumi Inoue



Contents

Towards Causality-Based Conflict Resolution in Answer Set Programs . . . . .

Andre Thevapalan, Konstantin Haupt, and Gabriele Kern-Isberner

xASP: An Explanation Generation System for Answer Set Programming. . . .

Ly Ly Trieu, Tran Cao Son, and Marcello Balduccini

Systems

Solving Problems in the Polynomial Hierarchy with ASP(Q) . ...........

Giovanni Amendola, Bernardo Cuteri, Francesco Ricca,
and Mirek Truszczynski

A Practical Account into Counting Dung’s Extensions by Dynamic

Programming . . ... ... ..

Ridhwan Dewoprabowo, Johannes Klaus Fichte, Piotr Jerzy Gorezyca,
and Markus Hecher

Clingraph: ASP-Based Visualization . . ... ........................

Susana Hahn, Orkunt Sabuncu, Torsten Schaub, and Tobias Stolzmann

A Machine Learning System to Improve the Performance of ASP Solving

Based on Encoding Selection . . .. ....... ... .. . ... ..

Liu Liu, Mirek Truszczynski, and Yuliya Lierler

QMaxSATpb: A Certified MaxSAT Solver . ........ ... .. .. ... ....

Dieter Vandesande, Wolf De Wulf, and Bart Bogaerts

Applications

Knowledge-Based Support for Adhesive Selection. . .. ................

Simon Vandevelde, Jeroen Jordens, Bart Van Doninck, Maarten Witters,
and Joost Vennekens

ASP for Flexible Payroll Management. . . .. .......................

Benjamin Callewaert and Joost Vennekens

Analysis of Cyclic Fault Propagation via ASP . . ..... ... .. .. ... .....

Marco Bozzano, Alessandro Cimatti, Alberto Griggio, Martin Jonds,
and Greg Kimberly

Learning to Rank the Distinctiveness of Behaviour in Serial Offending . . . . .

Mark Law, Theophile Sautory, Ludovico Mitchener, Kari Davies,
Matthew Tonkin, Jessica Woodhams, and Dalal Alrajeh

XXiX

350

363



XXX Contents

Optimising Business Process Discovery Using Answer Set Programming. ... 498
Federico Chesani, Chiara Di Francescomarino, Chiara Ghidini,
Giulia Grundler, Daniela Loreti, Fabrizio Maria Maggi, Paola Mello,
Marco Montali, and Sergio Tessaris

DeduDeep: An Extensible Framework for Combining Deep Learning
and ASP-Based Models . . . ....... ... . . .. .. e 505
Pierangela Bruno, Francesco Calimeri, and Cinzia Marte

Author Index



