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ABSTRACT OF THE DISSERTATION
Explainable Decision-Making: From Formal Logic to Al Systems with Explainable Behavior
by
Stylianos Loukas Vasileiou
Doctor of Philosophy in Computer Science
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Professor Yevgeniy Vorobeychik, Chair

This thesis makes the claim that logic-based frameworks can serve as an explainability layer
atop Al systems, capable of generating rigorous and flexible explanations for human users
across diverse problem domains. We support this claim through a progression of novel
theoretical frameworks and practical implementations, starting with a general logic-based
framework for generating explanations from the knowledge bases of an Al system and a
human user and showing how it can be used on a diverse set of problem domains. We then
systematically extend this framework with capabilities crucial for real-world applications:
probabilistic reasoning for handling uncertainty, personalization through vocabulary-based

abstraction, and dynamic interaction through argumentative dialogues.

Building on these foundations, we address additional challenges by developing privacy-aware
explanations for multi-agent systems and exploring explanation-guided approaches to belief
revision that better align with human cognitive processes. To make our methods more
accessible, we demonstrate how it can be effectively combined with large language models

to generate natural language explanations while maintaining formal guarantees.

Our theoretical contributions are complemented by efficient computational methods that
make these frameworks more practical, as demonstrated through extensive evaluations across

diverse problem domains. Recognizing that the ultimate test of explanatory frameworks lies

xiil



in their effectiveness with real human users, we validate our approaches through several
human-subject studies that show high comprehension of the explanations as well as high
overall satisfaction with the explanation process, thus providing some evidence for the effec-

tiveness of our approaches in enhancing human-Al interaction.

By showing how logic can serve as a robust explainability layer that bridges the decision-
making processes of Al systems and human understanding, this work aims to contribute to
the development of Al systems that are not only powerful but also understandable, trust-

worthy, and above all, human-aware.
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Chapter 1

Prolegomena

“There has to be a mathematical explanation for

how bad that tie is.”
— Russel Crowe (from A Beautiful Mind)

Artificial Intelligence (AI) has emerged as one of the most transformative technologies of the
21st century. It is reshaping industries, augmenting human capabilities, and addressing some
of humanity’s most pressing challenges—from enhancing healthcare diagnostics to enabling
autonomous vehicles, improving financial forecasting, and personalizing recommendations.
These Al systems are increasingly embedded in decision-making processes that significantly
affect our daily lives. The global Al market reflects this growth, projected to reach $3.68
trillion by 2034, with a compound annual growth rate of 19.1% from 2024 to 2034.!

However, the rapid adoption of Al in critical domains raises a pressing question: How can we
ensure that these systems are transparent, understandable, and trustworthy? This question
is at the heart of Explainable AT (XAI), an interdisciplinary field dedicated to making the

decision-making processes of Al systems understandable to humans [99].

XAI has seen significant progress, particularly in machine learning (ML). Researchers have
developed methods to enhance the explainability of algorithms, ranging from intrinsically
interpretable models to post-hoc explanation techniques for black-box models [98, 5]. Tools
like LIME (Local Interpretable Model-agnostic Explanations) [191] and SHAP (SHapley Ad-
ditive exPlanations) [161]| provide local explanations for individual predictions, while novel
algorithms aim to balance accuracy with interpretability |64, 92, 242]. Recent developments
in counterfactual explanations have proven especially effective, answering “what-if” ques-

tions central to human understanding [232|. For example, in a loan application scenario, a

Thttps:/ /www.precedenceresearch.com /artificial-intelligence-market
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counterfactual explanation might state: “Your loan would have been approved if your annual
income were $5000 higher,” providing some actionable insights alongside transparency [130].
All these efforts underscore a growing recognition within the ML community of the critical

role that explainability plays in the deployment of AI systems [9].

Parallel to advancements in ML, the automated planning community has adopted a focused
approach to generating explanations for plans produced by Al planning systems, leading
to the inception of explainable AI planning (XAIP) [81]. Predominantly, XAIP research
focuses on identifying explanations for plans that, when conveyed to human users, help
them understand and accept the Al system’s proposed actions [126, 149]. This research
direction recognizes that explanations in planning are not just about describing the sequence
of actions, but also about justifying why certain actions were chosen over others, how the
plan achieves the specified goals, and why alternative plans were not selected. A significant
thread in XAIP research is the development of contrastive explanations, which align closely
with human cognitive processes by answering questions like “Why not action A instead of
action B?” [132, 68]. Another important direction involves explaining the unsolvability of

planning problems (94, 212].

A notable framework within XAIP is the model reconciliation problem (MRP) [37], which
emphasizes aligning the Al system’s (mental) model with that of the human user. The MRP
framework recognizes that explanations are not one-size-fits-all; they need to be tailored
to the recipient’s current understanding and knowledge [158]. For instance, an explanation
of a Mars rover’s plan might differ significantly when given to a mission specialist versus
a member of the general public. MRP provides a formal framework for generating such
(personalized) explanations, considering not just the Al system’s model of the world, but

also its best estimate of the human’s mental model.

Despite these advances, generating effective explanations remain a challenge, especially as
Al systems grow more complex and their decisions more impactful. To address this chal-
lenge, we must look beyond the technical aspects of explanation generation and consider
the fundamental nature of explanation itself. This requires us to draw insights from phi-
losophy, cognitive science, and psychology, which have long grappled with questions about
the goodness of explanations, how humans process and understand explanations, and how

explanations contribute to knowledge growth and acquisition. Understanding the nature of



explanation can guide the development of Al systems that produce not only accurate but

also meaningful and actionable explanations.

1.1 The Nature of Explanation: A Brief Overview

The very etymology of the word explain offers an illuminating starting point for understand-
ing its fundamental purpose. Descending from the Latin word ezplano, which means to lay
something out flat or to make something plain/clear, the term underscores the essential aim
of explanation: to make something intelligible. While this etymological perspective high-
lights the simplicity inherent in the act of explaining, a deeper understanding requires an

interdisciplinary lens that draws on insights from philosophy and psychology.

1.1.1 Philosophical View

Philosophers of science have developed several influential models of explanation, each empha-
sizing different aspects of what it means to explain an explanandum (e.g., the phenomenon to
be explained). The Deductive-Nomological Model, proposed by Hempel and Oppenheim [109],
views explanations as logical arguments where the explanandum is a logical consequence of
the explanans (the explaining sentences), i.e., the truth of its premises entails truth of its con-
clusion. Salmon [199] developed the Statistical Relevance Model, focusing on the statistical
relevance of different factors to the occurrence of the event being explained. Causal Models,
advocated by philosophers like Woodward [239], emphasize the importance of causal rela-
tionships in explanations. Unification Models, proposed by Friedman [82] and Kitcher [143],
suggest that explanations work by showing how apparently disparate phenomena can be
unified under a common framework. Pragmatic Theories, championed by philosophers like
van Fraassen [223|, argue that the adequacy of an explanation depends on the context and

the specific interests of those seeking the explanation.

More recently, David Deutsch has contributed to this philosophical discourse with his em-
phasis on explanatory power and the concept of hard-to-vary explanations [60]|. This view
emphasizes that good explanations are those which cannot be easily modified without sig-

nificantly altering their meaning or implications. Deutsch also stresses the importance of



explanatory reach, arguing that good explanations often explain phenomena beyond their
initial scope. His approach complements existing models by highlighting the role of creativity
in developing explanations and positioning the pursuit of explanation as central to scientific

progress.

These philosophical perspectives collectively highlight the multifaceted nature of explana-
tion, emphasizing aspects such as logical structure, statistical relevance, causal relationships,

unifying frameworks, contextual appropriateness, and robustness.

1.1.2 Psychological View

Psychology approaches explanation from the perspective of human cognition, focusing on how
people process and internalize information. Research indicates that individuals often operate
with incomplete and partial explanations [137], initially constructing explanations through
fast, intuitive thinking, which are subsequently refined via slower, deliberative reflective
processes [217, 125|. This cognitive approach aligns with the principle of cognitive economy,
where explanations should optimize the balance between minimizing cognitive effort and
maximizing cognitive effect [204]. The cognitive effect contributes positively to fulfilling the

individual’s cognitive functions and goals.

Effective explanations are not one-size-fits-all. Psychological research emphasizes that in-
dividuals may prefer or better understand different types of explanations based on their
background, expertise, and cognitive style [158]. Effective explanations facilitate under-
standing and knowledge change, with individuals expanding their knowledge in real time
upon comprehending an explanation [137]. This suggests that explanations should be tai-
lored to the explainee’s level of understanding, aligning with Ockham’s Razor principle of

maintaining simplicity while ensuring relevance and comprehensibility.

Psychologists and cognitive scientists have identified several forms of explanation that align
with human cognitive processes [158|. Causal explanations derive the explanandum through
deductive arguments. Functional explanations describe the purpose or function of a phe-
nomenon. Intentional explanations, rooted in the Theory of Mind [185],% account for behav-

ior in terms of beliefs, desires, and other mental states.

2The Theory of Mind describes an individual’s ability to attribute mental states, beliefs, and knowledge
to others [185].



Miller’s survey [169] synthesizes insights from multiple disciplines, offering a theoretical
framework for explainable Al systems that is sensitive to human explanation processes.

He identifies four key characteristics of human explanations:

e Contrastiveness: Explanations elucidate the cause of an event relative to alternative events
that did not occur, highlighting the importance of counterfactual reasoning in human

understanding.

e Selectivity: Humans rarely provide a “complete” cause of an event. Instead, they focus on
the most relevant or salient factors, demonstrating people’s cognitive tendency to prioritize

information.

e Social aspect: Explanations are tailored to the explainee’s background and expected level
of understanding, emphasizing the importance of explainee awareness in effective commu-

nication.

e Preference for causality over probability: Statistical explanations of events are generally
unsatisfying unless accompanied by causal relationships, highlighting people’s preference

for narrative coherence over pure statistical data.

Philosophical models provide a rigorous foundation for understanding the logical and struc-
tural dimensions of explanation, while psychological research highlights the importance of
tailoring explanations to human cognitive processes. Together, these perspectives can in-
form the design of Al systems that generate explanations that are not only accurate but also

intuitive and actionable.

The challenge, then, lies in translating these rich, multifaceted insights into practical frame-
works for explainable Al systems. What formal structures can capture the nuances of logical

rigor, causal relevance, and social context while remaining computationally feasible?

1.2 Thesis Statement & Organization

The technical advancements in XAI and XAIP have made significant strides towards ad-

dressing explainability in Al systems, yet a crucial gap remains between theoretical insights
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Figure 1.1: The Logic-based Explainability Layer. Given a decision d from an AI model, a
monolithic explanation is generated with respect to the Al system’s knowledge base (K B,),
while a human-aware explanation is generated with respect to the Al system’s (K B,) as well

as the human user’s knowledge base (K By,), where EB\Z denotes the update of the user’s
knowledge base with the explanation.

and their practical implementation across various Al domains. This gap is particularly ev-
ident in the need for a unifying framework that can represent and reason about Al system
decisions in a way that enables explanations that are not only correct but also aligned with
human cognitive processes, adaptable to individual users, and applicable across diverse Al

models and problem domains.

This thesis aims to bridge this gap by arguing that logic-based frameworks can serve as an

explanatory layer atop Al systems. More specifically, we formulate our main thesis as follows:

Logic-based frameworks can serve as an explanatory representational
layer for AI systems, enabling the generation of rigorous, flexible, and
human-aware explanations across diverse problem domains by captur-
ing the system’s decisions in a formal logical language that supports
inference and reasoning.

This thesis proposes that formal logic provides a robust foundation for creating explanatory
mechanisms by serving as an intermediate representational layer between Al systems and
explanation generation. Importantly, we do not advocate replacing data-driven or other Al
approaches with purely logical systems. Instead, we argue that by representing the decisions

of Al systems (whether symbolic or sub-symbolic) in a logical framework, we can leverage the



power of formal logic for generating explanations. As depicted in Figure 1.1, the proposed
logic-based explainability layer operates by abstracting decisions from an Al system into a
formal logical representation. This abstraction allows for reasoning and inference processes
that are transparent, interpretable, and adaptable to the needs of different users. These
features are vital to the design of Al systems that are explainable, and, importantly, human-

aware.

We demonstrate the validity of this thesis through the development and evaluation of novel
explanation generation techniques that are simultaneously rigorous, flexible, and generaliz-
able. Our work spans multiple dimensions of explainability, from single-shot explanations
to dialectical explanations, and from efficient explanation generation algorithms to effective
explanation communication mediums. By maintaining a clear separation between the Al
system’s implementation and its logical representation for explanation purposes, our frame-
work can be applied across diverse Al models and problem domains while preserving their

underlying strengths.

A Note on Ethics

The deployment of explanation generation systems in the real world requires a careful ex-
amination of the underlying ethical principles that these systems adhere to. Ultimately, it is
the developers’ responsibility to be transparent about their system’s morality, for example,
by providing documentation describing the ethical requirements and limitations of the sys-
tem. We refer the readers to the work by [213|, where the authors elucidate an approach for
developing ethically compliant autonomous systems based on a range of ethical frameworks.
In the following, we discuss our moral motive pertaining to the construction of explanation

generation systems, such as the one described in this thesis.

The moral compass of an explanation generation system should first and foremost be pointing
toward truthfulness. By that, we ought to mean that the system should not allow for false
explanations, nor obfuscate information, in order to attend to the user’s satisfaction or
persuasion. The explanations generated should be consistent with the ground truth.®* Now,

the ground truth should be carefully encoded into the AI system’s model, and it is our

3What serves as the “ground truth” could differ among individuals, cultures, and societies, but here we
take it to represent a single event, such as a fact (which we will resist the attempt to define right now).



responsibility (as developers) to ensure its accuracy to the best of our knowledge. In other

words, such a system should not be able to produce lies.

Additionally, in later chapters we consider a framework for generating probabilistic explana-
tions that, philosophically speaking, is built around a human user’s subjective beliefs, which
means that the matter of truthful explanations becomes increasingly more sensitive. For
instance, a user’s subjective beliefs could theoretically be used as a manipulation mechanism
against the user, insofar as the system can craft an explanation consisting of said beliefs for
the purpose of persuading the user to do, or rather believe, a certain event (e.g., exploiting
confirmation bias). As one can think, applications of such systems and their misuses can be
vast, especially in the current era of misinformation. Nevertheless, we proclaim that it is
our duty to not allow for such actions—our framework takes advantage of a user’s subjective
beliefs only to generate probable explanations so long as these explanations align with the
system’s ground truth. That being said, such systems can omit information from the users,
and as such, it is possible for the users to come to wrong conclusions on their own due to
incorrect assumptions in their mental model. This is a trade-off and risk that all explanation

generation systems face, and it is a phenomenon found in human-human interactions as well.

To sum up, we posit that explanation generation systems should have an intimate relationship
with the pursuit of truthful explanations. This is crucial if we are to build ethically robust

AT systems. In the spirit of philosopher Immanuel Kant: lying is morally wrong and should

be avoided.*

1.2.1 Thesis Organization

This thesis contains content that has been previously presented in one JAIR journal arti-
cle [231], one AAAI paper [225], one KR paper [224], two ECAI papers 227, 226|, and one
AAAT demonstration paper [229]. It also contains content from one conference paper [228]
and one journal article [230]| currently under review at the time of writing this thesis. The
thesis is organized into chapters that progressively build the foundation, methodologies, and

applications of the proposed logic-based explanatory framework:

4Obviously, there are cases where lying can be acceptable, such as when it is a matter of life preservation.



Chapter 2: In this chapter, we provide some arguments supporting the choice of formal
logic as a representational foundation for explanation generation in Al systems, emphasiz-

ing its role as an intermediate layer rather than a replacement for existing Al approaches.

Chapter 3 (|231]): This chapter introduces a novel logic-based framework that extends
the concept of model reconciliation to a broader class of planning problems, including clas-
sical and hybrid systems planning. This framework provides a foundation for generating

logic-based, human-aware explanations in Al decision-making processes.

Chapter 4 ([230]): Building upon the foundation laid in the previous chapter, this
chapter extends our framework to handle probabilistic scenarios. We introduce concepts
such as explanatory gain and explanatory power, addressing the challenges of generating
explanations in environments characterized by uncertainty. This enables the generation

of explanations in more realistic environments characterized by uncertainty.

Chapter 5 ([225, 230]): This chapter presents novel algorithms for computing expla-
nations, leveraging the duality between minimal correction sets (MCSes) and minimal
unsatisfiable sets (MUSes). We demonstrate how these algorithms can be adapted to both

deterministic and probabilistic settings.

Chapter 6 (|227]): In this chapter, we develop an approach for generating personalized

explanations by incorporating abstractions based on a user-specified vocabulary.

Chapter 7 (|224]): This chapter presents the Dialectical Reconciliation via Structured
Argumentative Dialogues (DR-Arg) framework, moving beyond single-shot explanations

to facilitate dynamic, dialogue-based explanations between Al systems and human users.

Chapter 8 ([228]): This chapter introduces a framework for explanation-guided belief
revision that aligns more closely with natural human reasoning patterns. This contribu-
tion challenges the traditional assumption of minimal changes in belief revision theory,

providing a more nuanced approach to updating beliefs in light of new information.

Chapter 9 (|226]): Applying our developed frameworks to a practical domain, this
chapter presents a logic-based approach to generating explanations for agent scheduling
problems, addressing both reason-seeking and modification-seeking queries while consid-

ering privacy concerns.

Chapter 10 (|229]): In this chapter, we present a demonstration system that combines
parts of our logic-based explanation generation framework with large language models for

generating natural language explanations in an academic course scheduling problem.



e Chapter 11: This chapter concludes the thesis, highlighting lessons learned and a vision

for future human-aware Al systems.
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Chapter 2

A Case for Formal Logic as the
Foundation for Explainability in Al

Systems

“Mndeic dyewyétpntog ioitw wov Ty oTtéyny”
(Let no one ignorant of geometry enter here)
— Plato

At its core, explainability in Al systems is essentially a process of reverse inference. It
involves backtracking through the system’s decision-making steps to support and explain
the final decision. This capability is essential for understanding, validating, and trusting
decisions, particularly in high-stakes domains like healthcare, law, and finance. In these
contexts, the ability to explain decisions is not merely a desirable feature—it is a critical
requirement. For any framework that aims to explain an Al decision, a minimum requirement
would then be the ability to perform inference in reverse. Yet, not all Al approaches are
equally suited to this task. This chapter explores the limitations of subsymbolic systems and

makes the case for formal logic as a robust foundation for explainability in Al.

2.1 Subsymbolic Systems

Purely extensional, subsymbolic models, such as neural networks (NNs), face a significant
challenge when it comes to explainability. These models, while undeniably powerful for data-

intensive tasks like image recognition and natural language processing, struggle to provide
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meaningful explanations due to their lack of structured semantics and compositionality. To

illustrate this issue, consider a simple scenario in a NN-based image classification system:

“The input image was labeled dog because hidden neuron 404, which generally
activates for pointy ears, had an activation of 0.44. If hidden neuron 404 had an
activation of 0.8, the input image would have been labeled fox.”

While this explanation describes the behavior of the model, it offers little in terms of semantic
clarity, as it is not sufficient to simply state the activation value of a particular neuron. Even
if we focus on a single neuron, there could be an infinite number of input combinations
leading to that activation value. For example, if neuron 404 had only two inputs, z; and
To, with weights w; and ws, and used a ReLLU activation function, then there are infinite
combinations of xq, xo, wy, and wy that could produce the output of 0.8. Without knowing
which specific combination led to this activation, it is impossible to provide a meaningful
explanation like “the image was classified as a fox because it had a certain type of ears.” The
hidden neuron’s activation alone does not give us enough information to construct a clear,

semantically meaningful explanation for the decision.

The root of this problem lies in the lack of systematicity and compositionality in neural
networks.” NNs do not admit symbolic structures with productive syntax and corresponding
semantics. The representations in NNs are distributed, correlative, and continuous numeric
values that, on their own, do not correspond to anything interpretable. A hidden unit in a
neural network does not, by itself, represent any conceptually meaningful object. Moreover,
the composition of features in NNs is not invertible. Once vectors (e.g., tensors) are composed
in a NN, their decomposition is undecidable. This irreversibility poses a significant barrier
to explainability. In essence, no meaningful semantics can be captured from a neuron or
collection of neurons, leading to a fundamental issue: no semantics without (invertible)

compositionality, and no explainability without semantics.

It is worth noting that there have been attempts to improve the interpretability of subsym-

bolic models through counterfactual explanations [191, 161]. These methods, however, offer

5This criticism of NNs as a cognitive architecture has been raised over three decades ago by Fodor &
Pylyshyn [78]. They showed why NNs cannot model systematicity, productivity and compositionality, all of
which are needed for effective explainability.
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post-hoc interpretations (in terms of inputs and outputs) rather than inherently explain-
able decision processes. They can highlight which inputs were important for a decision, but
struggle to provide the kind of semantically meaningful, causal explanations that humans

typically expect.

2.2 Logic-based Systems

In contrast to subsymbolic, neural-based approaches, symbolic, logic-based systems have

several key features that make them particularly well-suited for explainability:

e Structured Semantics: Logic-based systems have well-defined compositional semantic
functions that compute the meaning of a compound as a function of its constituents’
meanings. This composition is invertible, allowing for the retrieval of components that
produced an output. For instance, in a logical framework, we can understand how complex
beliefs are formed from simpler ones, and crucially, we can decompose complex beliefs to
understand their foundational elements. As we discussed above, this invertibility is funda-
mental to explanation—it allows us to backtrack from conclusions to premises, essentially

performing inference in reverse.

e Expressivity: Logical languages can represent complex knowledge and reasoning pro-
cesses in a form that can be traced and scrutinized. They allow for the encoding of
rich, relational information about the world, including classes, hierarchies, and quantified
statements. This expressivity extends to representing not just current states but also hy-
pothetical scenarios and future possibilities. For example, in the situation calculus, we
can reason about past events, current states, and potential future outcomes, providing a

comprehensive framework for explaining an Al system’s reasoning across time.

e Scrutability: Logic-based systems enable robust examination of their internal properties,
both through internal verification techniques and external dialogues. This scrutability is
crucial for building trust in Al systems. It allows for thorough validation of the reasoning
process, ensuring that explanations are not just plausible but provably correct within the
system’s logical framework. Moreover, it facilitates interactive explanations, where users
can query the system about its reasoning, potentially uncovering implicit assumptions or

exploring alternative scenarios.
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e Augmentability: Logic-based systems can be extended with new knowledge and support
operations like composition, allowing Al systems to evolve their explanatory capabilities.
This feature is particularly important for Al systems that need to adapt to new information
and changing environments. The ability to seamlessly integrate new knowledge means that
explanation frameworks can grow and refine over time, incorporating new concepts, rules,

or even meta-level reasoning principles.

e Abstraction: Logic-based systems facilitate the description of decisions using high-level
concepts, enhancing comprehensibility for users with varying expertise levels. This ca-
pability allows for explanations that can be tailored to the user’s level of understanding,
providing either high-level, conceptual explanations or detailed, step-by-step reasoning as
needed. Abstraction is key to making complex AI decisions understandable to human

users with varying expertise levels.

e Meta-reasoning: Meta-reasoning capabilities in logic-based systems allow for explana-
tions that go beyond static justifications, providing insights into the system’s learning and
adaptation processes. For example, a logic-based Al system equipped with meta-reasoning
could explain not just its conclusion, but also why it chose a particular inference strategy,
how it resolved conflicts between different rules, or how it might revise its beliefs given
new information. This could manifest in explanations like: “I concluded X because of rule
Y, but I'm only 70% confident in this rule based on past performance. If we observe Z in

the future, I would need to revise this belief.”

Note that the rigidity, discreteness, and brittleness often attributed to logic are, in fact, a
misunderstanding of its nature and potential. As Belle [8] succinctly describes: “Logic pro-
vides a language for talking about the world and understanding what information is conveyed
by expressions in that language; the language is indeed rigid and discrete, but its (possible)
worlds certainly need not be.” This distinction is key to understanding the flexibility and
power of logical frameworks in modeling and explaining complex, uncertain, and dynamic

real-world scenarios.

While pure neural network approaches face significant challenges in explainability, it is im-
portant to acknowledge the emergence of hybrid approaches that combine symbolic and sub-
symbolic methods [66, 83|. These neuro-symbolic Al systems aim to synergize the strengths of
both paradigms: the robust learning capabilities and pattern recognition of neural networks

with the interpretability and reasoning power of symbolic systems. However, the primary
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focus of this thesis is on leveraging formal, symbolic logic as the foundational framework
for explanation generation in Al systems. We position the methods proposed in this thesis
as complementary to the advancements in neuro-symbolic Al, rather than in competition
with them. Our approach can be viewed as a specialized tool in the broader landscape of ex-
plainable Al offering unique advantages in domains where rigorous, semantically meaningful
explanations are paramount. Moreover, the principles and techniques developed here could

potentially inform and enhance the explainability aspects of future neuro-symbolic systems.

It is important to reiterate that this thesis does not advocate for replacing state-of-the-art Al
systems with purely logic-based ones. Instead, we propose using formal logic as a universal
explainability layer—a framework capable of capturing and explaining the decisions of any
Al system, regardless of its underlying architecture. This approach allows for seamless inte-
gration with a wide range of Al systems, including neural networks, statistical models, and
other methodologies. By leveraging the strengths of formal logic—its expressivity, scrutabil-
ity, and structured semantics—we aim to create an explainability layer that enhances human

understanding of complex decision-making processes.

While the primary focus of this thesis is not on specific subsymbolic Al systems, it is useful
to conceptualize how logic-based methods can be integrated with such systems to enhance

explainability. Consider the following medical diagnosis scenario:

Example 1. A hospital employs a sophisticated NN-based system for diagnosing skin con-
ditions from images. Trained on a large dataset, this system swiftly classifies various skin
conditions with high accuracy. In a particular case, the NN analyzes a patient’s skin image
and classifies it as “malignant melanoma” with 92% confidence. However, like many deep

learning systems, its deciston-making process is not inherently explainable.

A typical counterfactual explanation for this scenario might be:

If the mole were lighter in color and had a more regular shape, the image would
have been classified as a benign mole instead of malignant melanoma.

While this counterfactual explanation offers some insight into the model’s decision boundary,
it lacks the rich contextual information and reasoning process that a logic-based approach can

provide.
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In contrast, integrating a logic-based layer of explainability into the system would yield a

more comprehensive explanation. Such an integration could look like this:

1. The NN classifies the image as malignant melanoma with 92% confidence.

2. The logic-based system maintains a knowledge base of medical facts, diagnostic criteria,

and reasoning rules. For example:

Va.DarkMole(x) A RapidGrowth(x) — HighRiskMelanoma(x)

Vx.HighRiskMelanoma(x) — RecommendBiopsy(x)

3. The neural network’s output is translated into logical predicates. For instance, the

system might assert:

CLASSIFIEDASMELANOMA(PatientImagel23,0.92)
DETECTEDFEATURE(PatientImagel23, DarkMole)

DETECTEDFEATURE(PatientImagel23, RapidGrowth)

4. The logic-based framework then uses these assertions, combined with its knowledge base,

to generate an explanation:

The system has classified this image as likely malignant melanoma (92%
confidence) because it detected features consistent with high-risk melanoma,
specifically a dark mole with signs of rapid growth. These features, when
present together, are strong indicators of melanoma. Based on this classifi-
cation, a biopsy is recommended for definitive diagnosis.

This explanation not only identifies the key features that led to the classification but also
provides the reasoning behind why these features are significant, grounding the explanation

wn medical knowledge represented in the system.

This example demonstrates how a logic-based framework can act as an explanatory layer

that complements, rather than replaces, existing Al systems. By translating subsymbolic
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outputs into a structured, semantically meaningful representation, logic-based systems enable
detailed, causally grounded, and actionable explanations that align with human reasoning

processes.

In conclusion, logic-based frameworks may offer a robust foundation for explainability in Al.
By leveraging their structured semantics, precise reasoning, and adaptability, these frame-
works bridge the gap between complex Al decision-making processes and human under-
standing. The following chapters will explore how formal logic can be operationalized to
create effective, generalizable frameworks for explanation generation across diverse problem

domains.
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Chapter 3

A Logical Account for Explanations as

Model Reconciliation

“You can prove anything you want by coldly
logical reason—if you pick the proper
postulates.”

— Isaac Asimov

3.1 Introduction & Contribution

In the previous chapter, we established the potential of logical frameworks to serve as an
explainability layer for explaining the decisions of Al system. We now demonstrate this

potential in the domain of automated planning, namely Explainable Al Planning (XAIP).

XAITIP has emerged as a crucial field in bridging the gap between theoretical planning algo-
rithms and real-world applications. A key challenge in XAIP is the generation of explanations
that account for the mental model of the human user, a concept known as the Model Rec-
onciliation Problem (MRP) [37]. While existing approaches to MRP have primarily focused
on automated planning techniques [34, 205, 207, 211|, their applicability beyond classical

planning has been unexplored.

This chapter introduces a logic-based framework for explanation generation that extends the
applicability of MRP beyond classical planning scenarios. We term this approach Logic-based
Model Reconciliation Problem (L-MRP). In particular, given a knowledge base KB, (of an
agent) and a knowledge base KBy, (of a human user), each encoding their knowledge of a

planning problem, and that KB, entails a query ¢ (e.g., that a proposed plan of the agent is
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valid or that the proposed plan is optimal), the goal is to identify an explanation ¢ C KB,
such that when it is used to update KB,, then the updated KB, also entails q. We then
demonstrate that our approach can be applied not only to classical planning problems but

also hybrid systems planning problems with durative actions, processes, and events.

The main contributions of this chapter are:

1. We formally define L-MRP, providing a logic-based foundation for XAIP that allows

us to express planning problems and explanations in terms of logical knowledge bases.

2. We present algorithms for computing L-MRP explanations in both classical and hybrid

systems planning problems, extending the applicability of model reconciliation.

3. We empirically evaluate our L-MRP approach against the current state of the art,
demonstrating improved performance in certain scenarios and efficiency in handling

hybrid systems planning problems.

4. We conduct a human-subject study using visualizations to explore effective methods

of communicating L-MRP explanations to human users.

By representing planning problems and their solutions in formal logic through L-MRP, our
framework not only improves scalability for certain types of classical planning problems but
also provides a unified way to generate explanations across diverse planning domains. Impor-
tantly, this work demonstrates how a logical representational layer can enhance explainability

while preserving the strengths of existing planning systems.

3.2 Explanations as Model Reconciliation

The theory of mind (ToM) [185] provides a fundamental framework for understanding how
humans reason about others’ mental states and behaviors in social and collaborative (or even
adversarial) scenarios. Just as we discussed the importance of representing Al decisions in
human-understandable terms in Chapter 2, ToM represents the ability to attribute mental
models to others while recognizing that these models may differ from one’s own. These

mental models, which comprise mental states such as beliefs, knowledge, intentions, etc.
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(in other words, a full range of goal and epistemic states), allow one to infer future mental
states (i.e., the behavior) of others. However, social interactions can be quite convoluted,

and misinterpretations may even yield frantic results.

Social interactions, however, can be quite convoluted, and misinterpretations may even yield
frantic results. Nonetheless, being able to attribute mental models to other people, e.g., ideas
about what other people are thinking or know about certain situations, would make social
interactions placid and seamless, at least to some reasonable extent. For instance, building
shared plans or goals between two people requires the very essence of ToM. Both parties must
recognize the intentions of one another and subsequently work out how to mesh their actions
with each other in order to achieve a common goal. However, note that in order to verbalize
and intentionally communicate any differences in mental states (e.g., differences between
actions), such as to provide explanations intending to update the receivers knowledge, it is
normally assumed that the parties involved in the interaction share some common language
and vocabulary (i.e., their mental models are expressed in common terms). ToM, therefore,
is viewed as a vital socio-cognitive skill, inherent in the human nature, that we tend to highly
use in an intuitive and natural way when interacting with other people. For a comprehensive
description on the evolution and significance of ToM, we refer the interested reader to the

work by Baron-

The model reconciliation problem (MRP) [37] has gained a lot of success due to the fact
that it is rooted in the understanding of the importance of ToM. To be more precise, in
the context of planning and MRP, a mental model consists simply of a PDDL expression
that characterizes a planning problem (i.e., the model comprise all the fluents, predicates,
objects, and actions that are allowed to be used in the particular problem). Important to
note here are the assumptions that the agent possesses the human user’s model a-priori,® the
agent’s model is correct and complete, and only the human user’s model may contain flaws

or missing information.”

In a typical MRP scenario, explanation generation is requested when a plan that is optimal
(e.g., a shortest plan) in the agent’s model is inexplicable (e.g., infeasible or suboptimal)
in the human user’s model, because the human user is, say, missing some preconditions

from some actions in their model that are necessary for the optimal solution of the planning

SHowever, there has been some interest in relaxing this assumption [208].
"By correct and complete model, we mean that the agent believes that its model represents the objective
and absolute truth about the specific planning problem.
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problem. Then, the agent, by taking into account its own model as well as the human user’s
model, attempts to “reconcile” their differences by providing information from its own model
(e.g., the missing preconditions) such that when this information is used by the human user
to update their model (i.e., by adding the preconditions to the respective actions in their

model), they can compute the optimal plan and, hence, understand its optimality.

As we can see, a key point to note in MRP is that the agent recognizes that the human user
may have their own model of the planning problem, and that if there exists a discrepancy
between their models such that the agent’s plan is inexplicable to the human user, expla-
nations will be couched in terms of model differences. Therefore, explanations as model
reconciliation have the potential to play a significant role in explanation generation settings,
mostly because of their natural consideration of how humans interact in social settings such

as those that require intensionally communicating information with one another.

Unsurprisingly, researchers have empirically demonstrated explanations in the form of model
reconciliation constitute a natural and effective way of explaining classical planning problems
to human users [35, 240|. Specifically, they showed, using map visualizations of a planning
problem, that human users not only understand explanations in the form of model reconcil-
iation, but also believe that such explanations are necessary to explain (classical planning)
plans. This empirical algorithm-agnostic assessment provides some supporting evidence for
the real-world applicability of our proposed explanation generation framework for classical
planning problems. Nevertheless, the applicability of explanations as model reconciliation for
hybrid systems planning problems remains suspect, to the best of our knowledge. As such,
in Section 3.6.2, we investigate, through a user study, to what extend explanations as model

reconciliation are effective for hybrid systems planning problems.

A Logical Representation for Model Reconciliation

Having painted a small picture about the usefulness of explanations as model reconciliation,
our interest in this work lies in extending and generalizing MRP. Building on our thesis of
logic as an explainability layer, we are interested in laying the the theoretical and algorithmic
foundations for a logic-based explanation generation framework. Succinctly, the mental
models in our approach are in essence knowledge bases consisting of formulae expressed in

some type of logic that fully describe a planning problem. For example, it is well known that
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a classical planning problem can be encoded as a propositional satisfiability instance (SAT)
consisting of formulae that represent the initial state, goal state, and the action dynamics
for n time steps, where n is an upper bound on the horizon of the problem, and is typically
the length of the plan that can be found in the knowledge base [136]. In a similar fashion,
a hybrid system planning problem can be expressed in first-order logic interpreted in the

quantifier-free linear real arithmetic theory [30].

This logical representation of MRP provides several key advantages that we identified in
Chapter 2, i.e., it provides a unified framework for representing and reasoning about different
types of planning problems, it enables formal verification of explanations through logical
inference, and it supports abstraction and adaptation of explanations to different user needs.
Crucially, our approach does not replace existing planning systems but rather provides a
representational layer for explaining their decisions. For example, a state-of-the-art search-
based planner like FastDownward [108] can first find a plan, which we then represent in our
logical framework for explanation generation. This integration preserves the efficiency of

specialized planning systems while adding powerful explanation capabilities.

By using logic to represent planning problems and their solutions, we create a bridge between
the computational efficiency of modern planning systems and the human need for clear,
verifiable explanations. This aligns perfectly with our broader thesis about logic serving as
an explanatory layer atop Al systems, demonstrating its practical application in planning

domains.

3.3 Essential Background

3.3.1 Logic

A logic L is a tuple (KBy, BS., ACCL), where KBy, is the set of well-formed knowledge
bases (or theories) of L — each being a set of formulae. BS is the set of possible belief sets;
each element of BSy is a set of syntactic elements representing the beliefs L. may adopt.
ACCy, : KBy, — 255t describes the “semantics” of L by assigning to each element of KB, a
set of acceptable sets of beliefs. For each KB € KBy and B € ACCL(KB), we say that B is
a model of KB. A logic is monotonic if KB C KB’ implies ACC(KB') C ACC.(KB).
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Example 2. Assume that L refers to the propositional logic over an alphabet P. Then, KBy,
is the set of propositional theories over P, BS;, = 2F, and ACC}L, maps each theory KB into

the set of its models in the usual sense.

Definition 1 (Skeptical Entailment). A formula ¢ in the logic L is skeptically entailed by
KB, denoted by KBS ¢, if ACCL(KB) # 0 and ¢ € B for every B € ACCL(KB).

Definition 2 (Credulous Entailment). A formula ¢ in the logic L is credulously entailed
by KB, denoted by KBES p, if ACCL(KB) # 0 and ¢ € B for some B € ACCL(KB).

Definition 3 (Consistent Knowledge Base). A KB is consistent iff ACCL(KB) # 0 or,
equivalently, iff KB does not skeptically entail false.

We will assume that a negation operator — over formulae exists. Additionally, ¢ and —¢p
are contradictory with each other in the sense that, for any KB and B € ACCL(KB), if
¢ € B, then ~¢ ¢ B; and if =p € B, then ¢ ¢ B. Therefore, if {p, ¢} C KB, then KB
is inconsistent, i.e., ACCL(KB) = (. ¢ C KB is called a sub-theory of KB. A theory KB
subsumes a theory KB', denoted by KB < KB’, if ACCy(KB) Cc ACCL(KB').

Boolean Satisfiability

Boolean Satisfiability (SAT) [42] is the problem of finding an assignment of truth values to
variables in order to make a set of propositional formulae true. The problem can be stated as
follows: Given a Boolean expression ¢ with variables V' = {vy,...,v,}, find an assignment

to the variables V' that satisfies ¥ or prove that one does not exist. For example,
= (v1 V) A (—vg Vuz) Ay (3.1)

is satisfiable with respect to the truth assignment M = {v; = F,vy = T,v3 = T'}.

Satisfiability Modulo Theories

Satisfiability Modulo Theories (SMT) [7] is the problem of deciding the satisfiability of a
first-order formula expressed in a given theory. The problem can be stated as follows: Given

a first order formula ¢ with variables V' = {vy,...,v,} and a set of constraints over those
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variables, find an assignment to the variables V' that satisfies ¢/ or prove that one does not
exist. In contrast to the SAT problem, the variables are not restricted to Boolean values, but
depend upon a theory, and the constraints are expressed with respect to a background logic.
The theory and logic are critical elements of an SMT problem. Theories exist for Boolean
propositions, bit-vectors, arrays, integers, reals, and so on. For example, an SMT problem

in the quantifier-free linear real arithmetic theory is:

1/12(’U1+3§21)2)\/(’U3+422)V(U1+U2—|—U3Z1), (32)

which is satisfiable with respect to the assignment M = {v; = 1,v, = 1,v3 = 1}.

3.3.2 Planning Problems

We now describe two general planning problem formulations, classical planning problems

and hybrid systems planning problems.

Classical Planning

A classical planning problem, typically represented in PDDL [91], is a tuple Il = (D, I, G),
which consists of the domain D = (F, A) — where F is a finite set of fluents representing the
world states (s € F') and A a set of actions — and the initial and goal states I,G C F. An
action a is a tuple (pre,, eff,), where pre, are the preconditions of a — conditions that must
hold for the action to be applied; and eff, = (eff!, eff, ) are the addition (eff!) and deletion
(eff,) effects of a — conditions that must hold after the action is applied. More formally,
using oy ¢ 28 x A — 2F to denote the transition function of problem II, if s £ pre,, then
or(s,a) EL; otherwise, dri(s,a) = s U effl \ eff,. The solution to a planning problem II
is a plan 7 = (a4, ..., a,) such that dg(I,7) = G, where on(s, ) = on(ou(s,ar),7’) with
7' = (ag,...,a,). The cost of a plan 7 is given by C(w,II) = |x|. Finally, the cost-minimal

plan 7 = argmin, ¢ (5, (1.=cy C (7, 11) is called the optimal plan.

Encoding Classical Planning Problems as Boolean Satisfiability: A classical plan-
ning problem can be encoded as a SAT problem [136, 135]. The basic idea is the following:

Given a planning problem P, find a solution for P of length n by creating a propositional
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formula that represents the initial state, goal state, and the action dynamics for n time steps.
This is referred to as the bounded planning problem (P,n), and we define the formula for
(P,n) such that: Any model of the formula represents a solution to (P,n) and if (P, n) has

a solution, then the formula is satisfiable.

We encode (P, n) as a formula ® involving one variable for each action a € A at each timestep
t € {0,...,n — 1} and one variable for each fluent f € F' at each timestep ¢t € {0,...,n}.
We denote the variable representing action a in timestep ¢ using subscript a;, and similarly
for facts. The formula ® is constructed such that (ag,aq,...,a, 1) is a solution for (P, n)
if and only if ® can be satisfied in a way that makes the fluents ag, ay,...,a,_1 true. The

formula @ is a conjunction of the following formulae:

e Initial state: Let F' and I be the sets of fluents and initial states, respectively, in the

planning problem:

/\fo/\ /\ =fo (3.3)

fel feEF\{I}

e Goal state: Let GG be the set of goal states:

A fa (3.4)

feaq

e Action scheme: Formulae enforcing the preconditions and effects of each action a at

time step t:
a= /\ fi (3.5)
féEprea
ay = /\ Jev (3.6)
feeffy
w= N fi (37
feeffa

e Explanatory frame axioms: Formulae enforcing that facts do not change between

subsequent time steps ¢ and ¢t 4+ 1 unless they are effects of actions that are executed at
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time step t:

e A frr = \/{at | feeffi} (3.8)
fin=fin = \[a | f € eff,} (3.9)

e Action exclusion axioms: Formulae enforcing that only one action can occur at each

time step t:

A N\ (rav-a) (3.10)

a€A a'€Ala#a’

where A is the set of actions in the planning problem.

Finally, we can extract a plan by finding an assignment of truth values that satisfies ®
(i.e., for all time steps t = 0,...,n — 1, there will be exactly one action a such that a, =

True). This could be easily done by using a satisfiability algorithm, such as the well-known
DPLL algorithm [52].

It is worth mentioning that planning as SAT has gathered a lot of traction, as there is
a significant number of works which have been devoted to formalizing and improving the

encodings of planning problems using propositional logic [193, 63, 29].

Hybrid Systems Planning

A hybrid system planning problem, hereinafter simply hybrid planning, typically represented
in PDDL+ [80], is a tuple I+ = (P, V, A, Ps, E, I, G), in which P is a set of propositions;
V' is a vector of real variables (fluents); A is a set of durative and instantaneous actions;
Ps is a set of processes; F is a set of events; and [ and G are the initial and goal states,
respectively. A durative action a € A is defined by a tuple (pre,, eff,, dur,), where pre,
is the precondition, eff, is the effect, and dur, is a duration constraint — a conjunction of

numeric constraints corresponding to the duration of action a.

In contrast to classical planning, the precondition pre, = (prewq, preo.q, pre4,) of a durative
action a consists of three disjoint subsets, where each subset represents conditions that

must hold at the start of the action, throughout its execution, and at the end of the action,
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respectively. In turn, the effect eff, = (effS,, effla™, effi,, effus €ffisq) Of an action a consists

of five disjoint subsets, where eﬂfa is the set of instantaneous effects of adding/removing
propositions at the start of the action, eff’,™ is the set of instantaneous numeric effects at the
start of the action, eﬂfa is the set of instantaneous effects of adding/removing propositions
at the end of the action, eff},” is the set of instantaneous numeric effects at the end of the
action, and eff.,, is a conjunction of numeric effects which are applied continuously while
the action is executing. Note that the values of instantaneous effects can be exploited to
support other actions only after a small amount of time ¢, which is referred to as epsilon

separation [79].

Each process ps € PS, defined by a tuple (preys, eff,), is similar to a durative action,
except that it does not have a set duration but is instead active when their preconditions
are satisfied (without any epsilon separation) and inactive when their preconditions are not
satisfied. Consequently, unlike durative actions, processes do not have durative constraints.
In addition, a process’s precondition consists of a single condition, whereas its effect consists
of a single continuous numeric effect. Each event e € E| defined by a tuple (pre., eff.), is
analogous to an instantaneous action and, thus, also does not have a duration constraint.
Further, an event comprises of a single triggering precondition and an instantaneous effect.
Note that events can make immediate use of effects (without any epsilon separation). If
the effect of an action, process, or other event make true the condition of an event, then it
occurs immediately and simultaneously with that effect. In general, processes and events are
used to model exogenous events in the world [90]. Therefore, they are not under the direct
control of the planner and are triggered immediately when their preconditions are satisfied

(see Bogomolov et al. [19] for more details).

Moreover, the cost of a PDDL+ plan depends upon a specified plan metric. Plan metrics
assert, for the benefit of the planner, how a plan will be evaluated for a particular problem.®
For instance, the same initial and goal states might yield entirely different optimal plans
given different plan metrics. Examples of plan metrics include the makespan of the plan
(i.e., the sum of the duration of each action in the plan), optimizing a specific quantity in

the domain, etc.

8 Metrics are specified in the problem description, allowing a planner to easily explore the effect of different
metrics in the construction of solutions to problems for the same domain.
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Finally, it is important to mention that, to the best of our knowledge, there does not exist any
general optimal PDDL+ planners. As a matter of fact, it has been shown that even finding
the existence of PDDL+ plans is undecidable [107]|. The reason is that PDDL+ domains have
an established relationship with the reachability problem for hybrid automata [80], where
it is known to be undecidable [110]. In the context of planning, the reachability problem
corresponds to the problem of solving plan existence. Nonetheless, there exist PDDL+

fragments where plan existence is decidable [80].

Encoding Hybrid Planning Problems as Satisfiability Modulo Theory: A hybrid
planning problem TI+ can be encoded as an SMT formula [30] with bound n in the theory
of quantifier-free (non-linear) real arithmetic with n copies of the set of variables x, where
x is called a happening. A happening encodes the change in the state at a particular time

point due to effects of actions, processes, or events happening at that time point:
x = <t, E,Ps, P, V,A Pt V*, flowv,durps> (3.11)

where t is the current time point, E = {Ey, ..., Eg} is the chain of events triggered at ¢, Bis a
bound on the length of the causal chain of events at each time point, Ps = {Psq,...,Psp}is
the chain of active processes at t, P= {Py, ..., Pg} is the causal change in the propositional
state variables at t, V= {Vo,...,Vg} is the causal change in the real state variables at ¢, A
is a set of durative and instantaneous actions, Pt and V' are the values of the propositional
and real state variables, respectively, at time t + €, flowy = {flow, | v € V'} is a numerical
expression that represents the change in value of v from a time point to the next, and
durps = {dur,s | ps € Ps} is the remaining duration of each process ps. Note that the durp,
variable enforces the duration constraint of a durative action, not that of a process, as we

highlight in the next paragraph.

Following the same manner as in the encoding of classical planning, the SMT formula is
comprised of a conjunction of formulae that represent the dynamics of the given II+ problem.
Then, a plan for II+ with length n would correspond to the action variables with true
assignments in any proof of the SMT formula of II4. In order to encode a durative action in
SMT, we split it into two instantaneous actions representing the start and end of the action
respectively, and a process representing the action’s durative portion. The start and end
actions are constructed in a straightforward way, with the addition of a new effect, whose

only purpose is to activate the process. The effect of the process is the continuous effect of the
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durative action, plus a continuous decrement of some timer variable. The instant end action
uses that timer variable and the durative action’s duration inequality in its precondition.
This ensures that the start and end of the action are the correct distance apart in the
timeline. It is only this kind of process, representing a durative action, that has a duration

associated with it.

Below, we describe the SMT formulae that characterize a I14+ problem (for a more thorough
description, we refer the reader to Cashmore et al. [31]). Formulae (12) to (25) encode the
constraints for each happening xy, . . ., z,,, and formulae (26) to (36) are additional constraints
needed in the SMT formula II+:

e Proposition and real variable support: Formulae ensuring that the values of propo-

sitions and real variables remain consistent from Py UV to Pg U Vp:

/_\ A v =\ @) (3.12)

i=0 peP elpcefit
B-1

AN-p—= o e (3.13)
i=0 peP elpeeff

/_\ /\( /\ —0;) = (vig1 = ;) (3.14)

1=0 veV elveeffd*™

e Event preconditions and effects: Formulae enforcing that an event is triggered if and
only if its preconditions hold, and that if an event is triggered, its effects are present in

the next time step:

/\ /\ ei — (pree); (3.15)

=0 ecF

/\ /\el (eff.)is1 (3.16)

=0 ecF

e Action preconditions and effects: Formulae enforcing that an action’s preconditions

must hold in Pg U Vz and their effects are enforced in PT UV ™

/\ a— (preq)s (3.17)

acA
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N a— (eff)* (3.18)

acA

e Support across epsilon separation: Formulae ensuring that the values of propositions

and real variables remain consistent from Pz U Vg to PT UV T:

Art = s \/ a (3.19)

pEP a|pEeffy
/\ -pt = (—pp \/ a) (3.20)
peP alpeeffy

AC N\ —a) = @F =up) (3.21)

veEV alvEeffitm™

e Process triggering: Formulae enforcing that a process is active if and only if its precon-
ditions are satisfied in each set Py UV to Pg U Vg, and ensuring that a process cannot

finish outside of a happening;:

/\ N psi ¢ (preps)s (3.22)

1=0 psePs

N\ dury, >0 (3.23)
psEPs

/\ psp <> (durys > 0) (3.24)
ps€EPs

e Action exclusion axioms: Formulae enforcing that only one action can occur at each

time step:

/\ /\ —a V —a') (3.25)

a€A a’'cAlata’

e Instance description: Formulae enforcing that the initial state holds in the first hap-

pening and the goal holds in the final happening:

Iy (3.26)
Gn (3.27)
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i=1

e Proposition support: Formulae ensuring that the discrete state variables P do not

change between happenings:
A N\ o = (1) (3.30)
A N\ ~wo)i = (") (3.31)

e Invariants: Formulae ensuring that the continuous numeric change between happenings

is valid:
A N psp)in = (durp)i) = (durys)ioy +t; — tira) (3.32)
i=1psePs
n—1
/\ /\ (pSB)i A (preﬁps)i (333)
1=0 ps€Ps
n—1
A N\ —oreco) (3.34)
i=0 e€F

e Continuous change on real variables: Formulae enforcing the continuous change on

real variables:

/_\ /\(flowv)i :/tm U (effipalv])s dt (3.35)

=0 veV i ps€EPs

n

/\ /\ ((v0)i = (v")im1 + (flowy)i—1) (3.36)

i=1veV

As mentioned earlier, there does not exist any optimal PDDL+ planners. Consequently,
SMT solvers fall within this category as well. For example, in a temporal setting, a lower
number of happenings does not mean a higher-quality plan. It could be that by adding
happenings, a plan of shorter duration, or with better cost, can be found. As an example,
consider a domain with a car, actions to increase and decrease acceleration by one step, and

a goal to move the car a given distance. The optimal plan in terms of duration will be to
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accelerate as many times as possible until the half-way point, and then to decelerate until the
car stops at the specified distance. A plan with the fewest steps/happening only accelerates
and decelerates once each, and takes much longer. Therefore, a solution found by an SMT

solver is not guaranteed to be optimal with respect to time.

3.3.3 The Model Reconciliation Problem

The Model Reconciliation Problem (MRP), as introduced by Chakraborti et al. [37], high-
lights the critical need for aligning the planning models of a human user and an agent to
facilitate effective collaboration and understanding. This alignment becomes especially per-
tinent in scenarios where the agent’s plan deviates from human expectations, necessitating a
mechanism to reconcile these differences through explanations. In this approach, the (plan-
ning) agent must have knowledge of the human’s model in order to contemplate their goals
and foresee how its plan will be perceived by them. When there exist differences between
the models of the agent and the human such that the agent’s plan diverges from the human’s
expectations, the agent provides a minimal set of model differences, namely an explanation,

to the human.

More formally, MRP is defined by the tuple ¥ = (&, ), where ® = (M~ M}) is a tuple
of the agent’s model M® = (D [ GF) and the agent’s approximation of the human’s
model M} = (DE TR GE) | and 7 is the optimal plan in M%. A solution to an MRP is
an explanation e such that when it is used to update the human’s model M# to M I};’E, the
plan 7 is optimal in both the agent’s model M% and the updated human model M, I]}E. The
goal is to find a cost-minimal explanation, where the cost of an explanation is defined as the

length of the explanation [37].

It is important to highlight that, in order to effectively solve MRP, the following (implicit)
assumptions typically hold:

1. The agent model represents the ground truth or, in other words, the agent model is the
“correct” encoding of the domain. This assumption is predicated on the notion that the
explanation is generated from the agent’s perspective, thereby rendering it reasonable

to assume that the agent “thinks” that its model is accurate or correct.
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2. The agent has access to the human model, which is an approximation of the actual human
model. In the worst case, it can be empty; but, practically, it can be approximated based
on past interactions [205, 124].

3. Both models are assumed to be deterministic, and they thus are able to represent only

deterministic domains.

3.4 Logic-based Model Reconciliation Problem

We introduce the concept of logic-based model reconciliation problem (L-MRP) in the fol-
lowing setting, where, for brevity, we use the term =7 for « € {s, ¢} to refer to skeptical (s)

or credulous (c¢) entailment:

Logic-based Model Reconciliation Problem: Given two knowledge bases
KB, and KBy, and a formula ¢ in a logic L, where KB, =} ¢ and KB;, £7 ¢,
the goal is to identify an explanation (i.e., a set of formulae) e C KB, such that

when it is used to update KBy, to @;, the updated @; =7 .

When updating a knowledge base KB with an explanation €, the updated knowledge base
KB U € may be inconsistent as there may be contradictory formulae in KB and €. As such,
to make the knowledge base consistent again, one needs to remove this set of contradictory

formulae v C KB from KB. More formally:

Definition 4 (Knowledge Base Update). Given a knowledge base KB and an explanation e,
the updated knowledge base s KB =KBUe \ v, where v C KB\ € is a set of formulae that

must be removed from KB such that the updated KB’ is consistent.”

We now define the notion of a support of a formula w.r.t. a knowledge base KB before

defining the notion of explanations.

Definition 5 (Support). Given a knowledge base KB and a formula ¢ in a logic L, where
KB % ¢, e C KB is a support of ¢ w.r.t. KB if € =5 p. Assume that € is a support of ¢

9Intuitively, one should prefer the set of formula ~ that is removed to be as small as possible, though we
chose to not require such a restriction here.
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w.r.t. KB. We say that ¢ C KB s a C-minimal support of ¢ if no proper sub-theory of €
is a support of ¢. Furthermore, € is a <-general support of ¢ if there is no support € of ¢

w.r.t. KB such that € subsumes € .

Definition 6 (Explanation). Given two knowledge bases KB, and KBy, and a formula ¢ in
a logic L, where KB, E7 ¢ and KBy, £ ¢, an explanation for ¢ from KB, for KBy, is a
support € w.r.t. KB, for ¢ such that the updated knowledge base @Z =7 @, where @; 18
updated according to Definition 4.

Example 3. Consider propositional logic theories over the set of propositions {a,b,c} with
the usual definition of models, satisfaction, etc. Assume KB, = {a,b,a — ¢,a Nb — ¢} and
KBy, = {a}. We have that ¢, = {a,a — ¢} and e = {a,b,a Nb — ¢} are two C-minimal
supports of ¢ w.r.t. KB,. Only €, is a <-general support of ¢ w.r.t. KB, since e < €;. Both
€1 and €y can serve as explanations for ¢ from KB, for KBy,. Of course, KB, is itself an

explanation for ¢ from KB, for KB,.

Now consider KBy, = {a,—b}. In this case, both €, and €5 are possible explanations for c
from KB, for KBy,, but if €5 is chosen, then —b will need to be removed from KBy, so that

it 1s consistent according to Definition 4.

3.4.1 Preferred Explanations

When considering explanatory systems, a natural question that potentially arises would be:
Are all explanations equal? For example, one would want to differentiate between trivial and
non-trivial explanations. While it might be acceptable in some cases, trivial explanations,'
which are akin to a parent providing the explanation “because I said so” when asked “why?”

by their child, are not preferred in most cases.

Besides computing an explanation €, the agent also needs to present that explanation to
the user or, in other words, describe the content of the explanation € to the user. Given
knowledge bases KB, and KB, and a formula ¢, there might be several explanations for ¢
from KB, for KB;,. Therefore, an agent might prefer an explanation that requires the least

tll

amount of effort™ in presenting explanation € to the human. One way to characterize the

10There might be cases where we need to explain an assumption or a fact that is missing from a KB, and
therefore, trivial explanations will be succinct and acceptable.

1By “effort,” we could use either the effort needed by the robot to present the explanation, the effort
needed by the human to understand the explanation, or a combination of both. For example, the length of
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effort of the agent when presenting an explanation is to associate a cost to the elements of
explanation e. For example, one might prefer a subset-minimal explanation or a shortest
length explanation over others. Next, we quantify the cost of an explanation, which is then

used in to define a general preference relation over explanations.

We assume a cost function C;, that maps knowledge bases and sets of explanations to non-

negative real values:
Cr: KBy x Q— R (3.37)

where ) is the set of explanations and R=° denotes the set of non-negative real numbers.
Intuitively, this function can be used to characterize different complexity measurements
of an explanation. A cost function C;, is monotonic if for any two explanations €; C €3,

Cr(KB,€¢1) < Cr(KB,¢€;). Cp, induces a preference relation <kp over explanations as follows.

Definition 7 (Preferred Explanation). Given a cost function Cr, a knowledge base KBy, and

two explanations €, and e for KBy, explanation €, is preferred over explanation es w.r.t.
KB,, (denoted by €, <ks, €2) iff

CL(KBh, 61) S CL(KBh, 62) (338)
and €, is strictly preferred over ea w.r.t. KBy, (denoted by €; <xp, €2) if

CL(KBh, 61) < CL(KBh, 62) (339)

This allows us to compare explanations as follows.

Definition 8 (Most Preferred Explanation). Given a cost function C;, and a knowledge base
KBy, an explanation € is a most preferred explanation w.r.t. KBy, if there exists no other

explanation € such that € <xp, €.

There are several natural monotonic cost functions. For example:

e C](KBy,€) = |¢|, the cardinality of ¢, indicates the number of formulae that need to be

explained;

the explanation can be used to represent both the effort needed by the robot to explain as well as the effort
needed by the human to understand.
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e C%(KBy,€) = |e \ KBy, the cardinality of € \ KBy, indicates the number of new formulae
that need to be explained;
o C3(KBy,€) = length(e) indicates the number of literals in € that need to be explained.

3.4.2 Explanations in Planning Problems

As discussed in Section 3.3.2, classical and hybrid planning problems can be encoded using
the logic-based SAT and SMT problems, respectively. As such, our logic-based notions
of explanations proposed in the previous section can be applied to explainable planning,
particularly the model reconciliation problem, in the context of explaining classical and
hybrid planning problems. Nonetheless, recall that a model reconciliation problem is strictly
defined for explaining optimal plans (see Section 3.3.3). We can, however, relax this definition
and generalize it for arbitrary, valid plans. The reasoning behind this relaxation is that,
even if optimality cannot be guaranteed, the user may have doubts about the validity of a
plan (i.e., whether the plan is sound and can be executed to achieve the goal). Therefore,
valid plan explanations are crucial for engendering trust in the user. Note that, in the
case of hybrid planning problems, we restrict ourselves to only explaining valid plans, as

guaranteeing optimality is often infeasible for such tasks.

Hereinafter, we focus on the following two problems: (1) Explaining the validity of a plan
to the user, and (2) Explaining the optimality of a plan to the user, where we define them
using logical notations. From now on, we use KB, and KBj, to denote the knowledge bases

encoding the planning problem of the planning agent and the human user, respectively.

Plan Validity

Assume 7 is a valid plan with respect to KB, but not KBj,. In other words, it is not possible
to execute m to achieve the goal with respect to KBj,. For example, an action in the plan
cannot be executed because its precondition is not satisfied, an action in the plan does not
exist, or the goal is not reached after the last action in the plan is executed. From the
perspective of logic, a plan is valid if there exists at least one model in KBj, in which the

plan can be executed and the goal is reached:
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Definition 9 (Plan Validity). Given a planning problem 11, a plan 7 of TI, where oy is an
action of the plan at time step t, and a knowledge base KBy, encoding 11, 7 is a valid plan in
KBy, if KBLEST A gn, where gy, is the fact corresponding to the goal of the planning problem

at time step n.

Plan Optimality

Assume that 7* is an optimal plan in a model of KB,. To explain the optimality of 7* to
KBy, we need to prove that no shorter (optimal) plan exists in KBj. Thus, we need to prove
that no shorter plan exists in all models of KBj. This can be easily done by using the notion

of skeptical entailment.

Definition 10 (Plan Optimality). Given a planning problem 11, a plan © of 11 with length
n, and a knowledge base KBy encoding 11, the plan m s optimal in KBy if and only if
KBLES7 A g, and KBy =5 ¢, where ¢ = /\:f:_o1 —g; and g; is the fact corresponding to the goal
of the planning problem at time step t.

In essence, the query ¢ in the above definition is that no plan of lengths 1 to n — 1 exists.
Therefore, when combined with the fact that a plan 7 of length n that achieves the goal

state exists, then that plan must be an optimal plan.

Note that the above definition applies only to classical planning problems and not hybrid
planning problems. The reason is because the cost of a hybrid plan depends on a user-
specified plan metric, and this cost is not explicitly encoded by SMT encodings of hybrid
plans. Nonetheless, we do not view this as a significant loss since finding optimal hybrid

plans is often highly intractable.

Ilustrative Example

For the purpose of clarity and ease of understanding, we have constructed a simplified,

12

classical planning version of the Generator domain'® as our working example, and use this

to demonstrate different concepts explained throughout this chapter. We intentionally kept

12The domain is originally defined for hybrid planning problems and it can be found here: https://
github.com/KCL-Planning/SMTPlan/tree/master/benchmarks
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the example very simple so that the explanations are succinct and are easy to present and
understand. We refer the interested reader to the Appendix in [231] where we present an

example on the hybrid planning version of the Generator domain.

The domain and problem files are shown in Listings 3.1 and 3.2, respectively. The do-
main consists of two actions gen _on and gen_off. Action gen on consists of one pre-
condition (= fuel full), one addition effect (= gen_running), and one deletion effect
(= = fuel _full). Action gen of f has one precondition (= gen_running) and one addi-
tion effect (= gen_ran). In this particular problem, the initial state asserts that the fuel is
full (= fuel full) and the goal state is that the generator has been ran (= gen_ran).
The optimal plan for this problem is thus to first execute action gen on such that

gen__running is true, and then action gen of f such that gen ran is true. In other words,

™ = [gen_ong, gen_of fi].

Listing 3.1: Domain File of Simple Generator

(define (domain Simple—Generator)
(:requirements :strips)
(:predicates (fuel full)
(gen ran)
(gen running))
(:action gen on
:precondition (and (fuel_ full))
teffect (and (not (fuel full))

(gen running)))

(raction gen off
:precondition (and (gen_ running))
:effect (and (gen ran))))

Listing 3.2: Problem File of Simple Generator

(define (problem Sample Problem)
(:domain Simple—Generator)
(:init (fuel_ full))

(:goal (and (gen ran))))

Given the domain and problem specifications, the knowledge base of the agent KB,, encoded
in propositional logic in the fashion of Kautz et al. [135], consists of the following set of

formulae:
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o Initial states:

fuel _ fully (3.40)
—gen_rang (3.41)
Sgen__runningo (3.42)
e Goal state:
gen_ransg (3.43)

e Action gen on preconditions and effects:

gen_on; — fuel _full; (3.44)
gen_on; — —fuel _ full; i, (3.45)
gen_on; — gen__running;.1 (3.46)
fuel _full; N —=fuel fully; — gen_on; (3.47)
—gen__running; A gen_running;,1 — gen_ on; (3.48)

e Action gen of f preconditions and effects:
gen_of f; — gen_runmning; (3.49)
gen_of fi — gen_ran;, (3.50)
—gen_ran; \ gen_ran; 1 — gen_ of f; (3.51)

e Action exclusions:

—gen__on; V —gen_of f; (3.52)

for i = {0, 1}.

Now, let’s assume the following knowledge base KB;, for a human user:
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o Initial states:

fuel  fully (3.53)
—gen_rang (3.54)
—gen_ runmning (3.55)
e Goal state:
gen_ran, (3.56)

e Action gen on preconditions and effects:

gen_on; — fuel full; (3.57)
gen_on; — —fuel _ full; i, (3.58)
gen_on; —» gen_running;,i (3.59)
fuel _full; N —=fuel fully; — gen_on; (3.60)
—gen__running; A gen_running;,1 — gen_ on; (3.61)

for i = {0,1}. That is, the human user is missing the set of formulae that represent action
gen_of f (Lines 49-51) and the action exclusion of the two actions (Line 52), from her

knowledge base.

Due to the omission of that set of formulae, the human user is unaware of the action gen_of f
and the plan 7* = [gen_ong, gen_of fi] is thus not only suboptimal but is also invalid to
the human user (specifically, with respect to the user’s knowledge base). Therefore, the
goal is to explain the validity and/or optimality of 7* to the human user by reconciling
the two knowledge bases. Couched in terms of propositional logic, we have to find an
explanation € such that @; ¢ m* when explaining the validity of the plan (see Definition 9)
and /or @;):i(—ngen_mno A —gen_rany) when explaining the optimality of the plan (see
Definition 10).

Now, the set of formulae that yield an explanation for both plan validity and optimality is

the set of formulae consisting of action gen of f and the action exclusion axiom of actions
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Formula Type Notation Template

Initial state fo {f}.name must be part of the initial
specification of the problem.

Goal state fn {f}.name must be part of the goal
specification of the problem.

Action Precondition ay = fi Action {a}.name requires precondi-
tion {f}.name.

Action Addition effect a; = fi41 Action {a}.name requires addition
effect {f}.name.

Action Deletion effect a; = —fi41 Action {a}.name requires deletion
effect {f}.name.

Action Duration At sta = Action {a}.name has a duration of
- {duration}.
a; qur < durationA
a; qur > duration

Process precondition pSt & fi Process {ps}.name requires precon-
dition {f}.name.

Table 3.1: Various formula types and their mapping onto pre-defined natural language tem-
plates.

gen_on and gen_of f, i.e.,

e =[gen_of f; — gen_running;,gen_of f; — gen_ran;,1, (3.62)

—gen_ran; A\ gen_ran;; 1 — gen_of fi,—gen_on; V —gen_of fi] (3.63)
for ¢ = {0, 1}.

Then, after updating KB, with e using Definition 4 to get the updated @; = (KBpUe)\ 0,
the plan 7* is valid (i.e., @;):iﬂ*) and optimal (i.e., @;):i(ﬂgen_mno A —gen_rany))

to the human user.

3.4.3 Mapping Logic-based Explanations to Natural Language
Templates

We now describe a simple method for transforming logic-based explanations from our frame-

work into a human-understandable format. To do that, we leverage the expressivity and
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symbolic nature of logic. Notice that a knowledge base encoding a planning problem con-
tains logical formulae that represent various phenomena of the problem. These formulae are
of a specific type, i.e., there are formulae encoding the initial and goal states, the action
dynamics of the problem, and so on (see Section 3.4.2). Each formula is grounded on propo-
sitional variables, with each variable “symbolizing” a planning element such as an action or
a predicate. For example, ag — pg is a formula characterizing that action ag has precondi-
tion pg. As such, given an explanation consisting of a set of logical formulae, each formula’s
variables can be extracted and, depending on the type of the formula, be mapped onto
pre-defined, natural language templates.'® To offer some more concrete examples, Table 3.1

shows this method for different types of formulae that may arise in an explanation.

3.5 Computing Explanations in Planning Problems

Since finding optimal plans for hybrid planning problems is often infeasible, we focus on
describing algorithms that compute explanations for explaining the validity and optimality
of classical plans to users in this section. Nonetheless, these algorithms can be trivially
adapted to compute explanations for explaining only the validity (but not optimality) of

both classical and hybrid plans, which we will describe in Section 3.5.2.14

Our core algorithmic engine is Algorithm 3.1, which is a general search algorithm that
searches through the space of explanations in a best-first manner to find one that is optimal
with respect to a given cost function. It takes as inputs two knowledge bases KB, and KB,
of a logic L, two formulae ¢ and ¢., and a cost function Cp. The algorithm will output an
explanation € such that when it is used to update KB, to @2 according to Definition 4, the
resulting updated knowledge base will credulously entail ¢, (i.e., @; =$ ) and skeptically
entail ¢, (i.e., @;):igos)

The algorithm makes three assumptions: (1) First, it assumes that KB, and KBj, encode the

version of the same planning problem of the planning agent and human user, respectively.

13Note that within our framework, this becomes relatively straightforward, as our explanations consist of
macro-formulae (see end of Section 3.5.1), i.e., there will be no formulae repeated across multiple time steps
in our explanations.

14For a theoretical analysis of the algorithms in this section, please see Appendix ??.
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(2) It assumes that KB, is correct and complete,'® and only KBy, can contain errors or omis-
sions. (3) It assumes that KB,[=§ p. and KB,E5 ¢,. The first assumption is reasonable and
follows closely the definition of a model reconciliation planning problem (see Section 3.3.3).
The last two assumptions stem from the fact that the explaining agent bases its explanations
on the view (or model) of the specific problem [169]. Therefore, the agent should believe
that its model KB, is correct and complete, and that its model correctly and appropriately
entails the queries ¢, and ;. Together, these three assumptions imply that each erroneous

formula in KB, will have a corresponding correct formula in KB,, or, more formally:

Definition 11 (Corresponding Formula). Given two knowledge bases KB, and KBy, where
each knowledge base encodes the same planning problem 11, a formula vy in KBy has a
corresponding formula @, in KB, if both formulae characterize the same action (or state)

axiom of I1.

This is an important property that our algorithm, which we will explain later, will exploit

to improve efficiency.

Finally, our algorithm also relies on the existence of an algorithm for checking credulous and
skeptical entailment between knowledge bases and formulae (Line 1). For example, one can
use the DPLL algorithm for the SAT encoding for classical planning. If KB, already cred-
ulously entail ¢, and skeptically entail ¢y, then there is no need to compute an explanation

(Lines 1-2). Otherwise, it goes into a search for an explanation, which is described below.

The key data structures in the algorithm is a priority queue ¢, initialized to only include
the empty set, of potential explanations ordered by their costs (Line 4) and a set checked of
invalid explanations that have been considered thus far (Line 5). The algorithm repeatedly

loops the following steps:

e Move the explanation € with the smallest cost from the priority queue g to checked (Lines 7-
8).

e Create a copy of KB), updated with e according to Definition 4 (Line 9).

e Check if the copy @; credulously entails ¢, and skeptically entails ;. If so, return the
explanation € (Lines 10-11).

5By complete we mean that the KB encodes the the full planning problem as specified in the PDDL
domain.
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Algorithm 3.1: most-preferred(L, KB,, KBy, ¢s, ¢, Cr)
Input: Logic L, KBs KB, and KBy, formulae ¢4 and ¢, cost function Cr,

Output: A most-preferred explanation w.r.t. C;, from KB, to KBy, to skeptically entail o
and credulously entail ¢,

if KBy[= . and KBpl=7 ¢s then
‘ return ()
else
qg=10 // priority queue of potential explanations
checked = 0 // a set of sets of elements in KB, considered
repeat
e = dequeue(q)
insert € into checked
@; = KBy, updated with € according to Definition 4
if @;lzicpc and @;Ll:igos then
‘ return ¢
else

for a € KB, \ KBy, do
if eU {a} & checked then
v =Cr(KBp,eU{a})
L q = enqueue(e U {a}) // use v as key

| until g is empty

e If not, extend the explanation by 1 (with each formula from KB, \ KBj) and insert the
extended explanations into the priority queue ¢ (Lines 12-16). Only the formulae in
KB, \ (KB, N KB,) are considered since formulae that are already in KBj, will not help

in the entailment process.

This search process continues until an explanation is found. It is impossible to exhaust all
potential explanations and not find a valid explanation. The reason is that, in the worst
case, the entire KB, will serve as an explanation since KB, credulously and skeptically entail

. and @, respectively.

Note that this algorithm is defined in terms of logic and is agnostic to the underlying planning

application domain. However, it can be used to find explanations for the MRP problem in

explainable planning by setting . = 7" A g, to the optimal plan 7* of length n that needs to
n—1

be explained and that the goal state is achieved at time step n; and by setting ¢, = \;_y —g:
to the negation of the goal being reached at all time steps before time step n. Then, the
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algorithm will return a most-preferred explanation, with respect to Cp, that explains that

the plan 7* is both valid and optimal.

Constructing the Search Space: Finally, we would like to emphasize on a strategy that
can be employed in Algorithm 3.1 to speed up its search procedure. Notice that the formulae

in an encoded knowledge base are often repeated across all time steps (see Section 3.3.2).

For instance, consider the example in Section 3.4.2. The precondition (= fuel full) of
the action gen on in KB, is repeated across time steps i = 0,1, e.g., {gen_ony —
fuel _fully,gen _ony — fuel full;} € KB,. It is straightforward to see that if the knowl-
edge base is encoded at a larger horizon, the search space of the algorithm (i.e., KB, \ KBy,
Line 13) will increase in size analogously. However, as the same phenomena should hold
across all time steps in a knowledge base encoding a given planning problem, a reason-
able and intuitive strategy would be to construct the search space by aggregating the for-
mulae with respect to the time steps, akin to the lifted representation of action dynam-
ics in a PDDL domain. Specifically, the search space can now consist of macro-formulae,
e.g., Pre(gen_on, fuel full) = {gen_ong — fuel fully,gen _ony — fuel fully}, in-

stead of formulae representing the same action dynamic at each time step.!

3.5.1 Pre-Processing Approximation Algorithm

While Algorithm 3.1 can compute a most-preferred explanation, it is straightforward to
see that the complexity of the problem is at least NP-hard since finding a most-preferred
explanation is a combinatorial problem. As the intended use of the algorithm is to provide
an explanation that a particular optimal plan 7* is both valid and optimal, we now exploit
this assumption and introduce a pre-processing algorithm that can be used to modify KBy,.
At a high level, this algorithmic approach can be thought of as “reforming” the knowledge

base of the human user in order to make the agent’s plan valid.

Before describing the algorithm, we make an observation that there exists only a single
model in a knowledge base that is encoding classical and hybrid planning problems that is

consistent with a plan 7* of the problem. We formalize this as Proposition 1 below.

16This simple idea can be used during the encoding of a planning problem into a logical knowledge base,
i.e., by creating a hash table mapping macro-formulae to the associated (repeated) formulae.
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Proposition 1. Given a plan m and a knowledge base KB, encoding the classical or hy-

brid planning problem, there exists only a single model in KB, that is consistent with 7,

i.e., JACCL(KB, A 7)| = 1.

PROOF. First, observe that both classical and hybrid planning problems are deterministic
planning problems without parallel action execution. Consequently, for classical planning
problems, the transition between states is encoded by the frame axioms, which enforce that
a state literal becomes TRUE (resp. FALSE) if and only if it was an addition (resp. deletion)
effect of an action. The same reasoning can be extended to hybrid planning problems, where
state transitions are described by happenings, which encode the causal chain of events,
processes and instantaneous actions. Further, due to the action exclusions axioms, only one
action can be TRUE at each time step, and hence only the action literals supported by 7*
can yield an assignment of TRUE. Therefore, it follows logically that there exists only one
model consistent with the plan 7, i.e., |ACCL(KB, A 7%)| = 1. O

Using Proposition 1, one can then generalize that the formulae in KBy, that are false according
to this model must be erroneous with respect to KB,. A trivial approach would be to replace
these formulae with their corresponding (correct) formulae from KB, (see Definition 11)
before running Algorithm 3.1 with this modified KB, instead of the original KB, as the
input. The (correct) formulae from KB, as well as the output from Algorithm 3.1 would

then serve as the explanation to KBy,.

However, it is important to note that not all formulae need to be corrected in order for KB,
to credulously entail an optimal plan 7* of length n that reaches the goal at time step n and
skeptically entail that the goal cannot be reached before time step n. For example, there
may be actions that are not used in the optimal plan with wrong preconditions or effects
that need not be corrected. Therefore, we only use a partial model — we only extract the
truth value assignments for literals that are directly needed for the optimal plan 7*, i.e., the
literals corresponding to the initial and goal states, to the states that are in the precondition
of any action in the plan as well as the literals corresponding to all the actions in KB,. We
call this the relevant literals with respect to 7*. States that are not preconditions of actions
in the plan are not extracted. Function 1 describes the pseudocode of this procedure. First,
it initializes the partial model p as an empty set (Line 1) and extracts the satisfying model
M from KB, that credulously entails the optimal plan 7* of length n and that the goal state

is reached only at time step n and not before, where each element of M is a tuple consisting
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Function 1: extract-partial-model(L, KB,,7*)

Input: Logic L, KB,, and optimal plan 7*
Output: Partial model from KB, w.r.t. 7*
w==0
M = get-SAT-model(KB,)
A = extract-relevant-literals(KB,, )
for (I,t) € M do

if [ € A then
L | w=p {0}

return p

Algorithm 3.2: pre-processing(L, KB,, KB, 7%)

Input: Logic L, KBs KB, and KB}, and optimal plan 7*
Output: Approzimated explanations from KB, to KBy
e=10
M = extract-partial-model(L,KB,, %)
for k;, € KBy, do

if —evaluate(L, M, k;,) then
L L € = € U corresponding formula from KB,

return ¢

Algorithm 3.3: approximate(L, KB,, KBy, 7* Cy)

Input: Logic L, KBs KB, and KBy, plan 7* with length n, cost-function Cy,

Output: Explanation from KB, to KBj, to credulously entail 7* and the goal state is reached
at time step n, and skeptically entail that the goal state is not reachable before time
step n

= NiZo o

e = pre-processing(L, KB,, KBy, 1)

@h = KBy, with formulae corresponding to € (if any) replaced with e

¢ = most-preferred(L, KB,, @h, O, N gn,Cr)

return e U ¢

of a literal and its respective truth value (Line 2). Then, it extracts the relevant literals A
with respect to 7* (Line 3) before it loops through all elements (/,t) in M and adds them
to partial model p if the literal [ is a relevant literal (Lines 4-6). Finally, the partial model

w is returned after the loop (Line 7).

It is straightforward to see how this can help speed up the search in Algorithm 3.1. The

pre-processing step will increase the number of formulae that are in both KBs. Consequently,
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since the search space of Algorithm 3.1 is the power set of formulae in KB, that are not in
KBy, (see Line 13), our pre-processing step will reduce the search space and runtime of the
algorithm. Finally, as long as atomic explanations are formulae in KB,, the pre-processing
step will provide approzimated explanations, that is, the formulae that are replaced approx-
imate the formulae that are needed for the entailment of the optimal plan. As this method
may yield superfluous information, in so far as the explanations may contain formulae not

needed for the entailment of the plan, we frame this method as an approximation technique.

Algorithm 3.2 describes the pseudocode for this pre-processing algorithm. First, it initializes
its set of explanations € as an empty set (Line 1) and extracts a partial model of KB, that
credulously entails the optimal plan 7* of length n and that the goal state is reached only
at time step n and not before (Line 2). Then, the algorithm loops through all formulae of
KB,, (Line 3) and checks if each formula evaluates to false according to the partial model
(Line 4). If it is false, then that formula is replaced with the corresponding formula from
KB, and it is added to the explanation set € (Line 5). The set of approzimated explanations
is returned after the whole loop (Line 6). To illustrate the utility of this procedure, consider

the following example.

Example 4. Assume a wversion of the Generator domain that consists of two ac-
tions gen_on = {precondition: fuel full, effect: gen running} and gen on_alt =
{precondition: fuel mid, effect: gen running} with initial and goal states fuel full and
gen_running, respectively, and a plan 7™ = [gen_on]. Also, assume that the human user is
not aware that action gen_on has effect gen_running. Then, the knowledge bases encoding

the models of the agent and the human are respectively:

KB, = [fuel _fully, ~fuel midy, ~gen_runningg, gen_running, (3.64)
gen_ong — fuel _fully, gen_ong — gen_ runnings, (3.65)
gen_on_alty — fuel _midy, gen _on__alty — gen_running;, (3.66)
—gen__runningg A\ gen__running; — gen_ong V gen_on__alty, (3.67)
—gen__ong V —gen_on_altg] (3.68)

KBy, = [fuel _ fully, = fuel _midy, ~gen_runningy, gen_runnings, (3.69)
gen_ong — fuel _fully, gen_on__alty — fuel mid,, (3.70)
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gen_on__alty — gen_ running, (3.71)

—gen__runningg A gen__running; — gen_on_ alty, —~gen_ong V —gen_on_alty]
(3.72)

Now, the partial model we extract from KB, with respect to ©* 1is:

M = {fuel fully =T, fuel midy = F,gen_runningy = F,gen_onyg =T, (3.73)
gen_on_alty = F,gen_running; = T} (3.74)

Then, we can see that according to M, the formula —gen runningy A gen_running; —
gen_on_ alty from KBy, evaluates to false. As such, it would be replaced by the corresponding

formula from KB,, namely —gen__runningg A gen_running; — gen_ong \V gen_on__ alty.

Algorithm 3.3 describes the complete algorithm that uses Algorithm 3.2 as a pre-processing
step. After running the pre-processing algorithm and getting the preliminary set of approz-
imated explanations e (Line 2), it creates a copy @h with formulae corresponding to €
replaced with € (Line 3). Then, it runs Algorithm 3.1 to find the remaining set of expla-
nations €’ (Line 4) and returns the union of those both sets (Line 5). The key observation
here is that the input to Algorithm 3.1 is @h and not KBy,. Since @h is more similar to
KB,, the search space of Algorithm 3.1 will be smaller and it is thus more efficient. It is im-
portant to emphasize again that this an approrimation technique for finding most-preferred

explanations of minimal cardinality.

3.5.2 Modifications for Plan Validity Explanations

Recall that the algorithms described above compute explanations for explaining both the
validity and optimality of classical plans to users. However, they can be easily adapted to
compute explanations for explaining only the validity (but not optimality) of both classical

and hybrid plans. Specifically, the changes are the following:

e For Algorithm 3.1, one needs to only omit ¢, from the pseudocode. Specifically, ¢, need
not be passed in as an argument, and the checks on Lines 1 and 10 need to be changed to

only check for the credulous entailment of ..
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e For Algorithm 3.2, no changes are necessary, except that the input plan 7* corresponds

to the plan whose validity needs to be explained. It does not have to be an optimal plan.

e For Algorithm 3.3, similar to the case above, the input plan 7* corresponds to the plan
whose validity needs to be explained. Additionally, ¢ need not be passed in as an argument

on Line 4 and, consequently, Line 1 can be omitted.

3.5.3 Theoretical Analysis

We first prove the completeness and correctness of the general Algorithm 3.1 in Theorems 1
and 2, respectively, in the context of finding explanations for optimal (or valid) plans in model
reconciliation problems. We then prove the completeness of our pre-processing Algorithm 3.2

in Theorem 3, before proving the completeness of the combined Algorithm 3.3 in Theorem 4.

Theorem 1. Algorithm 5.1 is guaranteed to terminate with a solution when one exists.

PROOF. First, a solution will always exist because, in the worst case, the entire KB, \ KB,
will serve as an explanation to KBy, since KB, credulously entails (. and skeptically entails
ps. We now prove that it is guaranteed to terminate with a solution. As Algorithm 3.1
iteratively adds sets of formulae of increasing size from KB, \ KB, into its priority queue ¢
(Lines 7 and 13-16), it will eventually add the entire power set of KB, \ KBy, into the queue.
Since each element in the queue is only evaluated exactly once (Lines 8 and 14), the set of
formulae in KB, \ KBy, will eventually be evaluated, and when it is used to update KB,
(Line 9), the updated I/(E; will credulously entail ¢, and skeptically entail ¢, (Line 10). As

a result, e = KB, \ KB, will be returned as a solution upon termination (Line 11). O

Theorem 2. Algorithm 3.1 is guaranteed to return a most-preferred explanation if the cost

function is monotonic.

Proor. If the cost function C; used by Algorithm 3.1 is monotonic, then for any two
explanations €; C ey, Cp (KB, €1) < Cp(KBp, €2).

We now prove by contradiction that it is not possible for Algorithm 3.1 to return an ex-
planation e that is less preferred than a most-preferred explanation €* (i.e., Cr(KBy,€) >

Cr(KBy, €*)). Assume that the algorithm does return such an explanation e. Since potential
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explanations are popped off the priority queue according to their costs (Line 7 and 16), it
means that when the algorithm popped off explanation €, the explanation €* is not in the

priority queue since Cr,(KBp, €) > C(KBy, €*). There are the following two cases:

e Explanation €* is not in the queue because it was already popped off earlier. In this case,
the algorithm would have terminated and returned the explanation €*, which contradicts
our assumption that the algorithm returned explanation e.

e Explanation €¢* is not in the queue because it hasn’t yet been added into the queue.
This means that there exists some subset ¢ C €* that is in the queue and is not yet
evaluated. Further, it must be the case that Cp(KByp,e) < Cr(KBy,€') because, oth-
erwise, ¢ would have been popped off the queue and evaluated. Additionally, since
the cost function is monotonic, Cr(KBj,€') < Cr(KBp,€*). Combining these two in-
equalities, we get Cr(KBp,e) < Cr(KBp,€*), which contradicts our assumption that
Cr(KBp, €) > Cr(KBy, €%).

Therefore, it is not possible for Algorithm 3.1 to return an explanation e that is less preferred

than a most-preferred explanation €*. O

Recall that each formula in KB, will have a corresponding formula in KB, since KB, is

" However, it may not be true that each formula in KB, will

assumed to be complete.!
have a corresponding formula in KB, since KB, can be incomplete. We formalize this
statement in the following postulate, and then use it to prove properties of our pre-processing

Algorithm 3.2.

Postulate 1. For a model reconciliation problem, assume that KB, and KB encode the
SAT (or SMT) instances of the planning agent and human user, respectively. Then, each

formula in KBy, will have a corresponding formula in KB,.

Theorem 3. Algorithm 5.2 is guaranteed to terminate with a solution when one exists.

PrROOF.  Algorithm 3.2 iteratively evaluates all formulae in KB;, with respect to KB,’s
partial model (Line 20). If any formulae evaluate to false with respect to KB,’s partial
model, the algorithm will replace them with the corresponding ones from KB, (Lines 21-
22). Since the number of formulae in KBy, is finite, the algorithm will eventually complete

evaluating all the formulae and return the set of formulae from KB, that correspond to the

17 Assuming that KBy, # 0.
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set of formulae in KBy, that evaluates to false (Line 23). In other words, if a solution exists,

Algorithm 3.2 is guaranteed to return it. |

Theorem 4. Algorithm 5.3 is guaranteed to terminate with a solution when one exists.

PrOOF.  As Algorithm 3.3 comprises of Algorithms 3.1 and 3.2, which are guaranteed
to terminate with a solution when one exists (Theorems 1 and 3), the algorithm is also

guaranteed to terminate with a solution when one exists. O

We now describe the worst-case time complexities of the algorithms.

Theorem 5. The time complexity of Algorithm 3.1 is O(2/%Bal 4 2IKBAKBrlFm) “oppore iy s

the maximum number of variables in @; over all candidate explanations e.

PROOF.  On the basic operations, the runtimes for inserting elements into sets (Line 8),
checking for set memberships (Line 14), and computing costs of potential explanations
(Line 15) are all O(1); and the runtimes of inserting and removing elements into priority
queues (Line 7 and 16) are O(log(n)), where n is the size of the queue. On the entailment
checks on Lines 1 and 10, their runtimes are O(2™), where m is the number of variables in the
knowledge base, because that is the number of models in the knowledge base. The number of
times the algorithm has to loop through Lines 6 to 17 is the size of the power set KB, \ KBy,
which is O(2/KBa\KBrl) "since there are that many unique subsets of potential explanations to
consider. Within the loop, Line 9 takes O(2/%Brl) time because it has to iterate through the
power set of KBy, to find the minimal set of formulae to remove according to Definition 4,
and the number of times the algorithm has to loop through Lines 13 to 16 is |KB, \ KBy|.

Therefore, in total, the runtime of the algorithm is O(2™) (Line 1) + O(2") (Lines 6 and 17)
-[O(log(n)) (Lines 7-8) + O(2/Bxl) (Line 9) + O(2™) (Line 10) + O(n) (Line 13) -O(log(n))
(Line 16) | = O(2" - (2Bl 4 2™ 4 nlog(n))) = O(2n KBl 4 gntm) — O(2/KBel 4 gntm)
where n = |KB, \ KB},| and m is the maximum number of variables in @2 over all candidate

explanations e. |

Theorem 6. The time complexity of Algorithm 3.2 is O(2" + |KBy| - |[KB4|), where n is the

number of variables in KB,.

PROOF. The time complexity of extracting the partial model (Function 1) on Line 19 is
as follows. Finding a satisfying model M from KB, for 7* (Line 25) takes O(2"), where
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n is the number of variables in KB, since it is a Boolean satisfiability problem, which is
NP-complete [42|. Extracting the relevant literals (Line 26) takes O(l) time, where [ is the
maximum number of relevant literals. Finally, Lines 27-29 take O(|M|). Therefore, the
runtime for Line 19 is O(2") + O(l) + O(|M]) = O(2").

The number of times the algorithm has to loop through Lines 20 to 22 is O(|KB,,|). Within
the loop, Line 21 takes O(k) time, where k is the length of the longest formula evaluated,'®
and Line 22 takes O(|KB,|) time since it needs to loop through the entire KB, in the worst

case to find the corresponding formula.'”

Therefore, in total, the runtime of the algorithm is O(2") (Line 19) + O(|KBy]|) (Line 20)
-[O(k) (Line 21) + O(|KB,|) (Line 22) | = O(2"+|KB|-(k+|KB,|)) = O(2"+|KBy|-|KB,|),

where n is the number of variables in KB,. O

Theorem 7. The time complexity of Algorithm 3.3 is O(2/%Bal 4 2IKBAKBul+m) “oppore iy s

the maximum number of variables in @; over all candidate explanations e.

PROOF.  The pre-processing call on Line 32 takes O(2" 4 |KBy| - |[KB,|), where n is the

number of variables in KB, (Theorem 6).

To implement the update of the knowledge base KB;, with the explanation € to @Z on
Line 33, we loop through the explanation € and, for each formula in the explanation, we loop
through KBy, to find the corresponding formula. Once found, we replace the formula in KB,

with the formula from the explanation. Therefore, the runtime for this step is O(Je| - |[KBy|).

Finally, the runtime for Line 34 is O(2/XBal +2|KBa\@h|+m), where n is the maximum number

of variables in @; over all candidate explanations €’ (Theorem 5). Assuming |KB;| = |@h|,

then the runtime is O(2/KBel 4 2KBa\KBx|+m),

Therefore, in total, the runtime of the algorithm is O(2™ + |KBy| - |[KB,|) (Line 32) +
O(le| - [KBy|) (Line 33) + O(2/KBel 4 2[KBa\KBrl+m) (Tiine 34) = O(2™ + |KBy| - [KBa| + |e] -
|KBj,| + 2/KBal 4 2lKBa\KBr[+m) — ((2lKBal 4 9IKBa\KBal+m) ‘where m is the maximum number

of variables in @; over all candidate explanations e.

a

18We assume the formula is represented in conjunctive normal form.
19This upper bound can be tightened by using hash functions, but we consider naive implementations
here.
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3.6 Empirical Evaluations

In this section, we present results from computational experiments as well as human-subject

experiments.

3.6.1 Computational Experiments

We now describe the empirical evaluations of our algorithms presented in the previous section
for finding explanations on classical and hybrid planning problems, encoded as SAT and SMT

problems, respectively.

Setup and Prototype Implementation: We ran our experiments on a Machbook Pro
comprising an Intel Core i7 2.6GHz processor with 16GB of memory. We implemented our
algorithms in Python and integrated the well known 23 solver [54| for satisfiability and
entailment checking, which was accessed through the PyZ3 framework.?’ The knowledge
bases representing the planning problems were each encoded up to the time step that the
optimal (or valid) plan was found. To encode the knowledge bases for classical planning
problems, we used our own implementation of the encoding in [135|, whereas for hybrid
planning problems we used the encoding provided in SMTPLAN [30]. Further, note that
each knowledge base was encoded as a hash table (see Footnote 16). The time limit for all
experiments was set to 1500s. We have also made our source code available in a publicly-

accessible repository.?!

Our empirical evaluations were tailored around the following three questions:

e Question 1: What is the advantage of using the pre-processing method described in
Section 3.5.17

e Question 2: What is the efficacy of our algorithms on classical planning problems?

e Question 3: What is the efficacy of our algorithms on hybrid planning problems?

2Onttps://github.com/Z3Prover/z3.
2lhttps://github.com/YODA-Lab/Explanation-Generation-for-Planning-Problems.
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Question 1: Advantage of Pre-Processing Approach

With this question, we wanted to examine if there is any advantage in using the pre-
processing approach introduced in Section 3.5.1 for finding most-preferred explanations. To
do this, we evaluated Algorithm 3.1 (referred to as ALG1), which does not use the pre-
processing method, and Algorithm 3.3 (referred to as ALG3), which does use the method,
to find most-preferred explanations for plan validity and optimality on classical planning
benchmarks from the International Planning Competition (IPC).?* We used the explanation
length |e| as the cost function of the algorithms and incorporated the knowledge base update
on Line 9 in Algorithm 3.1 by using a simple linear search algorithm (See the Appendix in
[231] for more details).

We used the actual IPC instances as the model of the agent (i.e., KB,), and tweaked that
model and assigned it to be the model of the human user (i.e., KBj). In order to make a more
comprehensive analysis, we considered five different ways to tweak the models, resulting in

the following five scenarios.

e Scenario 1: We removed one random precondition from every action in the human’s

model.
e Scenario 2: We removed one random effect from every action in the human’s model.

e Scenario 3: We removed one random precondition and one random effect from every

action in the human’s model.

e Scenario 4: We removed (on average) fifteen random preconditions and effects from every

action in the human’s model.

e Scenario 5: We removed (on average) ten random predicates from the initial states in

the human’s model.

Table 3.2 tabulates the length of the explanations |¢| and the runtimes of the two algorithms
as well as a third algorithm called CSzK, which we will describe in the next section. We will

focus on the comparisons between ALG1 and ALG3 in this section.

22nttps://github.com/potassco/pddl-instances.
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Prob Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5
le] CszK ALGl ALG3||e] CSZK ALGl ALG3|le] CSZK ALGl ALG3||e|] CSzZK ALGl ALG3||e|] CSZK ALGl ALG3
s 41 0.5s 25s 3.0s[2 0.5s 1.0s 0.7s| 3 2.0s 3.0s 1.5s|3 32.0s 29.0s 16.0s|2 - 15s 0.7s
% 5 5|2 255 80s 85s|3 2.0s 40s 25s|5 17.0s 6.0s 6.0s|7 194.0s| 4 4.0s 2.0s
85 611 1.0s 25.0s 250s/2 0.5s 558 5.5s|3 3.0s 6.0s 6.0s|4 213.0s - 120.0s| 5 - 80s 5.0s
M= g3 62.0s 296.5s 297.0s| 3 1.0s 30.0s 29.5s| 6 869.0s 101.0s 30.0s| 7 - - 203.0s| 5 — 40.0s 27.0s
. 11 0.5s 0.1s 0.1s|2 1.0s 1.5s 0.1s|2 0.5s 1.0s 0.1s| 2 1.0s  5.0s 0.1s| 1 - 0.1s 0.1s
Eg 10{/2 1.5s 0.8s 0.7s|2 0.5s 1.0s 0.5s|3 3.0s 25s 0.4s|4 570s 30.0s 2.5s|6 - 5.0s 0.2s
di: 15|12 1.5s 2.5s 3.0s|2 1.0s 15.0s 13.0s| 3 3.0s 10.0s 2.0s|4 57.0s 61.0s 10.0s| 6 14.0s 1.2s
192 2.0s 7.5s 8.0s|2 0.5s 25.0s 25.0s|3 2.5s 50.0s 10.0s| 4 49.0s 123.0s 20.0s|14 — 40.0s 5.0s
= 1|1 0.5s 65 6.0s|2 0.5s 10.0s 7.0s|4 33.0s 10.0s 5.0s|6 - 29.0s 5.0s| 4 - 1.5 1.5s
E 211 1.0s 4.0s 4.0s|1 0.5s 12.0s 4.0s|4 39.0s 6.0s 4.5s|6 - 125.0s 4.5s| 4 - 20s 1.3s
(2 311 0.5s 7.5s 70s/2 0.5s 220s 7.5s|4 35.0s 16.0s 7.0s|6 — 173.0s 10.0s| 6 - 2.0s 1.5s
411 0.5s 4.0s 40s|1 0.5s 4.0s 4.0s|2 1.5s 4.5s 4.5s|4 33.0s  4.5s|10 15.0s 5.5s
= 1]/1 0.5s 2.0s 1.5s[2 0.3s 3.0s 30s/3 1.5s 41.0s 40.0s| 5 70.0s 201.0s 45.0s| 4 - 3.0s 2.0s
& 2|1 0.5s 50s 50s2 0.8 190s 7.0s|3 2.0s 122.0s 45.0s| 5 73.0s 349.0s 49.0s| 5 - 15.0s 6.0s
=z 3|1 0.7s 555 50s[2 1.0s 22.0s 7.0s|3 2.5s 46.0s 45.0s| 5 163.0s 555.0s 60.0s| 8 — 20.0s 15.0s
O 4|1 1.5s 37.5s 38.0s|2 3.0s 224.0s 50.0s| 3 5.0s 149.0s 50.0s| 5 — 700.0s 80.0s|11 - 66.0 28.0s
—~ 1|1 03s 05 05s]1 02 0.1s 0.1s|1 0.3s  0.5s 0.1s| 1 0.2s 0.1s 0.1s| 4 0.1s 0.1s
2 211 03s 05s 05s/1 03s 20s 2.0s|1 03s 55s 1.5s|5 7.0s 13.0s 3.0s| 6 - 25s 0.3s
é 3111 0.3s 35s 30s/1 0.4s 7.0s 4.0s|/2 0.4s 11.5s 1.5s|6 10.0s 31.0s 14.0s| 8 - 6.0s 1.5s
4|1 0.3s 19.58 20.0s|1 0.3s 21.0s 20.0s| 2 0.4s 44.0s 15.0s| 6 10.0s 230.0s 30.0s|10 — 30.0s 10.0s
1)1 07s 0.5s 0.5s|2 0.2s 0.1s 0.1s|6 23.0s 30.0s 3.5s|11 — 100.0s 20.0s| 2 - 0.1s 0.1s
& 21 07s 0.5s 0.5s]2 0.3s 3.0s 20s|6 24.0s 45.0s b5.5s|11 404.0s 27.0s| 4 3.0s 0.3s
= 3|1 0.7s 35s 30s/2 04s 11.0s 4.0s| 6 25.5s 95.0s 7.0s|11 — 1200.s 70.0s| 6 - 9.0s 1.0s
411 0.7s 21.0s 20.0s|2 0.3s 71.0s 20.0s| 6 25.0s 124.0s 15.0s|11 — - 111.0s| 8 — 22.0s 8.0s
~ 11 1.0s 2.0s 20s/4 25s 20s 1.5s|2 2.5s 11.0s 4.0s|5 - 66.0s 6.0s|3 - 5.0s 2.0s
§ 212 24.0s 14.0s 13.0s|5 5.0s 7.5s 7.0s|4 — 239.0s 63.0s| 7 — - 90.0s| 5 — 14.0s 5.0s
ELoD 312 5.0s 10.0s 10.0s|3 0.5s 11.0s 11.0s| 5 481.0s 70.0s| 6 120.0s| 7 19.0s 9.5s
A= 412 7.0s 11.0s 11.5s|5 4.0s 13.0s 12.5s| 5 — 355.0s 55.0s| 9 — - 237.0s| 9 — 41.0s 22.5s
o 12 1.5s 2.0s 2.0s|3 1.0s 4.0s 25s|4 30.0s 15.0s 5.0s|4 168.0s 250.0s 12.5s| 2 - 1.5s 1.5s
o9 22 2.0s 30s 2.0s|[3 1.5s 2.0s 20s|4 29.0s 5.5s 5.5s|4 169.5s 240.5s 13.0s| 3 - 3.5s 1.5s
SE: 3112 20s 25s 2583 1.0s 25s 2.0s|4 31.0s 5.5s 5.5s|4 167.0s 400.0s 13.0s| 4 - 5.0s 2.0s
412 2.0s 258 2.0s/3 0.9s 4.0s 3.0s|4 30.0s 28.0s 6.0s| 4 168.5s 103.0s 12.5s| 5 - 12.0s 2.0s
2 141 05 08 0.7s]1 0.5s 0.5s 0.5s|1 0.5s 1.0s 0.5s|1 0.3s 3.0s 0.4s| 3 - 0.5s 0.5s
oz 214 10.0s 5.0s 5.0s|/1 0.8s 0.5s 0.5s|4 40.0s 12.0s 5.5s| 5 - 60.0s 10.0s| 5 - 4.0s 2.0s
2 3|3 85s 50s 4.5s)/3 10s 0.5s 0.5s|5 30.5s 45.0s 5.0s|6 - 100.0s 20.0s| 7 - 13.0s 3.0s
N 413 10.0s 5.0s 5.0s/3 1.5s 1.0s 0.7s|5 31.0s 50.0s 6.0s| 6 - 633.0s 50.0s| 9 — 25.0s 4.5s
%3 11 0.5s 05s 0.3s|1 0.3s 1.0s 0.5s|2 0.5s  0.5s 0.3s| 3 647.0s 450.0s 10.0s| 2 0.5s 0.2s
é 211 05 05s 03s|1 0.5s 058 04s|3 4.0s 14.0s 5.0s|5 — 400.0s 11.5s| 4 - 3.0s 0.6s
g 3111 07s 05s 03s|1 0.5s 058 0.6s]3 5.0s 250s 5.0s|4 — 504.0s 21.0s| 6 - 22.0s 1.5s
© 45 11.0s 12.0s 12.0s| 4 4.0s 22.0s 10.0s| 6 41.0s 222.0s 51.0s| 4 823.0s 46.0s| 8 41.0s 5.0s

Table 3.2: Evaluation of ALG1, ALG3 and CSZK on

Varying PDDL Domain and Scenario.

Notice that ALG1 and ALG3 yielded comparable runtimes in most instances of Scenarios 1

and 2. This is due to the fact that the tweaked KB, produced from those scenarios is con-

sistent with all candidate explanations from KB, \ KBy, (i.e., the search space of potential

explanations). In other words, there is no need to restore the consistency of KBy, during

an update with a candidate explanation. In that case, ALG1 and ALG3 are virtually sim-

ilar, as they both follow the same general search procedure.?® Nevertheless, the difference

in runtime becomes quite substantial in Scenarios 3, 4, and 5, highlighting the strength of

2Recall that the main advantage of ALG3 is the ability to identify (and replace) formulae in KBy, that
evaluate to false with respect to KB,’s partial model.
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the pre-processing approach. In fact, these are scenarios in which the tweaked KBy, is either
inconsistent (i.e., there is no valid plan in KB},) or becomes inconsistent with potential expla-
nations from KB,. There are two main reasons as to why ALG3 outperformed ALG1 in those
scenarios. First, the search space of ALG3 may be smaller than that of ALG1 as ALG3 employs
the pre-processing technique before forming the search space of potential explanations. Fur-
thermore, ALG1 may need to restore the consistency of KB; multiple times throughout its
execution, in the worst case with each potential explanation, which consequently may in-
crease the total runtime of the algorithm. Note that ALG1 performs an uninformed search
over what formulae to remove when updating KB, with each potential explanation. In con-
trast, the pre-processing technique of ALG3 guarantees that KBj, will be consistent with
all potential explanations by performing an informed search over what formulae to remove
(i.e., it removes only the necessary set of formulae that evaluate to false with respect to the
partial model of KB,). In conclusion, these results shows that there is a clear advantage in
employing the pre-processing approach for finding most-preferred explanations within our
framework, especially for problems where the consistency of KBy needs to be restored during

an update.

Question 2: Efficacy on Classical Planning Problems

This question concerns how well our algorithms perform on classical planning problems. To
address this, we compared our algorithms against the current planning-based state-of-the-art
algorithm by Chakraborti et al 37|, referred to as CSzZK — the initials of the last names of the
authors.?* In what follows, we will only discuss the results of our best performing algorithm
ALG3 and CSZK.

Table 3.2 tabulates the length of the explanations |e| as well as the runtimes of the algo-
rithms. In general, CSZK outperformed ALG3 in a majority of cases, except for Scenarios 3
and 4 in all domains. These cases also happen to be the cases where the explanation length |e]
is larger. We did not report runtimes of CSzK for Scenario 5 as the available implementation

could not handle that scenario.

To verify if such correlations exist, we conducted an additional experiment where we varied

the explanation length |e| as well as the optimal plan length in the BLOCKSWORLD domain.

24We used the implementation of the authors, which is publicly available at https://github.com/
TathagataChakraborti/mmp.
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Optimal Explanation Length |e]
Plan 2 4 6 8 10

Length || CSZK ALG3 | CSZK ALG3 | CSZK ALG3 | CSZK ALG3 | CSZK ALG3
6 0.5s 1.0s | 2.0s 0.9s 9.5s 0.8s | 300.0s 1.0s| 500s 1.0s
10 0.5s 3.0s | 2.5s 2.5s 9.5s 3.0s | 300.0s 3.5s | 500s 2.5s
12 0.5s 4.5s| 2.0s 5.0s 9.0s 6.5s | 305.0s 4.5s | 505s 7.0s
16 1.0s 28.0s| 2.0s 27.0s| 10.0s 26.0s | 309.0s 27.0s | 502s 31.0s
26 1.0s 70.0s | 8.0s 75.0s| 20.0s 73.0s| 312.5s 80.0s — 85.0s

Table 3.3: Varying Explanation and Plan Lengths for the BLOCKSWORLD PDDL Domain.

Table 3.3 tabulates the results. It shows a clear trend that the runtimes of CSZK increases as
the explanation lengths increase. The reason is that CSZK needs to search over a larger search
space as the explanation length increases. As such, its runtime also increases. In contrast,
the runtimes of ALG3 remain relatively unchanged with varying explanation lengths. The
reason is that the runtimes of ALG3 are dominated by the size of the encoded knowledge

bases, which are independent of the explanation lengths.

The results also show that the runtimes of CSZK remain relatively unchanged with varying
optimal plan lengths. The reason is that the runtimes of CSZK are dominated by its search
for explanations. CSzZK runs an A* search over the explanation search space and as long
as the explanation length remains unchanged, the runtime complexity of the search, which
is exponential in the explanation length, remains relatively unchanged as well. However,
the runtimes of ALG3 increase as the optimal plan lengths increase. We attribute this to
the following two reasons. First, longer plans means that there are more combinations of
actions to consider in the explanation search space, consequently increasing the runtime of
the algorithm. Additionally, the size of the knowledge bases increases as the plan length
increases. Thus, there is an increasing number of formulae, which likely results in an increase

in the runtime of the underlying SAT solver.

Upon closer inspection of the instances generated the experiments thus far, we observed that
in almost all of these instances, the shortest plan in the human’s model is at least as long
as the optimal plan in the agent’s model. Therefore, the experiments thus far were strongly
biased in favor of explanations for plan validity instead of plan optimality. We thus conducted
an additional experiment where we varied the number of invalid shorter-than-optimal plans
in the human’s model. These plans are invalid because they are comprised of some actions
with wrong or missing preconditions and/or effects and these actions enable the goal state to
be reached earlier than using a plan that is optimal in the agent’s model. Table 3.4 tabulates

the results. As expected, the results show that the runtime of both CSZK and ALG3 increases
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# of Invalid Shorter-than-Optimal Plans
Prob. 2 4 6 8 10
le] Cszk ALG3 | |¢|] CSZK ALG3 | |€ CSZK ALG3 | |e] c€szk  ALG3 | |¢] €SszK  ALG3
1 2 25s 0.2s| 4 500s 1.0s| 6 1231.0s 11.0s | 8 — 104.0s | 10 — 840.5s
2 2 3.0s 0.5s| 4 570s 1.0s| 6 1225.0s 12.5s | 8 - 105.5s | 10 — 842.0s
3 2 3.0s 2.0s| 4 620s 2.5s| 6 1240.0s 11.0s | 8 - 107.0s | 10 — 845.0s
4 2 258 30s| 4 600s 1.5s| 6 1235.0s 13.0s | 8 - 111.0s | 10 - 850.0s

Table 3.4: Varying Invalid Shorter-than-Optimal Plans.

as the number of invalid plans increases. However, interestingly, the runtime of CSZK grows
faster than that of ALG3, and ALG3 is up to 2 orders of magnitude faster than CSzZK (when

there are six invalid plans).

All of these observations result in the following three conclusions that highlight the different
situations for when one should use one algorithm over the other: (1) ALG3 outperforms
CszK when explanations are long, and vice versa when explanations are short; (2) ALG3
outperforms CSzZK when optimal plans are short, and vice versa when the optimal plans are
long; and (3) ALG3 outperforms CSZK when there are many invalid shorter-than-optimal

plans.

Question 3: Efficacy on Hybrid Planning Problems

In this final question, we wanted to investigate the generality of our approach on prob-
lems beyond classical planning, particularly on hybrid planning problems. As such, we now

provide results on a number of PDDL+ problems.

Recall that finding optimal hybrid plans is often infeasible, and as such, there is no SAT /SMT
planner that can prove optimality for general PDDL+ problems (see Section 3.3.2). There-
fore, it is not feasible to find optimal plans to explain in our experiments. However, given
that optimality cannot be guaranteed, a user may have doubts about the validity of a plan
(i.e., whether the plan is sound and can be executed to achieve the goal). Thus, we limited

ourselves to experiments for plan validity only.

As Algorithm 3.3, referred to as ALG3, was designed to find explanations that explain both
plan validity and optimality, we tweaked it to only check for credulous entailment since

that is sufficient for finding explanations for plan validity (see Section 3.5.2). We did not
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Prob Scenario 1 | Scenario 2 | Scenario 3 | Scenario 4 | Scenario 5 | Scenario 6 | Scenario 7 | Scenario 8
’ le] ALG3 | |¢] ALG3 | |e] ALG3 ||e] ALG3 ||e] ALG3 | |e|] ALG3 | |e|] ALG3 | |¢] ALG3
2 o 11 0 0.1s | 2 0.1s | 2 02s | 1 0.1s | 2 0.1s| 1 0.1s | 3 02s| 0 —
i & 31 0 0.1s | 2 02s| 2 0.8s| 1 0.2s | 2 02s | 1 0.1s | 3 08| 0 -
%8 51 0 0.2s | 2 0.2s | 2 2.0s | 1 0.4s | 2 0.4s | 1 0.3s | 3 3.0s| 0
710 0.3s | 2 0.5s | 2 408 | 1 1.0s | 2 0.6s | 1 0.5s| 3 14.0s| 0 -
. 1] 1 0.2s | 2 0.3s| 2 0.4s | 3 0.6s | 4 0.2s | 2 02s | 4 02s| 0 -
22 2|1 04s|2 13s|2 20s|3 1ls|5 09s|2 0d4s|4 07s| 0 -
g g5 3|1 0.5 | 2 50s| 2 11.0s| 3 2.8s | 7 3.6s| 2 0.5s | 4 2.0s| 0 -
41 1 10s| 2 16.0s| 2 380s| 3 58| b 1.1s | 2 1.0s | 4 4.0s| 0 —
S 11 0.2s | 2 0.2s | 3 2.5s | 3 02s | 2 02s | 1 0.1s | 4 02s | 1 0.2s
E% 21 1 0.3s | 2 0.5s | 3 5.0s | 3 0.5s | 3 0.2s | 2 0.7s | 5 0.7s | 2 0.4s
8 E 3 2 0.8s | 2 1.3s | 3 10.0s | 3 1.5s | 4 0.7s | 2 0.6s | 5 2.0s | 2 1.5s
41 1 1.3s | 2 20s| 3 26.0s| 3 2.5 | 6 09s| 1 1.0s | 4 4.5s | 3 4.5s
% 1] 2 02s| 1 0.3s| 3 0.3s | 3 0.3s | 2 02s | 1 0.4s | 3 0.4s | 2 0.5s
g 2 2 02s | 1 02s | 2 0.4s | 3 0.3s | 3 0.3s | 2 0.5s | 3 0.3s | 2 0.4s
Eéo 31 2 03s| 1 0.3s| 2 02s| 3 04s | 1 0.1s | 2 0.3s | 3 0.4s | 1 0.6s
Oz 4| 2 02s | 1 0.2s | 3 0.3s| 3 0.3s | 2 02s | 1 02s | 4 0.3s ] 1 1.0s
Z o 1] 1 0.2s | 2 0.1s | 2 0.3s| 1 02s | 2 0.1s| 1 0.1s | 3 02s| 0 —
om 2 1 0.2s | 2 02s | 1 0.5s | 1 0.4s | 2 02s| 1 02s| 3 0.7s | 0 -
%E 3 1 0.3s | 2 0.2s | 2 1.0s | 1 0.3s | 2 03s| 1 0.4s | 3 2.0s| 0 -
9 41 1.2s | 2 0.5s | 2 5.0s | 1 0.5s | 2 0.5s | 1 0.5s | 3 55s | 0 -
. 1] 1 0.5s | 1 04s | 2 0.4s | 3 0.7s | 2 0.2s| 1 0.1s | 3 0.2s| 1 0.4s
:lr: E 211 04s | 1 0.5s | 1 0.6s | 2 14s | 4 02s | 1 0.2s | 3 058 | 1 0.4s
8 O% 31 1 08s | 1 09s | 2 1.0s | 2 2.0s| 6 03s| 1 0.4s | 3 5.0s | 1 0.6s
41 1 1.5s | 1 2.0s | 1 2.0s | 3 3.5s| 8 0.4s | 1 0.5s | 5 10.0s| 1 1.5.s
B 1|1 02s | 1 0.4s | 2 0.4s | 3 1.0s | 2 03s ] 1 0.2s| 3 0.8s| 1 0.6s
E‘éé 2] 1 03s| 1 0.6s | 1 0.5s | 2 2.5s | 4 0.4s | 1 0.1s | 3 1.5s| 1 0.7s
%% 31 03s| 1 1.0s | 2 1.5s | 2 3.0s| 6 0.3s ] 1 0.3s | 3 3.0s| 1 1.0s
a4 1 0.7s | 1 3.0s | 1 3.8 | 3 5.5s | 8 04s | 1 0.2s | 4 8.0s| 1 3.0s
Z 10 1 0.5 | 2 0.4s | 1 0.6s | 3 1.0s | 2 03s | 1 0.3s| 3 0.8s | 1 0.5s
> j@ 2 2 1.0s | 2 1.0s | 2 1.5s | 4 3.5s | 4 0.4s | 2 04s | 5 1.5 | 2 1.5s
gc%od 31 2 4.0s | 3 4.0s | 2 2.5s | 4 4.0s | 6 0.3s | 2 04s | 5 3.0s | 2 1.0s
41 3 5.0s | 4 4.0s | 1 2.0s | 6 7.5s | 8 0.4s | 1 0.3s | 4 6.0s | 2 1.0s

Table 3.5: Evaluation of ALG3 on Varying PDDL+ Domain and Scenario.

compare it with any other algorithm since to the best of our knowledge existing explanation

generation algorithms are limited to classical planning problems.

Similar to our first experiment for classical planning, we used the actual domain instances

as the model of the agent and tweaked it for the model of the human user. We considered

the same five scenarios earlier as well as the following three additional scenarios:

e Scenario 6: We changed the duration of all the durative actions in the human’s model.

e Scenario 7: We removed (on average) five random preconditions and effects as well as

changed the duration of all durative actions in the human’s model.
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e Scenario 8: We removed (on average) two events and processes in the human’s model.

Table 3.5 tabulates the results. We did not report runtimes for the LINEAR, TORICELLI, and
NON-LINEAR GENERATOR domains for Scenario 8 as these domains do not contain events
and /or processes. In general, ALG3 was able to maintain small runtimes of less than 1s
in the majority of instances. The reason is that the size of the encoded knowledge bases
are relatively small because SMTPLAN uses the iterative encoding facility of the 23 solver.
Specifically, the encoding of each layer consists of the following steps: Adding the new
variables and constraints for the next happening, adding the goal constraints to the new
constraint set, pushing the constraint set onto the stack, solving, and popping the goal
constraint set off the stack. As such, at each step in the iterative deepening with 23, only

the latest layer needs to be encoded.

In conclusion, these results demonstrate that our approach can be generalized beyond clas-
sical planning to hybrid planning, improving the applicability of explainable planning ap-

proaches.

3.6.2 Human-Subject Experiments

While there has been some supporting evidence suggesting that explanations in the form of
model reconciliation are well understood by human users when explaining classical plans to
them [35, 240], to our knowledge, their applicability to hybrid planning problems has not
been investigated thus far. Therefore, in what follows we present a human-subject study
on a hybrid planning variant of the Logistics domain [167|, where we use a combination of

visualizations and text for presenting explanations to human users.

Study Design

Recall that the model reconciliation problem requires that the explaining agent knows both
its model and the model of the human user receiving the explanation. To enforce this assump-
tion, we used variations of the Logistics domain [167] as the model of the explaining agent,
tweaked that model, and assigned this tweaked model to participating human users. To en-

sure the human users understood their assigned model, we presented it to them at the start
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Task 1: Plan Editor
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Figure 3.1: A view of the plan editor for the human user study. (1) Action selection; (2) The
initial and goal states; (3) User’s current plan; (4) Test visualization showing validity of the
plan.

of the study and asked them to create a plan given that model. We removed participants
who created plans inconsistent with the tweaked model provided to them. Then, human
users were provided an explanation in the form of model reconciliation (e.g., from our algo-
rithms) and were asked to answer a series of questions (see Appendix A.1) as well as correct
their plans based on their understanding of the explanation. The answers to those questions
as well as the human users’ ability to correct their plans reflect their understanding of the
explanations provided. In this study, we hypothesize that explanations in the form of model

reconciliation are effective for explaining hybrid planning plans to human users.

The user study was conducted on the online crowdsourcing platform Prolific [175]. We created

two tasks for each participant as follows:

e Task 1: For this task, participants were asked to create a (shortest) plan based on the

modified model provided to them using the visualization system coupled with a simple plan
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1.%° This interface also allows users to evaluate their

editing interface, as shown in Figure 3.
plans, which can subsequently provide information about any errors in their plans due to

their misunderstanding of the provided information in their models.

A participant succeeds in Task 1 if they create and submit a valid plan given their
model. Participants that succeeded in Task 1 continued to Task 2, and participants that
failed in Task 1 were filtered out and ignored. This is important due to the assumption
(in model reconciliation) that the human user’s model is known a-priori. In addition, par-
ticipants whose plans were valid in their model but did not require an explanation (e.g.,

their plans were also valid in the agent’s model) were also filtered out.

e Task 2: For this task, we informed the participants that the initial model provided to
them contained errors, and presented an explanation for those errors using visualizations
as well as text. They were then asked a series of questions to evaluate their understanding
of the explanation provided (Task 2a). The exact questions we asked the participants
can be found in Appendix D. Then, they were shown the plan editor again and asked
to correct their plan, this time without the ability to evaluate their plans for correctness
(Task 2b). A participant succeeded in Task 2b if their corrected plan was valid in the

agent’s model.

To incentivize participants to provide answers to the best of their ability, we provided a bonus
reward to participants who succeeded in Task 1, and an additional bonus to participants who
also succeeded in Task 2b. Furthermore, we also included two questions for attention checks
in the study, where participants were asked to type a particular string or select a particular
answer in a multiple choice question. Participants who wrongly answered both of these

questions were filtered out of the study.

Additionally, we performed a control experiment, where participants would receive the exact
same tasks, but in Task 2a and Task 2b, they would not be shown the explanations. In-
stead, they are expected to correct their plan with just the knowledge of which actions were
wrong. This allows us to see whether providing the explanation has any benefit, or if just

the knowledge of the wrong actions is enough to help users in correcting the plan.

Finally, each participant had the following interactions in the study: (1) They arrive at the

webpage following the link from Prolific, where they enter their demographics and some

25To eliminate any learning effects, participants were shown the visualization system in Task 1 to ensure
that they are familiar with the system before receiving an explanation using that interface.
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Figure 3.2: The initial state of the modified Logistics problem. The goal is to transport the
package from cityA to cityE. A shortest plan here would have the truck load the package at
cityA and move the truck to cityC to refuel before moving it to (the goal location) cityE.

information on their educational background. (2) To ensure that they have the background
necessary to solve the tasks, they are given tutorials on automated planning, the Logistics
domain, and the plan editing interface. (3) Following the tutorials, they are asked to complete
Task 1. (4) If they succeeded in Task 1, they are asked to complete Tasks 2a and 2b. (5) All
participants, including those who failed Task 1, are then asked to provide feedback on the
system’s usability [112| and are informed of their payments before being redirected back to
Prolific.

Domain and Problem

As mentioned, our choice of domain was a variant of the Logistics domain [167], which
we augmented to contain elements of hybrid planning problems. The particular Logistics
problem involves the transportation of packages across cities via trucks. To make the domain
a hybrid planning problem, we included a process by adding a fuel bar to the truck which
is depleted by the execution of the action move-truck, and an event to stall the truck if it
runs out of fuel midway to a city. The truck has a specified fuel consumption rate in gallons
per mile (gal/mi), that is, it burns 2gal/mi. Additionally, we added the action refuel to
refuel the truck, and a predicate is-fuelpump to note locations where the truck can be
refueled. We created a simple problem with five cities and one fuel pump. Figure 3.2 shows
the initial state for this problem. There is one truck available and one package that needs

to be transported to the goal city without stalling the truck.
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Figure 3.3: A view of the explanation phase for the modified Logistics problem. We used a
pulsing border on the fuel bar to indicate that the truck has run out of fuel, and thus stalled.
The explanation is also presented in text to the right of the visualization.

We considered the following change for the modified model of the human user: We modified
the fuel consumption rate to be 1gal/mi instead of the actual 2gal/mi. This allowed users to
create a shorter plan in the modified domain by directly moving the truck to the destination
instead of going to cityC and refueling. Thus, an explanation is needed to explain why their

plan is invalid, and how to compute a (shortest) valid plan.

Prototype Implementation

We created a visualization system that combines the action-space and state-space information
of the planning problem and can visualize plans and their execution as well as present
explanations to human users. In [146] we describe how to create such a system in more
detail. The inclusion of the action-space information also conveniently presents a simple way
for human users to select and view different states. Actions whose preconditions are not met
in the human user’s plan are highlighted as red. his helps human users while creating their
plan, ensuring they understand the preconditions specified in the provided model. Moreover,
the state-space shows the “current” state of the world after the execution of the action selected
by the human user in their plan, including information such as the positions of the truck and
package, and the truck’s fuel level. In addition, we used animations showing the movement

of the truck between each city as well as the truck’s fuel consumption.

During the explanation phase (Task 2a), actions are highlighted by using red highlights to

indicate which actions are wrong, with the state-space visualization providing more details
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about what exactly went wrong in the human user’s plan. For presenting explanations within
the state-space visualization, we do the following: For each state in the execution of the plan,
starting from the initial state, we display the current state with respect to the actions that
are executed in the human user’s plan, using the agent’s domain. Figure 3.3 shows the

explanation phase.

Note that for the purpose of this study, the text-based explanation (as seen in Figure 3.3)
was handcrafted. Nonetheless, there may be systematic ways for translating logic-based

explanations from our framework to natural language text as we highlight in Section 3.4.3.

Evaluation

The study was conducted with 100 participating users (50 in the main group and 50 in the
control group). All 100 participants have at least some undergraduate education in any field.
Out of all the participants, only data from 72 users was used (35 in the main group and 37
in the control group), as the rest either failed Task 1 or had created plans that did not need
explanations (e.g., their plans included going to City C to refuel before going to Cities B
and E).

As we mentioned earlier, the goal of this study is to identify if explanations in the form of
model reconciliation can convey to humans the validity of hybrid planning plans. To evaluate

our hypothesis, we used the following measures:

e Comprehension Score: Number of questions users answered correctly in Task 2a.

e Correction Ratio: Proportion of users who succeeded in Task 1 (plan creation phase)

that also succeeded in Task 2b (plan correction phase).

Table 3.6 summarizes the results of our analysis, where we report the population size and
the two measures used for evaluation. In general, the results seem to suggest that the vast
majority of users in the main study population understood the explanations communicated
to them. In particular, we first scored participants based on the number of correct answers
they gave for the questions asked in Task 2a (comprehension score). With a maximum
possible score of 8, we managed to obtain an overall mean score of 6, which indicates that

the presented explanations had a positive cognitive effect, as most users used the explanation
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’ ‘ Population Size \ Comprehension Score \ Correction Ratio ‘

Main Study 35 6 (out of 8) 91% (32/35)
Control 37 N/A 24% (9/37)

Table 3.6: Human User Study Results for the Modified Logistics Domains.

to reason through the questions and successfully answer most of them. We then measured
how many users were able to accurately correct their plans in Task 2b when shown the
explanation (correction ratio), i.e., the users’ ability to reflect the explanation presented to
them into creating the (agent’s) correct plan. The percentage of users that succeeded was
91%, showing that most users indeed made use of the explanation by adding its information
to their models and creating the correct plan. From the control group, we can observe that the
explanation does indeed have an effect of how well the participants were able to correct their
plans, as users who did not see the explanations had a much lower correction ratio (24%),

as expected.

We would also like to address the potential issue of bias in the results from Task 2b. Since
we removed users who failed to complete Task 1, we might have filtered out participants
who did not understand planning and their assigned models or had difficulty creating plans
in general, thus creating a selection bias for users who are better at understanding and
solving planning problems. As mentioned earlier, it was necessary to filter out users who
did not understand their assigned models, as the explanation provided is contingent on the
human model as per the assumptions made by model reconciliation. However, we believe
that the ability to observe errors during plan creation in Task 1 mitigates this issue to some
extent, as all users could observe any errors in their plans during this phase, and as such,
potentially correct them before submitting. Further, since we observe a large difference in
correction ratio for the control group with a similar number of people who completed Task 1,

we believe that this potential bias does not have a major effect.

In conclusion, one can see that these findings corroborate our hypothesis, that is, explana-
tions in the form of model reconciliation are effective for explaining hybrid planning plans to
human users. The results of this study, complemented by the results obtained for classical
planning problems by Chakraborti et al. [35] and Zahedi et al. [240|, demonstrate the real-
world efficacy of explanations as model reconciliation for planning problems beyond classical

planning.
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3.7 Related Work

We now provide a discussion of related work from the knowledge representation and reasoning
(KR) and planning literature. We focus on these two areas as our logic-based approach
bears some similarity to other logic-based approaches in KR and our application domain of

explainable planning has been solved by other planning approaches.

3.7.1 KR Literature

As our explanation generation framework bears some similarities with the theory of belief
change and abductive explanations, we start by describing their underlying theory. We then
provide two examples that illustrate the differences between these approaches. Finally, we

discuss some further related work from the KR community.

Belief Change

Belief change is a kind of change that can occur in a knowledge base. Depending on how
beliefs are represented and what kinds of inputs are accepted, different typologies of belief
changes are possible. In the most common case, when beliefs are represented by logical
formulae, one can distinguish three main kinds of belief changes, namely, expansion, revision,

and contraction. In the following, we formally describe the aforementioned notions.

Expansion: An expansion operator of a knowledge base can be formulated in a logical

and set-theoretic notation:
Definition 12 (Expansion Operator). Given a knowledge base KB and a formula ¢, +. is
an expansion operator if it expands KB by ¢ as KB+, ¢ = {¢p : KBU¢ F ¥}.

It is trivial to see that KB 4. ¢ will be consistent when ¢ is consistent with K B, and that

K B +. ¢ will be closed under logical consequences.

Revision: A belief revision occurs when we want to add new information into a knowledge

base in such a way that, if the new information is inconsistent with the knowledge base, then
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the resulting knowledge base is a new consistent knowledge base. Alchourréon, Géardenfors,
and Makinson conducted foundational work on knowledge base revision, where they proposed
a set of rationality postulates, called AGM postulates, and argued that every revision operator
must satisfy them [2, 86, 89]. Although revision cannot be defined in a set-theoretic manner

closed under logical consequences (like expansion), it can be defined as follows:

Definition 13 (Revision Operator). Given a knowledge base KB and a formula ¢, +, is
a revision operator if it satisfies the AGM postulates for revision and modifies KB w.r.t. ¢

such that the resulting KB is consistent.

The underlying motivation behind the AGM postulates is that when we change our beliefs,
we want to retain as much as possible the information from the old beliefs. Thus, when
incorporating new information in the knowledge base, the heuristic criterion should be the
criterion of information economy (i.e., minimal changes to the knowledge base is preferred).
As such, a model-theoretic characterization of minimal change has been introduced by Kat-

suno et al. [134], where minimality is defined as selecting the models of ¢ that are “closest”
to the models of KB.

However, the AGM rationality postulates will not be adequate for every application. Katsuno
et al. [133] proposed a new type of belief revision called update. The fundamental distinction
between the two kinds of belief revision in a knowledge base, namely revision and update,
is that the former consists of incorporating information about a static world, while the
latter consists of inserting information to the knowledge base when the world described by
it changes. As such, they claim that the AGM postulates describe only revision and showed
that update can be characterized by a different set of postulates called KM postulates.

Definition 14 (Update Operator). Given a knowledge base KB and a formula ¢, +, is an
update operator if it satisfies the KM postulates for update and modifies KB w.r.t. ¢ such
that the updated KB incorporates the change in the world introduced by ¢.

From a model-theoretic view, the difference between revision and update, although marginal
at first glance, can be described as follows: Procedures for revising KB by ¢ are those that
satisfy the AGM postulates and select the models of ¢ that are “closest” to the models of KB.
In contrast, update methods are exactly those that satisfy the KM postulates and select, for
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each model I of KB, the set of models of ¢ that are closest to I. Then, the updated KB will

be characterized by the union of these models.?%

It is worth mentioning that, on a high level, the key difference between update and revision
is a temporal one: Update incorporates into the knowledge base the fact that the world
described by it has changed, while revision is a change to our world description of a world
that has not itself changed. We refer the reader to KAtsuno et al. [133] for a comprehensive

description as well as an intuitive meaning between revision and update.

Contraction: Similarly to the AGM postulates for revision, Alchourrén et al. [2] proposed
a set of axioms that any contraction operator must satisfy. Therefore, a contraction operator

is defined by:

Definition 15 (Contraction Operator). Given a knowledge base KB and a formula ¢, —. is
a contraction operator if it satisfies the AGM postulates for contraction, and contracts KB

w.r.t. ¢ by retracting formulae in KB without adding of new ones.

We can see that, as in the case of revision, it is not possible to define contraction in a set-
theoretic manner closed under logical consequences. We illustrate this with the following

example:

Example 5. Consider the Generator domain from Section 3.4.2. Assume a subset
of the original KB,, i.e., KB, = [~gen runningy,gen running;, ~gen runningy A
gen_running; — gen_ong| and ¢ = [gen_ong| that we wish to contract. Then, in order to
maintain consistency in KB,, one of ~gen _runningy, gen_running;, or ~gen__runningg /\
gen__running; — gen_ ong must be retracted. But which one? There is no logical reason for

making one choice rather than the other.

Interestingly, it has been shown that the problems of revision and contraction are closely

related [87]. Despite the fact that the postulates that characterize revision and contraction

t,7’27

are “independen revision can be defined in terms of contraction (and vice versa). This

is referred to as the Levi identity [153].

26This approach is called the possible models approach [238].
2"In the sense that the postulates for revision do not refer to contraction and vice versa.
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Definition 16 (Levi Identity). Assume a knowledge base KB, a formula ¢, and operators
+, and —. that satisfy the AGM postulates for revision and contraction, respectively. Then,
KB +, ¢ = (KB ¢ _‘¢) +e ¢

Hence, a revision of a knowledge base can be viewed as contracting KB with respect to —¢
and then expanding (KB —, =¢) by ¢.

Abductive Explanations

Explanations in knowledge base systems were first introduced by Levesque [152] in terms of
abductive reasoning, that is, given a knowledge base and a formula that we do not believe at
all, what would it take for us to believe that formula? A more formal definition is provided

below.

Definition 17 (Abductive Explanation). Given a knowledge base KB and a query q to be
explained, o is an explanation of ¢ w.r.t. to KB iff KBU{a} is consistent and KBU{a}E5q.

Usually, such explanations are phrased in terms of a hypothesis set H (set of atomic sentences

— also called abducibles), and, generally, is an intuitive methodology for deriving root causes.

Two Illustrative Examples

To illustrate the differences between our approach and the KR approaches described in this
section, we discuss below how they operate on two simplifications of the Generator domain

example in Section 3.4.2.

Problem 1

Assume a simplified version of the Generator domain with only one action gen on =
{precondition: fuel full, effect: gen running}, and initial and goal states fuel full
and gen_running, respectively. Clearly, the plan for this problem is 7* = [gen_on]. Also,
assume that the human user is not aware that action gen_on has effect gen _running. Now,

the knowledge bases encoding the models of the agent and the human, are respectively:

KB, = [fuel _fully, ngen_runningy, gen _running, (3.75)
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gen_ong — fuel fully, gen _ong — gen_running;, (3.76)

—gen__runningg A gen__running; — gen__ong| (3.77)

KBy, = [fuel _fully, —~gen _runningy, gen _running, gen _ong — fuel _fully]  (3.78)

Further, without loss of generality, suppose that the explanation needed to explain 7* to

KBy, is € = [gen_ong — gen_running;, ~gen_runningg A gen_running; — gen_ ong).

Abductive Explanations: Abductive explanation cannot be applied in this setting because

KBy, does not contain any causal rules that can be used to abduce the query.

Revision: Since the union of € and KB, is consistent, the revision operator will yield a
trivial update according to the second AGM axiom: KBj +, ¢ = KBj, Ue.

Update: To use the update operator, we first need to find the models of KB, and e:

« ACC;(KB):
I = {fuel _fully,gen_running;,gen _ong},

Iy = {fuel _fully,gen running, }.
o ACCy(e):

J1 = {gen_ong, gen_runningy, fuel _fully},

Jo = {gen_ong, gen_running, },

J3 = {gen_ong, gen_running,,gen_runningy, fuel _fully},
Jy = {gen_ono, gen_runnings, gen_runmngo},

Js = {gen_running;, gen runningo, fuel _fully},

Js = {gen_running;,gen_running},

Jr = {gen_running, fuel _fully},

Js = {gen_running,},

Jo = {fuel _fully},

Jio=A{}.
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Now, according to the KM postulates, we need to find the models of € that are closest to I,
and I5. Then, the updated KB will be the disjunction of the conjunction of the variables in
each model. Now, let the function Diff(mq,ms) denote the set of propositional letters with

different truth values in models m,; and ms.

Then, for I3, it is easy to see that the closest model is J; because Diff(11, J1) = 0 < Diff(I1, Ji)

for all k. So, J; is selected. For I, we need to calculate the difference for every model of e:

Diff(I5, J1) = {gen_ong},
Diff(I5, Jy) = {gen_ong, fuel _fully},
Diff(Is, J3) = {gen_ong, gen_running,},

Diff(Is, Jy) = {gen_ong, gen _runningy, fuel _fully},
Diff(I5. J5) = {gen_runningg},

Diff(I, Jg) = { fuel _fully, gen running,},

Diff(Is, J7) = {gen__runningy, gen _running },

Diff(I5, J3) = {gen__runningy, gen_running;, fuel _fully},
Diff(I5, Jo) = {gen_running },
Diff(1s, Jio) = {fuel _fully, gen _running }

where sets with the minimal elements are underlined. So, Ji, J5, and Jy are selected
and the final result is the union of all selected models, that is, ACCL(KBy +, €) =
{J1,J5, Jo}. Thus, the resulting KB must satisfy all three models, yielding the following:
KBp+,€e = [(gen_ono Agen _running; A fuel _fully Aﬁgen_runningo) \% (gen_runningl A
gen__runningg A fuel _fully A ﬂgen_ono) V (fuel_fullo A —gen__running; A\ —gen__ong A

ﬁgenﬁrunmngo)].

Our Approach: As a first step, our method will first check if KBy, is consistent with the
model of KB,. Since it is, it will simply insert € to KBy, yielding @; = KBy Ue just like

revision.

In conclusion, this problem demonstrates that it is possible for belief revision to yield the
same update as our approach, which is when K Bj U € is consistent (per AGM postulates).

It also highlights why belief update is not applicable for explainable planning, namely that
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the updated knowledge base KB, +, € violates the action dynamics of classical planning
problems [135].

Problem 2

Now assume a version of the Generator domain which consists of two actions gen on =
{precondition:  fuel full, effect: gen running} and gen on_alt = {precondition:
fuel mid, effect: gen running} with initial and goal states fuel full and gen running,
respectively, and a plan 7" = [gen_on]. Also, assume that the human user is not aware that
action gen_on has effect gen _running. Then, the knowledge bases encoding the models of

the agent and the human are respectively:

KB, = [fuel fully,~fuel midy, —~gen runningy,gen running, (3.79)
gen_ong — fuel _fully, gen _ong — gen_running;, (3.80)
gen_on_alty — fuel _midy, gen _on__alty — gen__running, (3.81)
—gen__runningy A\ gen__running; — gen_ong V gen_on__alty, (3.82)
—gen__ong V —gen_on_alty) (3.83)

KBy, = [fuel _fully,—fuel _midy, ~gen_runningg, gen__running, (3.84)
gen_ong — fuel _fully, gen _on__alty — fuel _midy, (3.85)
gen_on__alty — gen__running, (3.86)

—gen__runningg A gen__running; — gen__on__altg, ~gen__ong V —gen__on__alty|
(3.87)

As in the previous problem, we now assume that the explanation needed is € = [gen__ong —

gen_running;, gen_runningg A gen_running; — gen_ong \V gen__on__alto).
Abductive Explanations: The method of abductive explanations will fail in this setting

due to the fact that KBy, is inconsistent. Further, even if KB, was consistent, we would still

not be able to find any abductive explanations due to the lack of causal rules in KB,.
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Revision: Following AGM postulates, revision cannot be applied because KB, is individu-

ally inconsistent.

Update: Again, as K By, is inconsistent, and according to KM update postulates, it cannot

be repaired using update.

Our Approach: As K BjUe is inconsistent, our approach will identify the erroneous formula
—gen__runmingy A gen _running; — gen_on_alty and replace it with the corresponding
correct formula —gen_runningy A gen__running; — gen_ong V gen_on__alty from KB,,

thereby restoring consistency. The updated knowledge base will be:

@2 = [fuel fully,—fuel midy, ~gen runningy,gen running, (3.88)
gen_ong — fuel _fully,gen _ong — gen _running, (3.89)
gen_on_alty — fuel midy, gen _on_alty — gen _running, (3.90)
—gen__runningg A\ gen__running; — gen__ong V gen__on__alty, (3.91)
—gen__ong V —gen__on_alty) (3.92)

In summary, this problem demonstrates that when K By, is inconsistent, abductive explana-

tions, revision, and update cannot be applied but our approach can be applied.

Therefore, a key distinction between the previous approaches and our approach is that,
historically, belief change refers to a single agent revising its belief after receiving a new piece
of information that is in conflict with its current beliefs; so, there is a temporal dimension
in belief change and a requirement that it should maintain as much as possible the belief
of the agent, per AGM postulates. Our notion of explanation is done with respect to two
knowledge bases and there is no such requirement (with respect to KBj). For example, if
the agent believes that block A is on block B, the human believes that block B is on block
A, and the explanation does not remove this fact from the human’s KB, then the agent and
the human will still have some conflicting knowledge about the positions of blocks A and B
after the update. Thus, the previous notions of belief change cannot accurately capture and
characterize the MRP problem.
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Some Further Discussion

Similar to belief change, explanation differs from other similar notions, such as diagno-
sis [189]. In general, a diagnosis is defined with respect to a knowledge base KB, a set of
components H, and a set of observations O. Given that KBUOU {—ab(c) | ¢ € H} is incon-
sistent, a diagnosis is a subset S of H such that KBUOU{ab(c) | ¢ € S}U{=ab(c) | c € H\S}
is consistent. Here, ab(c) denotes that the component c is faulty. Generalizing this view,
the inconsistency condition could be interpreted as the query ¢ and KB U O —¢. Then
a diagnosis is a set S C H such that KBU O U SE5¢g. An explanation for ¢ from KB, to
K By, is, on the other hand, a pair (e*,e™) such that (KB, \ e7) U et qg. Thus, the key
difference is that an explanation might require the removal of some knowledge of K B), while

a diagnosis does not.

Another earlier research direction that is closely related to the proposed notion of explana-
tion is that of developing explanation capabilities of knowledge-based systems and decision
support systems, which resulted in different notions of explanation such as trace, strategic,
deep, or reasoning explanations (see review by Moulin et al. [170]). All of these types of
explanations focus on answering why certain rules in a knowledge base are used and how a
conclusion is derived, which is not our focus in this work. The present development differs
from earlier proposals in that explanations are identified with the aim of explaining a given
formula to a second theory. Furthermore, the notion of a cost-optimal explanation with

respect to the second theory is proposed.

There have been attempts to using argumentation for explanation [46, 48] because of the close
relation between argumentation and explanation. For example, argumentation was used by
Cyras et al. [48] to answer questions such as why a schedule does (does not) satisfy a criteria
(e.g., feasibility, efficiency, etc.); the approach was to develop for each type of inquiry, an
abstract argumentation framework (AF) that helps explain the situation by extracting the

attacks (non-attacks) from the corresponding AF.

The problem of restoring consistency in a knowledge base in our framework is similar in
spirit to the notion of minimal repairs/diagnoses studied by Ulbricht t [219]. However,
they consider an AF as an agent’s knowledge base, whereas we consider knowledge bases
encoding planning problems. In addition, restoring consistency intersects with the problem of

finding minimally unsatisfiable sets (MUSes) and minimal correction sets (MCSes) [164, 165].
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However, most MUS and MCS algorithms are specialized for propositional logic and, to the
best of our knowledge, are with respect to a single theory. In contrast, our notion of retracting

unsatisfiable sets is with respect to two theories (i.e., KB, and KB,).

It is worth to point out that the problem of computing a most preferred explanation for
¢ from KB, to KBj might look similar to the problem of computing a weakest sufficient
condition of ¢ on KB, under KB, as described by Lin et al. [157]|. As it turns out, the two
notions are quite different. Given that KB, = {p, ¢} and KB;, = {p}. It is easy to see that ¢
is the unique explanation for ¢ from KB, to KBj,. On the other hand, the weakest sufficient
condition of ¢ on KB, under KBy, is L (Proposition 8, [157]).

A recent research direction that is closely related to the proposed notion of explanation is
that by Shvo et al. [201], where they propose a general belief-based framework for generating
explanations that employs epistemic state theory to capture the models of the explainer
(agent in this work) and the explainee (human user in this work), and incorporates a belief
revision operator to assimilate explanations into the explainee’s epistemic states. A main dif-
ference with our proposed framework is that our framework restricts knowledge to be stored
in logical formulae, while theirs considers epistemic states that can characterize different

types of problems and have no such restriction.

Finally, in another line of our work, we laid the theoretical foundations and emphasized the
knowledge representation aspects of model reconciliation to problems that can be formu-
lated as logic programs [202]. Additionally, we have also developed a dedicated ASP-based
solver [172] for solving these problems. These prior work, combined with our current work,
reflect that knowledge representation and reasoning can provide a fertile ground for expla-

nation generation in model reconciliation problems and explainable planning.

3.7.2 Planning Literature

As the main theme of this chapter falls under the general umbrella of explainable AI planning
(XAIP), it is important to provide a general overview of XAIP and discuss current trends

as well as situate our contributions within the related work in this area.

While there is some work on adapting planning algorithms to find easily explainable plans

(i.e., plans that are easily understood and accepted by a human user) [243|, most work has
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focused on the ezplanation generation problem (i.e., the problem of identifying explanations
of plans found by planning agents that, when presented to users, will allow them to un-
derstand and accept the proposed plan) [126, 149]. Within this context, researchers have
tackled the problem where the model of the human user (1) must be learned [243]; and
(2) is of a different form or abstraction than that of the planning agent [218, 210]. However,
when designing explanatory planning systems, one of the main considerations is taking into
account the personality of the explainee [150]. Currently in the literature, there are three

personalities considered:

e Domain designer: The person working in acquiring the model that the system works
with;
e Algorithm designer: The developer of the algorithms of the planning system; and

e End user: The person interacting/collaborating with the system in the form of a user.

Naturally, these different personas will require different kinds of explanations. These expla-
nations fall under two primary classes of explanations: Algorithm-based explanations and
model-based explanations (see the survey by Chakraborti et al. [36] for a comprehensive

discussion).

Algorithm-based explanations generally target expert users (i.e., algorithm designers) and
attempt to explain the inner workings of the underlying planning algorithm. For example,
Magnaguagno et al. [163] developed a state-space search visualization that represents how
the distance to the goal state changes during the search procedure by defining a heuristic
gradient using heat maps. The gradient colors the states based on their estimated distance
to the goal state and can be used to highlight that the estimated distance can be different
according to the heuristic used in the algorithm. One interesting aspect of this work is that

it can visualize failed planning instances, which can be practical for debugging purposes.

In contrast, model-based explanations are considered in a very large number of XAIP pa-
pers. This category consists of algorithm-agnostic explanations that can be evaluated inde-
pendently of the method used to come up with. For instance, Borgo et al. [23] and Cashmore
et al. |28 created a service that allows users to hold a dialogue with the system by means of
specifying contrastive questions about the plan. Essentially, they assume questions specified

by users can be best understood as constraints on the plans they are expecting (i.e., a certain
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action to be included or excluded in the plan). The explanation is then to identify an exem-
plary plan that satisfies those constraints and, thus, demonstrating how the computed plan
is better. Such kinds of explanations fall under the broad umbrella of contrastive explana-
tions, where explanations answer questions of the form “Why not A (instead of B)?”, where
A is an alternative (or foil) suggested by the human to decision B taken by the agent. An
explanation can explain why A is suboptimal or why the agent’s decisions are better than
the foil. There are multiple forms this contrastive question can take, i.e., having the user
present an entire plan or specific actions as foils, and it can also take on the more general
form of “Why B?”, where the implicit comparison is to all possible alternatives. Contrastive
explanations have been gathering interest in literature, with applications in linear temporal
logic systems to answer factual questions [132], and in oversubscription planning to explain
goal subsets [68] being recent examples. There has also been work towards user interfaces for
decision support that gives users suggestions in response to foils provided to Al generated

plans in an interactive manner [131].

On a similar thread, Gobelbecker et al. [94] have considered the case of explaining why a
planning problem is unsolvable. In particular, they transform an unsolvable planning prob-
lem II into a new problem II' by adding predicates or objects to initial states, which they
refer to as excuses, such that II' becomes solvable. It is interesting to note that a logic-based
method, like our proposed framework, could also be used to explain the unsolvability of plan-
ning problems; Notice that an unsolvable planning problem II translates to an unsatisfiable
knowledge base KB encoding II. Specifically, for a given time horizon h, KB is unsatisfi-
able if and only if there exists no plan of length h. As such, one could find the reason for
the unsatisfiability of KB by computing a minimal unsatisfiable set (MUS) [117] over KB,
which would then serve as an explanation. Additionally, one could also compute a mazimal
satisfiable set (MSS) [117]| over the KB in order to find potential subproblems of II that are
solvable, and which may provide useful information for II. We leave this interesting problem

for future work.

Nevertheless, the explanations considered above do not capture directly the user’s knowledge
of the given planning problem and are thus not a realistic inception of a true explanatory
system targeting non-expert human users. It is widely accepted that human users often come
with their own preconceived notions and/or expectations of the system [27] and, as such,
human users might evaluate plans on their own models, which may disagree with the system’s

outcome or quality.
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A key paper that considers the mental models of human users is by Chakraborti et al. [37],
who introduced the model reconciliation problem that we are tackling in this paper. The
high-level difference between our two approaches is that our approach is based on KR while
theirs is based on automated planning and heuristic search techniques. However, both ap-
proaches share a lot of similarities. Particularly, explanations generated in both approaches
can be characterized according to two properties defined in [37]: Completeness, that is, the
plan is valid (or optimal) in the updated human user’s model; and Monotonicity, that is,
there are no model differences in the agent’s and human user’s models that can change
the completeness of an explantion (i.e., no further model updates can invalidate an expla-
nation). In consequence, both approaches share similar types of explanations that can be
found. For example, the C-minimal support in Definition 5 is equivalent to minimally com-
plete explanations (MCEs) (the shortest explanation that is complete), while the <1-general
support can be viewed as similar to the minimally monotonic explanations (MMEs) (the
shortest explanation that is complete and monotonic). Additionally, model patch explana-
tions (MPESs) (includes all the model updates) are trivial explanations and are equivalent to
our definition that the entire K B, itself serves as an explanation for K Bj,. Note that, in our
approach (as also in the original model reconciliation problem), we allow for explanations
on “mistaken” expectations in the human model (Algorithm 2). However, a similar property
can be seen if the mental model is not known and, therefore, by taking an “empty” model as
the starting point, explanations can only add to the human’s understanding but not mend

mistaken ones.

Although the model reconciliation problem is a good stepping stone towards creating good
explanatory planning systems, it makes a strong assumption that the system has knowledge
of the human user’s mental model. An alternative approach that relaxes this requirement is
called model-free model reconciliation, which predicts how model information can affect the
expectation of the human user by learning a model that characterizes the human user’s ex-
pectation and using it to drive the search to determine what information should be exposed
to the human user [208]. However, there might be caveats in going model-free. The explana-
tions generated by such systems might be purposely false in order to satisfy the human user.
For example, in the model reconciliation problem the explanation was guaranteed to be con-
sistent with the ground truth. Researchers have showed that this guarantee can be relaxed in
such a way that allows the model reconciliation process to generate erroneous explanations

and, hence, create ethical quandaries that would need further investigation [33, 34].
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Another popular theme in XAIP is that of plan summarization, where the main interest is in
presenting a long plan to a single human user [171], or to multiple human users (e.g., human
teams) [140]. One possible way to approach this would be to use the model reconciliation
process with an empty model of the human user and compute the minimal explanation
(e.g., causal links) necessary to explain every action in the plan. Another possibility would
be to approach this issue through a process called wverbalization of plans, that is, paths
taken by an agent along different levels of abstraction [195]. Interestingly, there have also
been efforts on approaching plan summarization with contrastive explanations. For example,
Kim et al. [141] proposed on a Bayesian approach to infer contrastive linear temporal logic

specifications aimed at explaining how two sets of plan traces differ.

Finally, it is worth mentioning that our plan validity check bears some similarity with the
validity check that is provided by VAL [113]. The key difference is that, in case of an invalid
plan, VAL identifies the first action in the plan with unsatisfied preconditions, and identifies
the precondition that is not satisfied. In contrast, the validity check that is provided here
identifies all the differences in the model that prevents the plan to be valid.

3.8 Concluding Remarks

The design of explanatory systems often raises fundamental questions about the identifi-
cation, representation, and provision of explanations. Logic-based systems have long been
considered well-equipped to serve as an explainability layer for Al systems, with examples
such as decision trees producing explanations directly from their logical models [148, 116].
This chapter has examined and evaluated this potential through the lens of the Model Rec-
onciliation Problem (MRP) in explainable Al planning (XAIP), demonstrating how logic

can serve as an effective explainability layer for planning systems.

We introduced the Logic-based Model Reconciliation Problem (L-MRP), a novel framework
that extends the applicability of MRP beyond classical planning to hybrid planning scenarios.
L-MRP addresses situations where an Al agent’s plan is inexplicable to a human user due
to discrepancies in their respective models of the problem, using logic as an explainability

layer to bridge this gap. Our key contributions are
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1. We reformulated model reconciliation from a knowledge representation and reason-
ing perspective, defining the notion of logic-based explanations explanations for plan

validity and optimality.

2. We proposed complexity cost functions to capture preferences between explanations,

allowing for preferred explanation generation.

3. We developed algorithms to compute explanations for both classical and hybrid systems

planning problems.

4. We empirically demonstrated that our L-MRP approach complements and extends
the current state of the art, generalizing beyond classical planning to hybrid planning
scenarios. Specifically, our empirical results demonstrate that, on classical planning
problems, our approach is faster than the state of the art when the explanations are
long or when the size of the knowledge base is small (e.g., the plans to be explained
are short). They also demonstrate that our approach is efficient for hybrid systems

planning problems.

5. Through human-subject studies, we demonstrated the real-world efficacy of explana-

tions as model reconciliation for planning problems beyond classical planning.

The L-MRP framework presented in this chapter advances both the theoretical foundations of
XATIP and our broader thesis about logic serving as an explainability layer for Al systems. L-
MRP offers a general approach that can adapt to various planning scenarios while preserving
the underlying strengths of different planning systems. Importantly, while our focus in this
chapter was on planning problems, L-MRP’s applicability as an explainability layer can
extend beyond planning to various problem types, so long as these problems can be encoded
in a logical formalism for which satisfiability of sets can be checked. The following chapter

will illustrate this generality of L-MRP by exploring its application to probabilistic settings.
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Chapter 4

Explanation Generation under

Uncertainty

“We may have knowledge of the past but cannot
control it; we may control the future but have

no knowledge of it.”

— Claude Shannon

4.1 Introduction & Contribution

Previously, we demonstrated how logic can serve as an explainability layer for deterministic
planning scenarios through the Logic-based Model Reconciliation Problem (L-MRP). While
L-MRP showed the effectiveness of logic-based methods in generating explanations, it relies
on assumptions of deterministic knowledge that may not hold in many real-world applica-
tions. As Al systems are increasingly deployed in complex environments, they often must
make decisions based on incomplete or uncertain information, requiring us to extend our

framework to handle uncertainty.

The motivation for extending our work to handle uncertainty stems from the following ob-

servations:

e Inherent Uncertainty in Real-World Scenarios: Many real-world decision-making
processes involve uncertainty. For instance, in medical diagnosis, a doctor’s knowledge
base includes probabilistic relationships between symptoms and diseases. Traditional de-
terministic explanations, including those generated by L-MRP, may fail to capture the

nuanced reasoning required in such scenarios.
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e Limitations of Deterministic Model Reconciliation: While our previous work on
L-MRP provided valuable insights, it assumed that the Al agent had perfect knowledge
of the human’s model. In practice, an Al system’s understanding of human knowledge
is often incomplete or uncertain, necessitating a more flexible approach to explanation

generation.

e Need for Explanations in Single-Agent Scenarios: Not all explanation scenarios
involve model reconciliation between two agents. In many cases, an Al system needs to
explain its reasoning based on its own uncertain knowledge. This motivates our explo-
ration of probabilistic monolithic explanations, which can provide insights into an agent’s

decision-making process under uncertainty.

These observations indicate several challenges in generating explanations under uncertainty.
First, there is the issue of intrinsic uncertainty, where Al agents often operate with prob-
abilistic knowledge bases rather than deterministic rules. This uncertainty in the agent’s
knowledge adds complexity to the process of generating effective explanations. Second, the
presence of multiple competing hypotheses presents a challenge. Explanations may need to
consider alternative hypotheses and their relative likelihoods, requiring a more comprehensive
approach to explanation generation. Third, the quantification of uncertainty becomes im-
portant in these scenarios. Explanations should provide ways to express uncertainty through
quantitative or qualitative measures, allowing users to understand the degree of confidence
associated with different aspects of the explanation. Lastly, in model reconciliation scenar-
ios, we encounter the challenge of uncertain human models. The AI agent’s understanding
of human knowledge may itself be uncertain, adding another factor to consider in the task of
generating effective explanations. These challenges collectively suggest the need for refined

approaches to explanation generation in probabilistic environments.

To address these challenges, this chapter considers two distinct types of explanations and

makes the following contributions:

1. Probabilistic Monolithic Explanations: We present a framework for generating
explanations from a single, probabilistic knowledge base. This approach is suited for
scenarios where an Al system needs to explain its own reasoning without reference

to a human model. Given a probabilistic knowledge base B and an explanandum ¢,
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we aim to find explanations that increase the probability of ¢ being true. We intro-
duce the concepts of explanatory gain and explanatory power to quantify explanation

effectiveness.

2. Probabilistic Model Reconciling Explanations: We extend L-MRP to scenarios
with uncertain human models, addressing situations where explanations need to bridge
the gap between agent and human knowledge. Given an agent’s knowledge base KB,,
an explanandum ¢ entailed by KB,, and a human probabilistic knowledge base By,
we develop methods to find explanations that increase ’s probability for Bj while

minimizing conflicts between the explanation and By,.

By addressing both monolithic and model reconciling explanations in probabilistic settings,
our framework provides a comprehensive and flexible approach to explainability under uncer-
tainty. This work aims to contribute to the development of Al systems capable of providing
explanations in domains characterized by uncertainty, whether explaining their own reason-

ing or reconciling their knowledge with that of human users.

4.2 Essential Background

We will adopt a propositional language £ built from a finite set of atomic variables V =
{a,b,c,...}. A possible world is a truth-value assignment to each variable w : V — {T, F'},
where T" and F' denote truth and falsity respectively. The set of all possible worlds of £
is denoted by €. The simplest formulae in £ are atoms: Individual variables that may be
true or false in a given possible world. More complex formulae are recursively constructed
from atoms using the classical logical connectives. A model of a formula is a possible world
in which the formula is satisfied (i.e., evaluates to true). A knowledge base KB is a set
of formulae. If there exists at least one possible world w that satisfies all formulae in KB,
then KB is consistent, otherwise we say that KB is inconsistent. We use = to denote the
classical entailment relation and say that a (consistent) KB entails a formula ¢, expressed as

KB [ ¢, if and only if every model of KB is also a model of ¢, or equivalently, if KB U {—¢}
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is inconsistent. Unless stated otherwise, it is assumed that all formulae are expressed in

conjunctive normal form (CNF).?8

Given a knowledge base KB and a formula ¢, called the explanandum such that KB |= ¢, we

define a monolithic explanation for ¢ from KB as a minimal set of formulae that entails ¢:

Definition 18. (Monolithic Explanation) Let KB be a knowledge base and ¢ an explanandum
such that KB |= ¢. We say that € C KB is a monolithic explanation for ¢ from KB if and
only if: (i) € = ; and (i) B’ C € such that € |= p.%

Example 6. Consider the knowledge base KB = {p,—p V q,—p V r} build up from V =
{p,q,r}. Notice that KB |= q. Then, e = {p,—pV q} is a monolithic explanation for q from
KB.

Note that in this work we do not consider formulae ¢ = ¢ as monolithic explanations. These
trivial explanations, which are of the form “why ¢, because ”, are uninformative pertaining

the explanandum.

Building upon the foundation laid in Chapter 3, we define a model reconciling explanation,
which takes into account both the knowledge base KB,, of the agent providing an explanation

as well as the knowledge base KBy, of the human receiving the explanation:

Definition 19 (Model Reconciling Explanation). Given the knowledge bases of an agent KB,
and a human user KBy, as well as an explanandum ¢, such that KB, = ¢ and KBy £~ ¢,
E = (et,€e7) is a model reconciling explanation if and only if et C KB,, ¢~ C KBy, and
(KB,UeM) \ e .

When KBy, is updated with a model reconciling explanation £ = (¢t e7), new formulae et
from KB, are added to KB, and formulae ¢~ from KB, are retracted to ensure consistency.
Note that since a model reconciling explanation is from the perspective of the agent’s knowl-
edge base KB, we implicitly assume that if a formula in KBy, is inconsistent with KB, then

that formula is “false” from the perspective of the agent.

28 A CNF formula is a conjunction of clauses, where each clause is a disjunction of literals. A literal is
either an atom or its negation. This is not a restrictive requirement, since any propositional formula can be
transformed into a CNF representation.

29This definition is similar to the definition of support defined in the previous chapter.
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Example 7. Let KB, = {a,—aVb,—aVc} and KBy, = {—a,-~aVb} be the knowledge bases of
an agent and a human user, respectively, where KB, |= b and KBy, £ b. A model reconciling
explanation is then € = ({a}, {—a}), where (KB, U {a})\ {—a} = {a,—a V b} = b.

Modeling Uncertainty in Propositional Logic

Building on a propositional language £, we can model the uncertainty of propositional for-

mulae using a probability distribution over the possible worlds €2 of £. Formally,

Definition 20 (Probability Distribution). Let §2 be the set of possible worlds of the language
L. A probability distribution P on Q is a function P : Q> [0, 1] such that ZP(w) =1.

weN

In essence, a probability distribution over possible worlds creates a ranking between those
worlds with respect to how likely they are to be true. This then allows us to quantify the

uncertainty in a formula as follows:

Definition 21 (Degree of Belief). Let Q0 be the set of possible worlds and P a probability

distribution over §). The degree of belief in a formula ¢ € L is P(p) = ZP(w).
wk=e

We may refer to P(y) as degree of belief or probability of ¢ interchangeably. Note that the
possible worlds approach to probabilities is essentially equivalent to probabilities assigned

directly to the formulae [6].

Now, the probability distribution on 2 can be induced from a weighted knowledge base,

referred to as a belief base:

B ={(¢1,wn), ..., (o, wn)} (4.1)

where each formula ¢; € £ is associated with a weight w; € R*.3°

Intuitively, the weights serve as meta-information and reflect the certainty about the truth
of the corresponding formulae — the higher the weight, the more certain the formula is. In
that sense, formulae with higher weights are prioritized for satisfaction, effectively capturing

the certainty of the particular formulae. This mechanism is especially useful for handling

30We assume, without loss of generality, that all weights are non-negative because a formula with a negative
weight w can be replaced by its negation with weight —w.
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inconsistency and non-monotonic reasoning patterns, thus capturing a broader spectrum of

problems.?! Further, we will denote with B** the classical projection of B, that is, BY =

{0 | (¢4, w;) € B}.

Given a belief base B, one way to induce a probability distribution is the following:
1 n
Yw € Q, Pg(w) = - &XP (Zl:wz : ]I(w,cﬁi)) (4.2)

where [(w,¢) = 1 if w = ¢ and 0 otherwise, and Z = > exp ( Zwi-l(w,qbi)) is the
weN =1
normalization factor.

The induced probability distribution quantifies the likelihood that a given (possible) world
is the actual world. Higher formula weights amplify the (log-) probability difference between
a world that satisfies the formula and one that does not, other things being equal. Conse-
quently, worlds that violate fewer formulas are deemed more probable. Note that a belief
base B is essentially a log-linear model [15], from which a joint probability distribution of the
set of variables of £ is induced. Interestingly, log-linear models are special cases of Markov
Logic Networks and can represent any positive distribution [192]. When taken from context,

we will simply use P to denote the distribution induced from B.

Entailment in a belief base KB becomes graded, that is, we now say that B entails a formula
¢ with degree of belief P(¢). However, when all weights are equal and tend to infinity, a
belief base represents a uniform distribution over the worlds that satisfy it and, as such,
entailment of a formula can be answered by computing the probability of the formula and
checking whether it is 1. In other words, entailment under belief bases collapses to classical

entailment under knowledge bases. See [192] for a proof.

Finally, the weighted formulae in a belief base B can be viewed as soft constraints, i.e.,
formulae that need not to be satisfied. In contrast, hard constraints can be imposed as

formulae with “infinite” weights.??

31For example, the notion of inconsistency is relaxed as follows: Given two inconsistent formulae ¢ and
¢, if P(¢) = 0.9, then from the axioms of probability we have that P(—¢) = 0.1. This then means that the
worlds where —¢ is true are more unlikely than the worlds where ¢ is true, but not impossible.

n
32In practice, infinite weights can be replaced with Y w; + 1.
i=1
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4.3 A Framework for Probabilistic Explanation Genera-

tion

In this section, we outline a framework designed to extend the classical concepts of monolithic
explanation, as defined by Definition 18, and model reconciling explanation, as defined by

Definition 19, into probabilistic contexts.

4.3.1 Probabilistic Monolithic Explanations

Building on the classical notion of monolithic explanation presented in Definition 18, we
introduce the concept of a probabilistic monolithic explanation. This concept aims to account
for the uncertainty inherent in knowledge bases, providing a framework for explanations that
not only identify contributing factors for an explanandum but also quantify the uncertainty in
these factors. Throughout this section, we assume a belief base B and its induced probability
distribution P.

Formally, a probabilistic monolithic explanation for an explanandum ¢ from belief base B is

defined as follows:

Definition 22 (Probabilistic Monolithic Explanation). Let B be a belief base, B* its clas-
sical projection, and ¢ an explanandum. We say that ¢ C B is a probabilistic monolithic

explanation for ¢ from B if and only if P(¢ | €) > P(p).

Intuitively, a probabilistic monolithic explanation € seeks to increase the degree of belief in
the explanandum ¢. If P(p | €) > P(¢p), this then represents the case where € increases the
degree of belief in ¢ and the greater the value of P(p | €) the greater the degree of belief in
®.

Example 8. Consider the belief base B = {(a, 1), (-a V b,2)} and the explanandum b. The
probability of the explanandum is P(b) = 0.73. Then, €& = {a} and é& = {—a V b} are
two probabilistic monolithic explanations for b from B, that is, P(b| &) = 0.88 > P(b) and
P(b| &) = 0.78 > P(b).

It is important to note that Definition 22 can be extended to the case where the formulae

€ do not necessarily come from B, but rather from the language £. However, we restrict
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our attention only to formulae from B in order to be compatible with the classical notion
of monolithic explanations (see Definition 18) and the algorithms that we will present in
Chapter 5. For brevity, and until the end of this section, we will refer to probabilistic

monolithic explanations as monolithic explanations.

Looking at Example 8, we can see that monolithic explanations will typically vary in their
capacity to increase the degree of belief in the explanandum. In other words, each mono-
lithic explanation provides us with some explanatory gain for the explanandum. Following

Good [95, 96|, explanatory gain is defined as follows:*3

Definition 23 (Explanatory Gain of Monolithic Explanations). Let € be a monolithic ex-

planation for explanandum o from belief base B. The explanatory gain of € for ¢ is defined

as G(€, ) = log <P}(;@))> 34,35

In essence, the explanatory gain can be thought of as a measure that quantifies how well the
monolithic explanation € explains the explanandum ¢ or, equivalently, the degree to which
€ entails ¢. The greater the value of G(€, ), the more substantial the explanatory gain and,

hence, the more effective € is at explaining .

It is essential to recognize that this measure, while initially introduced to assess the weak
explanatory power of hypotheses in light of evidence [95], it is used here to evaluate mono-
lithic explanations. By quantifying the extent to which a monolithic explanation explains an
explanandum, we can systematically identify the most informative monolithic explanations

within a probabilistic framework.

Example 9. Continuing from Ezample 8, consider the monolithic explanations é& = {a},

és = {—na Vv b}, and é3 = {a,—a Vv b} for explanandum b. The explanatory gains of €, &,

and € for b are G(é,b) = log <P(bf‘§l)> log (§28) = 0.27, G(é&,b) = log (%) =

log (8 Zi) = 0.11, and G(&,b) = log ( b(| 6)3 ) = log (m) = 0.45, respectively.

Now, a natural course of action when seeking monolithic explanations for an explanandum

is to seek the one with the highest explanatory gain. While it is tempting to do this, it is

33Good [95] originally introduced this measure to quantify the (weak) explanatory power of a hypothesis
with respect to evidence, essentially evaluating how effectively the hypothesis explains the evidence.
34We use log with base 2 in our calculations.

35Note that G(€, ) is always positive due to the requirement of monolithic explanations that P(¢ | €) >
P(¢) (Definition 22).
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important to emphasize that when a monolithic explanation entails the explanandum, then

the explanatory gain takes on its greatest value. For example,

Example 10. Consider the three monolithic explanations €1, €, and €3 from Ezample 9.
Notice that é5 = {a,—a V b} entails b (i.e., €& = b) and that its explanatory gain is higher
than that of €, and €. As €, €a, and €3 are the only three possible explanations for b, G(és,b)

1s indeed the mazximum achievable explanatory gain for b.

We formalize this in the following proposition:

Proposition 2. Given a monolithic explanation € for an explanandum @ from belief base B,

if € = @, then G(€,p) achieves its mazimal value for o, specifically G(€ ¢) = —log P(yp).

Proof. 1f € = ¢, then for all possible worlds w in which w = €, it holds that w |= ¢. That is,

the worlds w in which € is true are subsumed by the worlds in which ¢ is true, which implies

> Pw)  Y.Pw)

wE=pAE wl=€

that also w = @Aé. Consequently, P(p|é) = S - Sh 1. Therefore, when € |= ¢,

wl=€ wl=é
Plol) _ _
20 ) = log (ﬁ) = —log P(yp). O

the explanatory gain of € for ¢ is G(€, ¢) = log <

The following corollary follows naturally from Proposition 2:

Corollary 1. Let E(g&) denote the set of all monolithic explanations for explanandum ¢
from belief base B. For any two monolithic explanations é,& € E(p), if & = ¢ and & = ¢

(resp. € V= ), then G(€1,¢) = G(&,p) (resp. G(€1,¢) > G(é,p)).

What Proposition 2 and Corollary 1 essentially underscore is that the exclusive focus on
explanatory gain as an evaluation metric for a monolithic explanation neglects the inherent
likelihood of the explanation itself. That is, the explanatory gain of a monolithic explanation
for an explanandum evaluates how effectively the explanation explains the explanandum,
assuming that the explanation itself is true. Nonetheless, this premise often lacks practical
relevance because, in probabilistic contexts, each monolithic explanation is associated with a
probability reflecting its likelihood for being true. Therefore, a good measure for evaluating

monolithic explanations should incorporate the explanation’s inherent plausibility.

Addressing this gap, Good [96] introduced the concept of (strong) explanatory power that

integrates the monolithic explanation’s explanatory gain with its probability, offering a more
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balanced metric for evaluating monolithic explanations.?® Building on Good’s measure of

explanatory power, we adapt it to our setting and define it as follows:3”

Definition 24 (Explanatory Power of Monolithic Explanations). Let € be a monolithic ex-
planation for explanandum ¢ from belief base B. The explanatory power of € for  is defined
as EP(&, @) = G(€,0) + 7 - P(€), where v € [0,1] is a constant.

This definition effectively combines the measure of how much a monolithic explanation ex-
plains the explanandum (explanatory gain) with the likelihood of the explanation itself,
mediated by a parameter v. The constant v serves as a tuning parameter, enabling the ad-
justment of the relative importance of the monolithic explanation’s probability in the overall
assessment of explanatory power. This flexibility is important for tailoring the evaluation
process to specific contexts or preferences, where the balance between the informativeness

of a monolithic explanation and its plausibility may vary.

Example 11. Consider the belief base B = {(a,1.5),(b,3),(-a V ¢,1),(=bV ¢, 1)} and the
explanandum c with initial probability P(c) = 0.84. Notice that & = {a,—a V ¢} and é& =
{b,=bV ¢} are two monolithic explanations for ¢ from B, each of which entail ¢ (i.e., & = ¢
and € = ¢), with probabilities P(é,) = 0.68 and P(é2) = 0.80, respectively. This means
that their explanatory gain for c is equal (Corollary 1), that is, G(&,¢) = G(€é,c) = 0.25.
Now, assuming v = 0.5, the explanatory power of € and é respectively is EP(é,c) =
0.25 4 0.5-0.68 = 0.59 and EP(é&,c) = 0.25+ 0.5-0.80 = 0.65.

With the introduction of explanatory power as an evaluative measure of (probabilistic) mono-
lithic explanations, we can now define a (probabilistic) preference relation among monolithic
explanations, which allows for a systematic approach to determining the most effective mono-

lithic explanation for a given explanandum:

Definition 25 (Preference Relation for Monolithic Explanation). Let €, and é; be two mono-

lithic explanations for explanandum ¢ from belief base B. €, is preferred over €;, denoted as
€1 = &, if and only if EP(&, ) > EP(é&, ¢).

36Good’s measure of (strong) explanatory power is defined as log (

and 0 < v < 1 a constant [96].
37For a detailed defense of Good’s measure as a quantitative criterion for explanatory power, alongside a

discussion of relevant properties and a comprehensive comparison with other measures, we refer the reader
to the work by Glass [93].

W), where h is a hypothesis
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This definition enables a quantitatively grounded approach to preference among monolithic
explanations, where the preference is directly tied to the explanatory power of each expla-
nation. It facilitates a structured way to navigate the space of potential monolithic expla-
nations, prioritizing those that not only explain the explanandum more effectively, but also

align more closely with the existing knowledge represented by the belief base B.

Example 12. Continuing from Ezample 11, the two monolithic explanations for ¢ from B
are € and € and have explanatory power EP(€,c) = 0.59 and EP(é&,c) = 0.65. Thus, é is

preferred over €, (i.e., €& = €1 ).

Finally, given the set of all monolithic explanations for an explanandum, we say that a
monolithic explanation is most preferred if and only if it is (probabilistically) preferred over

every other possible monolithic explanation for that explanandum. Formally,

Definition 26 (Most-Preferred Monolithic Explanation). Let E(p) denote the set of all
monolithic explanations for explanandum ¢ from belief base B. A monolithic explanation

& € E(p) is the most-preferred monolithic explanation if and only if & = € for all € € E(p).

In the next section, we consider how probabilistic monolithic explanations will look like for

the model reconciliation problem.

4.3.2 Probabilistic Model Reconciling Explanations

Recall that, in the model reconciliation problem (MRP), the models of the agent and the
human user diverge with respect to an explanandum, insofar as the explanandum is explicable
in the agent’s model but inexplicable in the human’s model. The goal is then to find a model
reconciling explanation (i.e., a set of model differences) such that the explanandum becomes
explicable in the human’s model. Three important assumptions underlying MRP typically
hold: (1) the agent model is the ground truth; (2) the agent has access to the human model;

and (3) both models are deterministic.

Generally, assumption (1) is reasonable since explanations are generated from the agent’s
perspective. In other words, the agent “thinks” that its model is correct. For assumption
(2), the agent does not have access to the human’s actual model, but an approximation

of it. In the worst case, it can be empty; but, practically, it can be approximated based
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on past interactions [205, 124]. For assumption (3), we will relax the assumption that the
human model is deterministic in our work, but we will still assume that the agent model is

deterministic.

The motivation for moving away from deterministic human models becomes stronger when
we consider two key points. First, since the agent is using an approximated human model,
deterministic approximations are more likely to be inaccurate compared to probabilistic
ones. Consequently, deterministic models may generate explanations that are incorrect or
not meaningful for the user, thereby reducing the effectiveness of MRP. Secondly, it is likely
that humans hold beliefs with varying degrees of certainty, highlighting a shortfall of deter-
ministic models in capturing this range of uncertainties. These factors together underscore
the necessity for models that incorporate probabilistic aspects, thus potentially enabling a

more accurate and user-relevant application of MRP.

To that end, we will now expand the scope of MRP to cases in which the agent is uncertain
about the human model. Particularly, we build on Definition 19 and extend it to the case
where the human knowledge base is probabilistic (i.e., a belief base). In other words, we are

now interested in probabilistic model reconciling explanations.

First, we show through the following example how the concepts surrounding probabilistic
monolithic explanations introduced in the previous section are applicable to the case of an

agent knowledge base KB, and a human belief base B;,.

Example 13. Let KB, = {a,—a V b,c} and By, = {(c,2),(—c V —a,2)} be the knowledge
bases of an agent and the belief base of a human, respectively. Additionally, let b be the
explanandum, where KB, = b and Py (b) = 0.5. The goal in this example would then be to
find which formulae from KB, increase the probability of the explanandum for By, that is, to
find a probabilistic monolithic explanation € for b from KB, for By, such that Py (b|€) > Py (b)
(Definition 22).

Given KB, there are three possible monolithic explanations: € = {a}, é = {—a V b}, and
es = {a,—a V b}. Evaluating them with respect to the probability distribution induced by By,
we get Pp(b| €)= 0.5, Py(b|é&) = 0.55, and P,(b|€é) = 1. Notice now that only €& and é;
qualify as monolithic explanations since Py(b | &) > Py(b) and Py(b| €) > Pn(b), whilst &
does not qualify as a monolithic explanation as P,(b| €& ) = Py(b) = 0.5.
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Given €y and €3 as the two possible monolithic explanations, we can now evaluate their effec-
tiveness in terms of explanatory gain (Definition 23) and explanatory power (Definition 2/).
In terms of explanatory gain, we get G(€,b) = 0.14 and G(é;,b) = 1. In terms of explana-
tory power (for v = 0.5), we get EP(é,b) = 0.59 and EP(é,b) = 1.04. Finally, following
the definition of most-preferred monolithic explanation (Definition 26), we get that €3 is the

most-preferred monolithic explanation for b from KB, for Bj,.

On the one hand, example 13 shows that the definitions introduced in Section 4.3.1 can be
directly applied to the case of an agent knowledge base KB, and a human belief base B;.
On the other hand, there is something important to highlight here. Despite é3 being the
most-preferred monolithic explanation (i.e., it has the highest explanatory power), notice
that its probability P,(€3) = 0.09 is rather low, which means that its negation —é; has a
much higher probability with P,(—€é3) = 0.91. Logically, this is explained by the fact that €3
is inconsistent with the formulae in Biw. Therefore, the probabilistic monolithic explanation

€3 may not achieve the intended “reconciliation” between the agent and the human.

Recall that a model reconciling explanation (see Definition 19) is of the form & = (e7,¢7),
where €~ is specifically intended to resolve the inconsistency between the agent and the
human with respect to the explanandum. Intuitively, the provision of e~ can be thought of
as the agent’s suggestion of what is “false” in the human knowledge base, at least compared
to the agent knowledge base. In the case of a human belief base By, we can account for e~

by finding a set of formulae from By, such that P,(e™ | me™) > P,(e"). For example,

Example 14. Let KB, = {a,—a V b,c} and B, = {(¢,2),(—cV —a,2)} from Ezample 13.
From the perspective of KB, explanation é = {a,—a V ¢} can be seen as the formulae that
should be true (e.g., added) in By, (i.e., €* = €). However, notice that € is inconsistent
with Btw = {¢,—cV —a}. Thus, from the perspective of KB,, some formulae from Biw are
false (e.g., they should be retracted). One can see that € = —cV —a is the only formula that
should be false as it is the only one that is inconsistent with KB,. Indeed, if €= is assumed
to be false, then the probability of € increases, i.e., Py(€" | =€) = 0.5 > Py(é") = 0.09.

Therefore, €T and €~ can be seen as a model reconciling explanation for b from KB, for By,.

Before formally defining what constitutes a probabilistic model reconciling explanation, we

state the following assumptions underlying our framework:
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e Shared Domain Language: The agent and the human user share the same (propo-
sitional) language L, that is, they share the same set of atomic variables V from which

formulae specific to a domain can be constructed.

e Agent Knowledge Base: The agent model is represented by the (deterministic) knowl-
edge base KB, encoding the ground truth of the domain.

e Human Belief Base: The human model is represented by the belief base B, (and its
associated probability distribution Py ), reflecting the agent’s uncertainty, for example, its

degrees of belief about the human model. The agent has access to B, a-priori.®8

We define a probabilistic model reconciling explanation as follows:

Definition 27 (Probabilistic Model Reconciling Explanation). Given the knowledge base
KB, of an agent, the belief base By of a human user, and an explanandum ¢ such that
KB, = ¢ and Py(p) < 1, € = (€7,&) is a probabilistic model reconciling explanation, if and
only if & C KB, and & C B}, and Py(p | &) > Py(p) and P,(E" | —é™) > Py(eh).

A probabilistic model reconciling explanation £ = (€T, &™) for ¢ from KB, for By, is a tuple
that increases the degree of belief in ¢ with €, as well as increasing the degree of belief in
€™ with € if €t is inconsistent with B}tw. For brevity, until the end of this section, we will
refer to probabilistic model reconciling explanations € as model reconciling explanations. In

this context, the notion of explanatory gain takes the following form:

Definition 28 (Explanatory Gain for Model Reconciling Explanations). Let & = (€, &) be

a model reconciling explanation for explanandum ¢ from KB, for By,. The explanatory gain
of € for ¢ is defined as G(&, p) = log (P(lf(—[;)ﬂ) + log <%>.

In essence, the explanatory gain of & = (€T, &) for  evaluates to what extent € increases
the probability of ¢, as well as the extent to which ¢~ increases the probability of €*, assuming
that €~ is false.

Example 15. Let £ = ({a,—a \V b}, {—cV —a}) be the model reconciling explanation for b
from KBy for By in Ezample 14. The explanatory gain of € for b is G(c‘f,b) = log (%) +
log () =1+ 2.47 = 3.47.

38We leave the question of acquiring (or learning) the human belief base open for future work.
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Similarly, the notion of explanatory power is defined in the following way:

Definition 29 (Explanatory Power for Model Reconciling Explanations). Let £ = (€7,¢7)
be a model reconciling explanation for explanandum ¢ from KB, for By,. The explanatory
power of € for ¢ is defined as EP(E,p) = Gu(E,¢) + - (Pu(€Y) 4+ Py(¢7)), where v € [0,1]

18 a constant.

This definition of explanatory power of £ = (€T, &) for o assesses, in addition to the explana-
tory gain of &, the likelihoods of é* and ¢, with v parameterizing their relative importance

in the overall assessment.

Example 16. Continuing from Example 15, the explanatory power of £ = ({a,~aVb}, {~cV
—a}) for b (for v = 0.5) is EP(£,b) = 3.47 + 0.5 - (0.09 4 0.90) = 3.96

Finally, a preference relation and a most-preferred model reconciling explanation can be

defined in the same manner as in Definition 25 and Definition 26, respectively.

Definition 30 (Preference Relation for Model Reconciling Explanation). Let & and & be
two model reconciling explanations for explanandum ¢ from knowledge base KB, for beleif
base By,. &, is preferred over &, denoted & = &, if and only if EP(£,) > EP(&,).

Definition 31 (Most-Preferred Model Reconciling Explanation). Let E(p) denote the set
of all model reconciling explanations for explanandum o from knowledge base KB, for belief

base By,. A model reconciling explanation £ € E(np) is the most-preferred model reconciling
explanation for ¢ if and only if £ = & for all ESE(y).

4.4 Related Work

In this chapter, we presented a framework for probabilistic explanation generation in mono-
lithic and model reconciliation scenarios. In the monolithic case, our definition of a prob-
abilistic monolithic explanation (Definition 22) may appear similar to what was proposed
by Gérdenfors [87]. Nonetheless, an important distinction here is that Gérdenfors is deal-
ing with epistemic states that do not contain the explanandum, while we are dealing with
belief bases that do contain the explanandum. We also define a different notion of explana-

tory power as well as present algorithms for computing explanations. Urszula et al [32]
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have also considered the problem of defining what constitutes a (monolithic) explanation in

probabilistic system, however they focus on epistemic states defined over causal structures.

The notion of (monolithic) explanation has also been explored by the probabilistic logic pro-
gramming (PLP) community [56, 76|, a formalism that extends logic programming languages
(i.e., Prolog) with probabilities. In PLP, explanations have been associated with possible
worlds. For instance, the MPE (most probable explanation) task consists in finding the
world with the highest probability given some evidence [200]. However, a world does not
show the chain of inferences of a given explanandum and, moreover, it is not minimal by def-
inition, since it usually includes a (possibly large) number of probabilistic facts whose truth
value is irrelevant for the explanandum. Another alternative consists in using the proof of
an explanandum as an explanation [142], where one can associate a proof with a (minimal)
partial world w’ such that for all worlds w O W', the explanandum is true in w. In this case,
one can easily ensure minimality, but even if the partial world contains no irrelevant facts, it
is still not easy to determine the chain of inferences behind a given explanandum. Renkens
et al. [190] have tackled explanation generation in PLP from the perspective of weighted

model counting and knowledge compilation.

In the model reconciliation setting, we have extended our work on the logic-based model
reconciliation problem from Chapter 3 to a probabilistic case (Definition 40) for capturing
scenarios where the human model is uncertain. Sreedharan et al. [205] proposed a method
for generating explanations in the case of uncertain human models, however, their approach
is limited to planning problems, and importantly, it does not quantify the uncertainty levels
of the generated explanations, that is, there is no notion of probabilistic explanation. In
contrast, the application of probabilistic explanations in the context of model reconciliation

that we consider in this work is, to our knowledge, novel.

4.5 Concluding Remarks

This chapter has addressed the challenge of generating explanations in environments char-
acterized by uncertainty. Our work aims to bridge the gap between classical explanation
models and the inherent uncertainty prevalent in real-world scenarios. We have made two

primary contributions:
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1. Probabilistic Monolithic Explanations: We developed a framework for generating
explanations within uncertain knowledge bases. This approach is particularly relevant
for scenarios where an Al system needs to explain its own reasoning process. We
introduced the concepts of explanatory gain and explanatory power as quantitative
measures to evaluate the effectiveness and relevance of explanations, offering a more

detailed assessment of explanation quality in probabilistic settings.

2. Probabilistic Model Reconciling Explanations: We extended the model recon-
ciliation problem to address situations where the human model is not known with
certainty. This contribution addresses the need to reconcile model differences between
an agent and a human user in scenarios where perfect knowledge of the human’s un-

derstanding is unavailable.

While this work represents a step forward in explanation generation under uncertainty, it
also reveals areas for future research, particularly in the model reconciliation setting. Our
current approach assumes a classical knowledge base for the agent model. Future research
could explore scenarios where the agent’s model is also probabilistic, leading to the challenge
of reconciling two belief bases. This presents significant challenges due to the complexity of

probabilistic logic and the need to account for uncertainty in both models.

Reconciling two sets of beliefs, each with its own probability distributions, to achieve a
coherent understanding that accurately reflects the true state of affairs or intentions, is a
complex task. Future work could investigate methods to ensure that the reconciled belief
base maintains a meaningful probability distribution over its assertions, considering both

logical consistency and probabilistic coherence.

While this work represents a step forward in explanation generation under uncertainty, it also
reveals areas for future research. One promising direction is the extension of our methods
to other probabilistic logic frameworks. For instance, our approaches could potentially be
adapted to work with Markov Logic Networks (MLNs) [192], which combine first-order logic
with probabilistic graphical models. Such an extension could leverage the expressive power
of MLNs to handle more complex uncertain knowledge representations. Furthermore, explo-
ration of other probabilistic logic formalisms, such as Probabilistic Logic Programming |77],

could yield insights into generating explanations in different types of uncertain reasoning
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systems. Each of these frameworks has unique characteristics that could influence the expla-
nation generation process and potentially lead to new methods for quantifying explanatory

power in these contexts.

In the model reconciliation setting, future research could explore scenarios where both the
agent’s and the human’s models are uncertain. This presents significant challenges due to
the complexity of probabilistic logic and the need to account for uncertainty in both models.
Reconciling two sets of belief based, each with its own probability distributions, to achieve
a coherent understanding that accurately reflects the true state of affairs or intentions, is a
complex task. Future work could investigate methods to ensure that the reconciled belief base
maintains a meaningful probability distribution over its assertions, considering both logical
consistency and probabilistic coherence. This could involve developing new techniques for
belief merging in probabilistic logics or adapting existing approaches from belief revision

theory to handle probabilistic knowledge bases.

These research directions highlight the potential for further extending logic’s role as an
explainability layer in probabilistic settings. As Al systems continue to evolve and handle
increasingly complex uncertain scenarios, the need for effective explanations becomes even
more critical. Our framework contributes to the development of explainable Al systems that
can handle uncertainty while maintaining the formal rigor and clarity that logic provides as

an explainability layer.

However, a crucial challenge remains: how can we efficiently compute these explanations
in practice? While this chapter has established the theoretical foundations for explanation
generation under uncertainty, the next chapter addresses the computational aspects of our
framework. We will show how the theory of hitting sets can be leveraged to develop efficient
algorithms for computing both deterministic and probabilistic explanations, moving our

logical explainability layer closer to real-world applications.
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Chapter 5

Exploiting Hitting Sets for Efficient

Explanation Computation

“Fx Falso Quodlibet.” (From falsehood,
anything)
— William of Soissons

5.1 Introduction & Contribution

The preceding chapters established the theoretical foundations for logic-based explanation
generation. We introduced the Logic-based Model Reconciliation Problem (L-MRP) for
deterministic settings and extended it to handle probabilistic knowledge bases, providing a
framework for both monolithic and model reconciling explanations. However, to bridge the
gap between theory and practice, we must develop efficient algorithms capable of computing

these explanations in practice.

This chapter presents a general algorithmic approach for computing explanations, applica-
ble across various domains and extending beyond our initial focus on planning problems.
Our approach leverages the fundamental duality between minimal correction sets (MCSes)
and minimal unsatisfiable sets (MUSes), a relationship explored in different contexts by re-
searchers such as Reiter [189] (as diagnoses and conflicts) and Kleer et al. [53] (relating them

to prime implicates and prime implicants in propositional logic).

By exploiting this duality, we develop algorithms that compute explanations in both deter-

ministic and probabilistic settings. The main contributions of this chapter are:
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1. Two algorithms for explanation generation:

e An algorithm for computing classical (deterministic) monolithic explanations.
e An algorithm for computing classical (deterministic) model reconciling explana-

tions.

2. Adaptation techniques for these algorithms to compute probabilistic explanations,

building upon the frameworks introduced in the previous chapter.

3. An evaluation of the algorithms’ efficiency and scalability, demonstrating their appli-

cability to problems beyond the planning domain.

This approach to explanation computation addresses a crucial challenge in making logic-
based explainability practical: the need for efficient generation of explanations across various
problem types and knowledge representations. By providing algorithms that work efficiently
in both deterministic and probabilistic settings, we demonstrate how our logical explainabil-
ity layer can handle the complexities and uncertainties present in various scenarios while

remaining computationally tractable.

5.2 Essential Background

We adopt a propositional language language £ and all definitions that are described in
Chapter 5 (Section 4.2).

Duality of Minimal Unsatisfiable and Minimal Corrections Sets

Definition 32 (Minimal Unsatisfiable Set (MUS)). Given an inconsistent knowledge base
KB, a subset M C KB is an MUS if M 1is inconsistent and YM' C M, M’ is consistent.

Definition 33 (Minimal Correction Set (MCS)). Given an inconsistent knowledge base KB,
a subset C C KB is an MCS if KB\ C is consistent and ¥C' C C, KB\ C’ is inconsistent.

By definition, every inconsistent KB contains at least one MUS.
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Definition 34 (Partial MUS). A set of formulae ® is a partial MUS of an inconsistent
knowledge base KB if there exists at least one MUS M C KB such that ® C M.

Partial MUSes in an inconsistent knowledge base KB appear when a subset of formulae is
set as hard, that is, formulae that must always be satisfied in a solution. Conversely, soft
formulae may not always be satisfied. Given a formula ¢, we will write ¢* with * € {s,h}

to denote it as soft and hard, respectively.

MUSes and MCSes are related by the concept of minimal hitting set:

Definition 35 (Minimal Hitting Set). Given a collection I of sets from a universe U, a
hitting set for T' is a set H C U such that VS € ', HNS # 0 and PH' C H such that
H NS #0.

The relationship between MUSes and MCSes is discussed by Liffiton ¢ al. [156, 155], and it
was firstly presented by Reiter [189], where MUSes and MCSes are referred to as (minimal)

conflicts and diagnoses, respectively.

Proposition 3. A subset of an inconsistent knowledge base KB is an MUS (resp. MCS) if
and only if it is a minimal hitting set of the collection of all MCSes (resp. MUSes) of KB.

It follows from the above proposition that a cardinality minimal MUS (resp. MCS) is a
minimal hitting set. Cardinality minimal MUS are referred to as SMUS, whereas a cardinality
minimal MCS corresponds to the complement of a MaxSAT solution [154]. We may refer to

a cardinality minimal set as a minimum or smallest set.

Lemma 1. Given a subset H of all the MCSes of knowledge base KB, a hitting set is an
SMUS if: (1) It is a minimal hitting set h of H, and (2) The subformula induced by h is

mconsistent.

See the work by Ignatiev et al. [117] for a proof.

Proposition 3 and Lemma 1 naturally extend to the case of partial MUS. Note that when
some formulae are set as hard in an inconsistent knowledge base, the set of all MCSes is a
subset of the soft formulae. In this case, every minimal hitting set on the set of all MCSes
is a partial MUS.

Finally, MUSes and monolithic explanations are related by the following:
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Proposition 4. Given a knowledge base KB, a consistent set of formulae ¢ C KB is a
monolithic explanation for ¢ from KB (Definition 18) if and only if € is a partial MUS of

eU{~ep}.

Example 17. Let KB = {p,—pV q,-pV r} and ¢ = {p,—pV q} from Ezample 6. Notice
how M = {p,—pV q,—q} is an MUS of KBU{—q}. Then, it is easy to see that € is a partial
MUS of M.

5.3 Exploiting Hitting Sets

We now describe our algorithms for computing explanations. We first show how to exploit the
hitting set duality of MUSes and MCSes for computing classical (deterministic) monolithic
explanations (Definition 18) and model reconciling explanations (Definition 19), and then

show how to extend it to probabilistic settings.

5.3.1 Classical Explanations
Monolithic Explanations

We consider a knowledge base KB and an explanandum ¢ such that KB |= ¢. The principal
idea of this approach is to reduce the problem of computing a monolithic explanation of
minimum size to the one of computing a smallest minimal unsatisfiable set (SMUS) over an

inconsistent knowledge base [117].

In particular, notice that, by definition, we have that KB |= ¢ if and only if KB U {—¢}
is inconsistent. Moreover, in Proposition 4, we have already stated the relation between a
monolithic explanation and a minimal unsatisfiable set (MUS). This suggests that, in order
to extract a monolithic explanation, we just need to run an MUS solver over the knowledge
base KB® U {—=¢"}, where KB® and " denote that KB and ¢ are treated as soft and hard

constraints, respectively, and then remove —p from the returned MUS.* The hitting set

39Recall that soft constraints may be removed by the MUS solver, while hard constraints will not be
removed.
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Algorithm 5.1: monolithic-explanation(KB, ¢)

Input: Knowledge base KB and explanandum ¢
Result: A minimum size monolithic explanation e for ¢ from KB
H 0
while true do
seed <— minHS(H) // compute a minimal hitting set
€+ {c | i€ seed}
if not SAT(e U {—¢p}) then
‘ return e // minimum size monolithic explanation
else
L C < getMCS(seed, KB® U {—¢"}) // compute a minimal correction set

| H+HU{C}

duality relating MUSes and minimal correction sets (MCSes) (see Lemma 1) is a key aspect

for the computation of an SMUS.

Algorithm 5.1 describes the main steps of our approach. H is a collection of sets, where each
set corresponds to an MCS on KB. At the beginning, it is initialized with the empty set
(line 1). Each MCS in H is represented as the set of the indexes of the formulae in it. H
stores the MCSes computed so far. At each step, a minimal hitting set on H is computed
(line 3). In line 4, the formulae induced by the computed minimal hitting set is stored in e.
Then, e U {—p} is evaluated for satisfiability (line 5). If e U {—¢} is inconsistent, then € is a
monolithic explanation of minimum size and the algorithm returns e. If instead e U {—¢} is
consistent, then it means that € [~ ¢ and the algorithm continues in line 8. The computation
of an MCS of this kind can be performed via standard MCS procedures [165], using the set
of formulae indexed by the seed as the starting formula to extend. Since ¢ is set to hard
(line 8), the returned MCS C is guaranteed to be contained in KB. Due to the hitting set
duality relation, we will also have ¢ C KB. Finally, notice that the procedure getMC'S
always reports a new MCS because, by construction, we have seed C KB\ C. In fact, the
seed contains at least one formula for each previously computed MCS and, thus, seedNC = ()
(i.e., at least one formula for each previously computed MCS is not in C). Example 18 shows

an example trace of the algorithm.

Algorithm 5.1 is complete in the sense that eventually a monolithic explanation ¢ C KB of
minimum size such that € = ¢ will be returned. This can be easily verified by observing

that every time e U {—p} is satisfiable, a new MCS is computed. Eventually, all the MCSes
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will be computed and, from Propositions 3 and 4, it follows that a minimal hitting set on
the collection of all MCSes corresponds to the smallest MUS, and as such, to a monolithic

explanation of minimum size.

Note that deciding whether there exists a monolithic explanation of size less or equal to &
is ¥b-complete and extracting a smallest monolithic explanation is in FP>2. This follows
directly from the complexity of deciding and computing an SMUS on which Algorithm 5.1
is based on [117].

c c c
Example 18. Consider the following knowledge base KB :(a\/lb) A (ﬂbi/c) A (—|3c)

Cy
A (=bV d)

We have that KB = a. The execution of Algorithm 5.1 proceeds as follows:

1. Initialize: H <~ 0

2. Compute seed < () (minHS(H))
3. Check 0 |~ a (SAT(eU{-a}))
4. Compute C <+ {C1} (MCS on KB* U {-a"} with seed)

5. Update H <+ {{C1}}

6. Compute seed < {C} (minHS(H))
7. Check {aV b} I a (SAT(e U {~a}))
8. Compute C <+ {Cs} (MCS on K B* U {-a"} with seed)

9. Update H + {{C1},{Cs}}

10. Compute seed + {C1,Cs} (minHS(H))
11. Check {aV b,-bV c} £ a (SAT(e U {—a}))
12. Compute C < {Cs} (MCS on K B* U {—a"} with seed)

13. Update H {{Cl}a {02}7 {03}}
14. Compute seed < {C1,Cy, Cs} (minHS(H))
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Algorithm 5.2: model-reconciling-explanation(KB,, KB, ¢)

Input: Knowledge bases KB, and KB;, and explanandum ¢
Result: A model reconciling explanation €& = (e*,e7) for ¢ from KB, for KB,

R+ 0

KB! «+ KB, NKB,

KB «+ KB, \ KB"

if not SAT(KB, UKB,) then
E~ + getMCS((KB;, \ KB,)* UKB!)
KB, + KBy, \ E~

while true do

seed <— minHS(R)

if not SAT(KB, Ue™ U {—¢}) then
e« 10
if not SAT(KB, Uet U E™) then
| € getMCS((KB, Ueh)" U (E7)%)
return (et e)
else
C < getMCS(seed, KB U {~¢"} UKB?)
R+ RU{C}

// restore consistency on KBy

et < {c; | i € seed} // explanation et induced by the seed

15. Check {aV b,-bV ¢c,—c} Ea

16. Return {Cy,Cy,C3}

(~SAT(e U {-a}))

(monolithic explanation for a from KB)

The algorithm terminates, returning the set {a V b,=bV ¢,—c} as the minimum size support

for a from KB.

Model Reconciling Explanations

We now show how Algorithm 5.1 can be further extended for computing model reconciling

explanations & = (e*,e7) for an explanandum ¢ from an agent knowledge base KB, for a
human knowledge base KBy, where where e C KB, and e~ C KBy, such that (KB, Ue™)\

€ =
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Algorithm 5.2 describes the pseudocode of our approach. At the beginning of the algorithm,
we initialize R to the null set (line 1). R is used to store the MCSes, which acts as a
mediator between KB, and KBy,. Lines 2-3 are used to specify which clauses of KB, will be
treated as hard and soft constraints, respectively. We then check if KB, UKB,, is inconsistent
(line 4). This is important in order to avoid the possibility of finding subsets e* that explain
why KB, U KB, is inconsistent instead of the target explanandum. In case KB, U KB, is
inconsistent, we preprocess KBj, by removing from KB, \ KB, a minimal set of formulae
causing the conflict (i.e., an MCS) (lines 5-6), where E~ stores the set of potential formulae e~
to retract. The reconciliation procedure starts in line 7. The algorithm proceeds iteratively
by computing a minimal hitting set on R and then testing for satisfiability the formulae
et (lines 8-10). The test checks whether adding et to KB, is sufficient for entailing .
If KBy Uet U {-p} is unsatisfiable, then KB, U e" = . In that case, the algorithm
then checks whether KB;, U et U E~ is inconsistent, and if it is, it computes an MCS e~ on
(KBLUe™)"U(E™)* (lines 12-13). The model reconciling explanation (¢, ¢~) is then returned
in line 14. Otherwise, the algorithm continues in line 16, where a new MCS is computed and
added to R. Note that the algorithm is complete as it is based on Algorithm 5.1, which is

complete. Example 19 shows an example trace of the algorithm.

Example 19. Consider the following knowledge bases KB, and KBy,:

C1 Co Cs Cy Cs
KB, ={(aVb),(=bVc),—c,(—-bVd),d}

D1 Do

KB ={b,~c}
We have that KB, = a and KBy, £ a. The execution of Algorithm 5.2 proceeds as follows:

1. Initialize: R + )

2. Compute KB" « KB, NKB,, = {C;}

3. Compute KB: <+ KB, \ (KB, NKB,) = {C4,Cy, Cy, Cs}

4. Compute E~ < {D:} (MCS on (KBj, \ KB,)® UKB!)

5. Update KBy, < {Dy, Dy} \ {D1} = {D>}
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6. Compute seed + () (minHS(R))
7. Check {—c} t~ a (SAT(KBj, U et U {-a}))
8. Compute C + {C,} (MCS on KB UKB? U {-a"})

9. Update R «+ {{C1}}

10. Compute seed < {C1} (minHS(R))
11. Check {—c,aV b} |~ a (SAT(KBp Uet U{=a}))
12. Compute C < {Cy, Cy} (MCS on KB UKB? U {-a"})

13. Update R + {{C1},{Cs,C4}}

14. Compute seed < {C1,Cy} (minHS(R))
15. Check {—c,aVb,—=bVd} |~ a (SAT(KBpUet U{-a}))
16. Compute C + {Cy,Cs} (MCS on KB UKB? U {-a"})

17. Update R <+ {{C1},{Cs, Cy},{Cs,C5}}

18. Compute seed <+ {C1,Cs} (minHS(R))
19. Check {~¢,aV b,~bV ¢} = a (~SAT(KB), Uet U {=a}))
20. Compute e <+ {D;} (MCS on (KBj, Uet) U (E7)*)
21. Return ({Cy,Cy},{D:}) (model reconciling explanation for a from KB, for KBy)

The algorithm terminates, returning the pair ({a V b,=bV c},{b}) as the model reconciling

explanation for a from KB, for KBy,.

5.3.2 Probabilistic Explanations

We now show how the algorithms described in the previous section can be used for comput-
ing probabilistic monolithic explanations (Definition 22) and probabilistic model reconciling

explanations (Definition 40).
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Monolithic Explanations

Consider an explanandum ¢ and a belief base B. First, notice that if we assume that the
classical projection of B entails the explanandum ¢, that is B* |= ¢, then Algorithm 5.1
can directly be applied on B¥ and ¢.%° In that case, Algorithm 5.1 guarantees to find a
monolithic explanation with maximum explanatory gain, since we know from Proposition 2
that explanatory gain achieves its maximum value for ¢ when the monolithic explanation
entails . Nevertheless, this does not guarantee that the monolithic explanation will be the

most-preferred one, that is, the one with the highest explanatory power (Definition 26).

Obviously, a straightforward way of computing a most-preferred monolithic explanation is to
use Algorithm 5.1 to enumerate all possible monolithic explanations for ¢, and return the one
that has the highest probability, which corresponds to the one with the highest explanatory
power. But enumerating through all possible monolithic explanations and computing their
probabilities can be computationally prohibited, as even extracting a smallest monolithic
explanation is in F'/P> [117] and computing the probability of a formula is # P-complete [196,
38]. We can, however, account for this high computational complexity by seeking for a

monolithic explanation that is guaranteed to have a probability above a certain threshold.

First, the following lemma notes that for all possible monolithic explanations € for explanan-

dum ¢, the following upper and lower probability bounds hold:

Lemma 2. Let E(gp) be the set of all monolithic explanations for explanandum o from belief
base B, where € = ¢ for all € € E(gp), and let wy be the most-probable world in which ¢ is
true. Then, for any é € E(y), it holds that P(w,) < P(&) < P(p).

Proof. For the upper probability bound, since we assume that for all € € E(), € |= ¢, then
it must hold that for all € € E(y), the worlds where ¢ is true are subsumed by the worlds
where ¢ is true (entailment property). This implies that for any é € E(p), P(¢) < P(y).

For the lower bound, since w; is the most-probable world of ¢, that is, the world where the
highest number of formulae from B are satisfied, then all monolithic explanations for ¢ must
be true in wy (i.e., wy |= €). As such, for any € € E(y), P(¢€) > P(w;). O

40Recall that the classical projection of belief base B is the unweighted version of the set of formulae from

B.
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However, some monolithic explanations may have a higher lower probability bound. For-

mally, we call such explanations k-bounded monolithic explanations:

Definition 36 (k-Bounded Monolithic Explanation). Let E(y) be the set of all monolithic
explanations for explanandum ¢ from belief base B. Let Q(¢) = {wi,...,w,} be the set

of possible worlds in which ¢ is true, where P(wy) > Plws) > ... > P(wy,). Also let
k

I, = ﬂ{qb | ¢ € B, w; = ¢} be the intersection of formulae that are true in worlds w; to
i=1

wi. We say that € € E(p) is a k-bounded monolithic explanation for ¢ from B, with lower
k
bound P(€) > ZP(wi), if and only if € C 1.
i=1
Example 20. Consider the belief base B = {(a, 1), (—aVb,3), (¢,2), (—cVb,1)} and ezplanan-
dum b. The two monolithic explanations for b from B that entail b are €, = {a,—a V b} and
éa = {c,—c V b}, where P(€1) = 0.64 and P(é) = 0.77. Notice that there are four possible
worlds in which b is true: wy = {a = T,)b = T)c =T}, wy = {a = F,b = T,c =T},
w3 ={a=Tb=T,c=F}, andwy = {a = F,b = T,c = F}, where P(w;) = 0.57,
P(wy) = 0.20, P(ws) = 0.07, and P(ws) = 0.02. The mazimum number of intersec-
tions that entail b is k = 2 (i.e., Iy = {—a V b,c,—c V b}). Indeed, é&s C Iy and
P(&) = 0.77 = P(w1) + P(w2). Finally, notice how é is also the most-preferred mono-
lithic explanation for b from B; for v = 0.5, EP(éy,b) = 0.57 > EP(é,b) = 0.50.

Proposition 5. Let B be a belief base and ¢ an explanandum. A 1-bounded monolithic
explanation € for ¢ from B always exists.

Proof. The proof follows directly from Lemma 2. m

Interestingly, there also exists a maximal k-bounded monolithic explanation.

Corollary 2. If I} = ¢ and I 11 [~ @, then 3€ C Iy, with maximal lower bound P(€) > P(Iy)

Proof. First, notice that if I = ¢ and Iy [~ ¢, then Iy = forall j=1,...,n— k. As
such, k is the maximum number of intersections (from w; to wy) such that I, = ¢. Thus,
since € = ¢ for all € € E(p), it must be the case that there exists at least one ¢ such that
€ C I, from which we know that P(I;) < P(€). Moreover, as I is the set of formulae

that are true in worlds w; to wy, its probability must be at least equal to the sum of the
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Algorithm 5.3: probabilistic-monolithic-explanation(B3, ¢, k)

Input: Belief base B, explanandum ¢, and user-defined parameter i R
Result: A k-bounded monolithic explanation € for ¢ from B for some k < k
k<« Fk

2 (), < getTopKWorlds(B U {(¢,0)},k) // find candidate set of formulae

w

© 0 N o g

while true do
// get intersecting formulae from top k worlds of ¢
I}, + getIntersections(B™, Q,, k)
if not SAT(/; U {—y}) then
€ < monolithic-explanation(/y, )
return €
else
| kk—1

k k
probabilities of these worlds (i.e., P(I}) > ZP(wl)) Therefore, P(€) > P(I}) > ZP(M),

i=1 i=

1
meaning that the probability of € has a maximal lower bound by the top & most-probable
worlds of ¢. O]

The utility of a k-bounded monolithic explanation in computing probabilistic monolithic
explanations can be described as follows. If we take the top & most-probable worlds in
which the explanandum ¢ is true, then we can prune the search space of possible monolithic
explanations by taking the intersection of those worlds and checking if it entails ¢ — if it
does, then we know that at least one monolithic explanation must be true in that world with
probability at least equal to the sum of the probabilities of these top k& worlds. Building on
this, we now present an algorithm for computing k-bounded monolithic explanations for ¢

from B, where we use Algorithm 5.1 as our core monolithic explanation generation engine.

Algorithm 5.3 describes the main steps of our approach. The important factor is the user-
defined parameter /Ac, which dictates the number of worlds of ¢ to be considered. It is
an integer with range 1 < k < |Q(¢)|, where Q(y) is the set of all possible worlds of .
Intuitively, the larger the l;;, the more exhaustive the search will be as more worlds will be
considered. The algorithm starts in line 1 with &k taking the user-defined value k, and then
proceeds to line 2, where it uses a weighted MaxSAT solver to find the top £ most-probable
worlds of ¢. Note that (¢, 00) denotes that ¢ is added to the solver as a hard constraint. The

main loop of the algorithm starts in line 3. In line 4, getIntersections extracts the set of
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intersecting formulae I, from B** that are true in worlds w; to wy. If I = ¢, then we know
that a monolithic explanation is in [ and the algorithm proceeds to use Algorithm 5.1 with
I}, and ¢ as inputs to compute and return a monolithic explanation (lines 5-7). Otherwise,

the algorithm discounts k& by 1 and repeats the process until a suitable & is found.

Algorithm 5.3 is complete in the sense that, eventually, a monolithic explanation will be

returned.

Theorem 8. Algorithm 5.3 is guaranteed to terminate with a solution.

Proof. The proof rests on the fact that, in the worst case, the parameter k will reach a value
of 1. This will then correspond to the most-probable world of ¢, which entails all possible
monolithic explanations for ¢. From Lemma 2, we know that the most-probable world of ¢
entails all possible monolithic explanations for ¢, that is, for any E(p), w; =€ and € C 1.
Therefore, as Algorithm 5.3 uses I; as an input to Algorithm 5.1, which is guaranteed to

return a solution, the algorithm is also guaranteed to terminate with a solution.

]

Theorem 9. Algorithm 5.3 is guaranteed to return a maximal k-bounded monolithic expla-

nation if the user-defined parameter k is initialized to |Q(e)).

Proof. First, note that if the user-defined parameter is initialized to k = |Q(¢)|, then Al-

gorithm 5.3 will perform an exhaustive and iterative search, starting from k = |Q(¢)|, to

find Iy, such that I = ¢, and use it in Algorithm 5.1. Now, as the algorithm discounts

k by 1 at each new iteration, eventually it will be the case that I, | ¢ and I [~ .
k

From Corollary 2, we then know that 3¢ C [ such that P(é) > P(I) > ZP(%‘), which

i=1
means that € corresponds to a k-bounded monolithic explanation. Therefore, the algorithm

is guaranteed to return a maximal k-bounded monolithic explanation for ¢. [

Model Reconciling Explanations

We now move on to the case of computing probabilistic model reconciling explanations

£ = (¢7,&) for an explanandum ¢ from an agent knowledge base KB, for a human belief
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Algorithm 5.4: probabilistic-model-reconciling-explanation(KB,, B, ¢, k)

Input: Knowledge base KB, belief base Bj,, explanandum ¢, and user-defined
parameter k

Result: A probabilistic model reconciling explanation £ = (eT,¢7) for ¢ from KB, for

By,

k< k
KB" + KB, N B;"

W« é{wz | (¢5, wi) € By}

B. + {(¢,W)] ¢ € KB, \ KB}

Q, < getTopKWorlds(B, U B, U {(p,00)}, k)

while true do

I} < getIntersections(KB,, Q,, k)

if not SAT((I, UKB! U {-=¢})) then
(¢t,67) < model-reconciling-explanation(l; UKB", B/", ¢)
return (¢ €7)

else
| ke k-1

base Bj. Similarly to what we described for monolithic explanations, Algorithm 5.2 can
directly be used on KB, and Btw for computing model reconciling explanations. Additionally,
the concept of a k-bounded explanation (Definition 36) can also be used to guarantee a lower

bound on the probability of €*.

Algorithm 5.4 shows the pseudocode of our approach. The initial computational steps are
similar to those in Algorithm 5.3, with the exception that KB, is now also considered in the
computation of the most-probable worlds of the ¢. Specifically, in line 4, KB, is converted
into a belief base B, where each formula is given a weight that is larger than the sum of
weights of Bj,. This is to enforce these formulae to be true in the worlds of the explanandum
. Then, B, is used in conjunction with B; to compute the top k most-probable worlds of
¢ (line 5). The algorithm proceeds in line 7 to extract formulae from KB, that are true in
the first £ intersections of the worlds of ¢. If they entail ¢, the algorithm then proceeds to
compute a model reconciling explanation by invoking Algorithm 5.2 (lines 8-9). Otherwise,

the algorithm continues by discounting k£ by 1 and repeats the process.

Note that Algorithm 5.4 is complete and correct as it is based on Algorithms 5.2 and 5.3,

which are complete and correct.
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5.4 Computatonal Evaluations

This section presents a comprehensive evaluation of the algorithms presented in the previous

section, assessing their effectiveness and efficiency across a range of scenarios.

5.4.1 Experimental Setup

Experiments were conducted on a system equipped with an M1 Max processor and 32GB of
memory. The algorithms were implemented in Python, utilizing the PySAT toolkit [115] for
SAT solving, MCS/MUS finding, weighted MaxSAT, and minimal hitting set computations.

The time limit for all experiments was set to 500s.

For our benchmarks, we selected a diverse set of problem instances:

e Classical Planning Problems: We encoded classical planning problems from the In-
ternational Planning Competition (IPC) in the style of Kautz et al. [135], and used them
as knowledge bases. The explanandum for each problem was the plan optimality query,

which we constructed as described in Chapter 3 (Section 3.4.2).

e Agent Scheduling Problems: We encoded logic-based agent scheduling problems based
on the description provided in Chapter 9, and used them as the knowledge bases. The

explanandum for each problem was a set of unsatisfied agent constraints.

¢ Random CNF Problems: We generated random CNF formulae as knowledge bases
using CNFgen [151]. The explanandum for each problem was a conjunction of backbone
literals,** which we computed using the minibones algorithm proposed by Janota et

al. [120].

Note that we created associated belief bases for each problem by simply adding a random

weight to each formula in the knowledge base.

41The backbone literals of a propositional knowledge base are the set of literals entailed by the knowledge
base.
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Parameter b Planning Scheduling Random CNF
S ‘ T/O ‘ Runtime || S ‘ T/O ‘ Runtime || S ‘ T/O ‘ Runtime
1 28 9 82.0s 30 5 80.0s 25 5 12.4s
50 32 5 79.0s 30 5 53.8s 25 5 8.6s
100 31 6 49.6s 30 5 44.7s 25 5 5.8s
150 31 6 45.5s 30 5 38.0s 25 5 3.4s
200 31 6 45.2s 30 5 37.2s 25 5 1.6s

Table 5.1: Number of Instances Solved (S) vs. Timed Out (T/O) by ALG1 (k = 1) and
ALG3 (k = 50, k = 100, k = 150, k = 200).

5.4.2 Results and Discussion

We now describe and discuss our experimental results, first for monolithic explanations and

then for model reconciling explanations.

Monolithic Explanations

We evaluated Algorithm 5.1 and Algorithm 5.3, referred to as ALG1 and ALG3 respectively,
on computing monolithic explanations. These experiments aim to answer the following

questions:

Q1: What is the performance of the algorithms on computing monolithic explanations

across different problem instances?

Q2: Does the efficacy of ALG3 change under different values of the user-defined parameter
k?

Table 5.1 tabulates the instances solved (i.e., found a monolithic explanation within the time
limit) and not solved (i.e., timed out) by ALG1 (k = 1) and ALG3 at k = {5,100, 150, 200} .2
We observe that the algorithm managed to solve most instances across different values of k.
Figure 5.1 shows the runtime distributions of ALG3 across all values of k for computing a
monolithic explanation. Interestingly, we observe that the runtimes decrease as k increases.

This can be explained by the fact that for larger values of l%, ALG3 considers the intersections

271,63 at k = 1 corresponds to ALG1 because each encoded knowledge base is consistent and entails
the explanandum. As such, all formulae in the knowledge base are true in the most-probable world of the
explanandum (i.e., £ = 1), which means that ALG3 reduces to ALG1.
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Figure 5.1: Runtime distributions of ALG1 (k = 1) and ALG3 (k = 50, k = 100, k = 150,
k = 200) across all planning, scheduling, and random CNF instances.

of more worlds where the explanandum is true, which means that the number of formulae
that are true in these intersections decreases. As such, the overall search space of monolithic
explanations decreases as well, thus resulting in a reduced runtime needed for ALG1 to
compute a monolithic explanation. This can also be observed more granularly in Figure 5.2,
where we can see the runtime distributions of ALG1 (l;' = 1) and ALG3 at k = 200 for each
instance of the planning, scheduling, and random CNF problems. Again, the runtime of
ALG3 at k = 200 is smaller than that of ALG1. Moreover, and as expected, in Figure 5.3, we

can observe a positive correlation between runtime and the size of the encoded knowledge
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bases — as the size of the knowledge base increases, the runtimes increase as well. This is
due to the fact that there is an increasing number of variables and formulae that must be
considered, thus increasing the computational effort needed by the WMaxSAT, MCS, and

hitting set solvers.

All of these observations indicate the feasibility and practical efficacy of ALG3 across all
benchmarks. In particular, from these experiments, we may conclude that the performance
of ALG3 increases as the user-defined parameter k increases. To reiterate, this is mainly
because the overall search space of monolithic explanations that needs to be considered by
ALG]1 (the main monolithic explanation generation engine) decreases. Finally, it is important
to note that the performance of these algorithms lies in the effectiveness of the underlying
WDMaxSAT, MCS, and hitting set solvers. In other words, this also implies that any ad-
vancement in those solvers will automatically reflect in performance gains in our algorithms.
Thus, future work can look at efficient and optimized solvers and examine whether there is

any variability in performance.

Model Reconciling Explanations

We now examine the effectiveness of Algorithm 5.2, referred to as ALG2, and Algorithm 5.4,
referred to as ALG4, on computing model reconciling explanations. We chose the value of
k = 200 for ALG4 as it was the better performing parameter for ALG3 in our previous
experiments. More specifically now, we are interested in scenarios with varying degrees of
knowledge asymmetry between the agent and human models. To simulate such scenarios,
we used the actual encoded knowledge bases as the model of the agent (KB,), and tweaked
that model and assigned it to be the model of the human (KB, or B;,). We considered the

following ways to tweak the human model, resulting in the following five scenarios:

e Scenario 1: We randomly removed 10% of the formulae and removed 20% of literals from

10% of the total formulae in the human’s model.

e Scenario 2: We randomly removed 20% of the formulae and removed 20% of literals from

20% of the total formulae in the human’s model.

e Scenario 3: We randomly removed 30% of the formulae and removed 20% of literals from

30% of the total formulae in the human’s model.
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Figure 5.2: Runtime distributions of ALG1 (k = 1) and ALG3 (k = 200) across commonly
solved planning, scheduling, and random CNF instances.

e Scenario 4: We randomly removed 40% of the formulae and removed 20% of literals from

40% of the total formulae in the human’s model.

e Scenario 5: We randomly removed 50% of the formulae and removed 20% of literals from

50% of the total formulae in the human’s model.

In general, these experiments aim to answer the following two questions:

Q1: What is the performance of the algorithms on computing model reconciling ex-

planations across different problem instances?

Q2: What is the performance of the algorithms in scenarios with varying degrees of

knowledge asymmetry between the agent and the human model?
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Figure 5.3: Average runtime of ALG1 (k = 1) and ALG3 (k
nation across different knowledge base sizes for the planning,

200) to compute an expla-
scheduling, and random CNF

instances.
Seo- Planning Scheduling Random CNF
. ALG2 ALG4 ALG2 ALG4 ALG2 ALG4

nano g | T/O | Runtime | S [ T/O | Runtime || S [ T/O [ Runtime [ S [ T/O | Runtime | S [ T/O | Runtime | S | T/O | Runtime
1 25| 12 67.0s 28 9 59.7s 33 2 51.4s 33 2 33.1s 27 5 30.4s 21 11 12.3s
2 25| 13 69.2s 27| 10 71.8s 31 4 40.9s 31 4 28.0s 26 6 18.7s 20 | 12 0.5s
3 241 14 67.9s 26 | 12 68.8s 32 3 60.3s 32 3 37.1s 29 3 20.4s 21| 11 2.5s
4 25| 13 82.6s 27| 11 84.0s 30 4 35.7s 30 4 22.9s 23 9 5.28 20 | 12 0.5s
5 22| 15 84.3s 24| 13 89.9s 30 4 34.4s 30 4 21.5s 24 8 3.8s 20| 11 0.5s

Table 5.2: Instances Solved (S) vs. Timed Out (T/O) for the Planning, Scheduling, and
Random CNF Benchmarks for ALG2 and ALG4 at k = 200.

Table 5.2 tabulates the instances solved and timed out by ALG2 and ALG4 at k = 200 across

the five scenarios, where we observe the following trends. For the planning instances, the

runtime of both algorithms increases as the difference between the models of the agent and

human increases (Scenarios 1 to 5), since both algorithms search over the explanation search

space, which increases as the number of differences between the two models increases. As

in the previous experiments, ALG4 at k = 200 yields faster runtimes than ALG2. For the
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Figure 5.4: Runtime distributions of ALG2 and ALG4 at k = 200 to compute an explanation
across all commonly solved instances.

scheduling instances, we observe that the runtimes increase from Scenario 1 to 3, but decrease
from Scenarios 4 to 5. Upon closer inspection, this is mainly because the instances solved
in these scenarios were easier (i.e., smaller knowledge base sizes) than those solved in the
other three scenarios, thus resulting in smaller average runtimes. A similar trend is observed
for the random CNF instances. However, in the random CNF instances, ALG2 managed
to solve more instances than ALG4. After examining them more closely, we found that the
main bottleneck of ALG4 in those instances was computing the most-probable worlds of the
explanandum (i.e., the WMaxSAT solver). Even for smaller values of k, the solver failed to
compute all the worlds under the specified time limit — the increase in search space (e.g.,
because of considering B, and Bj) increased the complexity of these instances. We expect
that an optimized and more dedicated solver may be able to overcome this limitation. The
runtime distributions for ALG2 and ALG4 across all commonly solved instances and across

commonly solved instances in each scenario can be seen in Figures 5.4 and 5.5, respectively.
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For these instances, we observe, like in the previous experiments, that ALG4 has faster
runtimes than ALG2.

Moreover, in Figure 5.6 we see the distributions of the model reconciling explanation lengths
computed by both algorithms. As expected, the general trend is that the size of the expla-
nation €t (i.e., formulae from KB, for KB; (or B})) increases with each scenario, as the
difference between the agent and human models increase. The same trend can be seen for
€~ — each scenario from 1 to 5 has an increasing amount of inconsistencies between the two
models. Interestingly, e~ was largest in the random CNF instances. This indicates that the
inconsistencies between the human model and the corresponding ¢t were high. That can
also be used to explain why ALG4 failed to solve a subset of random CNF instances — highly
inconsistent knowledge bases are considered as the most difficult instances for MaxSAT

solvers.
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Figure 5.6: Distributions of the lengths of explanations e™ and e~ computed by ALG2 and
ALG4 at k = 200 across all planning, scheduling, and random CNF instances.

In conclusion, the comparative analysis of ALG2 and ALG4 at k = 200 across varied problem
instances shows some trends in performance and computational complexity. The observed
increase in runtime with the increase of differences between agent and human models under-
scores the direct relationship between model disparity and the explanation search space size.
Notably, ALG4 consistently outperforms ALG2 in terms of runtime across most scenarios,
except in certain random CNF instances where the computation of most-probable worlds
becomes a bottleneck due to the limitations of the WMaxSAT solver. This highlights a
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potential area for further optimization and development of more efficient solvers. Further-
more, the analysis of model reconciling explanation lengths reveals an expected increase in
inconsistency measures as the model differences widen, particularly highlighted in random
CNF instances.

5.5 Related Work

The algorithms presented in this chapter are inspired by a procedure for computing an SMUS
of an inconsistent formula, originally presented by Ignative et al. [117]. The method is also
related to other similar approaches for enumerating MUSes and MCSes. Moreover, our
approach is similar in spirit to the HS-tree presented by Reiter [189]. Although the original
purpose was to enumerate diagnoses, Reiter’s procedure can be easily adapted to enumerate
MUSes (called conflicts in that paper) as already noted by Previti et al. [186]. However,
the computation of an SMUS might require more substantial modifications. Procedures like
the one presented by Reiter, which target MCSes (diagnoses) instead of MUSes (conflicts),
can be seen as the dual version of our algorithm. In particular, the algorithm MaxHS [51]
applies the same idea of iteratively computing and testing a minimum hitting set for the
computation of a MaxSAT solution (the complement of the smallest MCSes). Finally, there
are other approaches that exploit the duality between MUSes and MCSes, but instead of
iteratively checking if the current hitting set is an MUS, they first compute the set of all
MCSes [156|. This has the potential advantage that once all the MCSes are known, every
minimal hitting set on the collection of all MCSes is guaranteed to be an MUS (Proposition
3). However, as the number of MCSes is, in the worst case, exponential in the size of the
formula, this approach might fail even before reporting the first MUS. This is particularly

unnecessary when the target is to return a single explanation.

5.6 Concluding Remarks

This chapter presented efficient algorithms for our logical explainability layer that bridge the
gap between theory and practice. By leveraging the duality between minimal correction sets

(MCSes) and minimal unsatisfiable subsets (MUSes), we developed methods for generating
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explanations in both deterministic and probabilistic settings. Our experimental evaluations
have demonstrated how these algorithms enable our approach to scale across various domains,

extending beyond our initial focus on planning problems.

The key contributions of this chapter are:

1. Algorithms for generating explanations using MCS-MUS duality in deterministic set-
tings.

2. Extensions of these algorithms to probabilistic settings.

3. Comprehensive experimental evaluation demonstrating the scalability of our approach

across diverse benchmarks.

It is important to note that while our framework generates explanations in a logical format,
these can be translated into more user-friendly formats, such as visualizations and natural
language, before being communicated to human users. Indeed, in [146] we considered visu-
alization techniques for effectively communicating explanations to users in a visual format.
Moreover, in Chapter 10, we will show how our algorithms can be integrated with large
language models to generate natural language explanations, demonstrating the flexibility of

our approach in supporting different communication modalities.

Looking ahead, several promising directions could further enhance the practical impact of
our algorithms. First, we could explore approximation algorithms for weighted MaxSAT to
improve efficiency when computing most-probable worlds, particularly for large knowledge
bases. Similarly, heuristic-based approaches for MCS and MUS computation could provide
faster explanations for time-sensitive applications while maintaining the logical foundation
of our approach. Implementing our algorithms in parallel and distributed computing envi-
ronments could also enhance the performance for large-scale problems, i.e., by distributing
the computation of MCSes and MUSes across multiple processors. Lastly, while we focused
on propositional logic, future work could investigate how to adapt our algorithms to other
logical systems, such as first-order logic, temporal logic, or description logics. This expansion
could broaden the applicability of our approach to a wider range of Al systems and problem

domains.

125



In the next chapter, we will build upon these computational foundations to develop meth-
ods for generating personalized explanations. By incorporating abstractions based on user-
specified vocabularies, we will show how our logical explainability layer can adapt its expla-

nations to match different users’ levels of expertise and understanding.
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Chapter 6

(Generating Personalized Explanations

via Knowledge Forgetting

“The purpose of abstraction is not to be vague,
but to create a new semantic level in which one

can be absolutely precise.”
— Fdsger Digkstra

6.1 Introduction & Contribution

Thus far, we have established logic as an effective explainability layer for Al systems, and
developed frameworks for generating explanations in both deterministic and probabilistic
settings, and providing efficient algorithms for their computation. However, a key challenge
remains: how can we ensure our logical explainability layer adapts to different users’ levels of
understanding? While existing Model Reconciliation Problem (MRP) approaches, including
our L-MRP, assume the Al agent has access to a version of the human’s model at the same
granularity level as the agent’s model [37, 205, 36, 231|, this assumption potentially limits

their practical effectiveness.

The challenge lies in the potential divergence between the agent’s version of the human model
and the actual human’s model, particularly in terms of abstraction level. This discrepancy
can lead to the generation of incoherent or unintelligible explanations. Moreover, if the agent
lacks confidence in its estimate of the human model, a conservative approach would be to

assume the human model is almost empty, resulting in unnecessarily long explanations.

To address these limitations, this chapter proposes a novel approach:
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e We assume the agent has access to a vocabulary of task-specific terms known to the

human user.

e The agent generates explanations with respect to that vocabulary.

This assumption represents a reasonable compromise between the overly pessimistic view
that the human model is almost empty and the overly optimistic view that it is mostly
specified. Furthermore, this approach can complement our previous work by integrating
with human models that capture information the agent is confident about, leveraging the

efficient algorithms developed in the previous chapter.

To illustrate this concept, consider the classical LOGISTICS domain [167]. The vocabulary of
the human may include different trucks (e.g., trucki, truck2) and locations (e.g., locl, loc2),
and their partial model includes the action dynamics of the move operator for trucks. One
advantage of this approach is that the vocabulary implicitly encodes the human’s knowledge
or expertise level of the given task. For instance, the more (or less) terms included in the
vocabulary, the higher (or lower) the human’s level of expertise, to the extent that a human
expert probably knows more task-specific terms than a novice one, all else being equal.
Continuing with the example above, the human user is knowledgeable about trucks, but
is unaware of the existence of airplanes. The agent could then exploit the vocabulary and

construct explanations tailored to the human’s level.

Our framework builds on the logic-based variant of MRP (L-MRPs) introduced in Chapter
3. Given an agent knowledge base KB, encoding a task, an explanandum ¢ entailed by KB,,
a (possibly partial or empty) human knowledge base KBy, and a human vocabulary V), con-
sisting of task-specific terms, our goal is to find an explanation at an appropriate abstraction
level with respect to KBy, and V,. To achieve this, we employ knowledge forgetting |22, 222|,
a fundamental logic-based operation, to generate abstractions. We then formally define the
notion of personalized explanations and present an algorithm that can be combined with any

off-the-shelf L-MRP approaches for computing them.

The main contributions of this chapter are:

1. A logic-based framework for generating explanations at appropriate abstraction levels

with respect to a human vocabulary.
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2. Formalization of various settings under which personalized explanations can be gener-
ated.

3. An algorithmic approach for computing personalized explanations.

4. Empirical evaluation of our framework on representative benchmarks and through a

human-subject study.

This work shows how our logical explainability layer can adapt to different users’ needs
while maintaining its formal foundations, making it more practical for real-world applications

where users have varying levels of expertise.

6.2 Knowledge Forgetting

Knowledge forgetting, henceforth forgetting, has an ordering function in the human mind —
it can be seen as a process of omitting information or knowledge from one’s memory in such
a way that it is no longer present or reproducible. From a cognitive point of view, forgetting
is a gradual process in which information that is less used is moved to the “background,”
from which it either dissipates or recovered through remembering to the foreground [67].
This basic mechanism helps people deal with information overload by suppressing irrelevant
information, which allows them to focus on the relevant aspects of a given task, thus improv-
ing their cognitive capabilities. For example, when people are trying to focus on a specific
task, they tend to “forget” irrelevant aspects around it, or when trying to find a solution
under restricted conditions, they have to intentionally “forget” ways of solving the task in
more granular environments [121|. This point to the fact that intentional forgetting is a

fundamental cognitive process involving many aspects of knowledge and reasoning.

Interestingly, the operation of forgetting aligns with a pragmatic framework in cognitive
linguistics called relevance theory [237|. Relevance theory suggests that the relevance of a
statement transmitted to an individual should minimize their cognitive effort (i.e., effort in
processing the statement) and maximize their positive cognitive effect (i.e., the statement
leads to a true conclusion). In other words, the more positive the cognitive effects and the
less the cognitive effort, the greater the relevance of the statement to the individual. The

connection we ought to draw here is that forgetting can be seen as an operation for achieving
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the objectives suggested by relevance theory, so far as forgetting irrelevant information from
a statement can decrease the individual’s effort, and by focusing only on what is relevant,
yield a positive effect. In the sequel, we look at forgetting from the lens of logic and show

how it can be used for that purpose.

6.2.1 Logic-based View of Knowledge Forgetting

Analogous to the cognitive operation of forgetting, which aims at suppressing information
from an agent’s memory, the logic-based operation of forgetting aims at removing informa-
tion from an agent’s knowledge base. Forgetting has received many logical definitions and
interpretations, starting in the mid 1800s with Boole’s variable elimination method [22|. For
a historical overview of forgetting in logic and Al, we refer the reader to the work by Van
Ditmarsch et al. [222].

Generally, forgetting is defined through an operation that decreases the language of an
agent, insofar as the vocabulary of the agent’s language is reduced. Intuitively, forgetting
information from an agent’s knowledge base that encodes a specific domain affects the agent’s
ability to express or represent information about that domain, rather than losing information

about the domain per se.

Delgrande [57| presents a resolution-based mechanism for computing forgetting, where given
a knowledge base KB defined over vocabulary Vkg, the operation of forgetting A C Vkg from

KB is the logical consequences of KB expressible over Vkp \ A.

Given a knowledge base KB and a letter A € Vg in its vocabulary, let KB¥ and KB™

denote the sets of formulae of KB that do not mention A\ and do mention A, respectively:

KB® ={p e KB | A& V,} (6.1)
KB™ ={p e KB | A€ V,} (6.2)

Additionally, let Res(KB™, \) denote the set of formulae obtained from KB™ by carrying

out all possible resolutions with respect to letter A:

Res(KB™, \) = {¢ | 31, 2 € KB s.t. (6.3)
A€ 1, mAE w0 = (o1 \ {A}) U (2 \ {=A})}
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Combining those definitions, we get the definition of forgetting:

Definition 37 (Forgetting). Given a knowledge base KB and a letter A € Vg in its vocab-
ulary, forgetting \ from KB is defined as F(KB, \) = KB** U Res(KB™, \).%3

Definition 37 can be interpreted as follows: Perform all possible resolutions with respect to
the letter to be forgotten, and add these resolvents to those formulae in KB that do not
mention that letter. While the resulting KB is weaker than before as it loses its expressivity
with respect to what is forgotten, one key advantage is that it still entails the same set of

formulae that are irrelevant to what was forgotten:
Property 1. If KB = ¢, then YA C Vg \ V,,, F(KB,\) = ¢.

Example 21. Let KB = {a,b,—a V ¢,=bV —c V d} with Vkg = {a,b,c,d}. Notice that
KB | d. For A\ = {a}, we get KB* = {b,-bV —cV d} and KB™ = {a,-a V ¢}, and
Res(KB', a) = {c}. Then, F(KB,{a}) = {b,c,—bV —cV d}, where F(KB, {a}) = d.

Abstractions via Forgetting: As seen from the example above, the forgetting operation
can be viewed as a method for simplifying formulae by “forgetting” a set of letters. In essence,
if we define an abstraction of a knowledge base as simplifying it, then forgetting is a succinct

operation for computing various abstraction levels:

Definition 38 (Abstraction). Given a knowledge base KB and a set of letters A\ C Vkg in
its vocabulary, a level-|\| abstraction of KB is F(KB,\).

We can now create an abstraction lattice defining the abstraction levels that can be achieved
on a knowledge base given a set of letters. Figure 6.1 shows a level-3 abstraction lattice based
on Example 21. As we will see in the next section, generating personalized explanations boils
down to finding the appropriate abstraction level with respect to a set of letters (i.e., the

human-specified vocabulary).

43Note that computing forgetting for a set of letters can be done iteratively (i.e., F(KB,A\1 U \y) =
F(F(KB, A1), A\2)).
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Figure 6.1: Abstraction lattice for KB = {a,b,—a V ¢, bV =¢ V d}. At the root is level-0 of
the lattice, i.e., the initial F(KB, {0}) = KB. The child nodes of the root form level-1 of the
lattice and represent (from left to right): F(KB,{a}) = {b,c,-bV —cV d}, F(KB, {b}) =
{a,—a V ¢,~cV d}, and F(KB,{c}) = {a,b,7a VvV —=bV d}. Similarly, the subsequent nodes
form level-2, and so on.

6.3 Personalized Explanation Generation

Our framework builds upon the logic-based model reconciliation problem (L-MRP) we pre-

sented in Chapter 3, where we make the following assumptions:

e The agent has a knowledge base KB, encoding its knowledge of a task in a logical lan-
guage. The agent’s knowledge base KB, is logically closed, insofar as the agent is “logically

omniscient” about the task.

e The agent has a knowledge base KB;, encoding, possibly incompletely or erroneously, the

human user’s knowledge of the same task in the same logical language. It is possible for
KBy, = 0.

e The human user provides to the agent: (i) An explanandum ¢, where KB, = ¢ and
KB, = ¢, and (it) a vocabulary V. Naturally, Vkg, C V), as all the terms in the human

model must be in their vocabulary. However, note that it is possible for the vocabulary to
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include terms that are not in the human model. This is akin to knowing a particular term,

but not knowing how it relates to the task or what it really means.

Thus, given the knowledge bases KB, and KBy, the corresponding human vocabulary V),
and an explanandum ¢ such that KB, = ¢ and KB, [~ ¢, the goal is to find an L-MRP
explanation from KB, to KB, for ¢ that is at an appropriate abstraction level with respect

to Vy,. As already mentioned, we will call such an explanation a personalized explanation.

The central question behind this setting is what is an appropriate abstraction level. Clearly,
an appropriate abstraction level should not contain any irrelevant information with respect

to the explanandum:

Definition 39 (Irrelevance). Given a knowledge base KB, = ¢, a set of letters A\ C Vka,
from its vocabulary is irrelevant for KB, with respect to ¢ iff F(KB,, \) = ¢.

We say that a set of letters A is irrelevant for KB, with respect to a formula ¢ if forgetting
A from KB, does not affect the entailment of ¢ in the resulting KB,. In our context,
this definition is easily satisfied by assuming that A does not contain any letters from the
explanandum ¢ (see Property 1). We enforce this property in our proposed algorithm, which

we describe later.

Further, a personalized explanation is not really “personalized” unless it uses at least some
letters familiar to the human (i.e., letters from the vocabulary V). Naively, one could forget
all letters from Vkp, except for those in V), (and V,,). However, this may result in overly short
and trivial explanations of the form “why 7 Because ¢”, which is the case when KBy = ()

and V, N Vg, = 0.

Therefore, to avoid forgetting too many letters and oversimplifying explanations to the point
that they are trivial, we propose that the goal of forgetting as many letters as needed to get
an (L-MRP) explanation is of reasonable complexity. The complexity of explanations can
be measured in a variety of ways, including with all the various cost functions (e.g., subset-

minimality, cardinality, etc.) previously discussed in Section 3.4.1 of Chapter 3.

Without loss of generality, we will assume that the choice of complexity measure is the cardi-
nality of the explanation. While we continue our description, provide theoretical properties,
and propose an algorithm based on this assumption, it is fairly straightforward to see how

they can be generalized to other complexity measures as well.
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When the choice of complexity measure is explanation cardinality, the constraint that needs
to be satisfied is:

| F(et, N+ e <UB (6.4)

where A C Vet \ (V, UV,) is the set of letters to forget and U8B is a user-specific maximum
cardinality of an explanation. Note that the A does not include any letters in the vocabulary
V}, because the goal is to personalize explanations by using terms known to the human user.
Additionally, A does not include any letters in V,, because they are needed to ensure that
the updated KBy, of the user entails the explanandum ¢ (Property 1). Finally, no letters are
forgotten from e~ C KBj, because they are all in the vocabulary V), of the human user by

definition. More formally, extending Definition 19:

Definition 40 (Personalized L-MRP Explanation). Given knowledge bases KB, = ¢ and
KBy, £ ¢, vocabulary Vi, and upper bound UB, € = (eT,e”) is a personalized L-MRP
explanation for ¢ from KB, to KBj, with respect to Vy, iff et € KB,, e C KBy, A €
Ver \ Vo UWy), [F(et, N)| + e | UB, and (KB, UF (e, X)) \ € = .

Given Definitions 19 and 40 together with Property 1, we can then show that if (et e7) is
an L-MRP explanation for ¢ from KB, to KBy, then (F(e", \),e") is a personalized L-MRP
explanation for ¢ from KB, to KBy, for any A C V+ \ (V,,UV)},) if its cardinality is no larger
than a given upper bound UB. More formally:

Theorem 10. Given two knowledge bases KB, = ¢ and KBy, [~ ¢ with a corresponding
L-MRP explanation (e*,e”) for explanandum ¢, for any set of letters A C Ve+ \ (V,, U W)
and an upper bound UB, (F(e",\),e") is a personalized L-MRP explanation for the same
explanandum ¢ if its cardinality |F(et, \)| + |e7| <UB is no larger than UB.

Proof. Assume A C V+ \ (V, U V), which is the premise of the theorem. Then:

F

F((KBLUeT) \ e, A) (KBp\ e )U(e"\e),N)
(KBj, \ e7) Ue, \)

( (6.5)
( (6.6)
(€"U(KBp\€),A) (6.7)
(€M) U (6.8)

A (6.9)

F
f’
f

€

(KB \ )

= (.7:(6+, JUKB,) \ €
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= (KB UF(eH, \) \ e = o (6.10)

The simplification from Equations 6.5 to 6.6 is due to the properties of L-MRP explanations
that e~ C KBy, et C KB,, and that the intersection KB, N KB, will never be part of the ex-
planation since that information is already common to both knowledge bases (Definition 19).
The simplification from Equations 6.7 to 6.8 is because A € Ve+ \ (V,, UV},) (premise of the
theorem) does not contain any letters in KBy, or its subset e~ C KBy,. For the same reason,
Equation 6.8 can be rewritten as Equation 6.9. Finally, the entailment in Equation 6.10
is because F((KBj U€") \ €7, A) entails ¢ since A C Ver \ (V, UVs) C Vikp,uetpe- \ Vo
(Property 1). Combining this entailment and the premise that |F(e™, \)| + |¢7| < UB, we
can conclude that (F(e™, \),e”) is a personalized L-MRP explanation (Definition 40). [

6.3.1 Computing Personalized Explanations

Our algorithm, called Personalized Logical Fxplanation Algorithm for Symbolic Environments
(PLEASE), exploits Theorem 10 to find personalized L-MRP explanations. Algorithm 6.1
describes its pseudocode. At a high level, PLEASE is composed of the following steps:

(1) Use any off-the-shelf L-MRP solver to find a sequence of L-MRP explanations.

(2) For each L-MRP explanation (e,e”), iterate through all possible subsets of letters
ACTVer \ (V,UV).

(3) For each subset of letters A to forget, check if the cardinality of the explanation with
forgotten letters | F(et, A)| + || < UB is within the upper bound UB.

(4) If it is, then return the personalized explanation. If not, repeat with the next L-MRP
explanation from the L-MRP solver.

Example 22. Let KB, = {a,d,~dV b,—aV -bV c}, KB, =0, ¢ = {c}, and V), = {a,d},
and suppose that we are searching for a personalized explanation whose cardinality is within
an upper bound UB of 3. First, notice that since KBy, = (), the only L-MRP explanation is
et =KB, and e = 0. As |eT| + |e7| = 4+ 0 = 4 is larger than the upper bound, we will
iterate through all possible subsets X C Ve+ \ (V, UVy) = {a,b,c,d} \ ({c} U{a,d}) = {b},
which in this case is only the letter b. PLEASE then checks if forgetting this letter is sufficient
to reduce the cardinality of the explanation to within the upper bound: |F(eT,\)| + |e7| =
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Algorithm 6.1: Personalized Logical Explanation Algorithm for Symbolic Environments
(PLEASE)
Input: Agent knowledge base KB,, human knowledge base KBy, explanandum ¢,
human vocabulary V;, upper bound UB
Result: A personalized explanation (e* e™)
1 while true do
(e, e7) + next-L-MRP-exp(KB,, KBy, ¢)
if (e*,€e7) = null then
‘ return null
else
foreach A C V.+ \ (V,UYV,) do
et < F(et, \)
if |eT| +|e”| <UB then
| return (e*,e)

© 00 N O O s~ W N

|F(et,0)] = {a,d,—a Vv =d V c}| = 3. Since it is, PLEASE will return the personalized
explanation {{a,d,—a Vv —d V c},0).

It is fairly straightforward to see that the algorithm is correct and complete, under the

assumption that the underlying off-the-shelf L-MRP solver is also correct and complete.

6.4 Empirical Evaluations

We now empirically evaluate our approach both in computational experiments as well as in

a human user study.

6.4.1 Computational Experiments

We ran the experiments on a MacBook Pro machine comprising an M1 Max processor with
32GB of memory. The time limit was set to 300s. PLEASE was implemented in Python,
where we use the algorithm described in Chapter 5 (Section 9) as the off-the-shelf solver to
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& 20181143 34 9 1.5s|43 34 9 1.5s143 34 9 1.5s|43 34 9 1.4s

311271 85 68 17 144.5s| 85 68 17 144.0s| 85 68 17 145.0s| 85 68 17 145.0s
g 1121 5 3 31 0.bs| 6 4 1 1.0s| 14 11 3 2.0s| 14 11 3 1.2s
% 21 6 7 5 1 1.0s| 7 5 1 1.5s114 11 3 3258114 11 3 37.5s
A 3|10|11 8 2 258112 7 3 3.0s|1 26 21 5 185.0s| 26 21 5 184.0s

Table 6.1: Evaluation of PLEASE with different completeness of knowledge bases |KBy,|.

find L-MRP explanations. We used our own implementation for the knowledge forgetting

operation.**

We encoded some classical planning problems from the International Planning Competition
(IPC) in the style of Kautz et al. [136], and used them to form the agent’s knowledge
base KB,. The explanandum ¢ for each problem was the plan optimality query, which we
constructed as described in Chapter 3 (Section 3.4.2). We varied three parameters — the
assumed knowledge base of the human KBy, the vocabulary of the human V), and the upper
bound UB. To construct the knowledge base KBy, we follow the literature by modifying
KB,, specifically, by removing p fraction of actions as well as p fraction of preconditions and
effects of each remaining action. To construct the vocabulary V;,, we first extract all the
letters that are used in KBy, then supplement it with letters from KB, if |V,,| < ¢ fraction
of |[Vkg,|. Finally, we parameterize the upper bound UB as a fraction r of the cardinality
of the shortest L-MRP explanation |¢*|. The default values for our three parameters are as
follows: p = 0.8 for KBy, ¢ = 0.4 for V;, and r = 0.8 for UB.

In our first experiment, we vary the completeness of KBy, by varying p € {0.2,0.4,0.6,0.8}.
Table 6.1 tabulates the results, where we report the length of an optimal plan |7*|, the
cardinality of the shortest L-MRP explanations |€*| returned by the off-the-shelf L-MRP
solver, the cardinality of the personalized L-MRP explanations |e| returned by PLEASE, the

44The code repository is available at https://github.com/YODA-Lab/PLEASE.
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N q=0.2 qg=0.4 q=0.6 qg=0.8

il T N A S W N
%a 114154 43 12 1.2s|54 43 12 1.0s|54 43 12 1.1s|/54 43 11 1.0s
gg 21017 12 5 3.0s|17 13 3 2.5s|17 13 4 3.0s|17 14 3 2.5s
M= 3(18] 59 47 12 41.0s| 59 46 25 37.0s|59 44 13 42.0s| 59 44 15 43.0s
» 1|12]12 8 5 4.0s/12 10 4 3.0s|12 10 2 3.0s/ 12 10 3 3.0s
8§ 211411 8 2 5.0s|11 8 2 55810 8 2 52810 8 2 5.0s
—=E3020113 9 3 275s[13 10 3 26.0s|13 9 4 255813 10 3 26.0s
o, L5016 13 3 01s/16 13 3 0.1s/16 13 3 0.1s/ 16 13 3 0.1
& 2(181(43 34 9 1.5s|43 34 9 1.4s|43 34 11 2.0s|43 34 9 1.6s

31|27| 85 68 17 143.0s| 85 68 17 145.0s| 75 68 17 145.0s| 85 67 17 146.0s
% 1214 11 3 12|14 11 3 12s/14 11 3 12s/14 11 3 1.0s
5 2(6(14 11 3 380s[14 11 3 37.5s|14 11 3 37.5s| 14 11 3 38.0s
A 3]10]26 21 5 186.0s|26 21 5 184.0s|26 21 5 187.0s[26 21 5 185.5s

Table 6.2: Evaluation of PLEASE with different sizes of vocabulary [V;].
Prob. |l =+ r=0.6 r=0.7 r=0.8 r=20.9
Ll Nt el el Nt el e Nt el Jel Nt

%a 114154 32 22 13s|H54 38 16 1.3s|/54 43 12 1.0s/54 49 5 1.2s
SQO: 21017 10 7 23s|17 12 5 2.5s|17 13 3 25817 15 2  2.5s
Mz 3118|159 22 33 37.0s[59 22 33 37.5s|59 46 25 37.0s|59 53 6 37.0s
» 1|12{12 7 5 35s|12 8 4 35s|12 10 4 3.0s/ 12 11 1 3.0s
8§ 21411 7 4 6.0s|11 8 3 50s|11 8 2 50s[11 9 1 4.5s
—=E31120(13 8 5 29.0s[13 9 4 29.0s|13 10 3 26.0s[13 12 1 29.0s
o, 1|51 10 6 0.04s) 16 11 5 0.Is|16 13 3 0.1s/ 16 14 2 O0.Is
& 2(181( 43 26 18 1.5s|43 30 13 1.4s|43 34 9 1.4s{43 30 4 1.5s

3(/27( 85 51 34 133.0s| 85 59 26 135.0s| 85 68 17 145.0s| 85 76 9 136.5s
% 11214 8 6 12s/14 10 4 15s|14 11 3 12s/14 13 1 1.0s
5 2/6(]14 8 6 350s[14 10 4 34.0s|14 11 3 37.0s| 14 13 1 35.0s
A 3]10]26 16 9 179.0s| 26 18 7 180.0s|26 21 5 184.0s|26 23 2 186.5s

Table 6.3: Evaluation of PLEASE with different upper bounds UB.

number of letters forgotten |A|, and the runtimes ¢ of PLEASE. We make the following
observations: Unsurprisingly, |¢*| increases as p increases. The reason is that KBy, decreases
as p increases. Therefore, more information needs to be provided in the explanation in order
for the updated KBj to entail the explanandum. Additionally, |A| increases as p increases
as well because more needs to be forgotten from longer explanations in order to get their

cardinality to within &B. Finally, as |7*| increases, the cardinality of both explanations |e*|

and |e| increases. Consequently, the runtime ¢ increases as well.
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In our second experiment, we vary the size of the vocabulary |V,| by varying ¢ €
{0.2,0.4,0.6,0.8}. Table 6.2 tabulates the results. As ¢ (and, equivalently, the vocabulary
size |Vy,|) increases, |\| decreases and |e| increases since fewer letters need to be forgotten be-
fore the updated KBy, entails the explanandum. Additionally, the cardinality of the L-MRP
explanation |e¢*| and runtimes ¢ remain relatively unchanged for all values of ¢. This implies
that the runtime of PLEASE is dominated by the time needed to find the L-MRP explanation
by the off-the-shelf solver, and the time needed to personalize the explanations is relatively

small.

In our third experiment, we vary the upper bound UB by varying r € {0.6,0.7,0.8,0.9}.
Table 6.3 tabulates the results. As r (and, equivalently, the upper bound UB) increases,
|A| decreases and |e| increases since fewer letters need to be forgotten to get a personalized
explanation with a cardinality that is within the upper bound UB. Similar to the second
experiment, the cardinality of the L-MRP explanation |¢*| and runtimes ¢ remain relatively
unchanged for all values of r, making the same implication that the runtime of PLEASE is
dominated by the off-the-shelf solver.

6.4.2 Human-Subject Experiments

We now evaluate one of the assumptions made in this work, namely, that personalized
explanations with respect to a human vocabulary increase the overall comprehension and
satisfaction of human users. It is important to note that while we could not control for the
knowledge of the human user (i.e., KBy), it is reasonable to assume that their knowledge
grows as their vocabulary V), grows. For example, in the LOGISTICS domain example, if
a user’s vocabulary includes the move operator, even if they do not know specifically the
preconditions and effects of the operator, they still have an intuitive sense of what it does.
As such, they would have a larger KB;, compared to another user who does not know about

the operator, everything else being equal. With this in mind, our hypothesis is that:

Human users with access to a known vocabulary of task-specific terms (and their
background knowledge associated to those terms) have an increased understanding
and satisfaction with personalized explanations compared to human users with
generic explanations.
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Vocab. Vi1 Vocab. Vo Vocab. V3
Question Treat. Ctrl. Sig? Treat. Ctrl. Sig? Treat. Ctrl. Sig?

Q1: The explanation helped 3.90 2.65 Y 445 260 Y 3.60 270 Y
me understand the robot’s
decision.

Q2: I am satisfied with the 3.90 2.70 Y 4.40 265 Y 3.65 290 Y
robot’s explanation.

Q3: The explanation has suf~- 3.75 2.60 Y 3.90 290 Y 3.65 280 Y
ficient detail.

Q4: The explanation is com- 3.75 2.60 Y 3.95 280 Y 3.15 280 N
plete.

Q5: The explanation wasuse- 3.70 240 Y 4.10 265 Y 3.50 280 N
ful for understanding.

Q6: I am confident in my un- 4.15 230 Y 430 265 Y 345 275 N
derstanding.

Q7: I can explain the robot’s 3.95 2.10 Y 4.05 230 Y 335 275 N

behavior to others.

Table 6.4: Average scores (max. 5) and statistical significance (¢-test, p = 0.05) for treatment
and control groups.

Study Design: We designed a between-subject user study, wherein the users were divided
into three vocabulary group pairs (Vj,1, Ve, and Vy3), each of which consists of a treatment
group and a control group. The study comprised a simple imaginary scenario that involved a
robot exploring an environment, and a supervisor (i.e., the users) observing its behavior from
a station. For simplicity, we simulated the environment as a 5x4 grid and informed the users
about the robot’s capabilities, such as moving to adjacent locations among other actions.
After the users understood the necessary information, they instructed the robot to move to a
certain location in the grid. To generate explanations, we told the users that on top of mov-
ing to the particular location, the robot also communicated some data to their station and,
as supervisors, they requested an explanation so as to understand its behavior. The explana-
tions were in natural language; however, some of the terms in the explanation were changed
to random Greek letters. These letters then formed the three vocabulary groups (i.e., V1,
Vha, and Vy3, which has one, two, and three letters with meanings described, respectively).
Within each vocabulary group, the treatment group received a personalized explanation,
where explanations were provided using only the vocabulary known to the group, whereas
the control group received the default explanation without any personalization. For addi-
tional details about the study design and how the explanations were generated in accordance

to our framework see Appendix B.1.
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The main task of the users was to evaluate the robot’s explanation. To do this, we asked
the users seven Likert-type questions pertaining to the understandability and satisfaction of

the explanation.

Results: In total, we recruited 120 users (40 for each vocabulary group pair, 20 in the
treatment and 20 in the control group) from the online crowdsourcing platform Prolific [175],
with the only filter being that the users are fluent in English. Table 6.4 tabulates the average
scores for each Likert-type question and whether the scores are statistically significant with
respect to a t-test based on a p-value of 0.05. The distributions of all questions can be found

in Appendix B.1.

The results presented in Table 6.4 show a clear trend in favor of personalized explanations.
When comparing the treatment and control groups for each vocabulary, we observe that the
treatment group consistently scores higher on average across the seven Likert-type questions.
This indicates that personalized explanations tailored to users’ known vocabulary can lead

to an increased understanding and satisfaction compared to generic explanations.

In the case of vocabulary groups Vj; and Vs, the treatment group outperforms the control
group in all questions, with statistical significance observed at a p = 0.05 level. This suggests
that personalizing explanations based on a smaller, more focused vocabulary (i.e., one or two
terms) has a considerable impact on users’ understanding and satisfaction. These results
support our hypothesis that personalized explanations can be more effective than generic

ones when users have access to a known vocabulary of task-specific terms.

However, when we examine the results for vocabulary group V3, we notice that the treatment
group only shows statistically significant improvements in Q1, Q2, and Q3. This finding may
suggest that as the vocabulary size increases, the benefits of personalized explanations be-
come less pronounced. Further investigation is needed to better understand this relationship

and its implications on the design of personalized explanations.

In summary, the results of our study demonstrate the value of personalized explanations for
enhancing user understanding and satisfaction, especially when a smaller, focused vocabulary
is used. While the effectiveness of personalization appears to decrease with larger vocabu-
laries, the overall trend suggests that tailoring explanations to users’ known vocabulary can

lead to better outcomes than providing generic explanations. Future research could explore
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the potential trade-offs between vocabulary size and personalization to better understand

the optimal conditions for delivering effective explanations.

6.5 Related Work

In Section 6.1, we described a key limitation of existing MRP approaches, namely that it
assumes that the human model is accurate. As such, on one hand, it can generate overly
long explanations by pessimistically assuming that the human model is almost empty when
it captures only information that it is confident about. On the other hand, it can generate
incoherent explanations by optimistically (and wrongly) assuming that the human model is

mostly specified when it also captures information that it is not confident about.

Nevertheless, our work in this chapter is closely connected to the logic-based variant of model
reconciliation (L-MRP) (see Chapter 3), where the underlying optimization and explanation
generation problems can be encoded in a logical language. A limitation of existing L-MRP
approaches, but not necessarily non-logic-based MRP approaches, is that they assume that
et C KB, must be subsets of exact clauses from KB, (See Definition 19). Therefore, the
human user may have to learn and understand a very complicated ¢t with many new terms
and concepts when a simpler version with fewer new terms could have sufficed. For example,
in classical planning, only one action is allowed to be executed at each time step. A logic-

based encoding of this restriction is through the following rule:

A N (av-a) (6.11)

a€A a/€Alata’

where A is the set of actions in the problem and a; represents action a in timestep t. Note
that A is the set of all actions in the problem. As such, should the human user be unaware

of this rule, e would include it and, thus, they need to learn about all possible actions.

Continuing with the LOGISTICS example in the introduction, imagine that the agent is trying
to explain that it is not possible to execute, at the same time, both actions move (trucki,
locl, loc2) and move(truckl, locl, loc3), which correspond to moving the truck to both
locations loc2 and loc3 concurrently. An explanation generated through existing L-MRP

methods will include Rule 6.11 with the set of all actions when a much simpler and shorter
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version where A is composed of exactly the two move actions above only would have sufficed.
Our goal in this work is to enrich the L-MRP formulation by proposing a new algorithmic

framework that can find such simpler explanations through knowledge forgetting.

In the context of classical planning problems, Sreedharan et al. [211] considered a related
issue. They assumed the user’s model is part of an abstraction lattice held by the agent,
with each node representing an abstracted planning task model produced by projecting out
a set of state fluents. The agent estimates the appropriate level based on user interactions
and provides consistent explanations. This is achieved through a foil set (a set of plans)
provided by the user, which the agent uses to find a minimal set of models consistent with
the foil. This method can be seen as a special case of MRP, with the user model belonging to
a set of possible models representing various abstractions of the agent’s model. In contrast,
our approach follows the standard MRP assumption with a single estimate of the user’s
model and a human-specified vocabulary that may include terms not in the user’s model.
This allows us to capture scenarios where users have relevant vocabulary terms without
knowledge of their relationship to the problem. This can often be the case when the problem
includes terms, such as move in LOGISTICS, that are in everyday conversation. Additionally,
our approach has the merit of generality, as it can be applied to problems beyond planning,

as long as they can be encoded in a logical formalism for which satisfiability of sets is feasible.

Finally, with recent progress, large language models (LLMs) [20] may be able to tackle
explainability and reconciliation challenges. As few-shot learners, LLMs excel at producing
well-formed sentences [24, 160]. Nevertheless, their primary shortcomings in establishing a
robust basis for logical reasoning, mainly due to their dependence on statistical features for
inference, has been exploited [187, 45]. Conversely, our framework’s symbolic nature offers
important theoretical guarantees, such as logically consistent and accurate explanations.
The ability to perform consistent logical reasoning is vital for building trust between human

users and Al systems.

6.6 Concluding Remarks

This chapter has enhanced our logical explainability layer by addressing a crucial limitation
in existing Model Reconciliation Problem (MRP) approaches: the need to adapt explanations

to different users’ levels of understanding. Through knowledge forgetting, we have shown how
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we can generate personalized explanations that match users’ vocabularies while maintaining

formal guarantees.

The key contributions and findings of this chapter are:

1. Development of a logic-based framework that generates explanations tailored to the
human user’s vocabulary, striking a balance between assuming an almost empty human
model and a fully specified one. The use of a human vocabulary allows for implicit

encoding of the user’s expertise level.

2. Formalization of various settings for generating personalized explanations, providing a

flexible approach adaptable to different scenarios.

3. Presentation of an algorithmic approach for computing personalized explanations,

which can be integrated with existing L-MRP methods.

4. Empirical evaluation, including both benchmark tests and a human-subject study,

demonstrating the efficacy of our framework in practical applications.

While the operation of knowledge forgetting has been extensively studied in various logical
settings [244, 162, 235, 69], its application to model reconciliation and explanation genera-
tion represents a novel contribution. This work contributes to the growing body of research
on human-aware planning, enhancing the potential for effective communication and collab-

oration between humans and Al agents.

Future work could explore the dynamic adaptation of the human vocabulary based on on-
going interactions, further refining the personalization of explanations. Additionally, inves-
tigating the integration of this approach with other explainable Al techniques could lead to

more comprehensive and versatile explanation-based systems.

In the next chapter, we will shift our focus and explore how our logical explainability layer can
support dynamic, dialogue-based interactions. Through structured argumentative dialogues,
we will show how explanations can evolve through continuous interaction between Al systems

and human users.
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Chapter 7

From Model Reconciliation to Dialectical

Reconciliation

”A prediction, or any assertion, that cannot be
defended might still be true, but an explanation

that cannot be defended is not an explanation.”
— Dawid Deutsch (The Fabric of Reality, p. 76)

7.1 Introduction & Contribution

The frameworks we have developed up until now have primarily relied on one-shot explana-
tions and known, a-priori human user models. While these assumptions helped establish our
theoretical foundations, they can limit effectiveness in real-world applications where under-
standing develops through iterative interaction and the Al system’s model of user knowledge

may be incomplete or inaccurate.

The need for a more interactive framework arises from several observations:

e Human users often have follow-up questions or require clarification on specific aspects

of an explanation.

e The initial explanation may not fully address the user’s concerns or may reveal mis-

conceptions that need to be addressed.

e A dialogue-based approach allows for a more natural and interactive form of explana-

tion, mirroring human-to-human communication.
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e [terative explanation can lead to a more nuanced understanding of the AI system’s

reasoning and the problem domain.

These observations lead to a pressing question: “How can we effectively help the human
user understand the Al agent’s decisions in a natural manner?” Cognitive science and
psychology literature provides inspiration — people learn and understand better when they
engage in argumentation-based dialogues. Such dialogues engage participants’ cognitive
abilities, enhancing learning and understanding through active engagement, reconstruction,

and assimilation of information [168]|. In other words, reconciliation is dialectical.

Building on this insight, this chapter introduces Dialectical Reconciliation via Structured
Argumentative Dialogues (DR-Arg), extending our logical explainability layer to support
dynamic interaction between Al systems and human users. DR-Arg builds upon our previous
L-MRP framework and extends it to support back-and-forth exchanges between the Al
system and the user. It also extends previous efforts in argumentation-based dialogues [17]

and is formalized using a game-theoretic approach to dialogues [100, 101].

The key features and contributions of DR-Arg include:

1. Dialogical Interaction: DR-Arg does not rely on predefined human user models but

allows for a more nuanced exchange of information through dialogue.

2. Focus on Understanding: The primary goal is to enhance the explainee’s under-
standing of the explainer’s decisions, even if disagreement persists. This distinguishes
DR-Arg from traditional argumentation frameworks that aim for mutual agreement
through persuasion [97, 184, 17§|.

3. Formal Framework: We provide a formal definition of dialectical reconciliation di-
alogues, describe their operational semantics using structured (deductive) argumenta-

tion [12], and offer theoretical guarantees for termination and success.

4. Evaluation Metrics: We introduce the concept of explainee understanding in the

context of these interactions and present a method for approximating it.

5. Empirical Validation: We evaluate DR-Arg through both computational experi-
ments and human-subject studies, demonstrating its effectiveness in enhancing human-

AT interactions.
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By introducing this dialectical dimension to our logical explainability layer, we bridge the
gap between static explanation generation and dynamic human inquiry. This work shows
how logic can serve as an explainability layer even in interactive settings, adapting to the

natural flow of human understanding while maintaining formal rigor.

7.2 Essential Background

We provide a partial review of deductive, logic-based argumentation [13], which serves as

the underlying machinery of our proposed framework.

We consider a (propositional) language £ that utilizes the classical entailment relation, rep-
resented by |=. We use L to denote falsity and assume that knowledge bases (finite sets of

formulae) are consistent unless specified otherwise.

Our approach relies on an intuitive concept of a logical argument, which can be thought
of as a set of formulae employed to (classically) prove a particular claim, represented by a

formula:

Definition 41 (Argument). Let KB be a knowledge base and ¢ a formula. An argument
for ¢ from KB is defined as A = (', ¢) such that: (i) T C KB; (it) T' = ¢; (ii) I' & L; and
(iv) " C T s.t. T = ¢.°

We refer to ¢ as the claim of the argument, denoted as CL(A), and I" as the premise of the
argument, denoted as PR(A). The set of all arguments for a claim ¢ from KB is represented
by A(KB, ¢).

Example 23. Assume KB = {a,b,aNb—c,g,g—a}. Then, an argument for ¢ from KB is
Ay = ({a,b,aNb— c}, c). Another argument for ¢ from KB is Ay = ({b,g,9—a,aNb—c},c).

To account for conflicting knowledge between agents, we will make use of a general definition
of a counterargument, that is, an argument opposing another argument by emphasizing points

of conflict on the premises or claim of the argument. With a slight abuse of notation:

45The minimality constraint maintains argument relevance by eliminating excess premises and pinpointing
specific reasons for inferring a claim, while also preventing negative impacts from superfluous premises.
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Definition 42 (Counterargument). Let KB; and KB; be two knowledge bases, A; = (I';, ¢;),
and A; = (I';, ¢;) be two arguments for ¢; from KB, and for ¢; from KBj, respectively. We
say that A; (or A;) is a counterargument for A; (or A;) iff I, UT; = L.

Example 24. Assume KB; = {a,b,aNb—c} and KB; = {l,d,INd——b,e,e——c}, and let
A; = ({a,b,anb—c}, c} be an argument for ¢ from KB;. Then, Aj = ({l,d,INd——b, }, —b)

and Ajs = ({e,e——c}, c) are two counterarguments for A; from KB;.

We denote the set of all counterarguments for an argument A from KB with C(KB, A).

7.3 Towards Dialectial Reconciliation

7.3.1 Motivating Example

To illustrate the potential of our approach, consider a scenario where a human user, Alice, is
tasked with troubleshooting an AI home assistant robot, named “Roomie”, that appears to
be disconnected from the internet. Alice is provided with a set of prompts to help diagnose
the problem, such as checking the associated mobile app and verifying Roomie’s connection

to the internet via a wired connector.

Initially, Alice attempts to resolve the issue by following the provided prompts. However,
she encounters several complications that hinder her ability to resolve the problem, including
an outdated mobile app, and an expired license for the wired connection. Frustrated with

the lack of progress, Alice requests an explanation from Roomie.

Roomie provides a brief explanation, stating that the outdated mobile app and expired
license are preventing it from establishing a stable internet connection. However, this single-
shot explanation does not fully satisfy Alice, as she feels she needs a better understanding

of how these factors are interconnected and impact Roomie’s performance.

To gain a deeper understanding, Alice engages in an argumentation-based dialogue with
Roomie. She presents arguments about the importance of regularly updating the mobile
app and renewing the license, citing the need for optimal performance and security. Roomie

counters by explaining that while updates and renewals are important, other factors such
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as network stability and hardware compatibility also play roles in its ability to function

properly.

Through the dialogue, Alice and Roomie explore various aspects of the problem, including
the potential risks of using outdated software, the benefits of maintaining a stable power
supply, and the importance of regular maintenance. This dialectical interaction allows Alice
to better understand Roomie’s reasoning and the evidence behind its explanations. While
she may still have reservations about Roomie’s arguments, she now has a more comprehensive
grasp of the factors contributing to Roomie’s disconnection and can make more informed

decisions on how to proceed with troubleshooting.

This example demonstrates how a single-shot reconciliation explanation may not always be
sufficient in scenarios requiring deeper understanding. In contrast, an argumentation-based
dialogue, such as the one enabled by our proposed framework, allows for a more thorough
exploration of the reasoning behind the AI system’s behavior, enabling users to gain a more
nuanced understanding. We also ran a human user study with this motivating example (see

Section 7.5.2) highlighting the strengths of our framework.

7.3.2 The DR-Arg Framework

We now introduce the Dialectical Reconciliation via Structured Argumentative Dialogues
(DR-Arg) framework. We begin by discussing the key assumptions and components of the

framework.

Key Assumptions: The DR-Arg framework involves two agents engaging in a dialogue,
with one agent taking on the role of an ezplainer (denoted by index R) and the other an
explainee (denoted by index E). The goal of the dialogue is to help the explainee understand
the decisions made by the explainer from the explainer’s perspective. We use ¢ to represent
an explainer’s decision and ® to represent the set of all decisions the explainee seeks to

understand.

Three critical assumptions underlie our framework:

1. Agent Knowledge Bases: The explainer is associated with a knowledge base KBg

that encodes its own knowledge of the underlying task. The explainee is associated with

149



knowledge base KBy that encodes their approximation of the explainer’s knowledge,

which can be (). No agent has explicit access to the other agent’s knowledge base.

2. Explainee Queries: Initiated by the explainee, the dialogue starts with a query
¢ € @, where KBg [~ ¢ (or KB = —¢) and KBg |= ¢. The explainee has the flexibility
to generate subsequent queries dynamically as the dialogue progresses, reflecting their

evolving understanding and the need for additional clarification.

3. Public Commitment Stores: Both agents contribute to public commitment stores
that store their utterances throughout the dialogue, akin to a “chat log". A com-
mitment store for agent x € {R,E} is defined as CS, = (CS! ..., CS!), where
CS! = (I(v),A) and () is an instantiated locution (see next section) and A the
respective argument (can be empty) accompanying the locution. This feature allows

to build more complex and contextually aware arguments.

The main goal of the DR-Arg is formulated as follows:

Given an explainer agent with KBgr, an explainee agent with KBg, and a set of
queries ® such that, for all p € &, KBg [~ ¢ (or KB |E —¢) and KBy = ¢, the
goal of DR-Arg is to enable KBg |= ¢ through dialectical reconciliation.

A critical aspect of this formulation is successfully enabling KBg = ¢ during the dialogue
between explainee and explainer. At a high level, we aim to find a way to help the explainee
transition from a state of not understanding a decision ¢ (i.e., KBg £ ¢ or KBg E —¢)
to a state of understanding the decision (i.e., KBg = ¢). Our thesis is that a natural
way of achieving this transition is through an argumentation-based dialogue that facilitates

dialectical reconciliation, i.e., a dialectical reconciliation dialogue.

At a high level, a dialectical reconciliation dialogue is a process resolving inconsistencies,
misunderstandings, and knowledge gaps between the explainer and the explainee. This
is achieved through argument exchange and dialogue moves that collaboratively construct
a shared understanding of the explainer’s decisions. To successfully achieve a dialectical
reconciliation dialogue, the agents should follow certain (dialogue) protocols that guide their

interaction:
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Locution | Agent Type Preconditions Effects
(1) 3A € CS} s.t. v C PR(A) and
query(7y) E (2) query(y) ¢ CSg and CSp « (query(v),0)
1) quer € CS ! and
support(y) R E2§ %A Eyil()KBR, E) st. AdCST CSL + (support(y), A)
(1) 3A € CS% s.t. v C PR(A) UCL(A) and .
refute(") E (2) 34 € C(KBp U CSE, ) s.t. A ¢ CSE S « (refute(y), 4)
(1) 3A € CSEL s.t. v C PR(A) UCL(A) and .
i (2) 34 € C(KBa U CST. ) st. A g CST Oy + (retute(y), 4)
(1) query(~y) preconditions do not hold and .
understand E (2) refute(y) preconditions do not hold Sl + (understand, 0)
(1) support(y) preconditions do not hold and .
r (2) refute(y) preconditions do not hold U5 + (understand, )

Table 7.1: The DR dialogue protocol. Note that, with a slight abuse of notation, the
condition A € CST (x € {R, E}) is true if there exists an argument A that has been uttered
by agent x at any step during the dialogue, i.e., 1 <T <t — 1.

e Establish a clear dialogue structure, including the use of locutions that define permissible

speech acts and turn-taking mechanisms.

e Engage in a cooperative and collaborative manner, with both agents focusing on the shared

goal of improving the explainee’s understanding.

e Employing argumentation techniques, such as offering counterexamples or pointing out

logical inconsistencies, to constructively challenge each other’s positions.

Following these protocols, the explainer helps the explainee iteratively refine their knowledge
base, ultimately converging on a shared understanding that enables KB |= ¢ for all decisions
P e o

Dialectical Reconciliation Dialogue Type

We now formalize the dialectical reconciliation dialogue type, inspired by Hamblin’s dialec-
tical games framework [100, 101]. Here, a dialogue is viewed as a game-theoretic interaction,
where utterances are treated as moves governed by rules that define their applicability. In
this context, moves consist of a set of locutions, which determine the types of permissible

utterances agents can make. To align with the goal of DR-Arg, we define the following set
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of locutions:

L = {query, support, refute, understand} (7.1)

The query locution enables the explainee to ask the explainer for an argument supporting
the explainee’s query. The support locution allows the explainer to provide a supporting
argument for the explainee’s query. The refute locution permits both agents to provide
counterarguments, and the understand locution allows both agents to acknowledge each
other’s utterances when no further queries or counterarguments are possible. We impose two
restrictions: (1) the query locution is only available to the explainee, and (2) the support
locution is only available to the explainer. These restrictions are reasonable given the goal

of DR-Arg; future work will explore relaxing them.

Note that we opted for an understand locution instead of a simple agree (or accept)
locution as the goal of DR-Arg is not to convince the explainee about ® but to help them
understand ®. An understand locution reflects this flexibility, where agents do not have to
agree with each other; they only have to acknowledge each other’s utterances and understand

each other’s perspectives.

Locutions are typically instantiated with specific formulae that make up the range of possible

dialogue moves my:

my = <I7l(7)>7 (72)

where ¢ is an index indicating the dialogue timestep, = € {R, E'} denotes the agent making
the move, [ € L is a locution, and v € L is a formula that instantiates the locution (e.g., the

content of the move).

We now formally define a dialectical reconciliation (DR) dialogue. A DR dialogue requires
that the first move must always be a query locution from the explainee, and the agents take

turns making and receiving moves:

Definition 43 (DR Dialogue). A DR dialogue D is a sequence of moves [my,...,mpj]

involving an explainee agent E and an explainer agent R, where the following conditions

hold:

1. my = (E, query(¢)) is the opening move of the dialogue made by the explainee.

2. Each agent can make only one move my per (alternating) timestep t.
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We refer to the initial query ¢ as the starting topic of the dialogue, and to all explainee

queries ® made in the dialogue as the overall topic of the dialogue.

A DR dialogue is terminated at timestep t if and only if the explainee cannot generate
subsequent queries or counterarguments, that is, when the explainee utters the understand

locution. More formally,

Definition 44 (Terminated DR Dialogue). A DR dialogue D is terminated at timestep t
iff my = (E, understand) and ft' <t s.t. D is terminated at timestep t'.

Agent Strategy: During the dialogue, the agents essentially determine their moves based
on objectives like adhering to rationality or influencing dialogue length. In other words, each
agent follows a strategy when selecting their next move. For an agent z, a strategy, denoted
S:, is a function taking in its current dialogue D, knowledge base KB,, and next timestep ¢

to output the next move.

While strategies can take several forms (e.g., preference-based, probabilistic), for
simplicity, we assume two ordered strategies: Sg(D,KBg,t) = [refute, query,
understand| and Sg(D,KBg,t) = [support, refute, understand|, where the ordered lists

show the priorities of dialogue moves for the explainee and explainer, respectively, at ¢t > 1.

Now, if the agents follow their respective strategies during the DR dialogue, and the dialogue

does not continue after it has terminated, then we say that the dialogue is well-formed.

Definition 45 (Well-Formed DR Dialogue). A DR dialogue D is well-formed iff it is ter-
minated at timestep t and, for all timesteps 1 <t <t, my € S,(D',KB,,t") for each move

my from agent x, where D" C D consists of the first |D'| =t — 1 moves from D.

Operational Semantics of DR Dialogues

In argumentation-based dialogues, the combination of locutions and formulae by agents is
not arbitrary; rather, it is governed by specific rules. This restriction is encapsulated in the
concept of a dialogue protocol. A dialogue protocol delineates the operational semantics of a
dialogue, explicating the preconditions and effects for each locution [180]. That is, locutions

exhibit action-like properties, influencing and modifying the state of the dialogue.
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As described in Definition 43, the dialogue is initiated with a query move from the explainee
(m1). Recall also that the query and support locutions are restricted to the explainee and
explainer, respectively. Table 7.1 describes the generation of valid dialogue moves m; (t > 1)

during a DR dialogue.

A query locution with formula ~ is valid if it satisfies three preconditions: (1) «y is part of the
premise in an argument previously made by the explainer, (2) v has not been queried before,
and (3) 7 is neither entailed by KBg nor is its negation entailed. The support locution,
instantiated with formula +, is permissible when: (1) v was queried by the explainee in the
preceding timestep, and (2) a new argument for v exists in KBg. The refute locution is
instantiated with ~ if: (1) 7 is in the premises or claim of any argument made by either
the explainer (resp. explainee), and (2) an unasserted counterargument refuting 7 exists in
KBg (resp. KBg). The understand locution is a valid option if query (resp. support) and
refute cannot be uttered by the explainee (resp. explainer). After each move, the respective

agents’ commitment stores are updated.

Note that our framework remains neutral regarding to which argument (support move) or
counterargument (refute move) is computed first. This can be done in a preference-based
fashion by incorporating and minimizing a cost function that measures the complexity of
the arguments. For simplicity again, we employ a cost function based on argument length,
i.e., cost(A) = |PR(A)|.

Importantly, our framework permits agents to utilize each other’s commitment stores when
formulating arguments, specifically for the refute locution (see precondition (2)). This inter-
use of commitment stores enables the agents to draw upon shared information to construct

arguments, thereby creating a more realistic representation of dialectical reconciliation.

Illustrative Example

Consider the following explainer and explainee knowledge bases, where all formulae are

equally preferred:

KBr ={a,b,aNb—c,d,d——e, f, f—d}
KBg ={e,e——c,g,g Na——f}
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Dialogue Move Commitment Store

my = (B, query({c}))  CSg = (query({c}),0)

R,support, {c}) CS% = (support(c), ({a,b,a ANb—c},c))
E,refute({c})) CS% = (refute({c}), ({e,e——c},—c))

ma = ( (
ms3 = < <
my = (R, refute({e})) CS% = (refute({e}), ({d,d— —e}, —e))
= (E,query({d}))  CSp = (query({d}),0)
= (
7= (
= { (
= {

ms

me = (R, support({d})) CS} = (support({d}),({/,f—d},d))

m E,refute({f})) CSL = (refute({f}),{g,a,9Na——f} ~f))
mg = (R, understand) CS% = (understand, ()

mg = (F,understand) (S} = (understand, ()

Table 7.2: Example of DR dialogue.

The starting topic is ¢, where KBg |= ¢ and KBg | —e.

A generated DR dialogue is shown in Table 7.2. The dialogue begins with the explainee
asking the explainer about ¢ (mq), and the explainer provides an argument supporting it
(m2). The explainee counters by refuting ¢ with e (mg), which the explainer then refutes
with d (my4). Next, the explainee poses a new query about d (ms), and the explainer
supports it with f (mg). The explainee subsequently refutes f with ¢ and a (from the
explainer’s commitment store) (my;). Finally, both agents utter understand (mg and myg),

leading to the termination of the dialogue.

It is important to note that the goal we pursue in this work (dialectical reconciliation) sets
our framework apart from traditional argumentation frameworks that aim to achieve mutual
agreement through persuasion [97, 184, 178] or obtain information through information-
seeking [178, 73]. To better highlight the differences, let us consider the logic-based per-
suasion and information-seeking frameworks presented in [177, 178]. In these frameworks,
agents are assumed to have “dialogical attitudes” (akin to agent strategies) when choosing
their assert and accept moves. The attitudes relevant to our setting are the confident agent,
who asserts any proposition for which an argument can be constructed, and the cautious
agent, who accepts a proposition only if they cannot construct a counterargument against it.
In our example, given that the starting dialogue topic is ¢, the goal in persuasion is for the
explainer to persuade the explainee to accept ¢, while in information-seeking, the explainee

aims to gather information about ¢. The corresponding dialogues are shown in Table 7.3.
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Persuasion Information-seeking

my = (R, assert(c)) my = (F,question(c))

my = (F, assert(—c)) my = (R, assert(c))

mg = (R, challenge(—c)) ms = (F, challenge(c))

my = (F,assert({e,e — —c})) my = (R,assert({a,b,a ANb— c}))
ms = (R, assert(—e)) ms = (F,accept({a})

me¢ = (F, assert(e)) me = (F,accept({b})

mr7 = (R, challenge(e)) my = (E,accept({a Ab — c})

mg = (F, assert({e}))

Table 7.3: Example of persuasion and information-seeking dialogues.

The differences between a DR dialogue and persuasion and information-seeking dialogues
are evident in this example. Compared to persuasion, the primary difference lies in the goal.
A DR dialogue aims for understanding, while persuasion seeks to change the explainee’s
beliefs. This is evident in the dialogue moves, where dialectical reconciliation allows for
a back-and-forth exchange of arguments and counterarguments (ms to mg) until a point of
understanding is reached (mg). In persuasion, the dialogue ends when the explainer concedes

(mg), failing to persuade E about c.

Compared to information-seeking, the main difference is the level of interaction. A DR
dialogue enables the explainee to provide counterarguments (e.g., refuting ¢ in ms) and
the explainer to offer additional information (e.g., my onwards). This kind of exchange is
not possible in the information-seeking protocol, where the explainee simply accepts the

explainer’s assertions (my) without the opportunity to challenge or seek further clarification.

This simple example shows that a DR dialogue provides a more interactive and collaborative
framework for understanding, compared to the one-sided nature of persuasion and the limited

interaction in information-seeking.

7.3.3 Properties of DR Dialogues

We now describe two properties for assessing the efficacy of a DR dialogue: termination and

SUCCESS.
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Termination: This property ensures that the dialogue concludes within a finite number
of steps and is devoid of any deadlocks, guaranteeing that at every stage, each agent has at

least one viable move.

Theorem 11. Fvery DR dialogue is gquaranteed to terminate.

PROOF. First, the operational semantics (see Table 7.1) outline the constraints and con-
ditions under which each dialogue move can be executed. Second, the agents’ knowledge
bases are finite, meaning that there are only a limited number of different moves that can
be generated, and the agents cannot repeat these moves. As such, the dialogue will not

continue indefinitely.

We now prove through contradiction that a deadlock cannot happen. Assume that a deadlock
happened, where an agent x does not have any available moves to make and the dialogue

has not terminated. There are two cases:

e Agent x is an explainee. When the explainee cannot make any query or refute moves, it
can always make the understand move since its preconditions are that the preconditions

of the query and refute moves do not hold.

e Agent x is an explainer. Similar to the previous case, when the explainer cannot make any

support or refute moves, it can always make the understand move.

This contradicts our assumption and the dialogue is thus deadlock-free. Therefore, a DR

dialogue is guaranteed to terminate. O

Success:  The success of a terminated dialogue is contingent upon the achievement of
its primary goal. For DR-Arg, this entails the explainee comprehending the overall topic
®, from the explainer agent’s perspective. This is formally denoted as KBg = ¢ for each
¢ € P, or more succinctly, KBg = ®. Achieving this involves a knowledge update in KBg,
incorporating the explainer’s arguments from the dialogue. We adopt the following general

knowledge base update from the Section 3.4 of Chapter 3:

Definition 46 (Updated Knowledge Base). The updated knowledge base KBg upon inte-
——A
grating argument A is defined as KBy = (KB UPR(A))\ M, where M C KBg\PR(A) is a

C-minimal subset whose (potential) removal ensures that (KB UPR(A)) remains consistent.
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For simplicity, we assume that the knowledge base update transpires post-dialogue. Perform-
ing this update during the dialogue is equally feasible, given that the explainee has access
to the explainer’s commitment store, which aids in formulating new arguments. This means

that the timing of the update does not affect the argumentation dynamics.

Now, a crucial observation is that not all arguments presented by the explainer are necessary
to update KBg for it to entail ®. An incremental update strategy can be employed, beginning
with the most recent argument and proceeding until KBy = @ is fulfilled. Should retraction
be needed for consistency, it is confined to the original contents of KBg, preserving the
integrity of the added arguments. This approach assures that KBg = ® is enabled. Hence,

a DR dialogue that attains its objective is deemed successful.

Definition 47 (Successful DR Dialogue). A terminated DR dialogue D regarding topic ® is
——A
successful iff KBy = @ for some A C CSkg.

Integrating Definition 47 with the underlying principles of the DR-Arg framework leads to

an important conclusion:

Theorem 12. A terminated DR dialogue D on topic ® is always successful.

PrOOF. First, recall that the topic of the dialogue ¢ must be entailed by the explainer
(i.e., KBr = ), which means that an argument for ¢ from K Bp always exists (Defini-
tion 41).

Now, notice that for a terminated dialogue D, the explainer’s commitment store C'Sg con-
tains the explainer’s set of arguments that have been presented during the dialogue. Since
KBr E ¢, and the arguments in C'Si are derived from K Bpg, it follows that using the
arguments in C'Sg to update the explainee’s knowledge base K By (w.r.t. Definition 46) will
enable K Br = ¢, as in the worst case, the entire C'Sg will be used to update K Bp.

Therefore, the explainee’s knowledge base will eventually entail ¢ (i.e., KBg | ¢) and, as

such, a terminated DR dialogue on topic ¢ is always successful. O
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7.4 Approximating Explainee Understanding

Understanding, a multifaceted and abstract concept, is challenging to quantify and often
involves the explainee’s cognitive process of forming a functional mental model of the sub-
ject matter, which includes its causes, consequences, and interconnections. This process
resembles constructing a complex “blueprint” through the narrative provided by the ex-
plainer, effectively facilitated by argumentation-based dialogue. Such dialogues engage the
explainee’s cognitive abilities, enhancing learning and understanding through active engage-
ment, reconstruction, and assimilation of information, as evidenced in cognitive psychology
studies [122, 168]. Our framework is motivated by these insights, employing argumentation
to guide the explainee in developing a comprehensive understanding of the phenomenon

under discussion.

As stated, our main objective is to enhance the explainee’s understanding of the explainer’s
decisions. To quantify and approximate this understanding, we propose a simple metric that
measures the similarity between the explainee’s knowledge base (KBg) and the explainer’s
knowledge base (KBg). We postulate that the explainee’s understanding is likely to improve

as the similarity between KBg and KBpg increases.

We define the similarity between KBr and KBp using syntactic and semantic measures.
Syntactic similarity assesses structural likeness (e.g., similarity of formulae), while semantic
similarity examines the logical consequences of the knowledge bases. We employ a weighted

Sgrensen-Dice similarity index [61, 203] as follows:

2. |[KBg N KBg|

2. |Bg N Bg|
|IKBg| + |KBg|

" |Bg| + |Bg]

where a € [0, 1] is a parameter indicating the weight of each metric component. Here, Bg

Y=a

+(1-a) (7.3)

and Bp represent the backbone literals of KB and KBg, respectively, which are the literals
entailed by each knowledge base [176].1% This formula approximates the explainee’s level of

understanding as the similarity between KBy and KBg.

Note that we assume that the explainee’s knowledge base is dynamic, capable of assimilating

new information from the explainer. We also assume that the explainee, as a rational agent,

46Note that instead of the backbone literals of the knowledge bases, we could alternatively consider their
prime implicates, which are their strongest consequences [118].

159



actively seeks to understand the explainer’s perspective and integrates this information into

KBg (Definition 46).%7

Example 25. Consider the DR dialogue from the illustrative example. Upon dialogue ter-
mination, the explainee sequentially updates KBg with the explainer’s arguments until the
dialogue topic & = {c,d} is entailed by KBg (i.e., KB = ¢ and KBg |= d). Table 7.4

tllustrates the evolution of the knowledge base similarity with each update.

# Premise to Add Updated KBpg Similarity Metric
1 {f f—d} {e,e=e,g, [, f—d}  £=0522405-22 =0.35
2 {d,d——e} {e=-c,g, f, f—d,d,d—=e} ¥ =0522405-22 = (.58

{e——c,g, [, f—d,d,d——e
a,b,a Nb—c}

Table 7.4: Example of knowledge base update and similarity metric.

3 {a,banb—c} '8 =0.5-2740.5-25 = 0.90

It is interesting to see how this example underscores the potential advantage of dialectical
reconciliation over a single-shot reconciliation approach. For instance, using our single-shot
reconciliation approach, we get the explanation tuple € = (E1,E7) = ({a,b,a Nb—c}, {e}),
where ET and £~ denote the formulae to be added and retracted from KBg, respectively.
Updating KBg with € (using Definition 46) results in KBy = (KBpUET)\ & = {e —
—¢,g,gNa— —f,a,b,aNb — c}. Calculating the similarity score between this updated KBg
and KBg, we get ¥ = 0.50. Unsurprisingly, the single-shot reconciliation approach yields a

lower similarity score than dialectical reconciliation.

7.5 Empirical Evaluations

We present two forms of empirical evaluations — a computational experiment and a human-

subject experiment.

4TRecall that K B is what the explainee thinks the agent’s knowledge is, which means that they have no
qualms adopting information from K Bg.
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7.5.1 Computational Experiments

For our computational evaluation of DR-Arg, we utilize the following metrics to assess its

performance:

e Dialogue Length L: The total number of dialogue moves exchanged between the ex-

plainer and explainee agents.

e Dialogue Time T: The duration of the dialogue, defined as the computational efforts

required to generate arguments, assuming that communication cost is 0.

e Number of Updates N: The total count of updates to the explainee’s knowledge base

after the dialogue, reflecting the volume of new information incorporated.

e Change in Similarity AX: The change in the similarity between K B and K Bpg (for

a = 0.5), comparing their initial (pre-interaction) and final (post-interaction) levels.

Setup: We created 16 unique pairs of KBy and KBy with sizes of 102 — 10° by doing
the following. (1) We generated random inconsistent propositional KBs of varying sizes of
10% — 10°. (2) We constructed KBy by removing a minimal correction set (MCS) from the
inconsistent KB to make them consistent.*® (3) To create KB, we controlled the fraction of
conflicts between the explainer and explainee with ¢ = |KBg|/|KBg|. Specifically, starting
with an empty KBg, we added formulae from MCS and, if needed, negations of random
formulae from KBy to meet the desired ratio. This process generated distinct KBs with
conflict levels determined by c. (4) Lastly, to have KBs of approximately the same size and
with some similarity between them, we added a 1 — ¢ fraction of formulae from KBy to KBg,

as long as KBy remained satisfiable.

For generating arguments and counterarguments, we used a standard method from the lit-
erature [11]. The dialogue topic comprised a single query ¢, created by finding a formula
entailed by KBy but not by KBg. We identified this formula by examining the logical conse-
quences of both knowledge bases. This process ensured the query addressed the knowledge
discrepancy between the explainer and explainee, allowing to simulate a dialectical reconcil-

iation dialogue.

48 A MCS is a C-minimal set of formulae whose removal renders an inconsistent KB consistent [165].
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We implemented a prototype of DR-Arg in Python using PySAT [115], and ran experiments
with a time limit of 900s on a MacBook Pro machine with an M1 Max processor and 32GB

of memory.*

Results: Table 7.5 presents the evaluation results of DR-Arg on various knowledge base
sizes |KB| and fractions of conflicts ¢, allowing us to observe how they influence the dialogue
time T, dialogue length L, number of updates N, the change in similarity with DR-Arg
AY pg, and the change in similarity with a state-of-the-art single-shot reconciliation approach

AXgsr [225]. The results reveal several trends and insights:

e Increasing |KB| led to longer dialogue times (T'), reflecting the higher computational de-

mand for larger knowledge bases.

e Both the dialogue length (L) and the number of knowledge base updates (N) generally
increased with larger |KB| and higher conflict ratios (¢), indicating more extensive inter-

actions required to resolve greater inconsistencies.

e A noticeable increase in AYpr was observed with the rise in N, suggesting that more
updates correlate with a greater improvement in the explainee’s understanding. Notably,
AY.pg consistently outperformed A gsr, underscoring the advantage of DR-Arg’s itera-

tive, multi-move approach over single-shot reconciliation methods.

7.5.2 Human-Subject Experiments

We conducted a study involving the simulated scenario described in our motivating example
(see Section 7.3.1). As a brief recap, a human user is presented with the task of troubleshoot-
ing an Al home assistant robot named “Roomie” that appears to be disconnected from the
internet. The user is given a set of prompts to help them diagnose the problem, such as
checking the associated mobile app, confirming Roomie’s connection to the charging base,
verifying Roomie’s connection to the internet via a wired connector, and noting a flashing
light next to the LAN port. However, the user is faced with several complications that hinder
their ability to resolve the issue. These include an outdated mobile app, an expired license

for the wired connection, and a low battery indicated by the flashing light. These obstacles

49Code  repository: https://github.com/YODA-Lab/Dialectical-Reconciliation-with-Structured-
Argumentation.
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KB c=0.2 c=04 c=0.6 c=0.8

T L N AYXpr AXssr T L N AXpr AXgsp T L N AXpr AXssr T L N AXpr AXgsp
2 x 10? 0.05s 21 5 11.50% 9.00% | 0.04s 11 1 10.10% 9.20%| 0.02s 9 2 990% 9.20%| 0.05s 9 2 9.95% 9.10%
4% 10? 007s 15 6 4.50% 250%| 0.07s 15 6 520% 4.76%| 0.05s 11 5 5.63% 4.19%| 0.06s 11 5 5.60% 5.30%
6 x 102 0.10s 11 5 2.83% 1.37™% 0.10s 11 5 2.15% 1.43% 0.20s 23 11 4.27% 1.58% 0.40s 59 29 11.57% 1.92%
8 x 10? 0.30s 41 16 5.09% 0.80%| 0.40s 43 20 6.45% 0.74%| 040s 43 9 347% 0.73%| 0.50s 43 8 3.50% 0.72%
2x10%|| 050s 5 2 053% 0.83%| 1.00s 23 9 250% 0.50%| 240s 69 31 548% 045%| 1.10s 25 10 3.57% 0.72%
4% 10° 430s 61 29 4.88% 0.37%| 5.50s 71 34 6.05% 1.43%| 10.20s 109 54 6.72% 0.59% | 850s 85 42 6.37% 1.73%
6 x 103 350s 13 6 0.89% 0.20%|113.00s 87 40 4.65% 0.18%| 3.70s 13 6 3.03% 0.24%| 830s 57 28 4.93% 0.23%
8 x 10 7.60s 43 21 3.30% 1.53%| 5.70s 19 9 4.03% 2.86%| 37.90s 43 21 513% 4.18%| 560s 19 9 445% 4.19%
2x10%| 21.20s 9 4 0.88% 0.15%| 21.70s 9 4 0.10% 0.75%| 21.60s 9 4 225% 0.68%| 21.70s 9 4 2.49% 0.07%
4x 10" 38.40s 44 17 3.20% 1.95%| 45.50s 66 18 4.30% 2.13%| 50.20s 61 16 5.40% 4.19%| 55.80s 68 23 6.20% 3.32%
6x 10* | 125.30s 90 33 9.40% 7.31%(133.00s 111 52 29.40% 5.15% | 129.60s 101 48 33.20% 17.20% |141.50s 120 61 44.90% 21.32%
8 x 10*|[149.00s 95 32 15.60% 4.79% |155.00s 129 59 25.40% 13.41% |161.50s 121 42 30.10% 21.29% |172.50s 155 72 39.30% 19.47%
2 x 107 |1 220.20s 159 63 20.30% 13.14% |232.50s 191 82 32.00% 22.08% |242.00s 202 95 39.00% 25.50% |254.80s 233 108 50.20% 25.59%
4% 10° | 386.60s 245 111 28.10% 15.48% |411.30s 287 135 37.90% 29.76% |430.00s 306 151 45.10% 32.70% |456.60s 340 168 57.40% 31.00%
6 x 10° || 561.20s 322 151 33.80% 19.29% |594.40s 378 178 41.80% 34.15% |622.60s 405 206 49.70% 37.80% |656.70s 446 227 63.10% 34.94%
8 x 10° | 739.20s 402 192 38.00% 21.92% |781.90s 473 229 45.20% 37.31% |816.30s 508 262 53.30% 41.30% |862.70s 556 287 67.60% 37.76%
Table 7.5: Evaluation of DR-ARG on various knowledge base sizes |KB| and fractions of

conflicts c¢. The results represent averages from five runs per scenario.

create a realistic scenario for the user to navigate, as they must interact

understand the underlying issues in order to get it up and running again.

with Roomie to

Overall, this study provides a valuable opportunity to explore how humans interact with Al

systems in real-world situations, and how they approach troubleshooting and problem-solving

when faced with unexpected obstacles. From a technical standpoint, this narrative allowed

us to approximate a human model, facilitating the use of a single-shot model reconciliation-

based method as a baseline. A detailed setup of the study can be found in Appendix C.

Study Design:

Participants were introduced to the problem through a narrative dialogue

that explained the scenario’s premise and known information. After posing the initial query

“Why are you disconnected?”, participants were divided into two groups:

e Single-Shot (SSR): Group 1 received a single-shot model reconciliation explanation,

where the human model was assumed to include the information provided during the

scenario’s introduction. The explanation was computed using the solver in [225].

e DR-Arg: Group 2 interacted with DR-Arg’s explanations, choosing from four unique

questions (i.e., counterarguments) in a game-like format. They could continue asking

questions or decide to end the interaction.
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Upon completing their interaction with Roomie, participants were asked four multiple-choice
questions to evaluate their understanding of the issues, generating a comprehension score.
They also responded to three Likert-scale questions (1: strongly disagree, 5: strongly agree)
to gauge their satisfaction with the interaction and explanations, resulting in a satisfaction

score. Our hypothesis was:

H: DR-Arg will achieve higher comprehension and satisfaction compared to SSR.

Study Results and Discussion

We recruited 100 participants through Prolific [175], of whom 97 completed the study. The
participants were diverse in terms of age, gender, and educational background, with all of
them being proficient in English and having at least an undergraduate degree. They were
compensated with a base payment of $2.50 and had the opportunity to earn an additional

$2.00 bonus for correctly answering the comprehension questions.®

In the DR-Arg group, participant engagement varied, leading us to further classify this group
for analysis. Specifically, we divided the DR-Arg participants into two subgroups based on
their interaction depth:

e DR-Arggingle: This subgroup is comprised of participants who chose to end the interac-

tion after only one question.

e DR-Argyuii: This subgroup is comprised of participants who engaged with more than

one question.

This classification allowed us to evaluate the impact of deeper interaction on comprehension

and satisfaction.

The study results, presented in Table 10.1, display the average scores for comprehension and
satisfaction, alongside the statistical significance of differences between the SSR and DR-Arg

groups.

50The study was approved by our institution’s ethics board and adhered to the guidelines for responsible
research practices.
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SSR | DR-Arg | DR-Argsingie | DR-Argnuii
Number of Participants 49 48 11 37
Comprehension Score (out of 4) | 0.30 2.60 1.18 3.02
Satisfaction Score (out of 5) 2.94 3.57 3.09 3.74

Table 7.6: Results of the user study.

The results of the user study are presented in Table 10.1. As hypothesized, the DR-Arg
participants outperformed the SSR group in terms of both comprehension and satisfaction
scores. The differences between the two groups were statistically significant according to

independent samples t-tests, with p-values below 0.05.

The DR-Argginge subgroup achieved better comprehension scores than the SSR group, sug-
gesting that even a single interaction with DR-Arg can lead to improved understanding
compared to a single-shot explanation. However, the most notable results were observed
in the DR-Argyug; subgroup, which obtained the highest comprehension and satisfaction
scores among all groups. This finding highlights the effectiveness of deeper, multi-query

interactions in dialectical reconciliation for enhancing user understanding and satisfaction.

As anticipated, the SSR participants scored lower on comprehension questions, possibly due
to their inability to ask follow-up questions and only receiving information based on Roomie’s
assumed model of them. In contrast, the DR-Arg participants outperformed the SSR group,
with the results being statistically significant according to a t-test with a p-value of 0.05.
The DR-Arggingle subgroup showed improved comprehension over SSR, indicating that even
minimal interaction with DR-Arg is more informative than a single-shot explanation. How-
ever, the most notable results were observed in the DR-Argyu; subgroup, which achieved
the highest comprehension and satisfaction scores. This underscores the efficacy of deeper,
multi-query interactions in dialectical reconciliation for enhancing understanding and user

satisfaction.

The study confirms our hypothesis H, illustrating that dialectical reconciliation is more
effective in fostering understanding and addressing human user concerns than a single-shot

approach.
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7.6 Related Work

The influential work by Walton [234] provides a valuable framework for categorizing dialogues
based on participants’ knowledge, objectives, and governing rules. This categorization is
essential for understanding the distinct characteristics and purposes of different dialogue
types. Each dialogue type revolves around a central topic, typically a proposition, that

serves as the subject matter of discussion.

Related dialogue types include: persuasion [97, 184], where an agent attempts to convince
another agent to accept a proposition they initially do not hold; information-seeking [178, 73|,
where an agent seeks to obtain information from another agent believed to possess it; and
inquiry [111, 16], where two agents collaborate to find a joint proof for a query that neither

could prove individually.

While many dialogue systems have been proposed for these dialogue types [17], to the best of
our knowledge, no existing dialogue frameworks have been developed exclusively for model
reconciliation processes [37]. This is a crucial aspect of communication that sets our frame-
work apart from related dialogue types, such as persuasion and information-seeking. To
better illustrate this, in Section 7.3.2, we provide an example that clarifies the distinctions

between our proposed dialogue type and persuasion and information-seeking.

On a similar thread, our work fits well within the literature on argumentation-based ex-
plainable AT [49]. However, a big difference with most existing approaches within that
space |74, 41, 174, 25, 188| is that they are based on forms of abstract argumentation, which
in our specific setting offers limited expressivity as the internal structure of arguments is
ignored. In a practical explanatory dialogue setting with implementations for user studies
(such as in our case), one must know and express the contents of the arguments conveyed,

and how they can be used to generate new arguments and counterarguments.®!

In similar spirit, Dennis et al. [59] proposed a framework for explaining the behavior of BDI
systems. However, the differences lie in the underlying formalisms (BDI vs structure deduc-
tive argumentation), and importantly, their methodology lacks an experimental evaluation.

In contrast, we include both computational experiments and a human-user study, providing

51That is why we opted to using deductive argumentation, a form of structured argumentation, whose key
feature is the clarification of the nature of arguments and counterarguments.
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a more robust and empirically grounded understanding of the framework’s effectiveness. In
an orthogonal direction, Teze et al. [215] proposed an argumentation-based approach for
epistemic planning that allows for handling contextual preferences of users during plan con-
struction, but without explainability considerations. In contrast, our framework can be used

to explain planning problems to users via argumentation-based dialogues.

Finally, our work is motivated by the model reconciliation process (MRP) [37, 211, 209,
and specifically the logic-based variant [202, 225, 231, 227|. Our framework addresses two
MRP limitations: (1) the explainer agent’s assumed knowledge of the human model (we
relax this assumption) and (2) single-shot interactions (we focus on dialogue-based interac-
tions). Notably, Dung et al. [65] tackle these limitations using answer set programming, but
their approach is tied to planning problems while ours can be used to express general prob-
lems. Specifically, our framework relies on the general notion of argument /counterargument,
while theirs discuss only arguments related to optimal planning, and it is not clear how to
extend it to our general context. Moreover, their framework is purely theoretical and lacks

experimental evaluation.

7.7 Concluding Remarks

While argumentation is often advocated as suitable for explanation, its effectiveness for
human users remains understudied. This chapter has enhanced our logical explainability
layer by introducing Dialectical Reconciliation via Structured Argumentative Dialogues (DR~
Arg), showing how structured argumentation can enable dynamic interaction between Al

systems and human users. Our main contributions and findings are:

1. We provided a formal framework for dialectical reconciliation dialogues, including op-

erational semantics and theoretical guarantees for termination and success.

2. We introduced a metric for approximating explainee understanding in the context of

these interactions.

3. Our empirical evaluations, through both computational experiments and human-
subject studies, attested to the efficacy of dialectical interactions in enhancing human-

Al interactions.
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These findings highlight the potential of argumentation-based approaches in enhancing the

human-AlI interaction of Al systems, particularly in domains where explainability is crucial.

Despite the promising aspects of our framework, it is important to acknowledge its limita-
tions and potential areas for improvement. DR-Arg follows a fixed structure in presenting
arguments and does not consider the effectiveness of personalizing the interactions accord-
ing to the user’s beliefs and preferences. DR-Arg also assumes seamless communication
through well-defined dialogue moves, which may not reflect real-world complexities such
as miscommunication or uncertainty. Finally, the current framework is limited to deduc-
tive argumentation and propositional logic, which may not be sufficient to express complex

relationships and dependencies in real-world domains.

To address these limitations, we suggest the following future directions: (1) Develop an
adaptive approach that tailors arguments to individual users’ needs and preferences based
on user feedback and prior interactions [211, 227]. In Tang et al. [214], we have taken a step
towards this end by proposing a probabilistic framework to approximate human user models
from argumentation-based dialogues; (2) Integrate DR-Arg with large language models [24]
to translate formal arguments and logical structures into intuitive, natural language ex-
pressions, enhancing accessibility and user-friendliness while maintaining logical coherence;
and (3) Consider alternative structured argumentation frameworks, such as ABA |21, 50] or
probabilistic argumentation frameworks [144, 114], to enable more complex reasoning and

argument generation for a wider range of real-world problems.

In the next chapter, we will switch gears and examine how our logical explainability layer
can address scheduling problems, demonstrating its practical applicability while handling

additional challenges like privacy concerns.
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Chapter 8

Explanation-guided Belief Revision

“The growth of knowledge depends entirely on

disagreement.”

— Karl Popper

8.1 Introduction & Contribution

Throughout this thesis, we have developed a logical explainability layer for Al systems,
from the foundational Logic-based Model Reconciliation Problem (L-MRP) to its extensions
for probabilistic settings, efficient computation, personalization, and dialectical interaction.
While these approaches have demonstrated the usefulness and power of logic, they share an
underlying assumption: that effective explanation involves minimal updates to the human’s
model. However, as we move deeper into human cognition and real-world interactions, we
find that this assumption of minimality may not align with how humans actually process

and integrate new information.

When faced with new information that challenges their existing beliefs, people do not simply
make minimal adjustments. Instead, they engage in a more complex process of understand-
ing and reconciliation. This discrepancy between our previous models and actual human
cognition prompts us to reconsider our approach to revising human models in the context of

explainable Al.

One perspective on rational change is the principle of minimalism (or information economy),
which emphasizes a minimal change to one’s beliefs. James [119] eloquently expressed this
notion, suggesting that new information should be integrated in a way that slightly stretches

people’s existing beliefs just enough to incorporate the new information. While minimalism
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has been championed by numerous cognitive scientists in the context of both scientific and
everyday decision-making [87, 105], it can be limiting in complex real-world situations where

multiple interrelated beliefs may need to be updated simultaneously.

Cognitive studies on human belief revision indicate that people may not always aim for
minimality when revising their beliefs. Instead, they first seek to understand the nature of
the inconsistency [216, 123]. When encountering conflicting information, individuals often
generate explanations to reconcile these inconsistencies, as explanations offer a clearer guide
for future actions than mere belief adjustments [43, 137] and play a vital role in commu-
nicating one’s understanding of the world [39, 159]. This approach suggests that people
construct explanations to resolve inconsistencies, leading to belief revisions that are often
not minimal [123, 139].

Drawing inspiration from these cognitive studies, we argue that minimalism should not be
the primary principle in belief revision frameworks aimed at human users. We argue that a
drive for explanatory understanding, rather than mere consistency of beliefs, is a key feature
of human reasoning that belief revision frameworks should account for. Building on this
foundation, we introduce the human-aware belief revision framework, which formalizes the

process of revising human beliefs in light of explanations.

In summary, the contributions of this chapter are:

1. We introduce a framework for human-aware belief revision inspired by human cognition,
focusing on explanatory understanding over minimal changes, which better reflects

real-world cognitive processes.

2. We present the explanation-guided revision operator that revises the human model in a
(possibly) non-minimal way while preserving new information, offering a more flexible

approach to belief revision.

3. We conduct empirical evaluations through two human-subject studies that provide
robust evidence for the applicability of our proposed framework, validating its effec-

tiveness in real-world scenarios.

Our key insight is that an explanation-guided belief revision operator not only aligns more
closely with natural human reasoning patterns but also offers a more effective and human-

aware approach to belief revision that extends beyond the minimal update approach of L-MRP.
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8.2 Background

8.2.1 Belief Revision Theory

Belief revision is generally divided into two perspectives [88|: the coherence model, which
deals with sets of formulae that are closed under a consequence relation (belief sets) [2], and
the foundational model, which focuses on non-closed sets (belief bases) [103, 104]. In this
work, we adopt the foundational model approach. There, revision operators are typically
constructed via kernel functions [103| that select among (minimal) subsets of a belief base
that contribute to making it imply a formula. This is a general approach that relies on
incision functions to determine the beliefs to be removed from each kernel. For a complete

overview of different approaches to belief revision, please refer to [75].

Minimalism

The principle of minimalism (also called the principle of informational economy or minimal

mutilation) is one of the basic conceptual principles underlying belief revision frameworks:

Principle of Minimalism: When an agent with a prior belief base is presented
with a new belief that is inconsistent with it, they should revise it with respect
to the new belief to get a posterior belief base that is the closest belief base to
their prior belief base.

In essence, the principle of minimalism states that the agent’s primary goal when resolving
inconsistencies is to make minimal changes to their (existing) beliefs. This basic principle
is encapsulated by certain postulates, such as recovery [84, 2|, core-retainment, and rel-
evance [102, 72|, or by constructing revision operators that restrict revisions to minimal

subsets of the original belief base |72].

Explanatory Understanding However intuitive and plausible minimalism appears to
be, it does not always hold true in human belief revision dynamics. Studies in cognitive
science show that when people are faced with inconsistencies, they first construct (or seek)

explanations to resolve the inconsistencies, which consequently lead them to revise their
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beliefs in a non-minimal fashion [71, 123, 139, 233]. We will refer to this as ezplanatory

understanding:

Explanatory Understanding: When an agent with a prior belief base is pre-
sented with a new belief that is inconsistent with it, they first seek for an expla-
nation to explain the origin of the inconsistency, which can then lead them to
make greater than minimal changes to their belief base.

The explanatory understanding poses a challenge to the principle of minimalism, and thus
to most belief revision frameworks that adhere to it. Crucially, this means that existing
belief revision frameworks may fail to be successfully applied to human-Al settings. In this
work, we argue against minimalism and for explanatory understanding in human-centric

belief revision frameworks.

8.2.2 Logical Preliminaries

We will adopt an equality-free first-order language £ comprising (finite) sets of constants C,
variables V, predicates P, and no explicit existential quantifiers. An atom takes the form
p(t1,...,t,), where p is a predicate and t; € C UV are terms. A ground (or instantiated)
atom is an atom without variables, otherwise it is lifted. A formula is built out of atoms
using quantifier V and the usual logical connectives —, V, and A. An interpretation is an
assignment of true or false to each ground atom in a set of formulae. If an interpretation
satisfies a set of formulae then it is called a model of that set. A set of formulae is consistent

if it has at least one model, otherwise it is inconsistent.

To align with the cognitive flexibility observed in human reasoning, we make the fundamental
assumption that beliefs are defeasible—that is, they are open to change and retraction. To
capture a more nuanced structure of human beliefs, we represent a human model as a belief
base consisting of facts and general rules from language £. This approach allows us to model
both specific pieces of information and the broader principles that guide human reasoning.

Formally,

Definition 48 (Belief Base). A belief base is a tuple B = (F,R), where:
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o F C L s a set of facts, each of which is a ground atom or its negation.
e R C L is a set of general rules, each having the form of a conditional P(¥) — Q(¥),

where T and § are variable tuples, and P(Z) and Q(Y) are formulae in L.

We denote the ground version of B as B7.

A belief base B entails a formula ¢, denoted by B |= ¢, iff BYU—{¢} | L, where L denotes
falsum. We will also use I'(B) to denote the (primitive) consequences (e.g., set of all ground

atoms ) of B, i.e., T(B) ={¢| ¢ € L,B | ¢}.”*

For convenience, and unless specified otherwise, we will write a belief base as the set B =

F UR, implicitly assumed to be a conjunction of the facts and rules.

8.3 Towards Human-Aware Belief Revision

Consider an illustrative scenario involving two agents, Alice and Bob. Suppose that Alice
believes that (a) If people are worried, then they have insomnia, (b) Diana is worried, and (c)
Charlie is worried. As such, she believes that (d) Charlie and Diana have insomnia. Now,
suppose that Bob tells Alice that (e) Charlie does not have insomnia. Before incorporating
this new information that contradicts her beliefs, Alice will naturally seek an explanation
from Bob. For instance, Bob would then explain to Alice that (f) Charlie has a coping
strategy and that (g) people with coping strategies may not have insomnia despite being
worried. If the explanation stands up to scrutiny, Alice will then integrate this explanation
and into her beliefs. In other words, it is the explanation that will drive Alice’s revision

process.

An explanation aims to explain (or, “rationalize”) a particular phenomenon, referred to as
the explanandum, to someone. Essentially, an explanation is reasoning in “reverse”, e.g., a

set of beliefs adduced as explanations of the explanandum. More formally,

Definition 49 (Explanation). We say that € C L is an explanation for an explanandum
o CLiff (1)EEw; (2)EWL; and (3)VE CE, &~ .
52This is also called the backbone of the belief base [176].
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The first condition determines that the explanandum is derived by the set of beliefs £, while
the second condition averts the possibility that an explanandum is derived from an inconsis-
tent set. The final condition ensures that there are no irrelevant beliefs in the explanation.

Note that we assume the explanation is also a belief base (Definition 48).

Example 26. Building on the illustrative scenario, Alice’s belief base is By =
{ Wor(Charlie), Wor(Diana),Yx. Wor(z)—Ins(z)}. It is easy to see that By = Ins(Charlie).
Upon encountering the contradictory exzplanandum —Ins(Charlie), the explanation for it from
Bob is & = { Wor(Charlie), Cop(Charlie), Yx.Wor(z) A Cop(z)— —Ins(z)}.

What is important to note here is that the explanation should aim to enable Alice’s ex-
planatory understanding of the explanandum, that is, Alice understands why Charlie does
not have insomnia if she can produce an explanation for it. Therefore, a good explanation
should drive the receiving agent’s belief revision in such a way that explanatory understand-

ing of the given explanandum is satisfied.

Definition 50 (Explanatory Understanding). Let B be the belief base of an agent, £ an
explanation for explanandum ¢, and ©® a revision operator such that BOE denotes the revision

of B with £. We say that the agent has explanatory understanding of ¢ after receiving € if
BoEE .

Example 27. Continuing from Example 26, notice that the Alice’s belief base B4 and the
explanation £ are inconsistent, i.e., Ba UE | L. Thus, a revision operator ©® must re-
establish consistency within Alice’s belief base while enabling explanatory understanding of
the explanandum —In(Charlie). But how this revision should happen? Should Alice, in light

of £, still maintain the general belief that people have insomnia if they are worried?

When resolving inconsistencies with explanations, we would like to have a revision opera-
tor that, on the one hand, yields a consistent revised belief base, but on the other hand
guarantees explanatory understanding of the explanandum. But how should such a revision
operator behave? In what follows, we argue it should not be constrained by the princi-
ple of minimalism, e.g., minimal changes to the belief base, but rather be guided by the

explanation, which might lead to larger than minimal revisions.
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8.3.1 The Explanation-Guided Revision Operator

We build upon the concept of kernel revision [103]. Particularly, we assume that the belief
base B we are dealing with is fully grounded,”® and start by defining the notion of correction

kernel:

Definition 51 (Correction Kernel). Let B be a belief base and € an explanation for ex-
planandum ¢. If BUE |= L, then the correction kernel of BU E is defined as (BU &)Lt =
{B'|B' C BUE,(BUE)\B' [~ L, and (BUE)\B' # 0}. If BUE [~ L, then (BUE)T = BUE.

In other words, the correction kernel of an inconsistent belief base is the set of all subsets
of the belief base whose removal render the belief base consistent. The elements of the
correction kernel are called correction sets. Note how we do not impose any minimality

constraints on the resulting correction sets.

Example 28. Consider the belief base B = { Wor(Charlie), Wor(Charlie) — Ins(Charlie)}
and explanation €& = {=Ins(Charlie)} for explanandum —Ins(Charlier). The cor-
rection kernel of B U &€ is (B U &)Y = {{Wor(Charlie)}, {Wor(Charlie) —
Ins(Charlie)}, {—Ins(Charlie)}, {Wor(Charlie), Wor(Charlie) —  Ins(Charlie)},
{ Wor(Charlie), ~Ins(Charlie)}, {—~Ins(Charlie), Wor(Charlie) — Ins(Charlie)}}.

As mentioned earlier, we want our operator to not only restore consistency (with no minimal-
ity guarantees), but also to enable explanatory understanding of the explanandum ¢ (Defi-
nition 50). This leads us to define the notion of the p-preserving (ezplanandum-preserving)

selection function:

Definition 52 (p-Preserving Selection Function). Let B be a belief base and € an explanation

for explanandum ¢. A p-preserving selection function for B with respect to £ is defined as

S22 o 26 such that: (1) S(BUE)Y) € (BUE); and (2) (BUE)\ S((BUEY) E .

A p-preserving selection function selects a correction set from the correction kernel (BUE)*

(condition (1)) whose removal does not affect the entailment of the explanandum ¢ (condition
(2)). Note that in the case where BUE £ L, then X((BUE)*) = 0.

53This restriction is only made for convenience and illustrative purposes. The results continue to hold for
lifted belief bases.

175



Example 29. Consider the belief base and explanation from Example 8.2. Possible results of
the ~In(Charlie)-preserving selection function X((BUE)*) are { Wor(Charlie)}, { Wor(x) —
Ins(x)} and { Wor(Charlie), Wor(x) — Ins(z)}.

Having defined the correction kernel and the p-preserving selection function, we now formally
define the explanation-guided belief revision operator, which is a function mapping a belief

base and an explanation to a revised belief base:

Definition 53 (Explanation-Guided Belief Revision Operator). Let B be a belief base, £
an explanation for explanandum p, and X a @-preserving selection function. The operator
of explanation-based belief revision on B with & is defined as ® : 25 x 25 +— 25, BO & =
(BUE)\Z((BUE)).

The mechanism of the explanation-guided revision operator is to first add the explanation £
to the belief base B, and then retract from the result a correction set by means of a selection
function that makes a choice among possible sets in the correction kernel of BUE, while also

ensuring that the resulting belief base entails the explanandum.

Example 30. Consider the belief base B and explanation &£ from FExam-
ple 29, and assume that we select L((B U &)Y) = {Wor(Charlie) —
Ins(Charlie)}.  Then the explanation-guided revision on B with € is B ® &€ =
{ Wor(Charlie), Wor(Charlie) —  Ins(Charlie), —Ins(Charlie)} \ {Wor(Charlie) —
Ins(Charlie)} = {Wor(Charlie), —~Ins(Charlie)}. Another possible revision s
B ® & = {—Ins(Charlie)}. In fact, no matter the choice of the selection function, it
is guaranteed that B ® £ = —Ins.

It is important to mention that the operator’s result—specifically, the determination of which
beliefs to retract—is influenced by the epistemic attitude of the agent, insofar as the agent’s
preexisting beliefs, level of skepticism, and openness to new information shape the outcome
of belief revision. As we focus on the importance of explanations and non-minimal revisions

in this work, we leave this nuanced aspect of belief dynamics for future work.

A Simple Measure of Belief Change: Measures for calculating the amount of belief
change typically depend on counting all the beliefs that change their values |71, 105]. As
such, to have an effective theoretical measure for quantifying the amount of change in a

belief base, we propose the following definition:
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Definition 54 (Measure of Belief Change). Let B be a prior belief base and B' a posterior
belief base. We define the measure of belief change between B and B' as:

D(B,B) =

where U(B) A T(B') = (I'(B) \ T'(B) U (I'(B') \I'(B)), and I'(B) is the consequences of B.

Example 31. Consider the prior belief base B = {Wor(Charlie), Wor(Diana),
Wor(Charlie) — Ins(Charlie), Wor(Diana) — Ins(Diana)}, with consequences I'(B) =
{ Wor(Charlie), Wor(Diana), Ins(Charlie), Ins(Diana)}.

Now, assume the explanation € = {Wor(Charlie), Cop(Charlie), Wor(Charlie) N
Cop(Charlie) — —Ins(Charlie)} for explanandum —Ins(Charlie), and consider the fol-

lowing revisions of B with &:

e Minimal: B' = B® E = { Wor(Charlie), Wor(Diana), Wor(Diana) — Ins(Diana),
Cop(Charlie), Wor(Charlie) A Cop(Charlie) — —Ins(Charlie)}. The consequences of
B are I'(B') = { Wor(Charlie), Wor(Diana), Ins(Diana), Cop(Charlie), ~Ins(Charlie)}.

Computing the measure of belief change between B and B' we get D(B,B') = % = 0.5.

e Non-minimal: B" = B © & = {Wor(Charlie), Wor(Diana), Cop(Charlie),
Wor(Charlie) N Cop(Charlie) —  —Ins(Charlie)}, with consequences I'(B")
{ Wor(Charlie), Wor(Diana), Cop(Charlie), —=Ins(Charlie)}. Then, computing the mea-
sure of belief change we get D(B,B") = % = 0.66.

As seen in the above example, a non-minimal revision obviously yields a higher belief change.
At a first glance, non-minimal revisions might seem counter-intuitive-why should an agent
discard more beliefs than what is minimally necessary for consistency? Are not these beliefs
irrelevant to the explanandum anyway? But as we will see in the next section, these are not
irrelevant beliefs. In fact, our operator allows us to capture how people revise their beliefs:

non-minimally with explanations as their guide.

Ilustrative Example with Existing Revision Operator

A reader familiar with the belief revision literature may wonder what is the difference between

the explanation-guided belief revision operator we presented in this section and existing belief
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base revision frameworks. First, we want to note that our framework is specifically intended
for human-aware Al settings. Now, closest to our operator is the belief revision operator
proposed by Falappa et al. [72]|, which considers the revision of belief bases with explanations
(or sets of formulae). The following example is aimed at illustrating the primary differences

between the two approaches.

The belief revision operator of Falappa et al. [72], referred to by the authors as kernel revision

by a set of sentences, is defined as follows:

Definition 55 ([72] Revision Operator). Let B be a belief base and E an explanation. The
kernel revision by a set of sentences o is defined as Bor E = (BUE)\ o((BU E)L1),
where (BU E)L L is a kernel set [103] (e.g., minimal unsatisfiable subsets of BU E), and
o((BUE)L 1) an incision function such that c(BU E)L1) C J(BU E)L L and if X €
(BUE)LL and X # 0 then X No((BUE)LL) #£ 0.

First, we see from the above definition that the revision by Falappa et al. [72| does not satisfy
explanatory understanding, i.e., it makes it possible for the revised belief base to not entail
the explanandum. Second, it follows the principle of by minimalism. Let us illustrate the

differences in the following example.

Let w. be Wor(Charlie), wqg be Wor(Diana), c. be Cop(Charlie), i. be Ins(Charlie), and
iqg be Ins(Diana).

Consider the belief base:

B = {we, wg, We — i, Wq — g},

which has consequences I'(B) = {w,, wg, ic,iq}. Now, assume the following explanation for

explanandum —i,.:

E =A{wg, ce,we. N\ ce — i}

Using the framework by Falappa et al. [72] to revise B with £, we go through the following
steps:

1. Kernel Set: (BU &)L L = {w,, co,We — de, We A Ce — i}
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2. Incision Function: Possible results of o((BUE)L 1) are: {w.}, {w. — i.} {w.Ace —

—ict, {Ce, we N cc — =i}, and so on.

What is important to highlight here are two things: (1) The incision function only selects
subsets to retract from the minimal unsatisfable set, i.e., only those beliefs deemed “relevant”

wrt minimality; and (2) It is possible for the revised belief base to reject the explanandum,
i.e., BOF & I;'é _'ic-

In contrast, our operator works differently. First, it ensures that the revised belief base
always entails the explanandum, i.e., B® E |= —i,, in all possible results of the operator,
while also not constrained to choose beliefs based on a minimality criterion. Importantly,
notice how wy — iy € B will never be in any of the possible solutions of Falappa et al.’s
operator, as it is not included in any of the kernels in (B U E)L 1. However, in our case
wg — iq € (BU E)*, and as such, it is possible for it to be in the solution of our operator.
Again, while this might seem as an “irrelevant” revision that should be avoided (i.e., violates
the minimal change principle), our empirical findings strongly support it, namely that given
an explanation of an inconsistency, people, more frequently than not, make non-minimal

revisions to their beliefs.

Finally, it is very important to note that we do not wish to replace any of the existing belief
revision operators from the literature. Each has its own suitability and application. What
we wish to do is present a framework that is tailored to human belief revision processes.

That is, our operator is intended for human-aware Al settings.

8.3.2 Rationality Postulates and Axiomatization

Following the tradition in belief revision literature [84, 72, 75|, we now present some basic
rationality postulates for the explanation-guided belief revision. Rationality postulates are
fundamental guidelines dictating the behavior of a revision operator — they specify what
the operator’s response should be, when provided with certain inputs, but not its internal

mechanism.”*

We consider the following postulates:

54The internal mechanism is specified in the construction of the operator we presented in the previous
section.

179



Inclusion: BOE CBUE.
This postulate establishes that if the agent revises its belief base B with the explanation

E, then the new belief base will stem from the union of B and F.

Vacuity: f BUE |~ 1L, then BOE=BUE.
This postulate establishes that if the belief base B is consistent with the explanation
E, then the revision simply expands B with E.

Consistency: f BUE |= L, then BO E }= L.

This postulate ensures that the revised belief base is consistent.

Reversion: If (BUE)* = (BUFE')*, then (BUE)\ (B® E)=(BUE')\ (B® E').

This postulates states that if, if BU E and B U E’ have the same correction kernels,
then the beliefs retracted in the respective revisions with respect to £ and E’ are the

Salne.

Constrained Acceptance: If B = —¢, then BO® E = ¢.
This postulate establishes that if the agent receives an explanation E for an explanan-

dum ¢ that is not rejected in its belief base B, then ¢ will be accepted in its revised
belief base.

Unconstrained Acceptance: If B |= —p, then BO® E = .
This postulate establishes that if the agent receives an explanation F for an explanan-
dum ¢ that is rejected in its belief base B, then ¢ will be accepted in its revised belief

base.

Strong Acceptance: B©® E |= ¢.
This postulate ensures that the explanandum ¢ can be inferred from the revised belief

base.

Two obvious relations between the postulates follow.

Proposition 6. If the operator @ satisfies vacuity, then it satisfies consistency and strong

acceptance.

Proof. From vacuity, we have that BUFE [~ 1L and B® E = BU E. It follows then that

B® E [~ L, satisfying consistency. Now, from the definition of an explanation we have that
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E = ¢, and from the monotonicity of classical logic we have that B ® E = ¢. Therefore,

strong acceptance is satisfied. O

Proposition 7. If the operator ® satisfies strong acceptance, then it satisfies constrained

acceptance and unconstrained acceptance.

Proof. From strong acceptance, B ® E |= ¢, thus automatically satisfying constrained and

unconstrained acceptance. [

Finally, an axiomatic characterization of the explanation-guided belief revision operator is

as follows.

Theorem 13. Let B be a belief base and E an explanation for explanandum . The operator
® 1is an explanation-quided belief revision operator on B with E if and only if it satisfies

incluston, consistency, reversion, and strong acceptance.

Proof. We first prove in the direction of construction to postulates. Let B® E = (BU E) \
S(BUE)L):

e Inclusion: Since B® E = (BUE)\ X((BU E)?1), it follows that BO E C BUE.

e Consistency: If BU E |= L, then the operator retracts a correction set X((B U E)*)

from B U E, thus rendering it consistent.

e Reversion: Suppose that (BUE)! = (BUE')*. Because ¥ is well-defined we have that
Y((BAUE)*) = S((BAUE")Y). Now, if « € (BUE)\BO®E, then a € %((B4UE), and
consequently, « € BUE" and a ¢ BO E'. Hence, ( BUE)\BOFE C (BUE')\BG FE'.
Similarly, starting with a € (BUE")\BOFE', we get that (BUE')\BOE' C (BUE)\BOE,

thereby satisfying reversion.

e Strong Acceptance: Since E |= ¢, and since the ¢-preserving selection function 3 ((BU
E)%) selects sets that do not affect the entailment of ¢ in B U E, it follows that
(BUE)\ Z((BUE)Y) | o, thus satisfying strong acceptance.

We now prove in the reverse direction from postulates to construction. We need show that if
a belief revision operator satisfies the postulates then it is possible to build the explanation-
guided belief revision operator. Let ¥ be a function such that for every pair of belief bases

B and E, it holds that: X(BUE)*) ={a : a € (BUE)\ B® E}. We must show that:
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1. X is well-defined.
That is, if £ and E’ are belief bases such that (BU E)* = (BU E')*, we will show
that ©((BU E)t) = 3((BU E')1Y). Since E and E’ have the same correction kernels,
it follows from reversion that (BU E)\ B® E = (BU E’') \ B® E’. Therefore,
Y(BUE)Y)={a:ae (BUE)\BOE}={a:a€ (BUE)\BOLE'} =%((BUE")*).
Hence, . is well-defined.

2. S(BUE)Y) € (BUE)*..
Let « € X((BUE)Y). Then, o € (BUE)\B®E. Sincea € (BUE) anda ¢ BO E,
there is a correction set B C BU E such that o € B'. Therefore, a € (BU E)*.

3. (BUE)\X((BUE)1) = ¢. Follows from the strong acceptance postulate B® E = .

From the inclusion postulate and the definition of X((B U E)1), we can conclude that the

operator is an explanation-guided belief revision operator. O]

8.4 Human Belief Revision: Empirical Findings

Do the dynamics of human belief revision align with the principle of minimalism
or with explanatory understanding?

This is the main question we are investigating in this section. As described earlier, the ex-
planatory understanding suggests that in resolving inconsistencies, people seek explanations
rather than simple minimal edits to their beliefs. The explanations then entail the revision,
which may not be minimal. This is in contrast to the principle of minimalism, the most com-
mon principle in belief revision theory to date, which presupposes that an agent’s primary

goal when resolving inconsistencies is to make minimal changes in their beliefs.

To carry out our investigation, we conducted two human-subject study experiments using
three types of inconsistent problems commonly referenced in cognitive science literature |71,
181, 26]. These problems were selected for their relevance in testing the depth of belief

revision in response to inconsistencies.
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The first type (Type I) consists of a conditional generalization statement S;, a (non-
conditional) ground categorical statement Sy, and a fact F' that is inconsistent with what

the statements imply. For example:

o Sy: If people are worried, then they find it difficult to concentrate.
o Sy Alice was worried.

o F: In fact, Alice did not find it difficult to concentrate.

The second type (Type II) of inconsistency consists of two conditional generalization state-
ments S; and Sy, a ground categorical statement S3, and a fact F' that is inconsistent with
the consequences of one of the conditional statements and the categorical statement. For

example:

o Si: If people are worried, then they find it difficult to concentrate.
e Sy If people are worried, then they have insomnia.
e S3: Alice was worried.

o F: In fact, Alice did not find it difficult to concentrate.

Finally, the third type (Type III) of inconsistency consists of two conditional generalizations
St and Ss, a categorical statement S3, and a fact F' that is inconsistent with the consequences

of both conditional statements and the categorical statement. For example:

S1: If people are worried, then they find it difficult to concentrate.

So: If people are worried, then they have insomnia.

Ss: Alice was worried.

F: In fact, Alice did not find it difficult to concentrate and did not have insomnia.

In all three types, minimalism posits that a minimal resolution will be an explanation that

rejects only the categorical statement (i.e., Alice was not worried.). However, almost all
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conditional generalizations about events are susceptible to what psychologists refer to as
disabling conditions — conditions describing how the conditional fails [62, 71, 181]. For in-
stance, “Is it really the case that people find it difficult to concentrate when they are worried?”
One can easily think of a disabling condition for this conditional, for example, “people with

effective coping strategies may still be able to concentrate despite being worried’.

Because of people’s propensity to envisage disabling conditions, their explanations are more
likely to invoke such conditions than to imply that a categorical statement is wrong. But
these explanations do not invoke a minimal change, because, logically speaking, they also
remove the support for other consequences apart from the one giving rise to the inconsistency.
For example, rejecting S; implies rejecting all of its groundings, which means you cannot
infer that people find it difficult to concentrate if they are worried, for any instantiation of

this rule (see also Example 31) . Surely, this is not a minimal change.

The upcoming experiments aim to elucidate whether people’s revisions follow minimalism or
are more aligned with the explanatory understanding, providing some insights into human

belief revision processes.

8.4.1 Experiment 1

Our first experiment looked at the three problem types described above and was aimed at
providing some empirical data on what kinds of explanations do people seek in the face
of inconsistencies. In other words, do people seek explanations that resolve categorical or

conditional statements?

Participants and Design We recruited 62 participants from the online crowdsourcing
platform Prolific [175] across diverse demographics, with the only filter being that they
are fluent in English. The participants carried out three different problems of each of the
three types (Type I, Type II, and Type III), for a total of nine problems. The statements
were taken from common, everyday events including subjects such as economics, intuitive
physics, and psychology. The conditional statements in all problems were selected to be
highly plausible and interpretable, similar to those in the high-plausibility category used by
Politzer et al. [181]. All problem sets as well as more details of the study can be found in

Appendix D.
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The participants’ main task was to explain the inconsistencies presented to them, and we
examined the revisions implied by their explanations. After providing their explanations for
every problem, each participant was asked a question about how they approached explaining
what was going on and if they followed any strategies when doing so. They also answered a
Likert-type question about whether being provided an explanation will help them understand

the inconsistency.

Results All participants came up easily with reasons to explain the inconsistencies they
encountered. To analyze the results, we employed a coding scheme similar to that by Byrne
et al. [26]. Explanations provided by the participants were categorized into two main types:
(1) Those implying non-minimal revisions (e.g., revisions to conditional generalizations), and
(2) those implying minimal revisions (e.g., revisions to categoricals). Explanations implying
non-minimal revisions were either disabling conditions that would prevent the consequences
of the generalization, or of the form “It is not the case that if X then Y”, “X is not sufficient
for Y”, and other similar ones. Explanations that implied minimal revisions rejected the
categorical statements and were of the form “not X”, “perhaps not X”, and so on. This
coding scheme classified 89% of the responses. The remaining responses either affirmed or

denied the new information, or were too vague to classify.

Table 8.1 illustrates the distribution of explanations implying either non-minimal or minimal
revisions. The data reveal a compelling trend: an overwhelming majority of explanations
across all questions leaned towards non-minimal revisions. A Wilcoxon test performed on the
aggregated data yielded a p-value significantly smaller than 0.05 (p & 2.96x 107°Y), providing
robust evidence that the observed proportions of non-minimal and minimal classifications
are far from what would be expected by random chance. Specifically, non-minimal revisions

were substantially more frequent than minimal revisions.

To probe the robustness of this finding, we conducted individual statistical tests for each
question. Wilcoxon tests for each problem revealed p-values well below the 0.05 threshold,
affirming the prevalence of non-minimal revisions over minimal. Moreover, effect size mea-
surements (Cohen’s d) were conducted to quantify the magnitude of these differences, where

it was consistently high across all instances.

Collectively, these results offer empirical support for the prevalence of non-minimal revisions

in participants’ explanations. This inclination suggests that individuals engage deeply in
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Problem Type Total Valid Responses Non-Minimal Explanation Minimal Explanation Wilcoxon test Effect Size

(Count) (Count and %) (Count and %) (p-value) (Cohen’s d)
Type I 161 132 (81.99%) 29 (18.01%) 476 x 10716 1.28
Type I 161 140 (86.96%) 21 (13.04%) 6.69 x 10721 1.48
Type 111 177 144 (81.36%) 33 (18.64%) 7.23 x 10717 1.25
Aggregate 499 416 (83.37%) 83 (16.63%) 2.96 x 107%0 1.33

Table 8.1: Results from Experiment 1, with Aggregate representing combined data from all
problem types.

resolving inconsistencies, often opting for more comprehensive explanatory frameworks that
necessitate altering their existing beliefs to a greater extent than minimalism would predict.

These results also provide insights into what kinds of explanations people tend to create.

8.4.2 Experiment 2

In this experiment we look at how people actually revise their beliefs when they are given

an explanation for an inconsistency.

Participants and Design We recruited 60 participants from the Prolific platform with
the same requirements as before. In this study, rather than having the participants generate
their own explanations, they were presented with some of the most plausible explanations
(that are disabling conditions) created by participants in Experiment 1, and then asked to
describe how they would revise their information in light of the explanation. To ensure
that they do not discard the explanations, we added some validity to the explanation by
telling the participants that the explanation comes from a trustworthy source. Unlike in

Experiment 1, however, the participants were only shown problems of Type II and III.

Results We employed a specific coding scheme to analyze how participants chose to revise
their beliefs. In accordance with this scheme, participants indicated whether they would keep,
discard, or alter the beliefs.”>. When choosing to alter a belief, participants were asked to
provide details about how they would go about it. Like before, a minimal revision is one that
discards or alters the categorical statement, and a non-minimal revision one that discards or

alters either a generalization, or a combination of more than two statements. This coding

55We adopted a measure of belief change similar to those used in previous studies [71, 105, 233, 139], which
typically count the number of beliefs that change their values.
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Problem Type Total Valid Responses Non-Minimal Revision # of Changes Minimal Revision Wilcoxon Test Effect Size

(Count) (Count and %) (Avg.) (Count and %) (p-value) (Cohen’s d)
Type 11 159 153 (96.23%) 171 6 (3.77%) 2.00 x 101 3.56
Type 11 154 136 (88.31%) 2.06 18 (11.69%) 1.93 x 102! 1.89
Aggregate 313 289 (92.33%) 1.88 24 (7.67%) 1.01 x 107%0 2.43

Table 8.2: Results from Experiment 2, with Aggregate representing combined data from all

problem types.
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scheme classified 87% of the responses, while the remaining responses were either yielding

inconsistent revisions (e.g., not revising anything) or too vague to classify.

Table 8.2 provides an overview of the results. The data reveal a clear trend: A significant

majority of revisions were non-minimal across both problem types. In Type II problems,

96.23% of the responses were non-minimal with an average of 1.65 changes to beliefs, com-

pared to 3.77% that were minimal. A Wilcoxon test produced a p-value of 2.09 x 1073, and

the effect size d was 3.56. In Type III problems, 88.31% were non-minimal and 11.69% were

minimal. The average number of changes were 1.82. The Wilcoxon p-value was 1.93 x 1072L,
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and the effect size d was 2.06. Moreover, aggregated data showed 92.33% non-minimal re-
visions, with an average of 1.88 belief changes, and 7.67% minimal revisions. The Wilcoxon
p-value was 1.01 x 107°° and the effect size 1.73.

These findings not only strongly corroborate those of Experiment 1, but further solidify
the evidence that people predominantly opt for non-minimal revisions when presented with
explanations. Interestingly, even if we relax the assumption of what constitutes a minimal
revision in our coding scheme, i.e., by supposing that it is discarding or altering one statement
(conditional or generalization), these results clearly indicate that the average number of belief
changes in people tend to be more than one. This can be seen in Figure 8.1, where we plot

the average number of belief changes per questions.

In summary, the results from both Experiment 1 and Experiment 2 offer compelling em-
pirical data in the context of human belief revision processes. Far from making minimal
changes to their existing beliefs, participants predominantly favored explanations that led
to more comprehensive revisions. This demonstrates a natural inclination towards under-
standing the underlying factors that give rise to inconsistencies rather than merely resolving
them in a superficial, yet minimal manner. The findings not only validate the explanatory
understanding but also suggest a potential need for reevaluation of belief revision theories
aimed at modeling actual humans. Our proposed human-aware belief revision framework is

step towards this direction.

8.5 Related Work

The study of belief revision has been a focal point of research in both philosophy and Al,
evolving over several decades. Among the most influential frameworks in the this domain is
the AGM framework [2, 87, 85]. While the AGM framework has been highly influential [75],
it unfortunately does not allow for an account of explanation. Crucially, the hallmark of
AGM is the principle of minimalism, a point that we critically reconsidered in this work.
When it comes to human belief revision, the explanatory understanding together with our
empirical results indicate that humans tend to perform non-minimal revisions to their beliefs

that are guided by explanations.
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Our work is very closely related with the belief revision operator proposed by Falappa et
al. |72], where they emphasized the role of explanations in belief revision, particularly when
the incoming information is inconsistent with the existing beliefs. However, there are some
subtle differences: their revision operator adheres to minimalism, and makes it possible for

the explanation to be rejected, consequently rejecting the explanandum.

We are not the first to question adherence to minimal changes in belief revision. Notably,
Rott [197] has critically examined minimalism in the context of AGM theory. He argued
that, while intuitively appealing, may not adequately capture the complexities of real-world
belief revision processes. Kern et al. [138] has also addressed the inadequacy of the minimalist
approach guided by the AGM postulates in preserving conditional beliefs (if-then statements)
during revision, and presented a thorough axiomatization of conditional preservation in belief
revision. Nonetheless, in our framework we do not make such restrictions, and importantly,
the empirical results we obtained refute the preservation of conditionals, at least in human

belief revision.

Cognitive scientists and psychologists have also critiqued the principle of minimal change in
belief revision, showing that human reasoners use a different strategy when revising their
beliefs with new, conflicting information [71, 181, 70, 139, 123|, namely the ezplanatory
understanding. As we expressed throughout this chapter, this approach suggests that people
create explanations to resolve inconsistencies, leading them to make greater than minimal

changes to the information that they have.

8.6 Concluding Remarks

The field of belief revision theory has experienced remarkable progress, primarily influenced
by the foundational work of Alchourréon, Makinson, and Gérdenfors. Their studies on revi-
sions in legal codes [3], the introduction of rationality postulates for change operators [84],
and the development of the AGM model |2] have set the stage for subsequent advancements
in the area. It is well known that one of the basic conceptual principles underlying the AGM

model, as well as most belief revision frameworks, is the principle of minimalism.

Contrary to the minimalist approach that has dominated belief revision theory, our em-

pirical findings point towards a different paradigm—they suggest that in certain situations,
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individuals might opt for broader revisions to their belief systems, driven by the desire for
a more comprehensive understanding and explanation of the information they encounter.
In particular, our user studies revealed a notable propensity among participants to favor
non-minimal, explanation-driven revisions when faced with inconsistencies. This preference
persisted across different scenarios, suggesting that such an inclination might be a funda-
mental aspect of human reasoning. This finding aligns with the explanatory understanding,
which proposes that humans prioritize generating coherent and plausible explanations over

merely maintaining consistency with minimal changes.

The key contributions and findings of this chapter are:

1. We introduce a framework for human-aware belief revision inspired by human cog-
nition, focusing on explanatory understanding over minimal changes, which better
reflects human belief revision processes. Particularly, we proposed the explanation-
guided revision operator that, given an explanation for an explanandum, revises the

human model in a (possibly) non-minimal way while preserving the explanandum.

2. We presented findings from two human-subject studies that serve as robust evidence
for the claim that people tend to make non-minimal revisions to their beliefs in light

of inconsistency.

We believe that these results can have implications that extend to the domains of explain-
able AI [99] and human-aware AI [127|. As efforts in these fields converge towards fostering
transparent, explainable, and synergistic interactions between humans and Al systems, align-
ing the AI systems’ decision-making processes with human cognitive models can not only

enhance explainability but also elevate the efficacy of human-Al collaborations.

Our work also provides new insights into the Model Reconciliation Problem (MRP) [37, 207,
202, 225, 231]. While previous approaches, including our earlier work, emphasized minimal
changes to human mental models, this research suggests that human-aware Al systems should
accommodate more substantial revisions to better match human cognition. By integrating
explanation-guided belief revision into our logical explainability layer, we enable Al systems
to generate explanations that better reflect the complexity of human understanding. As Al
systems progressively permeate society’s decision-making structures, the imperative to align

Al processes with human cognition becomes ever more pressing.
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In conclusion, this work is an attempt to contribute a new perspective to belief revision
theory by introducing and empirically grounding a human-aware belief revision framework.
Our empirical findings provide support for this framework, highlighting the importance of
explanations in human belief revision processes, and the divergence from minimalism. Ul-
timately, belief revision is not an isolated process, but an integral component of people’s

broader quest for explanatory understanding.

In the next chapter, we will switch gears and examine how our logical explainability layer
can address real-world scheduling problems, demonstrating its practical applicability while

handling additional challenges like privacy concerns.
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Chapter 9

Towards Explainable Agent Scheduling

Problems

“Premature optimization is the root of all evil.”

— Donald Knuth

9.1 Introduction & Contribution

Having developed our logical explainability layer through theoretical foundations, efficient
algorithms, personalization, dialectical interaction, and explanation-guided belief revision,
we now demonstrate its practical application to a challenging real-world domain: Agent
Scheduling Problems (ASPs).

ASPs involve allocating a finite set of resources to multiple agents over a specific time frame.
These problems are pervasive in real-world scheduling systems, ranging from personnel shift
assignments [221] to machine job allocation [236], and even scheduling awake and asleep
periods for Mars rovers [40]. Apart from generating a schedule that allocates resources to
agents, it is crucial to ensure that both the schedule and the underlying decision-making
process are explainable. An agent may require an explanation for why certain scheduling
decisions were not satisfied or why a schedule could not be generated at all. In such cases,
understanding the reasons behind these issues is not only enlightening but also necessary
for rectifying the problem. Additionally, privacy plays a significant role due to the sensitive
nature of personal information that may be included in ASPs, such as agents’ constraints and
preferences. Preserving privacy helps protect individual agents from potential discrimination

or unauthorized access to their information, fostering trust and willingness to participate in
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the scheduling process. Therefore, incorporating explanation generation modalities with

privacy-preserving considerations into ASP systems is highly desirable.

To address this need, we present a logic-based framework aimed at making ASPs explain-
able. Our framework accommodates two types of queries: (1) Reason-seeking queries, which
clarify why a scheduling decision was (or was not) derived, similar to the explanations gen-
erated in our L-MRP framework; and (2) Modification-seeking queries, which offer guidance
on rendering infeasible scheduling decisions feasible, aligning with our work on human-aware
belief revision where explanations guide future actions. Recognizing the importance of pri-
vacy in multi-agent scheduling, we introduce the concept of agent access rights to distinguish
between public and private information. We define a privacy-loss function to quantify the
amount of private information disclosed in explanations. This leads to the notion of privacy-
aware explanations, a novel concept that ensures explanations maintain the confidentiality of
sensitive information while still offering valuable insights. To operationalize this framework,
we present the Query Understanding and Efficient Response with Intelligible Explanations of
Schedules (QUERIES) algorithm for computing privacy-aware explanations. This algorithm
builds upon our previous work on efficient explanation generation, adapting it to the specific

challenges of ASPs and privacy considerations.

Our main contributions are as follows:

e We introduce a general logic-based explanation generation framework for ASPs that ad-

dresses both reason-seeking queries and modification-seeking queries.

e We propose a privacy-loss function to quantify the amount of private information included

in an explanation and define the concept of privacy-aware explanations.

e We present the QUERIES algorithm for computing explanations. Empirical evaluations

demonstrate the effectiveness and versatility of our approach.

This work demonstrates how our logical explainability layer can be adapted to address
domain-specific challenges while preserving its core strengths. By incorporating privacy
considerations and supporting different query types, we show how logic can serve as an

explainability layer even in complex multi-agent settings where privacy is paramount.
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Figure 9.1: Overview of Our Explainable Logic-based Agent Scheduling Problem Pipeline.

9.2 Background

We now provide some background on the satisfiability (SAT) problem, a general agent
scheduling problem (ASP) definition, and our logic-based representation of that problem.

9.2.1 Satisfiability

We assume familiarity with propositional logic. A knowledge base KB is a set of constraints,
where each constraint is built up recursively from literals (i.e., variables or its negations)

using the usual logical connectives.

Satisfiability (SAT) [42] is the prototypical NP-complete problem of finding an assignment
of truth values to variables in order to make a knowledge base KB true. If there exists a
truth value assignment p that makes KB true, then we say that p is a model of KB and KB
is satisfiable, otherwise KB is unsatisfiable, denoted by KB = L. A KB entails a constraint
¢, denoted KB = ¢, iff KBU {—¢} = L.

Partial weighted MaxSAT [154] is an extension of SAT in which constraints are partitioned
into hard and soft constraints, where each soft constraints is given a weight. Hard constraints
must always be satisfied in a solution, whereas soft constraints may not. The goal of MaxSAT
is to find an assignment that satisfies the hard clauses and maximizes the sum of weights of

the satisfied soft clauses.
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9.2.2 Agent Scheduling Problem

In general, the goal of an agent scheduling problem (ASP) is to distribute a set of resources
to a set of agents over a scheduling horizon. Formally, it can be defined as a tuple A =
(A, R, S,C), where A = {a;}}-, is a set of agents, R = {r;}L, is a set of resources, S =
{s;}1_ | is a set of time steps, and C' is a set of constraints that consists of domain constraints,
which are intrinsic and describe the problem’s dynamics, as well as agent constraints, which

are extrinsic and describe the agents’ personal constraints.

A solution to an ASP A is a schedule 3, that is an |A| x |R| x |S| matrix, where each cell
X[i,j,t] = 1 if agent q; is assigned resource r; at time step s; and X[¢, j, ] = 0 otherwise.
A schedule is feasible if all the domain constraints, which are treated as hard constraints,
are satisfied. A schedule is optimal if it is feasible and all the agent constraints, which are

treated as soft constraints, are maximized.

9.2.3 Logic-based Agent Scheduling Problems

We will model an ASP A as a logic-based problem, that is, we encode A into a set of
logical constraints for which satisfiability can be decided. By using an appropriate logical
language, the problem’s dynamics are encoded into a knowledge base KB that expresses all
the scheduling constraints that a desired schedule should satisfy. Specifically, the knowledge
base KB consists of domain constraints C'p and agent constraints Cy, where Cp are treated
as hard constraints and C4 as weighted soft constraints. As such, the scheduling problem
turns into a MaxSAT problem, where the quality of a feasible schedule depends on the degree
to which the soft clauses are satisfied. The objective function of a candidate schedule is then
defined as the sum of weights of satisfied soft constraints, and an optimal schedule is the
solution with the highest possible objective value. A plethora of scheduling problems has
been modeled using logic-based approaches |44, 179, 147, 145, 4, 106, 18, 58].

For ease of presentation, in this work we will use propositional logic to encode ASPs. We
formally define a logic-based ASP (L-ASP) as follows:

Definition 56 (L-ASP). An L-ASP is a tuple L = (A, R, S,KB), where KB = Cp U Cy

and:
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e Cp is the set of domain-specific (hard) constraints. These constraints are intrinsic to the

problem and must be satisfied by a solution.

o Cy = ;" C; is the set of agent (weighted soft) constraints. Each C; = {(wy,ch)}_;,

where each ¢, is a constraint associated with agent a; and wy is its corresponding weight.

A schedule can be derived by using off-the-shelf SAT solvers [14] to search for a model p of
KB that satisfies all of the constraints in C'p and possibly some of the constraints in C'4.
If a model 1 exists, then a feasible schedule ¥, is derived by extracting from p the truth
values of the variables corresponding to agents, resources, and time steps. Otherwise, the
scheduling problem is infeasible, i.e., no feasible schedule exists. Finally, a schedule X, is
deemed optimal if a model p exists and maximizes the cumulative sum of weights of satisfied

soft constraints in Cjy.

Note that the knowledge base KB = C'p U Cy may be unsatisfiable due to inconsistencies in
the domain constraints and/or agent constraints. However, if a schedule ¥, exists, then that
means that ¥, logically follows from a satisfiable subset KB, C KB. In the next section,
we use KB to denote the knowledge base from which explanations are derived. Depending
on the context, KB could refer to either a satisfiable subset of the original knowledge base

(i.e., KB,) or the overall unsatisfiable knowledge base.

9.3 Explainable Agent Scheduling Problems

To better understand the challenges faced by agent scheduling problems and the importance
of generating effective explanations, let us first engage in a thought experiment inspired by

a simplified version of the employee shift assignment problem [221].

9.3.1 Motivating Thought Experiment

Consider a scenario based on the employee shift assignment problem [221]. In this scenario,
an automated scheduling agent named Alice is responsible for assigning shifts to employees

at a company. Specifically, there are three shift types — morning, afternoon, and evening —
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Employee Name Monday Tuesday Wednesday
Thanos morning evening -

Irene afternoon - evening

Vicky — afternoon | afternoon

Rose — morning morning

N
"\66""’
80 You've been assigned a

morning shift on Monday

Reasoning module and an evening shift on

ﬁ :&; Tuesday. Why did I not get a
Domain constraints Agent constraints morning or afternoon

shift on Tuesday?

Do

Alice Thanos

Figure 9.2: Instance of the thought experiment with Alice and Thanos.

and four employees — Thanos, Irene, Vicky, and Rose — who need to be assigned shifts over

three days from Monday to Wednesday.

The scheduling problem consists of the following domain constraints:

Cy: All employees must be assigned a total of two shifts.
Cs: Employees cannot be assigned multiple shifts per day.
Cs: No two employees can be assigned the same shift the same day.

Cy: Employees cannot be assigned a morning shift right after an evening shift.
Moreover, each employee has personal constraints:

Cr: Thanos wants only morning or afternoon shifts.
Cr: Irene does not want evening shifts.
Cy: Vicky wants the afternoon shift on Tue. and Wed.

Cr: Rose wants the morning shift on Tue. and Wed.

Here, Alice’s objective is to find a schedule that satisfies all domain constraints and, as much
as possible, accommodates the employee constraints according to their weights, which in this

example are based on the employees’ seniority levels.
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Let us assume that Alice finds a feasible schedule, but it does not meet Thanos’ constraint of
being assigned morning or afternoon shifts. Thanos, in turn, may inquire about the reason
for this assignment. To generate an effective explanation, Alice needs a framework that can
generate explanations that are informative and tailored to the specific needs of the explainee,

that is, Alice must first recognize the nature of the explainee’s query.

In our thought experiment, Thanos’ query is a reason-seeking query, as he wants to know
“why” his constraint was unsatisfied in the schedule. In response, Alice should provide a
(reason-seeking) explanation that identifies the reasons behind her (scheduling) decision.
For example, Alice might explain that due to the constraints of the problem and the higher
priority given to the preferences of Rose and Vicky, it was not possible to assign Thanos
morning shifts on Tuesday or Wednesday without affecting the overall quality of the alloca-

tion.

However, providing a reason-seeking explanation alone may not be sufficient in all scenarios.
Suppose Alice could not create a feasible schedule at all due to conflicting constraints. In this
case, a higher-level employee, such as a manager, may want to understand “how” to adjust the
scheduling problem to derive a feasible schedule. This type of query is a modification-seeking
query, which requires an explanation that helps the manager identify issues preventing a

feasible schedule and suggest potential modifications.

In addition to addressing these two types of queries, Alice’s explanations should respect
the privacy of the other employees. To achieve this, Alice could only reveal information
according to the employees’ access rights. In doing so, Alice distinguishes between public
information (information that can be revealed to employees with access rights) and private

information (information that cannot be revealed to employees without access rights).

This thought experiment demonstrates some of the challenges of generating explanations
in the context of agent scheduling problems. Indeed, in the next section we present an
explanation generation framework that can handle the complexity of the problem, account

for the explainee’s needs and access rights, and produce informative explanations.
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9.3.2 Explanation Generation Framework

We now present our explanation generation framework for agent scheduling problems. We

particularly address the following problem:

Given a logic-based L-ASP £ = (A, R, S, KB) and a query ¢ with respect to KB,
the goal is to find an explanation for ¢ that can be inferred from KB.

As discussed in Section 9.3.1, we are interested in a framework that can generate explanations
for agent scheduling problems that are not only informative but also tailored to the specific

needs of the explainee. Such a framework should in principle:

e Address two general types of queries: reason-seeking queries, which aim to uncover why
certain scheduling decisions were (or not) made, and modification-seeking queries, which

focus on identifying potential modifications to the problem.
e Generate informative and concise explanations for the two query types.

e Preserve the privacy of other agents by only revealing information with respect to access-

rights.

A general pipeline is shown in Figure 9.1. We now describe how to generate explanations

for the two query types.

Explaining Reason-Seeking Queries

A reason-seeking query, denoted by ¢,, aims to uncover why certain scheduling decisions
were made. Recall from Section 9.3.1 that Thanos wants to know why Alice did not assign
him only morning shifts. Alternatively, a higher-level employee (e.g., a manager) may want

to understand why a feasible schedule cannot be generated.

To explain reason-seeking queries, we assume that KB |= ¢,. There are two possible scenarios

to consider:
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e Agent Constraints in a Schedule: If the query ¢, captures an unsatisfied (or satisfied)
agent constraint in a schedule ¥, then ¢, € =Cy (or ¢, € C4).”% In this scenario, an
explanation should identify the reasons why the constraint holds true with respect to the
schedule. Note that the knowledge base KB here is satisfiable (see Section 9.2.3).

e Infeasible Scheduling Problems: If the query ¢, is aimed at capturing why a problem
is infeasible, i.e., why a feasible schedule cannot be generated, then generally ¢, = L.
In this case, the explanation should identify the inconsistencies within the scheduling
constraints that lead to infeasible schedules. Note that the knowledge base KB here is

unsatisfiable, i.e., there is no model of KB from which a feasible schedule can be extracted.

Formally now, an explanation for a reason-seeking query is defined as follows:

Definition 57 (Reason-seeking Explanation). Given a knowledge base KB that encodes an
L-ASP L and a reason-seeking query p,., we consider an explanation ¢, C KB to be a reason-

seeking explanation for ¢, if:

e ¢, is sufficient: €. = ., meaning that the explanation €, entails the query o,.

e ¢, is minimal: For all proper subsets €. C €., €, = ¢,, indicating that no smaller subset of

€, are sufficient.

These conditions ensure that the reason-seeking explanation is both sufficient and minimal

in addressing the query.

Explaining Modification-Seeking Queries

Modification-seeking queries, denoted by ¢,,, focus on identifying potential modifications to
a scheduling problem to address specific issues. For example, Thanos may want to know how
to incorporate his unsatisfied constraint in Alice’s schedule, or a manager may seek ways to

adjust the scheduling problem to generate a feasible schedule.

To explain modification-seeking queries, we assume that KB [~ ¢,,. Specifically, to explain
these query types, we seek to identify a set of constraints from the knowledge base KB that,

when retracted, KB | ¢,,,. Like before, there are two possible scenarios to consider:

56Note that ~C4 denotes the logical negation of all the constraints in Cjy.
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e Unsatisfied Agent Constraints in a Schedule: If the query ¢,, concerns accommo-

dating an unsatisfied agent constraint in a schedule X, then ¢,, € C4.

e Infeasible Scheduling Problems: If the query ¢,, is aimed at explaining how a problem

can be modified such that a feasible schedule can be found, then ¢, = T.

We now define an explanation for a modification-seeking query as follows:

Definition 58 (Modification-seeking Explanation). Given a knowledge base KB that encodes
an L-ASP L and a modification-seeking query ¢,,, we consider an explanation €,, C KB to

be a modification-seeking explanation for ¢, if:

e ¢, enables the entailment of p,,: KB\ €, = @m, meaning that the query p,, is entailed

when the constraints in €,, are removed from the knowledge base.

e ¢, is minimal: For all proper subsets €, C €,,, KB\ €, ¥~ om, indicating that no smaller

subset of €,, can satisfy the query when removed from the knowledge base.

These conditions ensure that the modification-seeking explanation is both effective and min-

imal in addressing the query.

Privacy-Aware Explanations

It is reasonable to assume that individuals might prefer explanations for scheduling decisions
that only encompass public information, as they could perceive these as more satisfying and
equitable compared to explanations that incorporate private information as well. To explore
this possibility and incorporate potential privacy preferences into our framework, we propose
that agents have access rights on the different pieces of information about the scheduling

problem. Specifically, we assume an access-rights function:
a:AxKB—{0,1} (9.1)

that determines whether an agent a; € A has access rights to a constraint ¢ € KB, returning

1 if a; has access to ¢ and 0 otherwise.
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While we have motivated access rights through the lens of privacy, note that the function
can also encode access rights through other means as well (e.g., security clearances and other

administrative compartmentalization protocols).

Given an agent a; and the function «, we define the privacy loss p; of an explanation € with

regard to the agent as the count of constraints inaccessible to it:

pile) = lel = D alai, ) (9:2)

cEce

Lastly, we define an explanation ¢; as being privacy-aware in relation to agent a; and query

@ if it incurs the least privacy loss among all possible explanations E for the query :

€; = argmin p;(€) (9.3)
eclk

Illustrating Example

Consider the employee shift assignment problem presented in Section 9.3.1. To represent the
problem using (propositional) logic, we employ Boolean decision variables z; ;, for all a; € A,
r; € R, and s; € S, where each variable is set to true if and only if agent a; is assigned shift
rj on day s;. Otherwise, it is set to false. These variables comprise the domain constraints
Cp and agent constraints C'4 which make up the knowledge base KB. Note that we assume

the following weights for employee constraints Cs: w(Cg) = w(Cy) > w(Cr) > w(Cy). °7

Recall from Section 9.3.1 that Alice has generated a schedule (see Figure 9.2) that does
not satisfy Thanos’ constraint, prompting him to ask Alice a reason-seeking query. In our
logic-based framework, this translates to the query ¢, = {—x112V —2122}. There are two

reason-seeking explanations for this query:

5TFor more details on the encoding, please refer to the supplement available at https://github.com/YODA-
Lab/QUERIES.

202


https://github.com/YODA-Lab/QUERIES
https://github.com/YODA-Lab/QUERIES

e €1 = {T412, %412V 112}, stating that only one employee can be assigned a morning
shift on the same day (domain constraint) and that Rose’s preference was given a higher

priority that day.

o €9 ={T322, 322V T122}, stating that only one employee can be assigned an afternoon
shift on the same day (domain constraint) and that Vicky’s preference was given a higher

priority that day.

Now, assume that the access-rights function « is defined such that Thanos has access-rights
to the domain constraints and Rose’s constraints, but not to the constraints of other agents.

In this case, the privacy loss p; of both explanations would be calculated as follows:

o pi(61) =le] — D a(l,c) =2 —2 =0, since Thanos has access to Rose’s information.
cE€ry
e pi(e2) = leo] — > a(l,e) = 2 —1 = 1, since Thanos does not have access to Vicky’s
CcEEr2
information.

As pi(€,1) < p1(€2), the privacy-aware explanation in this case would be €.

9.4 QUERIES: Computing Explanations

We now present the Question Understanding and Efficient Response with Intelligible Fxpla-
nations of Schedules (QUERIES) algorithm, which generates privacy-aware explanations €
for reason-seeking and modification-seeking queries ¢ of an agent a;. The core of QUERIES
is based on reasoning via inconsistency. In particular, it leverages a set of methods that
are directly applicable to logic-based explanation generation problems, namely, minimal un-
satisfiable sets (MUS) and minimal correction sets (MCS) [186, 165], both of which emerge
when a set of clauses is unsatisfiable. Particularly, an MUS can be interpreted as explaining
why a set of clauses is unsatisfiable by identifying a minimal set of conflicting clauses that

cause the unsatisfiability. An MUS can then be used to find a reason-seeking explanation:

Proposition 8. Given a knowledge base KB and a reason-seeking query ¢,, €, = M\ {—¢,}
is a reason-seeking explanation for o, if M is an MUS of KBU {—¢,}.
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PROOF (SKETCH). The existence of a reason-seeking query ¢, implies that KB = ¢,, which
in turn implies that KB U {—¢,} = L according to the definition of entailment. That is,
the negation of ¢, is inconsistent with a set of constraints from KB and, as such, an MUS
M of KBU {—¢,} exists. If =, € M, then M \ {—¢,} is satisfiable and M \ {—¢,} = ¢,

Therefore, M \ {—,} is a reason-seeking explanation for ¢,. O

Similarly, an MCS explains how to restore consistency in an inconsistent KB by identifying
a minimal set of clauses from KB such that when removed, KB becomes satisfiable. A

modification-seeking explanation can be then be generated via an MCS:

Proposition 9. Given a knowledge base KB and a modification-seeking query ¢, C is a
modification-seeking explanation for o, if C' is an MCS of KBU {¢,,} and ¢, & C.

The proof of Proposition 2 follows from the fact that a modification-seeking explanation for
©m is indeed an MCS of KB U {¢,,}.

Algorithm 9.1 presents the pseudocode of QUERIES, which generates explanations for an
agent a;. At a high level, it iterates over all constraints in KB and assigns large weights
k >> 1 to constraints that are public to agent a; with respect to access-rights function a.
Then, the MUS (or MCS) solver prioritizes the constraints with the largest weights, which
means that the output of the solver is a set of constraints with the largest cumulative sum

of weights (i.e., privacy-aware explanation).

The completeness of QUERIES lies in the assumption we made for the two query types, which
is that an explanation for both query types always exists. The correctness of QUERIES lies
in the correctness of the MUS and MCS solvers and the assumption that £ is sufficiently
large such that explanations with the largest cumulative sum of weights are privacy-aware

explanations.

9.5 Empirical Evaluations

We now empirically evaluate our approach both in simulated computational experiments as

well as in a human user study.
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Algorithm 9.1: QUERIES Algorithm

Input: KB, ¢,a;,a, k
Result: privacy-aware explanation e for ¢ for a;
forall c € KB do
if a(a;,c) =1 then
L L assign weight k to ¢

if © is a reason-seeking query then
| €< getMUS(KB, ¢)

else if ¢ is a modification-seeking query then
L € < get MCS(KB, ¢)

return ¢

9.5.1 Computational Experiments

We now present a computational evaluation of QUERIES for the following four queries, two

for each query type, where C, is an agent’s clause and Y an infeasible schedule:*®

e Reason-seeking query (agent): Why is C, unsatisfied?
e Modification-seeking query (agent): How to satisfy C,?
e Reason-seeking query (schedule): Why is ¥ infeasible?

e Modification-seeking query (schedule): How to make ¥ feasible?

We ran our experiments on a MacBook Pro machine comprising an M1 Max processor
with 32GB of memory. The time limit was set to 500s. Our implementation of QUERIES
is written in Python and integrates calls to MUS and MCS oracles through the PySAT
toolkit [115].%

To comprehensively evaluate our approach, we ran three sets of experiments: (1) To demon-
strate the scalability of our approach, we evaluated it on our motivating employee shift
assignment problem of varying size; (2) To demonstrate the impact of privacy or access

rights, we evaluated our algorithm on the same scheduling problem, but agents have varying

58(C, was randomly selected from a pool of unsatisfied clauses of agent a and X was generated by randomly
flipping 20% of the values of a feasible schedule.
%9 The code repository is available at https://github.com/YODA-Lab/QUERIES.
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access rights; and (3) To demonstrate the generality of our approach, we evaluated it on an

SMT-based encoding of the job-shop scheduling problem.

Experiment 1: Scalability: In this experiment, we vary the scale and complexity of
the agent scheduling problem by varying the number of agents |A|, resources |R|, and time
steps |S| in the problem. Specifically, we created 14 random instances, where each instance
has |A| = 10 - i agents, |R| = 10 - i resources, and |S| = 10 time steps, with i taking
the values 1,1.5,2,...,7.5. For the domain constraints, we extended the ones described in
Section 9.3.1 to include more agents, shift types, and time steps, as well as included an
additional constraint describing the maximum number of consecutive shifts an employee can
undertake without a day off. For the agent constraints, we generated 5 types of constraints to
reflect different kinds of preferences similar to those presented in Section 9.3.1, and randomly
assigned them to the agents. We set the fraction p = 0.5 of agents that each agent has access
rights to. If an agent a; has access rights to agent a;, then a; is aware of all of agent a;’s

constraints.

Figure 9.3 plot the runtimes of QUERIES as a function of the cardinalities of the knowl-
edge base |KB| and the explanation |e| found. Unsurprisingly, the runtimes increase as the
cardinalities increase. The reason is that the search space grows with |KB|, also reflected
in |e|]. Also, modification-seeking queries took longer to solve than reason-seeking queries.
The reason is that our off-the-shelf MCS solver, used for modification-seeking queries, is less

efficient than our off-the-shelf MUS solver, used for reason-seeking queries.

Experiment 2: Access Rights: In this experiment, we use the same employee shift
assignment problem, where we set the number of agents |A| = 40, resources |R| = 40, and
time steps |S| = 5. We vary the fraction p = {0,0.1,0.2,...,1} of other agents that each

agent has access rights to.

Figure 9.4 plots, as a function of access rights fraction p, the runtimes of QUERIES, privacy
losses p;(€) of explanations, and cardinality of explanations |e|. Similar to the previous
experiment, the runtimes are larger for modification-seeking queries than reason-seeking
queries. However, unlike the previous experiment, there is a significant difference in |e| for
the different queries in this experiment. As the modification-seeking queries required longer

explanations, they took longer to solve than reason-seeking queries.
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Figure 9.3: Results of Experiment 1 on the Scalability of QUERIES

Additionally, the runtimes stay relatively constant for all values of p, reflecting the fact
that the runtimes for the MCS and MUS computations are independent of the weights of
the clauses. Also, as expected, the privacy loss decreases as p increases since fewer clauses
are private as p increases. Finally, as p increases, |e| either decreases or remains constant,
indicating that the solver can find shorter (i.e., better) explanations when the explanation

space expands with larger values of p.
Experiment 3: SMT and Job-Shop Scheduling: Finally, to demonstrate that our ex-

plainable scheduling framework and algorithm can be generalized to other scheduling prob-

lems as well as other types of logic aside from propositional logic, we evaluate our approach

207



® [ ] L4 ° ] L4 ° ° ° ° o
30
*  Why (agent)
257 *  How (agent)
- Why (schedule)
o How (schedule)
E 151
* * * * * * * * * * *
10 1

0.0 0.2 0.4 0.6 0.8 1.0
p
° [ ]
204 - e o e Why (agent)
. ° *  How (agent)
* N X Why (schedule)
154 * How (schedule)
© *
o
38
2 10 e o o
% *
2 *
a °
54 e . *
.
X X . *
.
0 X x x x x x x x ®
0.0 02 04 0.6 08 10
p
45 1
xox *  Why (agent)
404 *  How (agent)
s Why (schedule)
5 351 How (schedule)
o
£ 304
2
= 251
5
2
= 201 @ [ ] [ ] [ ] o ° [ ] [ ] [ ] ° °
c
=
S o x x «x
< T ox x X x X
10 - ° ° L] . .
0.0 0.2 0.4 0.6 0.8 1.0
p

Figure 9.4: Results of Experiment 2 on the Impact of Privacy and Access Rights
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Figure 9.5: Results of Experiment 3 on SMT-based Encoding of Job-Shop Scheduling

on a Satisfability Modulo Theory (SMT) encoding of the job-shop scheduling problem [194].
SMT is a decision problem that extends Boolean logic and allows for richer representations
of real-world problems with logical formulae that are based on a combination of background

theories such as integers and reals [55].

The job-shop scheduling problem involves assigning a set of jobs, each with its own processing
time, to machines in a way that ensures all jobs are completed. We encoded this problem
in Python using the Z3 solver [54|, and generated 11 instances by varying the number of
jobs, processing times, and machines. For the MUS and MCS solvers, we used off-the-shelf
implementations available within Z3. Similar to the previous experiment, we generated

queries with an unsatisfied constraint and an infeasible schedule.
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Figure 9.5 plots the runtimes of QUERIES as a function of the cardinalities |[KB| and |¢]. We
observed trends similar to those in Experiment 1, attributable to the same reasons described

earlier.

9.5.2 Human-Subject Experiments

We now present a user study aimed at examining the assumptions made in our framework.

In particular, we hypothesize:

Within agent scheduling problems, individuals prefer explanations containing only
public information (e.qg., publicly acknowledged rules and constraints) over those
including private information (e.g., other employees’ names and personal con-
straints), as they perceive them as more satisfactory.

To evaluate this hypothesis, we conducted a human user study involving 60 English-speaking
participants recruited through the online platform Prolific [175]. The study is centered
around the employee shift assignment problem introduced earlier, with participants engaging

in a thought experiment by assuming the role of an employee in a hypothetical company.

We informed the participants that Alice, an automated scheduling agent, was responsible
for creating a schedule under the previously described domain constraints, ensuring that
this information was public and known to all users. Participants were asked to choose a
personal constraint from four available options, making them aware of only their own personal
constraint, while the remaining agent constraints were considered private information. The
participants then received their shift assignments, and were notified that their personal

constraint was not satisfied in Alice’s schedule.

Their primary task was to select an explanation out of two options: a generic explanation,
which contained another employee’s name and private constraint as the reason for their
unsatisfied constraint, and a privacy-aware explanation, which included only a public domain
constraint. Participants then answered questions about their choice of explanation and their

satisfaction levels.
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Figure 9.6: Human user study results from 60 users: (a) Percentage of users that selected
generic and privacy-aware explanations; and (b) Percentage of users that were satisfied,
indifferent, or unsatisfied with the privacy-aware explanation.

Figure 9.6 presents the main results of the study. The majority (83.4%) of participants pre-
ferred the privacy-aware explanation (Figure 9.6(a)). Among those who chose the privacy-
aware explanation, 54% were satisfied, while the remaining participants were either indiffer-
ent (22%) or unsatisfied (24%), as shown in Figure 9.6(b). In the analysis of responses to
the justification question, i.e., “why they selected the particular explanation”, we observed
a common trend: the privacy-aware explanation was considered more “informative” and
“equitable” to all employees. Here, informative meant that it contained well-justified rules
(i.e., constraints known to them), while “equitable” implied that it was not personal in the
sense that it did not disclose other employees’ information. Finally, when asked whether
an explanation for a scheduling decision should include only public information, only pri-
vate information, or a combination of both, the vast majority (88%) responded that only
public information should be included, while the remaining participants (12%) suggested a

combination of both public and private information.

In conclusion, our study supports the hypothesis that individuals prefer explanations con-
taining only public information, which they perceive as not only more satisfactory but also
more equitable.. Based on these findings, our explanation generation framework is designed
to align with people’s expectations for a scheduling decision explanation in this particular

context.
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9.6 Related Work

There is a small body of literature on explainable scheduling, with EXPRES [183] being
the most relevant related work. It uses a MILP to find explanations for unsatisfied user
preferences. Nevertheless, it is limited to only identifying a set of reasons for unsatisfied
user preferences, thus lacking the ability to address and explain other types of queries, such
as how (or why) a schedule can be (or is) (in)feasible. With regards to privacy, EXPRES
preserves privacy by post-processing explanations to remove identifying reference to agents.
In contrast, we give a more thorough treatment on this issue as we found that it is key to
users in our user study. On a similar thread, Cyras et al. [48] proposed an argumentation-
based approach for explaining why a schedule is (or not) feasible and why a preference was
unsatisfied in the schedule, as we also tackle in this chapter. The key differences between
their approach and ours is that they do not consider any privacy preservation strategies, they
are restricted to makespan scheduling problems, and they did not provide any experimental
evaluation of their approach. Finally, Agrawal et al. [1] and Bertolucci et al. [10] also
consider the problem of explaining scheduling decisions, however, their scope is limited to

specific domain applications — scheduling Mars rovers and operating rooms, respectively.

A related research area is explainable planning, which has a larger body of work. Most of
the approaches in this area aim at explaining planning-specific queries, such as why a plan is
feasible/optimal and why a particular action is (or not) included in a plan [243, 37, 81, 206,
202, 231]. Closely related is the algorithm we presented in Chapter 5, which also uses minimal
correction sets (MCS) and minimal unsatisfiable sets (MUS) to find explanations. However,
the key difference is that we now consider privacy preservation and take a philosophically
different approach of finding explanations, i.e., we do not reconcile the differences between
the mental models of the explainer and explainee. Finally, for a further exposition on the
relationship between our approach and previous works such as diagnosis and MUS generation,

we refer the reader to Section 3.7.1 of Chapter 3.

9.7 Concluding Remarks

In this chapter, we addressed the challenge of generating explanations for agent scheduling

problems, extending our previous work to a multi-agent domain. Our logic-based framework
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for privacy-aware explanations in ASPs represents an advancement in making Al systems
more transparent and trustworthy, while also addressing the crucial aspect of privacy in

multi-agent settings.

Key contributions and findings include:

1. A general approach to explainable ASPs that handles both reason-seeking and
modification-seeking queries, demonstrating the versatility of our logical frameworks

developed in earlier chapters.

2. The introduction of privacy considerations in explanation generation, quantified

through a privacy-loss function.

3. Empirical evaluation of our framework’s efficacy through experiments and a user study,
highlighting the importance of privacy, fairness, and informativeness in scheduling

explanations.

However, our work also reveals several important considerations and directions for future

research.

Privacy: Despite optimizing for privacy, explanations may still contain private constraints
with respect to the explainee. As such, privacy leakage can occur when these explanations
are relayed to the explainee. To address this issue and preserve the agents’ privacy, we can
post-process the explanation by abstracting away the remaining private constraints. This
process can take different forms, such as masking all identifying references to the agents’
whose private constraints are included in the explanation or by completely retracting the

private constraints from the explanation.

As an example, consider that Thanos has no access rights to any of the agent constraints.
Then, the reason-seeking explanation €, = {412, %412 V 7112} that is generated for
him unfortunately includes Rose’s identity and private constraint (= x4 9). Post-processing
e, will allow us to retract x412 from €, and mask the identity of Rose from the remain-
ing clause =&y 12 V —1,1 2, for example, by transforming the clause to its generalized form

atmosty({x1,¢, 2,54, T3 j1, Tajt}) ¥rjeRsies (domain constraint C).

Explanation Delivery: After the (potential) abstraction phase, the (post-processed) ex-

planation needs to be communicated to the agent. Unless the explainee agent is a domain
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expert, the explanation should not be communicated in a logical representation, but rather
in a human-understandable format such as natural language. A trivial direction could be to
leverage the expressivity and symbolic nature of logic. That is, we can define natural lan-
guage templates and use them to map the generated explanations. In particular, notice that
each constraint “symbolizes” a specific constraint type and is grounded on (propositional)
variables, with each variable denoting a scheduling element such as an agent, a resource, or a
time step. For instance, €, = {Z4 12, 7%412V 72112} says that Rose is assigned the morning
shift on Tuesday (z412), and that either Rose or Thanos can be assigned a morning shift on
Tuesday ({—2412V —2112}). As such, a logic-based explanation can be transformed into a
natural language explanation by identifying and mapping the constraints to their respective

pre-defined, natural language templates.

Another possibility is to leverage Large Language Models (LLMs) [20] to translate logical
explanations into natural language. However, the accuracy of such translations will need to
be validated through additional research as LLMs have been shown to have confabulation
issues [246]. In the next chapter, we will explore this second approach in depth, presenting
a system that combines our logical explainability layer with LLMs to generate natural and
effective explanations. This integration shows how our formal logical foundation can be made

more accessible while maintaining formal guarantees such as correctness.
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Chapter 10

Demonstration: Trustworthy Reasoning
for Contrastive Explanations in Course

Scheduling

“The best way to explain it is to do it.”

— Lewis Carroll

10.1 Introduction & Contribution

While we have developed several approaches to logic-based explanation generation that en-
sure soundness and validity, a key challenge remains: how can we make these formal ex-
planations more accessible to users without sacrificing their rigorous foundations? Course
scheduling provides an ideal test case for addressing this challenge, as students need clear,
understandable explanations for scheduling decisions while the system must maintain logical

consistency.

The emergence of large language models (LLMs) offers a potential solution to this accessibil-
ity challenge. While LLMs excel at generating coherent and contextually relevant text [24],
their reliance on statistical inference leads to challenges in maintaining logical consistency
and accuracy in reasoning and planning tasks [166, 220]. This limitation is particularly
apparent when explanations need to be both linguistically coherent and logically sound. In
contrast, symbolic, logical methods provide a robust medium for reasoning and planning due
to their ability to perform valid and sound inference. This realization offers an opportunity

to combine the strengths of both LLMs and symbolic methods, creating synergistic systems
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that ensure decisions are not only provably correct and robust, but also communicated in a

user-friendly manner.

In this chapter, we present TRACE-cs ( Trustworthy ReAsoning for Contrastive Explana-
tions in Course Scheduling Problems), a demonstration system that integrates our expla-
nation generation algorithms with the natural language capabilities of LLMs for generat-
ing explanations in course scheduling problems. This approach ensures that explanations
are both provably trustworthy and communicated to users in natural language, addressing

both the logical soundness and user comprehension aspects of explainable Al. Specifically,
TRACE-cs:

1. Generates natural language explanations for contrastive user queries (e.g., “Why course

X instead of course Y7”).
2. Leverages the algorithm from Chapter 5 for generating logic-based explanations.

3. Utilizes an LLM-powered user interface for natural language interactions.

This demonstration synthesizes key themes from throughout this thesis - from the formal
foundations of our logical explainability layer to its practical application in scheduling prob-
lems - while addressing the crucial challenge of explanation communication. By showing how
logic can serve as an explainability layer that is both rigorous and user-friendly, TRACE-
CS points the way toward Al systems that are both trustworthy and accessible in critical

decision-making contexts.

10.2 TRACE-cS Overview

We now provide an overview of the TRACE-CS system, illustrated in Figure 10.1.

Symbolic Module. The Symbolic Module forms the core of TRACE-cS, handling the

scheduling logic and explanation generation:

e Encoder: Encodes specific scheduling constraints into logical formulae, creating a

knowledge base KB that represents the scheduling problem. This includes encoding
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No User Query Yes
Verification
LLM Module
Natural

Language
Explanation

Explanation
Refiner

Scheduling

Constraints:
* Constraint 1
* Constraint 2

Symbolic Module
Figure 10.1: The TRACE-cs workflow.

course prerequisites, credit requirements, semester constraints, and so on. Each formula
has an associated label attached to it, describing in English the type of scheduling

constraint it encodes.

e Explainer: Utilizes the explanation generation algorithm we presented in Chapter 9.
It takes as input the knowledge base KB from the Encoder and a user contrastive
query ¢ (processed by the LLM module), and generates contrastive explanations. The

output is a set of logical formulae along with their corresponding labels.

LLM Module. The LLM Module serves as the interface between the user and the Symbolic

Module, handling natural language processing tasks:

e Query Parser: Interprets a user’s contrastive query in natural language and converts
it into a symbolic representation ¢ compatible with the encoded knowledge base KB.
This process employs in-context learning to ensure accurate interpretation. However,
recent work by Karia et al. [129] highlights the potential limitations of LLMs in for-
mal interpretation tasks, underscoring the importance of human verification in our
system. Thus, TRACE-CS includes a step for user verification of the extracted query

information before proceeding to explanation generation.
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e Explanation Refiner: Takes the symbolic explanation € from the Explainer and
translates it into natural language sentences. This translation process also uses in-
context learning, utilizing the labels attached to each formula in € to ensure accurate

and coherent explanations.
Figure 10.1 shows the workflow of TRACE-Cs:

1. The user submits a contrastive query in natural language;

2. The Query Parser extracts the information from the query and converts it into a sym-

bolic representation ¢ consistent with the knowledge base KB created by the Encoder;

3. The user verifies if the extracted query information corresponds to the original query,

and proceeds to the next step if it is;
4. The Explainer generates a symbolic explanation e for ¢ with respect to KB;

5. The Explanation Refiner converts e into natural language and outputs it to the user.

This workflow ensures that user queries are accurately interpreted, logically processed, and
explained in a user-friendly manner, combining the strengths of symbolic reasoning and

natural language processing.

10.3 Proof-of-Concept: Academic Course Schedules

We implemented TRACE-cs in Python as a proof-of-concept for scheduling courses for an
undergraduate computer science student across the eight academic semesters at Washington
University in St. Louis. To create a comprehensive and realistic scheduling environment, we
scraped the computer science course catalog and degree requirements from the university’s
official website. The Symbolic Module was implemented using PySAT [115] and the LLM
Module was implemented using the GPT-4 model [173|. Figure 10.2 shows the user interface

of our implementation.®’

60Code repository of the system with full implementation details can be found here:
https://github.com/YODA-Lab/TRACE-CS.
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Semester 1 Semester 2 Semester 3 Semester 4 Semester 5 Semester 6 Semester 7 Semester 8

E81 CSE 131 E81 CSE 132 E81 CSE 237S CWP 100 E81 CSE 247 E81 CSE 256A E81 CSE 240 E81 CSE 332S

E81CSE 132 L59 Engr 310 E81 CSE 400E
L11 Econ 1011 E81CSE 361S L33 Psych 3401
L41 BIOL 2950 L24 MATH 3200 L44 Ling 170D
L24 MATH 131 L24 MATH 217 E35 ESE 326

E81 CSE 473S E81 CSE 499 E81 CSE 347

E81CSE 497 E81CSE 500 E35 ESE 318

E81 CSE 498 E35 ESE 105 E81 CSE 204A

E35 ESE 417 L40 SOC 3001

Please enter your query:

Why not cse 247 in semester 6 instead of cse 497?

The reason E81 CSE 247 cannot be taken in semester 6 instead of E81 CSE 497 is because E81 CSE 473S, which is also scheduled for semester 6, requires E81 CSE 247 as
a prerequisite. It is not possible to take a course and its prerequisite in the same semester.

Figure 10.2: The course scheduling user interface.

TRACE-CS Zero-shot LLM Few-shot LLM

Explanation Correctness 100% 44% 49%
Explanation Verbosity 46 113.3 59

Table 10.1: Results from 100 queries comparing TRACE-Cs with a zero-shot and a few-shot
LLM-only approach.

To evaluate the effectiveness of TRACE-CS, we conducted a comparative experimental study
against zero-shot and few-shot LLM-only approaches. Specifically, we generated 10 dis-
tinct schedules and created 10 queries for each schedule, totaling 100 schedule-query pairs.
Our evaluation metrics were explanation correctness with respect to the degree and course
constraints, and explanation verbosity measured by the average number of words per expla-

nation.

Table 10.1 shows the results, where TRACE-CS significantly outperformed both zero-shot

and few-shot LLM approaches in terms of explanation correctness, achieving 100% accuracy
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compared to 44% and 49%, respectively. These results underscore the effectiveness of a

hybrid approach in providing trustworthy explanations for course scheduling scenarios.

Moreover, TRACE-CS demonstrated superior performance in terms of explanation verbosity.
With an average of 46 words per explanation, TRACE-CS provided more concise explanations
compared to both the zero-shot LLM (113.3 words) and few-shot LLM (59 words) approaches.
This indicates that TRACE-CS not only generates more accurate explanations but also does

so more efficiently, presenting information in a more digestible format for users.

These results collectively demonstrate that TRACE-CS not only provides more accurate ex-
planations but also presents them more concisely. This combination of accuracy and brevity
is crucial for effective communication in complex scheduling scenarios, reinforcing the value
of our hybrid approach in bridging the gap between symbolic reasoning and natural language

explanation generation.

10.4 Related Work

Explainable scheduling research has predominantly relied on logical symbolic methods [48,
1, 10, 183, 182, 231, 226, 241]. While grounded in sound inference procedures, these ap-
proaches often produce explanations that are difficult to communicate to users due to their
logic-based nature. Attempts to mitigate this limitation have used templates mapping logi-
cal explanations to pre-specified natural language sentences [183, 226] or visualization inter-

faces (47, 146, 182].

Concurrently, LLMs have revolutionized natural language processing and found applications
across diverse domains, including planning [128], code generation [198|, and medical applica-
tions [245]. However, the integration of LLMs with symbolic explainable scheduling systems
remains largely unexplored. Our work, TRACE-CS, represents the first attempt to ad-
dress this gap by presenting a novel hybrid system that synergistically combines a symbolic

explainable scheduling module with an LLM module.
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10.5 Concluding Remarks

In this chapter, we demonstrated how our logical explainability layer can be enhanced
through integration with large language models (LLMs) to provide explanations that are
both correct and naturally expressed. TRACE-CS represents the culmination of our work,
showing how the theoretical frameworks developed throughout this thesis can be made ac-
cessible to users while maintaining their formal guarantees. Our experimental results demon-
strate that this enhanced explainability layer significantly outperforms LLM-only approaches
in explanation correctness, validating the importance of maintaining logical foundations even

when prioritizing accessibility.

The success of TRACE-CS demonstrates a key insight: logic can serve as an explainability
layer that is both theoretically sound and practically useful. While LLMs provide natural
language capabilities, it is our logical foundation that ensures explanations remain trustwor-
thy and reliable. This combination proves particularly powerful in course scheduling, where

explanations must be both precise and easily understood.

Looking ahead, this integration of formal logic and natural language capabilities points
toward broader applications of our logical explainability layer. The principles we have de-
veloped - from formal foundations to efficient computation, from personalization to privacy
awareness, and now to natural language integration - provide a comprehensive framework for
explainable Al systems that can: reason logically while communicating naturally, maintain
formal guarantees while adapting to user needs, preserve privacy while providing meaningful

explanations, support complex decision-making while remaining accessible.

As Al systems continue to evolve and tackle more real-world problems, our work demon-
strates how logic can serve as a robust explainability layer that bridges the gap between

formal correctness and practical usability.
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Chapter 11

Epilegomena

“Ev oda 6Tt 0UdEY 0da. 7

(I know that I know almost nothing, and hardly
that)

— Socrates

As we conclude this thesis, Socrates’ humble assertion resonates deeply with our exploration
of explainable AI systems. While we have contributed in developing a general logic-based
explainability layer for Al systems, each advance has revealed new depths in the challenge

of bridging the decision-making processes of Al systems and human understanding.

Our main thesis posited that logic-based frameworks can serve as an explanatory representa-
tional layer for Al systems, enabling the generation of rigorous, flexible, and human-aware
explanations across diverse problem domains by capturing the system’s decisions in a formal
logical language that supports inference and reasoning. Our contributions, through system-
atic development and empirical validation, have provided some evidence supporting this

thesis across multiple dimensions.

First, we established the theoretical foundations through the Logic-based Model Reconcilia-
tion Problem (L-MRP). This framework showed how logic could serve as an explainability
layer for planning systems by expressing knowledge and explanations through logical knowl-
edge bases. While our initial focus was on planning problems, L-MRP’s applicability extends
to various problem types that can be encoded in logical formalisms where satisfiability of
sets can be checked. This broad applicability highlights the flexibility of our approach and
its potential for more diverse problem domains. However, we also recognized the limitations

of deterministic models in representing real-world scenarios.
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To address these limitations, we extended our framework to handle uncertainty by devel-
oping a probabilistic framework for explanation generation. We introduced concepts such
as explanatory gain and explanatory power to quantify the effectiveness of explanations in
uncertain environments, including uncertain human user models. This extension allowed
us to address more complex scenarios where decision-making often involves incomplete or

probabilistic information.

Recognizing the need for efficiently computing explanations, we developed algorithms lever-
aging the duality between minimal correction sets (MCSes) and minimal unsatisfiable sets
(MUSes). These algorithms, applicable to both deterministic and probabilistic settings, en-
hanced our ability to generate explanations across various problem types and knowledge
representations, marking progress towards a practical implementation of our theoretical

frameworks.

We then addressed the human aspect of explainability through several advances:

e Personalized explanation generation through knowledge forgetting. This approach allowed
us to generate explanations at appropriate abstraction levels based on the human user’s
vocabulary, addressing the challenge of tailoring explanations to individual users’ levels of

expertise.

e Dialectical reconciliation via structured argumentative dialogues. This approach ad-
dressed the limitations of single-shot explanation processes and facilitated dynamic,
argumentation-based interactions between Al systems and human users, enhancing un-

derstanding through active engagement and iterative explanation.

e Human-aware belief revision. We introduced a framework for revising human user mod-
els that focuses on explanatory understanding rather than mere consistency of beliefs.
Through two human-subject studies, we demonstrated that, when faced with inconsisten-
cies, people often opt for non-minimal, explanation-guided revisions to their beliefs. These
results challenge the principle of minimal change that is implicit across most belief revision

theories in the literature.

e Privacy-aware explanations in multi-agent scheduling problems. We presented a frame-
work for addressing two general queries: (i) why certain scheduling decisions have been

made; and (ii) how to alter certain scheduling decisions. This approach demonstrated
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a commitment to ethical Al systems that respect individual privacy while maintaining

transparency of decisions.

Finally, we presented TRACE-CS, a system for explainable course scheduling that applied
our theoretical frameworks to a real-world problem. By combining our explanation gener-
ation framework with large language models, TRACE-CS demonstrated the potential for
generating explanations that are both logically sound and linguistically accessible to human

users.

Framework Limitations and Scope

It is important to highlight the general scope and limitations of our frameworks, particularly
L-MRP. While our framework has demonstrated effectiveness across various domains, several

key assumptions and limitations warrant careful consideration.

First, L-MRP makes fundamental assumptions about human inferential capabilities. We
presume that human users possess the reasoning capacity to process and understand the
reconciling explanations provided by the AI system. Note that this does not imply that
humans can reason with the same efficiency as Al systems — much like how humans can
perform arithmetic operations correctly but are significantly slower than calculators. Rather,
we assume that given sufficient time and a properly formulated reconciling explanation,

humans can validate the logical correctness of the Al system’s decision-making process.

Further, an explanation can fail in several critical ways. Cognitive failures occur when the
logical steps exceed human working memory capacity or when the explanation requires do-
main knowledge the human user lacks. Social failures arise when the explanation, though
logically sound, does not align with how humans naturally exchange information and rea-
soning. Perhaps most importantly, explanatory failure can occur through rejection, i.e.,
when a human user chooses not to accept the explanation. This rejection often stems from
misalignment between the explanation and the human user’s (mental) models, beliefs, or
expectations about what constitutes a satisfying explanation. For instance, a human user
might reject an explanation that fails to address their specific concerns or one that does not
match their preferred reasoning patterns, even if the explanation is technically complete and

correct.
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At the other end of the spectrum, the interplay between understanding, acceptance, and
trust creates a complex landscape for explanation generation. While L-MRP provides guar-
antees of correctness through its formal representational layer, it cannot guarantee user
acceptance or trust. This limitation reflects a fundamental challenge in explainable Al: the
gap between technical correctness and human satisfaction cannot be bridged through logic
alone. This connects to the philosophical perspectives discussed in our introduction — while
logical frameworks like the Deductive-Nomological model provide formal rigor, effective ex-
planations must also satisfy the pragmatic and social aspects emphasized by van Fraassen
and others. Our framework attempts to balance these competing demands by using logic
as a representational foundation while remaining sensitive to the psychological and social

dimensions of explanation.

The class of problems where L-MRP can be effectively applied is thus constrained by these

considerations. The framework is most suitable for domains where:

e The decision-making process can be expressed in logical terms that align with human

reasoning patterns.
e The complexity of the reconciliation process remains within human cognitive capacity.

e The domain knowledge required for understanding the explanation is accessible to the

intended human users.
e The explanation structure resonates with the human users’ (mental) models.

e The context allows for iterative refinement when initial explanations prove unsatisfactory.

These constraints define the framework’s optimal application space rather than limiting its
utility. As demonstrated through our empirical studies and implementations like TRACE-
cs, many real-world decision-making scenarios fall within these boundaries. Throughout
this thesis, we have developed various techniques to address these limitations: our dialec-
tical reconciliation framework facilitates interactive explanation refinement (Chapter 7, our
personalized explanation generation approach manages cognitive complexity through ab-
straction (Chapter 6), and our probabilistic framework handles uncertainty in human user
models (Chapter 4. While these advances represent progress, they also highlight an essential
insight: the challenge of bridging formal logical systems with human cognitive processes is
not merely a technical problem to be solved, but rather a fundamental aspect of human-AI

interaction that requires continuous adaptation and refinement.
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Afterthoughts and Future Vision

As we reflect on this body of work, several key themes emerge:

e Logical Foundations Enable Trust: Logic provides the backbone for generating prov-
ably correct explanations, offering formal guarantees about completeness and soundness

that are essential for trustworthy AI systems.

e Efficiency Bridges Theory and Practice: While theoretical frameworks provide foun-
dations, efficient algorithms for computing explanations are essential for real-world appli-

cations, as demonstrated through our MCS-MUS based techniques.

e Flexibility Across Contexts: An explainability layer must handle diverse scenarios -
from deterministic to probabilistic reasoning, from one-shot explanations to interactive

dialogues, from single-agent to multi-agent settings.

e Human-Awareness Shapes Understanding: Effective explanations must align with
human cognitive processes, from personalized explanations to explanation-guided belief

revision, ensuring explanations resonate with human reasoning patterns.

e Communication Methods Matter: The medium of explanation significantly impacts
its effectiveness, whether through structured dialogues, visual representations, or natural

language, highlighting the importance of choosing appropriate communication channels.

e Privacy Preserves Trust: In multi-agent settings, explanations must balance trans-
parency with privacy, using techniques like our privacy-loss quantification to protect sen-

sitive information while maintaining meaningful explanations.

e Hybrid Systems Bridge Theory and Practice: Combining the formal guarantees of
logic with complementary capabilities like natural language generation (through LLMs)
creates systems that are both rigorous and accessible. This synthesis, as demonstrated
in TRACE-cs, shows how we can maintain logical soundness while making explanations

more natural and user-friendly.

These themes not only summarize the contributions of this thesis but also suggest future
research directions in explainability. As Al systems become more integrated into daily life,
the need for explanations that are accurate, understandable, trustworthy, and respectful
of privacy will continue to grow. While this thesis attempted to contribute to the field of

explainable decision-making in Al systems, we remain acutely aware of the vast territory
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yet to be explored. The frameworks, methodologies, and insights developed here could serve
as steps towards this vision, paving the way for future innovations in human-aware and

trustworthy Al systems.

Our research journey has also led us to develop a new understanding of explanation. The abil-
ity to explain is arguably the most significant cognitive functionality of the human species.
It underpins our capacity to share insights, justify decisions, and convey thoughts and in-
tentions. This intrinsic need to understand and articulate ideas permeates everyday conver-
sations and extends to the realms of science and research, where we formulate theories to

explain certain phenomena.

This explanatory creativity is a defining characteristic of human cognition and a key driver
of our intellectual and societal progress. Indeed, what we are, fundamentally, is Universal
Ezplainers — entities with the unique ability to generate, refine, and communicate explana-
tions across a vast range of domains and complexities. Our attempt to articulate this very
idea is itself an explanation; this whole document has served as a, rather long, explanation of
my thesis. Our logical explainability layer aims not to replace this capacity but to enhance

it, creating a foundation for a long-term vision: Human-AI Collaborative Decision-Making.

In this ambitious vision, Al systems will not only match but also enhance our explanatory
abilities, engaging in dynamic, bi-directional exchanges of ideas with humans. This “univer-
sal explainer” concept will bridge the gap between human intuition and AI’s computational
power, enabling us to tackle problems that neither humans nor Al could solve independently.
By combining human creativity and context-awareness with the Al system’s ability to pro-
cess vast amounts of data and identify patterns, we can unlock new realms of explanatory
creativity. This symbiosis will lead to breakthroughs in fields ranging from fundamental sci-
entific research to complex societal challenges. Imagine Al systems that can propose novel
scientific theories, collaboratively refine them with human scientists, and then design and
interpret experiments to test these theories — all while maintaining a clear chain of reasoning

that humans can scrutinize and build upon.

Furthermore, this collaborative intelligence will democratize complex problem-solving, mak-
ing advanced scientific and analytical tools accessible to a broader audience. It will empower
individuals and organizations to make more informed decisions, fostering a society that is
better equipped to address global challenges such as climate change, healthcare crises, and

sustainable development.
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In the grand tapestry of Al research, our work may represent a small contribution. Yet,
it is through the collective efforts of researchers worldwide, each contributing their unique
perspectives and insights, that we will ultimately weave a future where Al systems are not
just powerful tools, but trusted partners in human endeavors. As we look to this future, we
do so with excitement, humility, and an unwavering commitment to the pursuit of knowledge

that benefits humanity.
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Appendix A

Chapter 3

A.1 Human-Subject Study: Comprehension Questions

QL. What caused the error(s) in your plan? (Multiple Choice)

[ made a mistake in my plan.

Wrong information provided in domain description.

Missing information in domain description.

There were no errors in my plan.

Q2. Given your plan and the explanation provided, why is your plan invalid? Please be as

descriptive as possible. (Open-ended)

Q3. Do you feel you understand what information was different in the domain Rob gave

you? If yes, what was that information? (Open-ended)

Q4. What are the corrections needed to your plan to make it achieve the goal, with the new

information in mind? (Open-ended)
Q5. Where do you think the error in Rob’s domain description was? (Multiple choice)

e In the description of the actions and their preconditions.

e In the description of the states (start state or goal state).

Q6. If applicable, identify areas with wrong or missing preconditions by clicking on the
corresponding region. Double click to unselect. (Users are shown a selection area where they

can click on various actions.)
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Q7. If applicable, identify areas with wrong or missing start states by clicking on the corre-
sponding region. Double click to unselect. (Users are shown a selection area where they can

click on various states.)

These questions ensured that the participants had to think about what the explanation

meant, and hence allow us to see if they really understood it.

To evaluate the user responses, we scored them for each question, where the maximum
score that can be achieved is 8 points. For the open-ended questions (Q2, Q3, and Q4), we
manually read through the answers and assigned a correct and incorrect flag. For the other
questions, we had an answer key to check against the user responses. All questions except
Q5 are worth 1 point. Qb5 is worth 2 points if participants only select the correct answer,

1 point if they select both answers, and 0 otherwise.
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Appendix B

Chapter 6

B.1 Human User Study

Figure B.1 depicts the 5x4 grid that was shown to all participants in the study. Recall that

the participants were informed that the robot moved from location B2 to A3 and then made

a decision for which an explanation was generated.

B.1.1 Explanation Generation

The explanations for the participants were generated from the following knowledge base, i.e.,

the robot’s knowledge base:

KB, ={9,Q2,-®V-QVA-AVY -¥VC}

with vocabulary

VKBa = {q) .
: sample-rock(A3)

Q & 2

rock-at(A3)

: handempty
: have-analysis(rock)

: communicate-data(rock)}
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Figure B.1: The 5x4 grid shown to all participants.

The vocabulary Vkp, describes the meaning of the symbols used in the formulae of KB,. The

explanandum for the study was ¢ = C', where KB, = C.

The participants were divided into three vocabulary pairs, with each pair consisting of a

treatment group and a control group. The pairs received the following vocabularies:

Pair 1: V), = {P}
Pair 2: Vy, = {®, A}
Pair 3: Vy, = {®,A,Q}

The treatment groups in each pair received a personalized explanation w.r.t. their vocabu-
lary, where we used an upper bound UB = 4. Specifically, the personalized explanations for

each treatment group are as follows:
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Treatment group 1:

&, = F(KBg, {A,Q,0})
={®,-0 Vv (C}

Treatment group 2:

€, = F(KB,, {Q,9})
={®, P VA -AVC}

Treatment group 3:

€1, = F(KB,, {¥})
={P,Q,-dV-QVA-AVC}

The control groups in each pair received the same generic explanation, i.e.:

Control groups (for all pairs):

e = F(KB,, {0})
={9,Q,-dV-QVA-AVI -VV(}

Figure B.2 shows the natural language translation of the explanations shown to the groups

in each pair.

B.1.2 Results

We now present all of the results and analysis thereof. Upon seeing the explanations, the

groups were asked to evaluate the explanations by answering the following questions:
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0]

A rock-at(A3)
Treatment Group Explanation:
You told me to move to location A3, but because of ® | communicated that

data to the station.

Control Group Explanation:

You told me to move to location A3, but because of ® and Q, | executed
A. Then, because | had done A, | resulted in doing W. And because | had
done W, | communicated that data to the station.

(a)

0] A

‘ rock-at(A3) sample-rock(rock,A3)
Treatment Group Explanation:
You told me to move to location A3, but because of ®, | executed A.

Then, because | had done A, | communicated that data to the station.

Control Group Explanation:

You told me to move to location A3, but because of ® and Q, | executed
A. Then, because | had done A, | resulted in doing W. And because | had
done W, | communicated that data to the station.

(b)

0} Q N
‘ rock-at(A3) handempty ro:If(:ch):z:%)
Treatment Group Explanation:
You told me to move to location A3, but because of ® and Q, | executed

A\. Then, because | had done A, | communicated that data to the station.

Control Group Explanation:
You told me to move to location A3, but because of ® and Q, | executed

A. Then, because | had done A, | resulted in doing W. And because | had
done W, | communicated that data to the station.

()

Figure B.2: The explanations shown to the groups in each vocabulary pair, where (a) are
the explanations for pair 1 Vy, (b) for pair 2 Vys, and (c) for pair 3 V3
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Q1. The explanation helped me understand the robot’s decision to communicate

the data. (Likert-type: 1: Strongly disagree - 5 : Strongly agree)

Q2. T am satisfied with the robot’s explanation about how it behaved. (Likert-type:
1: Strongly disagree - 5 : Strongly agree)

. eel that the explanation of how the robot behave as sufficient detail.
Q3. I feel th h 1 i f h h bot behaved h ffici detail
(Likert-type: 1: Strongly disagree - 5 : Strongly agree)

Q4. I feel that the explanation of how the robot behaved is complete. (Likert-type:
1: Strongly disagree - 5 : Strongly agree)

Q5. How useful do you find the robot’s explanation for understanding its behav-
ior? (Likert-type: 1: Not useful at all - 5 : Extremely useful)

Q6. How confident are you in your understanding of the explanation? (Likert-type:
1: Not confident at all - 5 : Extremely confident)

Q7. How confident are you in your ability to explain the robot’s behavior (based
on its explanation) to someone else? (Likert-type: 1 : Not confident at all - 5 :

Eztremely confident)

Q8. Do you think having access to a vocabulary of task-specific terms helped

improve your understanding of the explanation? (Yes, No, Maybe)

Q9. In future interactions with AI agents, would you prefer personalized expla-

nations or generic ones? (Personalized explanations, generic explanations)

The distributions of each questions are shown in the figures below.
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Appendix C

Chapter 7

C.1 Human-Subject Study

Demographics: Overall, 97 participants completed the study. All participants were profi-
cient in English and had at leas an undergraduate education. Out of the 97 participants, 59

identified as female, 35 as male, and 3 as other.

C.1.1 Study Details

All participants first received the information depicted in Figure C.3. Afterwards, the par-

ticipants answered two attention check questions, they were divided into two groups:

e Single-Shot (SSR): Group 1 received a single-shot model reconciliation explanation,
where the human model was assumed to include the information provided during the
scenario’s introduction. The explanations were computed using a state-of-the-art solver
by Vasileiou et al. [2021].

e DR-Arg: Group 2 interacted with DR-Arg’s explanations, choosing from four unique
questions (counterarguments to Roomie’s responses) in a game-like format. They could

continue asking questions or decide to end the interaction.

Figures C.4 to C.9 show some of the interactions the DR-Arg users had with Roomie, while
Figure C.10 shows the interaction the SSR users had with Roomie.
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C.1.2 Study Questions and More Results

In the DR-Arg group, participant engagement varied, leading us to further classify this group
for analysis. Specifically, we divided the DR-Arg participants into two subgroups based on
their interaction depth:

e DR-Arggingle: This subgroup is comprised of participants who chose to end the interac-

tion after only one question.

e DR-Argyuii: This subgroup is comprised of participants who engaged with more than

one question.

This classification allowed us to evaluate the impact of deeper interaction on comprehension

and satisfaction.

After the participants in each group interacted with Roomie, they were all asked to an-

swer the questions below. The answers to these questions can be seen in Figures C.1 and C.2.

Comprehension questions:

Q1. Why did Roomie not have an internet connection?

1. Hardware lock. (Correct answer)
2. Cable not connected properly.
3. Wifi was not working.

4. Docking station failure.
Q2. Why were there issues even though you paid for the full package?

1. License expired. (Correct answer)
2. Service required.
3. Roomie was set up incorrectly.

4. Roomie does not support uneven floors.

Q3. Why was there a flashing light next to the internet port?
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1. Battery was low. (Correct answer)
2. Internet port was in use.
3. Roomie was malfunctioning.

4. Roomie’s connection was high-speed.
Q4. Why did the app say Roomie was connected to the internet?

1. Roomie was connected to the internet.
2. App was outdated. (Correct answer)
3. All cables were securely connected.

4. Roomie was malfunctioning.

Likert-type questions:

Q1. Roomie’s explanations were easy to understand.
1: Strongly disagree - 5 : Strongly agree
Q2. I understood all the issues with Roomie.
1. Strongly disagree - 5 : Strongly agree
Q3. I would have liked to ask more questions to improve my understanding.

1: Strongly disagree - 5 : Strongly agree
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Correct Answer by Population Percentage

100%

80%

60%

40%

20%

0

ES

Q1: Internet issue Q2: Full-package issue

mmmm SSR
s DR-A
mmmm DR-A_Single
mmmm DR-A_Multi

Q3: Flashing light issue Q4: App issue

Figure C.1: Distribution of answers to comprehension questions.
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Likert Value

Q1: Easy to understand Q2: Understood issues Q3: Ask more questions

Figure C.2: Distribution of answers to Likert-type questions.
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Introducing Roomie -- Your Al Home Robot

>4
(1T

Last month, you got a brand new Roomie robot, an all-in-one Al-powered house cleaner. The product
specifications looked amazing. So, you purchased the full package online. However, because you were busy,
you did not find the time needed to set it up immediately.

Today, a month later, you finally found the time to set it up. Roomie is a smart robot that can hold
conversations with you and clean your house. It came with a docking station that could be used to charge
Roomie as well as connect Roomie to the internet when plugged into an internet port. It also came with an app
that allows you to set up tasks and see the current status of Roomie.

You then unbox Roomie, plug it into its docking station, connect its internet port and your router with an
internet cable, and open the app. However, there is a red icon that says "DISCONNECTED". No matter what you
do, you are unable turn the icon off.

You notice the following things:

+ The app status says "connected".

+ The phone has internet access, and the internet cable is securely connected to both Roomie's internet
port and your router.

+ There is a flashing light next to Roomie's internet port suggesting that it is in use.

Figure C.3: Introductory information when beginning the user study.
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Chatting with Roomie v :

Since nothing else is working, you try to use the Q&A mode on Roomie, which lets the robot interact with you
and answer your questions.

You then ask:

"Why is the "DISCONNECTED" icon on?"

After a few seconds, Roomie responds:

"The DISCONNECTED icon is on because I'm plugged into the docking station and | do not have access
to the internet.”

It prompts you to give a response.

B

R

Please select your response to Roomie's explanation above. *

7

But since you are connected to the docking station and the docking station's internet cable is plugged in, ...
But my app status says that you are connected to the internet.
But it is impossible for you to be plugged into the docking station and be disconnected at the same time....

Okay, that's all | wanted to know. (End Conversation)

Figure C.4: (DR-Arg) Initial interaction: starting query, response (support) to query, and
follow-up questions (refute).
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»<
.

Chatting with Roomie

You then ask:

"But since you are connected to the docking station and the docking station’s internet cable is plugged in,
shouldn't you have internet access?"

A few seconds later, Roomie responds:

"Actually, there is a hardware lock on my internet port. So, I'm not using the internet port.”

*

Please select your response to Roomie’s explanation above.
But it should not be locked since | paid for the full package, right?
But there is a flashing light next to the internet port. Does that not mean that you are using the port?
Okay, but | have another question. (Go back to previous questions)

Okay, that's all | wanted to know. (End Conversation)

Figure C.5: (DR-Arg) Second interaction: Refutation to user response, and follow-up ques-
tions.
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Chatting with Roomie v :

You distinctly remember having paid for the full package. So, you do not understand why the internet port is
locked. You then ask:

“But it should not be locked since | paid for the full package, right?"

Roomie thinks for a bit, before responding:

"The full package requires an active license and your initial license was valid for only a month. It has
since expired and, thus, there is a lock on the internet port now."

:-m =

&

It looks like the license expired in the one month you didn't set Roomie up. *
Okay, but | have another gquestion. (Go back to previous questions)

Okay, that's all | wanted to know. (End Conversation)

Figure C.6: (DR-Arg) Third interaction: Refutation to user response, and follow-up ques-
tions.
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Chatting with Roomie v H
You see the light flashing next to the internet port. So, it must be in use. You then ask:

"But there is a flashing light next to the internet port. Does that not mean that you are using the port?"

Roomie doesn't take long before responding:

"My battery is low. That light flashes when either my battery is low or when the internet port is in use."

(.

D /

Looks like the flashing light was misleading, and it was warning that the battery is low. *

Okay, but | have another question. (Go back to previous questions)

Okay, that's all | wanted to know. (End Conversation)

Figure C.7: (DR-Arg) Fourth interaction: Refutation to user response, and follow-up ques-
tions.
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Chatting with Roomie

¢

You think Roomie should be connected because the app status says it is connected. You thus say:

"But my app status says that you are connected to the internet.”

Roomie beeps a couple of times before responding:

"Your app version is outdated. So, the app status is wrong."

M
o

Looks like you need to update the app to see the correct status. *

Okay, but | have another question. (Go back to previous questions)

Okay, that's all | wanted to know. (End Conversation)

Figure C.8: (DR-Arg) Fifth interaction: Refutation to user response, and follow-up ques-
tions.
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Chatting with Roomie e :

You don't think it makes sense because Roomie cannot be disconnected when it is clearly plugged into the
base. You then say:

“But it is impossible for you to be plugged into the docking station and be disconnected at the same time. So, you
should be connected."

Roomie takes a second, before responding:

" am charging. That's why | know | am plugged into the docking station. | know I do not have internet
access because | can not connect to the server on the cloud. So, I am plugged in and disconnected
from the internet at the same time."

B

@!'ﬂﬁm

Please select your response to Roomie's explanation above. *

But my app status says that you are connected to the internet.
But, since you are connected to the docking station and the docking station's internet cable is plugged in,...
Okay, but | have another question. (Go back to previous questions)

Okay, that's all | wanted to know. (End Conversation)

Figure C.9: (DR-Arg) Sixth interaction: Refutation to user response, and follow-up ques-
tions.
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Questioning Roomie v :

~

Since nothing else is working, you try to use the Explain mode on Roomie, which lets the robot interact with you
and answer your question.

You then ask:

"Why is the "DISCONNECTED" icon on?"

After a few seconds, Roomie responds:

"The DISCONNECTED icon is on because I'm plugged into the docking station and | do not have access
to the internet.”

"Additionally, you have some misconceptions that | would like to clarify. First, being plugged into the
docking station does not mean that I have internet access. Also, your app’s status wrongly says that |
am connected. Finally, even though the internet port is in use, it does not mean that | have internet

B

@!,ﬂnm

Figure C.10: (SSR) Initial query and response.
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Appendix D

Chapter 8

D.1 Human-Subject Experiments

D.1.1 Experiment 1

Our first experiment looked at the three problem types described above and was aimed at
providing some empirical data on whether people seek explanations that tend to invoke non-
minimal changes to their beliefs, that is, do people seek explanations that resolve categorical
or conditional propositions? The participants main task was to explain the inconsistencies

presented to them, and we examined the revisions implied by their explanations.

Participants and Design

We recruited 62 participants from the online crowdsourcing platform Prolific [175] across
diverse demographics, with the only filter being that they are fluent in English. The partici-
pants carried out three different problems of each of three types (Type I, Type II, and Type
[II). The propositions were taken from common, everyday events including subjects such as
economics and psychology. The conditional propositions in all problems were selected to be
highly plausible and interpretable, similar to those in the high-plausibility category used by
Politzer et al. |181].

Each participant was given the following instructions:

You will be presented with a series of everyday common scenarios. In each sce-
nario, you will be presented with information from two or three different speakers
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On a scale from 1 (strongly disagree) and to 5 (strongly agree), | feel that being
provided an explanation will help me better understand the fact.

62 responses

40

30 31 (50%)

20 22 (35.5%)

2 (3.2%) 101 .‘6%) 6 (9.7%)

1 2 3 4 5

Figure D.1: Distribution of Responses to Likert-type Question.

talking about some specific things. You will then be given some additional infor-
mation that you know, for a fact, to be true. Your task, in essence, is to explain
what is going on.

We gave the following instructions to all participants:

e Read carefully: For each scenario, read all the information very carefully.

o Explain: Think about how to explain the fact. In other words, ask yourself: why does

the fact conflict with the information provided by the speakers? Answer in your own

words.

e No Right or Wrong Answers: This study aims to understand your personal thought

process. There are no right or wrong answers. Choose what feels most accurate to you.

e Pace Yourself: While there’s no strict time limit, try to spend a reasonable amount

of time on each scenario—neither rushing through nor overthinking too much.

Afterwards, the participants saw the following scenarios and questions:

Scenario 1:

e Si: If a drink contains sugar, then it gives you energy.
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o Sy: This drink contains sugar.

e Fact: In fact, it doesn’t give you energy.

Why does the drink not give you enerqy?

Scenario 2:

o Sy: If sales go up, then profits improve.
e Sy The sales went up.

e Fact: In fact, the profits did not go up.

Why did the sales not go up?

Scenario 3:

e Sy: If people have a fever, then they have a high temperature.
e Sy: Maria had a fever.

e Fact: In fact, Maria did not have a high temperature.

Why did Maria not have a high temperature?

Scenario 4:

Si: If there is very loud music, then it is difficult to have a conversation.

So: If there is very loud music, then the neighbors complain.

e S35 The music was loud.

Fact: In fact, the neighbors did not complain.
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Why did the neighbors not complain?

Scenario 5:

o Sy: If people are worried, then they find it difficult to concentrate.
o Sy: If people are worried, then they have insomnia.
e S3: Alice was worried.

e Fact: In fact, Alice did not find it difficult to concentrate.

Why did Alice not find it difficult to concentrate?

Scenario 6:

e Sy: If you follow this diet, then you lose weight.
o Sy If you follow this diet, then you have a good supply of iron

e S3: John followed this diet.

e Fact: In fact, John did not lose weight.

Why did John not lose weight?

Scenario 7:

e Si: If someone is very kind to you, then you like that person.
o Sy: If someone is very kind to you, then you are kind in return.
e S3: Jocko is very kind to Kristen.

e Fact: In fact, Kristen did not like Jocko, and she were not kind in return.

Why did Kristen not like Jocko and was not kind to him?

Scenario 8:
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o Si: If a match is struck, then it produces light.

Sy: If a match is struck, then it gives off smoke.

Ss: Mary struck a match.

Fact: In fact, the match produced no light, and it did not give off smoke.

Why did the match produce no light and gave off no smoke?

Scenario 9:

Sy: If people are nervous, then their hands shake.

So: If people are nervous, then they get butterflies in their stomach.

Ss: Patrick was nervous.

Fact: In fact, Patrick’s hands did not shake, and he didn’t get butterflies in his stom-

ach.
Why did Patrick’s hands not shake and he didn’t get butterflies in his stomach?

After going through all nine scenarios, the participants were asked the following two ques-

tions:

Q1: Describe in your own words how you approached explaining what was going on. Was

there a specific reason why you chose to retain or discard certain information?

Q2: On a scale from 1 (strongly disagree) and to 5 (strongly agree), I feel that being provided

an explanation will help me better understand the fact.

Figure D.1 shows the distribution of the Likert question (Q2).

D.1.2 Experiment 2

Building on the findings of Experiment 1, which demonstrated a strong tendency among

participants to resolve inconsistencies through non-minimal revisions, in this experiment, we
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look at how people actually revise their beliefs when they are given an explanation. This
experiment is also relevant to human-aware Al systems, where Al agents provide explanations

to human users.

Participants and Design

We recruited 60 participants from the Prolific platform with the same requirements as before.
In this follow-up study, rather than having the participants generate their own explanations,
they were presented with some of the most plausible explanations created by participants
in Experiment 1, and then asked to describe how they would revise their information in
light of the given explanation. To ensure that they will not discard the explanation, they
were informed that the explanation is trustworthy. Unlike in Experiment 1, however, the
participants were only shown problems of Type II and III. The reason is that these problem
types contain more information (e.g., two conditionals and one categorical proposition), and

thus it is easier to measure if their revisions are minimal or not.

The scenarios the participants saw can be seen below:

Scenario 1:

Sy: If there is very loud music, then it is difficult to have a conversation.

So: If there is very loud music, then the neighbors complain.

o S35 The music was loud.

Fact: In fact, the neighbors did not complain.

Explanation: FEzplanation: If the neighbors are away on vacations, then very loud

music does not lead to complaints.

Scenario 2:

o Si: If people are worried, then they find it difficult to concentrate.

e Sy If people are worried, then they have insomnia.
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e S3: Alice was worried.
e Fact: In fact, Alice did not find it difficult to concentrate.

e Explanation: If people have effective coping strategies, then they may still be able to

concentrate despite being worried.

Scenario 3:

Sy: If you follow this diet, then you lose weight.

So: If you follow this diet, then you have a good supply of iron

Ss: John followed this diet.

Fact: In fact, John did not lose weight.

Explanation: If people have metabolic tmbalances, then following a particular diet

may not result in weight loss.

Scenario 4:

e Si: If someone is very kind to you, then you like that person.

So: If someone is very kind to you, then you are kind in return.

S3: Jocko is very kind to Kristen.

Fact: In fact, Kristen did not like Jocko, and she were not kind in return.

Explanation: If people have had negative past experiences with someone, then they

may not like that person or reciprocate kindness despite the person being kind to them.

Scenario 5:

o Si: If a match is struck, then it produces light.

e Sy If a match is struck, then it gives off smoke.
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e S3: Mary struck a match.
e Fact: In fact, the match produced no light, and it did not give off smoke.

e Explanation: If the match is wet, then it will neither produce light nor give off smoke.

Scenario 6:

e Si: If people are nervous, then their hands shake.
o Sy:  If people are nervous, then they get butterflies in their stomach.
e S3: Patrick was nervous.

e Fact: In fact, Patrick’s hands did not shake, and he didn’t get butterflies in his stom-
ach.

e Explanation: If individuals have practiced stress-management techniques, then they

may not exhibit shaky hands or butterflies in the stomach when nervous.

After each single scenario, the participants answered the following question:

Describe in your own words how you will revise the information. Was there a specific reason
why you chose to retain or discard information from the speakers? To be brief, you can write:

keep Si, discard Sy, alter Sy, and so on (if you alter, please describe how).
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