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Abstract

As artificial intelligence (AI) systems become increasingly prominent in every-
day scenarios, the need for trustworthiness, accountability, and transparency
becomes paramount for both current and future applications. This is especially
true in high-stakes domains such as healthcare, where manual intervention is
progressively replaced by autonomous agents and automated reasoning. In this
context, the demand for transparent, reliable, and clinically meaningful decision-
making is more urgent than ever.

This thesis explores the intersection of explainable AI and reinforcement
learning (RL), referred to as eXplainable Reinforcement Learning (XRL), with
a particular focus on the management of Type 1 Diabetes Mellitus (T1DM).
The work is driven by the need to ensure interpretability and transparency in
autonomous agents operating in complex clinical environments.

The research moves from foundational analysis to applied contributions. It
begins with a comprehensive literature review of XRL, mapping the conceptual
landscape and identifying key limitations in existing methods. It then focuses on
the development of user-centered and model-agnostic explainability techniques,
aimed at enhancing human understanding of agent behavior for both lay and
expert audiences. To this end, methods such as reward-difference analysis, con-
trastive explanations, and post-hoc Markov abstractions are explored.

Building on these, a novel approach is introduced to interpret the inter-
nal mechanisms of deep RL agents. This method combines Shapley-based Q-
value attributions from Deep Q-Networks (DQNs) with structural causal models
(SCMs), enabling a principled analysis of decision-making dynamics and expos-
ing the limitations of attribution-based explanations in capturing causality.

Through this multifaceted exploration, the thesis contributes a coherent
framework for applying XRL in healthcare, grounded in the practical and clin-
ically relevant use case of T1DM. By unifying theoretical insight with method-
ological innovation, it advances the broader goal of making AI (in particular,
RL) more interpretable, robust, and aligned with real-world clinical needs.
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Chapter 1

Introduction

As Artificial Intelligence (AI) systems continue to advance and integrate into
critical real-world domains, the demand for transparency, trustworthiness, and
accountability grows increasingly urgent. This is especially true in high-stakes
environments such as healthcare, where decisions influenced or made by AI
can directly affect human lives. Despite remarkable progress in machine learn-
ing, many state-of-the-art models, particularly deep learning and Reinforcement
Learning (RL) agents, often behave as ”black boxes”, delivering effective solu-
tions without offering insight into the reasoning behind their decisions. This
opacity hinders their safe deployment, limits user trust, and complicates valida-
tion by domain experts.

Explainability and interpretability have therefore emerged as essential prop-
erties for modern AI systems. These concepts enable stakeholders to understand,
trust, and effectively interact with AI, as well as diagnose potential errors or
biases. In the context of RL, where agents learn through trial-and-error interac-
tions with dynamic environments, this need becomes even more pressing. The
sequential nature of decision-making, the use of high-dimensional state and ac-
tion spaces, and the delayed reward structures further complicate interpretation
and transparency.

This thesis addresses the challenge of interpretability in reinforcement learn-
ing through the lens of eXplainable Reinforcement Learning (XRL). In this
work, various XRL methods in the practical healthcare setting of Type 1 Dia-
betes Mellitus (T1DM) are applied. The focus is to ultimately bridge the gap
between powerful, data-driven RL methods and the stringent requirements for
transparency in healthcare. It contributes both methodological insights and
practical tools for fostering more explainable and trustworthy AI systems in
sensitive application domains.
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8 CHAPTER 1. INTRODUCTION

1.1 Why Explainability Matters

As technology is becoming more and more ubiquitous, the progress of AI as a
field has been growing exponentially in the past decades in both industry and
research. The need to process big amounts of data [327] and the natural adapt-
ability of AI made this area of information technology the suitable candidate to
exploit the maximum potential in applications such as finance [33], healthcare
[315], security [23], cyber-physical systems [280] and many other fields such as
Internet of Things (IoT) [3], big data [200] and entertainment [142], just to cite
a few.

Since the first discoveries and studies in the early developments in the field
of AI, however, there has been multiple needs to explain AI mechanisms and
decisions. This is due to the fact that, usually, understanding the processes
of AI methods results in major cognitive efforts from non-expert users (also
known as laypeople or laypersons) [223]. Indeed, oftentimes AI models are
perceived as black-box (or opaque) models as their final decisions, from the
initial inputs [231], are not trivial to comprehend and predict [214], so there has
been a growing interest behind explaining and ”graying” the black-box nature
of such systems [58, 317]. In order to overcome such limitations, the field of
eXplainable Artificial Intelligence (XAI) has provided a solid background for
many ways to yield useful explanations and has adopted its own taxonomy
[106, 59, 21], developed evidences of its benefits [56] as well as being targeted by
critiques [154]. Indeed, transparency is crucial to obtain clear statements of AI
algorithms in fields such as autonomous driving, autonomous robotic surgery
mechanisms [202], and many more. In fact, fields that require an elevated level
of responsibility of physical and virtual intervention, such as healthcare, aviation
and automated law enforcement, could benefit from the assistance of AI-based
tools but require also an high level of transparency in order to explain edge
cases and worst-case scenarios that might happen [223].

In this regard, the field of XAI refers to the development and implementa-
tion of AI systems that can provide understandable and transparent explana-
tions for their decisions, or that can produce human-readable outputs of their
inner workings [1, 106]. It focuses on making the decision-making processes of
AI models comprehensible to human users via the generation of readable expla-
nations [107, 307, 10, 282]. Recently, there has been a rise in interpretable and
explainable applications of AI and the field has seen an ever-growing success as
emerging field [36], as XAI allows the technology to be more trustworthy and
accountable [217]. Furthermore, XAI instills confidence in users, as they can
verify the reliability and fairness of the system’s outputs, leading to increased
adoption of such technologies [307, 80]. In addition, XAI helps organizations
ensure compliance with regulations and ethical guidelines [194, 310] by enabling
them to explain AI decisions [144], especially in the sensitive areas mentioned
above.

On the other hand, enhancing explainability may come at the cost of ac-
curacy or efficiency. More complex algorithms and models are often less inter-
pretable, requiring a balance between explainability and performance [10]. Also,
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AI systems can be intricate, making it challenging to provide comprehensive ex-
planations that can be easily understood by non-experts. Conversely, increasing
interpretability often involves simplifying the models, which may reduce their
ability to capture complex patterns and correlations in the data. Nonetheless,
evidences in the XAI literature showed that the direction undertaken by past
studies is indeed the way to go to establish trustworthiness and transparency in
the AI field [60, 56].

As the field of AI has grown very vast over the years, more peculiar subfields
such as Deep Learning (DL), Machine Learning (ML) and Reinforcement Learn-
ing (RL) may require a dedicated attention from the perspective of explainabil-
ity. Indeed, approaches of ML, DL and RL may differ substantially across the
various studies undertaken over the decades by practitioners and researchers
[170, 195, 101]. In particular, the field of RL has shown promising results in
many fields thanks to its unsupervised nature that allows this paradigm to be a
flexible and powerful solution [123]. Alongside its development, thus, the need
for explanation has also grown in the RL field as well, which has attracted
particular attention recently in many different tasks [258]. In the light of this,
the focus of this work is indeed aimed at exploring the current state of the art
behind the field of eXplainable Reinforcement Learning (XRL), extract useful
insights about its opportunities as well as underlining current open challenges
and limitations.

1.1.1 Reinforcement Learning

Reinforcement Learning (RL) is a branch of AI that focuses on training agents
to make sequential decisions in a given environment in order to maximize a spe-
cific objective or reward function. Reinforcement learning is applied in diverse
fields such as gaming, robotics, autonomous vehicles, recommendation systems,
healthcare, finance, Natural Language Processing (NLP), resource management,
supply chain, game development, agriculture, drug discovery, adaptive user in-
terfaces, control systems, education, cybersecurity, natural resource manage-
ment, game AI, sports analytics, and social sciences. It draws inspiration from
behavioral psychology of humans’ and animals’ instinctive behaviour and oper-
ates under the framework of trial-and-error learning [258].

A RL problem can be mathematically defined as a Markov Decision Process
(MDP). A MDP consists of a tuple (S,A,P, R, γ), where:

� S is the set of possible states in the environment,

� A is the set of possible actions that the agent can take,

� P is the state transition probability function, which defines the probability
of transitioning from state s to state s′ when a given action a ∈ A is taken:
P (s′|s, a),

� R is the reward function that maps a state-action pair to a scalar reward:
R : S ×A 7→ R,
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Figure 1.1: An example of taxonomy of RL algorithms

� γ is the discount factor that determines the importance of future rewards
relative to immediate rewards.

A typical RL problem includes multiple components.

1. Policy: a policy π is a mapping from states to probabilities over actions,
defined as: π(a|s) = P (At = a|St = s) and defines the agent’s behavior or
strategy for selecting actions in different states.

2. Value function: a function that is used to evaluate the quality or utility
of being in a particular state or taking a particular action. It represents
the expected cumulative reward that an agent can achieve from a given
state or state-action pair, following a specific policy.

There are two types of value functions, namely the state value function, which
represents the expected cumulative reward from a given state s by following pol-
icy π (vπ(s) = Eπ[Gt|St = s]) and the action value function that represents
the expected cumulative reward from taking action a in state s by following pol-
icy π (qπ(s, a) = Eπ[Gt|St = s,At = a]), where Gt is the discounted cumulative
reward from time step t onwards. The main goal of RL is to reach (often by
approximations of the functions, due to computability issues) the optimal value
functions denoted as V ∗(s) and Q∗(s, a), respectively. Various RL algorithms,
such as Q-learning, SARSA, and Policy Gradient methods, are designed to solve
the RL problem and converge to the optimal solutions [258]. An example of RL
algorithms taxonomy is given in Fig. 1.1.

1.1.2 Explainable RL (XRL)

Explainable Reinforcement Learning (XRL) is an emerging field that aims to
provide transparent and interpretable decision-making processes for RL agents.
It combines concepts from both RL and interpretable ML to offer insights into
how and why an agent makes specific decisions in its environment. Due to its
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successes in fields such as robotics, game playing, recommendation systems, fi-
nance, and healthcare, there has been a need to thrive explainability onward
particularly in the field of RL. Indeed, studies such as [7] overviews the capa-
bilities and needs for the ongoing research behind XRL.

Specifically, motivations behind driving research of XRL, amongs others,
are:

1. trust and safety, as AI systems become more prevalent in critical civilian
applications, such as law enforcement and automated healthcare, under-
standing the decision-making process becomes crucial for ensuring trust
and safety and XRL, in fact, helps build confidence in AI by making its
actions more comprehensible to humans;

2. regulatory compliance, as in certain industries, regulations mandate
the use of explainable AI, thus XRL helps companies adhere to these
requirements while still leveraging the benefits of RL;

3. human collaboration, where XRL facilitates collaboration between AI
agents and humans, enabling users to provide more effective guidance and
feedback to the learning process.

In summary, Explainable Reinforcement Learning holds promise in enabling
trust, understanding, and collaboration between humans and AI agents. How-
ever, addressing its limitations and exploring potential applications are essen-
tial for its widespread adoption and impact [130, 154]. In the current litera-
ture, multiple terms exists to express the objective of transparency, which are
mainly explainability, explicability and interpretability. Throughout the scope
of this work, these terms are used interchangeably to express the same process
of obtaining insights of RL models and methods. That is, the effort to provide
transparency and generating explanations that could be understood by the most
widespread degree of cognitive effort possible for the direct final user.

1.2 Surveys on XRL

Even if the field of XRL research is still relatively new, it has been previously
explored to a varying extent in different RL domains and across different tasks
[218]. In this regard, the main contributions of the work here presented are
manifold:

� to overview the recent advances and current state of the art on XAI applied
in RL, that is XRL;

� to propose a new taxonomy of algorithms adopted in the field;

� to highlight the opportunities and challenges that XRL is still facing to
date;
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� to propose possible solutions to overcome such limitations.

In addition, in comparison with the other surveys listed below, this work fo-
cuses in a narrow fashion on XRL, other than considering pure RL or XAI, as
proposed, for example, in preliminary works such as [218, 102] and [318]. In-
deed, the studies included in this work are, for the greater part, focused solely
on XRL methods and, as such, contribute to form the review hereby presented.
For the sake of completeness, in this section, current surveys of XRL literature
are presented and their strong and weak points are exposed in order to better
assess the true potential of this field of research as well as to discuss aspects
that could be improved [218, 81, 50, 300, 102, 287, 181, 318, 220, 4].

Among the most prominent literature surveys on XRL, important works that
were found to be notable and worth mentioning are the following:

� In [218], explanations are divided in the forms of: local or global, based on
the explanation range available to the methodologies proposed; intrinsic
and post-hoc, based on where the explanations are generated. Even if it
follows the XAI taxonomy, this survey doesn’t look for a comprehensive
analysis of the current XRL state of the art.

� In [81], explainability and interpretability are considered to be different
concepts. The division is threefold for XRL works such as explainability of
inputs, transitions functions (or models) and dynamics of environments.
It could be of help to better generalize XRL works that don’t fall into
such categories or that share common traits with different classes of ex-
plainability.

� In [50], XRL interpretation by means of causal representations were intro-
duced. The theoretical structure of this framework is rigorously stated and
coherent (e.g. well-defined concepts of perceptions, expectations, events,
actions, etc.). There is more need, however, to cover sources of partic-
ular events focused solely on perceptions and actions, cutting the scope
of the current XRL state of the art to a limited portion of the proposed
framework.

� In [300], the focus was on visual explanations of XRL which is a limited
subset of the whole XRL framework. It is stated how the visual represen-
tation aids for the interpretation of outcomes, but visual representations
solely are not enough to describe the entire XRL groundwork.

� In [102], authors borrow the concepts of post-hoc explainability and in-
trinsic explainability from [10] and solely made the distinction of XRL
methods between the two. For this reason it is considered a preliminary
work as the state of the art has greatly evolved and became multi-faceted
over recent times. Such classification is somewhat simplified for XRL
works to be divided only in two categories, as done in their work.

� In [287], the emphasis is put onto creating a symbolic framework of XRL
and divides the work done in this field by agent and goal preference. No
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further differentiation is given, thus posing an inherent limit to the clas-
sification of the actual state of the field.

� In [181] is a survey containing works from the field divided by a broad and
general classification. It is, thus, to be considered as a valuable input for
a starting practitioner but also limits itself to be a short statement of the
state of the art behind XRL.

� The study in [318] is considered to be a preliminary assessment on explain-
ability and XRL. It does, however, not focus on the actual implications
about the field of XRL, but rather puts the basis for the areas of interest
for applications of RL and the applicability of explainability to it.

� The work in [220] offers an overview of the XRL research field putting
in place what has been done and what are still the open challenges and
opportunites for this topic. The work, however, is structured differently
from the one proposed here and some classes of works fall into categories
that are not exactly representative of the advances of recent years.

� Lastly, [4] proposed an overview of the methods of XRL with the standard
XAI taxonomy applied to the field of XRL. However, as a preliminary
work, it lacks the applications and recent advances that has been growing
exponentially over the past few years.

In light of literature evidence present in the various XRL studies and the
reviews included above, a thorough and global methodology of generating a
generic form of explanation, given a specific RL task, is almost totally lacking.
Two main reasons behind this issue could be the lack of unification for different
XRL paradigms, albeit some proposals have been made in literature, as well as
standard evaluation criteria (or metrics) to coherently assess the efficacy and
the quality of the generated explanations. Even if some of the previous work
has the merit of clearly presenting some of the most used techniques of XRL,
it appears noticeable that more effort should be devolved into addressing these
principal issues. The taxonomy previously proposed is not fully aligned with the
RL framework itself as it is, on average, inherited from XAI and, thus, drives
away from the inner nature of the RL settings. Moreover, the existing sur-
veys don’t stress enough how human participation in XRL is a crucial element
in assessing, evaluating, stabilizing and standardizing the quality and efficacy
of explanations generated from the proposed methodologies. It is, indeed, of
paramount importance to provide a human-in-the-loop verification of explana-
tions given as it is the very main purpose of explanations, that is, directed to
the end users. This iterative process not only enhances the reliability of the pro-
vided information but also ensures a more user-centric approach, acknowledging
the dynamic nature of user needs and perceptions in this particular landscape.

In order to try to fill these gaps, this work is focused on dividing XRL
works into components of partial explainability and to categorize, differently
than before, the actual literature. The taxonomy proposed in the following
sections is focused on dividing between practical XRL methodologies and its
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applications. Based on the type of explanations generated, these categories
are built by aiming at giving a novel categorization by considering the different
specific mathematical models used in the numerous studies included in this work.
This process results in a fine-grained division of XRL works that is precise with
respect to the nature of RL and XRL, as compared to the already existing
surveys. In addition, a whole separate section is devolved to the applications
of XRL methods in different domains. This division was made in order to
better classify, in terms of common background and applied concepts, between
methodologies that were mainly exploratory (methodlogies) and studies which
employ them in a practical real-word scenario (applications). In the next section,
the opportunities and, consequently, what fuels the interest in XRL research,
are presented and discussed.

1.3 Opportunities of XRL

The whole motivation behind this work is backed by what XRL offers both in
terms of opportunities of developments and surfaces of applications. This section
discusses the benefits of adopting and further improving XRL methodologies
and what thrives the field in achieving impactful results. Indeed, XRL is still
a promising area and various aspects of it still remain unsolved at the moment
of writing this work: key components, such as actively involving and evaluating
human subjects in the studies, remain unplumbed. The opportunities that XRL
still offers to date are discussed below.

Complete Interpretability. Despite recent literature efforts and its sensi-
tivity to the needs of global interpretability, a framework that could be defined
as complete or full from an interpretable point of view is still lacking. Complete
transparency and explanation are directly related to the complexity of the task
and, thus, to the complexity of the methods proposed. Indeed, single contribu-
tions of XRL literature can introduce partial interpretability of RL while, for
complete trust and explainability, all components of a given XRL model must
be, by definition, explainable. Formalizing a thorough model that explains in all
of its parts the process of a RL solution offers the possibility of further engaging
third party entities into adopting RL, thus leaving major possibilities to XRL
practitioners.

Metrics, Evaluations and Standards. XRL, as it is frequently also the
case in XAI, suffers from the foundation of shared metrics and evaluations [104].
Indeed, current literature didn’t yet establish a common ground amongst XRL
that formalizes the evaluation of efficiency or goodness of proposed explanations.
Studies don’t stress enough how good effectively is a proposed explainable solu-
tion w.r.t. the plain RL method (i.e. there is no established way to evaluate how
much transparent a method is compared to others). Furthermore, the quality
of explanations should also be taken into account as the very final scope of the
XRL paradigm is the end user. There is still need for the field for enabling a
proper way of evaluation of given explanations based on the degree of quality it
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can offer to laypeople.
Ethical AI. By making RL systems more transparent, XRL can help iden-

tify and mitigate biases and ethical concerns embedded in the learning process.
Used in conjunction with evaluation metrics, protocols and standards could
serve in defining precise targets that concern ethical, legal and usability as-
pects. Those account for the eployment in both research and industry fields
and can drive to a greater extent the interest of practitioners in the field. Ethi-
cal concerns are one of the most argumented reasons behind the adoption of XAI
and the same applies to XRL, leaving a window of opportunity to be addressed
in further research.

Human Studies. As, also discussed previously, many of the current stud-
ies behind XRL take little to no account to human-in-the-loop process. This
is, however, a key element for constructing appropriate trust and draw precise
conclusions about the quality of the work [197]. Oftentimes human studies are
provided with low individuals or with individuals recruited through virtual plat-
forms such as Amazon Mechanical Turk which hinders the real benefits of adopt-
ing chosen individuals [31]. In fact, direct human feedback offers the possibility
of modifying existing methodologies or enhancing parts of already established
contribution, thus leaving margins of great interest from the psychological and
cognitive effort required to successfully engage with the explanations generated.

1.4 XRL in Healthcare: Type 1 Diabetes Melli-
tus

Type 1 Diabetes (T1D) is a chronic autoimmune condition where the pancreas
produces little to no insulin, a hormone that is crucial for regulating blood sugar
levels. Unlike type 2 diabetes, which is often associated with lifestyle factors
(sedentary, smoke, diet etc.), T1D is not preventable and typically develops in
childhood or adolescence. T1D management is thus an essential requirement
for affected individuals due to a variety of factors. First, it ensures blood sugar
control, as without proper management, blood sugar levels can fluctuate dra-
matically, leading to hyperglycemia (high blood sugar) or hypoglycemia (low
blood sugar) [45]. Consequently, management of T1D, through devices such as
Continuous Glucose Monitors (CGMs) 1, is essential in improving the quality
of life and can lead to healthier and more active individuals.

The widespread adoption in different sectors and recent progress in Arti-
ficial Intelligence (AI) has led this field to be widely applied to a vast range
of different domains, including T1D [116]. Amongst all, one of the most suc-
cessful paradigm of AI in T1D management is Reinforcement Learning (RL)
[179]. Unlike supervised learning, RL operates without labeled data and relies

1A CGM is a device that continuously monitors the Blood Glucose (BG) level at predefined
intervals (e.g. 3 minutes). It is widely used in T1D control because it helps at automating
the process of monitoring BG levels.
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on interaction with the environment to learn optimal actions over time [257].
This makes employed RL algorithms ideal to develop personalized insulin dosing
strategies tailored to individual patients’ glucose dynamics and lifestyle factors
[266]. By continuously interacting with the patient’s physiological data and
observing the effects of insulin dosages, RL agents can learn to adapt dosing
regimens to maintain optimal Blood Glucose (BG) levels while minimizing the
risk of hypoglycemia or hyperglycemia.

However, the lack of transparency and interpretability can lead to distrust
and skepticism towards automated systems, especially in critical domains where
human oversight and accountability are crucial. By this issue it arises the need
for eXplainable Artificial Intelligence (XAI) techniques in healthcare and, de-
spite the paramount importance of such applications, XAI and eXplainable RL
(XRL) methods applied to healthcare remain still rarely explored [35]. Ad-
ditionally, in problems such as T1D management, model’s opaqueness might
hinder the possibility to discover more about the agent’s dynamics as its com-
plexity is very limited in terms of explanations generation. In this regard, the
field of XRL [218] helps at better understanding and better interpreting what
are the steps behind an automated decision-making process.

At the current state of the art, various frameworks of XRL algorithms exist.
Examples are the use of causal models such as in [166], where the authors
utilize causal relationships between variables of interest. The explanations are
given, starting from agent’s visual inputs, by highlighting the area of interest
for the given tasks. Other XRL examples include the use of imitation learning
such as the post-hoc technique of Programmatically Interpretable RL [281],
the use of symbolic reasoning, in applications such as [77], where the authors
propose an end-to-end learning that builds a set of easy symbolic rules, the use
of decision trees, as in [155], where Linear Model U-Trees are used to generate an
explanation detached to the learning agent, or the use of attention mechanisms,
as in [192].

1.5 Problem Formulation

The task of achieving closed-loop control of T1DM using reinforcement learn-
ing (RL) can be modeled as a discrete-time, infinite-horizon Markov Decision
Process (MDP), represented by the tuple ⟨S,A,P,R, γ⟩. In this framework, S
denotes the space of all possible system states, A comprises the set of avail-
able actions, P defines the probabilistic dynamics of transitions between states,
R is the function that assigns rewards based on actions taken, and γ ∈ [0, 1]
represents the discount factor, which weighs future rewards during the learning
process. Within this formulation, managing T1DM is viewed through the lens
of this MDP structure: a state s ∈ S corresponds to a snapshot of continuous
glucose monitor (CGM) readings, and an action at ∈ A reflects the decision
made by the artificial pancreas (e.g., insulin delivery) at time step t. Upon
executing an action (such as administering basal or bolus insulin), the system
transitions to a new state s′ ∈ S, guided by the transition model P. Simul-
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taneously, the agent receives a scalar reward rt = R(st, at) that quantifies the
immediate outcome of its decision.

The behavior of the agent is governed by a policy π, which is optimized to
maximize the cumulative expected reward over time, discounted by the factor
γ to prioritize short-term vs. long-term gains. From this basis an action-value
function Qπ(s, a) can be defined as:

Qπ(s, a) = E[

∞∑
t′=t

γt
′−trt′ |st = s, at = a, π]. (1.1)

Among the various methods of solving T1DM management via RL agents,
one of the most promising one is the use of a Deep Q-Network (DQN) [265].
DQN was first introduced in [189], where a deep neural network is employed to
approximate Q(s, a) by delivering a function Q(s, a; θ), which relies on network’s
parameters θ.

In this context, the Loss function is defined as:

Li(θi) = Es,a,r,s′ [(y
DQN
i −Q(s, a; θi))

2], (1.2)

where yDQNi is the target Q-network parameterized by θ−:

yDQNi = [r + γmax
a′

Q(s′, a′; θ−)]. (1.3)

Consequently, a gradient descent technique is utilized to update the parametrs
by minimizing the square loss of Eq. 4.11. The Q-learning update rule then is
defined as follows:

∇θiLi(θi) = Es,a,r,s′ [(r + γmax
a′

Q(s, a; θ1−i)−

Q(s, a; θi)) ∇θiQ(s, a; θi)]. (1.4)

The scenarios used are the ones included in the FDA-approved UVA/Padova
in-silico T1DM simulator [171] and, in order to achieve closed-loop T1DM con-
trol, this work leverages the capabilities of the DQNs.

In particular, the mechanics of the simulator include glucose kinetics, insulin
kinetics, meal model and insulin action. Glucose kinetics handles the glucose
appearance, utilization and distribution by following the formulas

dQ1

dt
= FC01 − x1 ·Q1 + k12 ·Q2 +Ra(t)− EGP (t) (1.5)

dQ2

dt
= x1 ·Q1 − k12 ·Q2 (1.6)

where FC01 is non-insulin dependent glucose utilization, x1 is the insulin action
on glucose disappearance, Ra(t) is the rate of glucose appearance from meals,
EGP (t) is the endogenous glucose production, Q1 and Q2 are the plasma and
remote glucose compartments and t is the time variable.
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On the other hand, insulin kinetics describe how subcutaneously adminis-
tered insulin is absorbed and distributed by following:

dS1

dt
= ka1 · S1 + u(t) (1.7)

dS2

dt
= −ka2 · S2 + ka1 · S1 (1.8)

dI

dt
= −ke · I +

S2

VI
(1.9)

where ka1 and ka2 are the absorption rate constants, ke is the insulin elimination
rate, VI is the insulin distribution volume, u(t) is the insulin infusion input and
S1, S2 are the subcutaneous compartments.

Furthermore, the glucose absorption modeled by the meal model describes
how glucose from food enters the bloodstream and follows the equations:

dG1

dt
= −kg1 ·G1 +D(t) (1.10)

dG2

dt
= −kg2 ·G2 + kg1 ·G1 (1.11)

Ra(t) = f · kg2 ·G2 (1.12)

which models the gastric emptying and intestinal absorption G1, G2, where D(t)
is the meal carbohydrate intake function and f is the bioavailability factor.

Lastly, the insulin action is modeled by compartments that delay and smooth
insulin’s effect on glucose uptake and suppression of glucose production:

dx1
dt

= −p2 · x1 + p3 · (I − Ib) (1.13)

where x1 is the insulin action, p2, p3 are the sensitivity and delay parameters
respectively and Ib is the basal insulin level. By these equations all the 30
in-silico patients are then able to provide variability of the T1D kinetics and
mechanics. In the following subsection an explanation of how to achieve better
post-hoc interpretability of such mechanics is given.



Chapter 2

Theoretical Background

2.1 Methodologies of XRL

The methodologies of XRL represent the practical means by which explanations
are generated and provided to the end users. In this section, the works in XRL
are grouped by types of explainability mechanisms and, for each subsection,
a brief description and the works in the relative methodology are given. The
methodologies in this work are subdivided in the following subsections that will
be treated in-depth in the following parts of this work:

� Subsect. 2.1.1 presents works that require visual input or produce visual
feedbacks. In particular:

– Subsect. 2.1.1 presents Decision Trees (DTs) as means of natural
graphical explanations;

– Subsect. 2.1.1 poses particular attention to the adoption saliency
maps built throughout RL methods;

– Subsect. 2.1.1 groups any other visual methodology that is not in-
cluded in other subsections;

� Subsect. 2.1.2 includes works of symbolic methodologies of generating ex-
planations;

� Subsect. 2.1.3 introduces causal models and methods of game theory ap-
plied to XRL;

� Subsect. 2.1.4 explores the field of contrastive explanations;

� Subsect. 2.1.5 groups the works that use Imitation Learning (IL) for ex-
planation generation;

� Subsect. 2.1.6 focuses on means of explainability through the use of atten-
tion mechanisms;

19



20 CHAPTER 2. THEORETICAL BACKGROUND

� Subsect. 2.1.7 overviews the explanations based on textual and Natural
Language Processing (NLP) approaches;

� Subsect. 2.1.8, finally, mentions works that do not fall into the previous
categories and, thus, make a cluster on their own.

To facilitate the interested reader in how this work groups the papers, the studies
included in this review of XRL are represented in Tab. 2.1 and in Fig. 2.1.

Figure 2.1: A scheme of the various methodologies included in this section. All
categories are equivalent in terms of importance.

2.1.1 Visual Explanations

In this subsection, visual explanations are referred to means of explanations
where either visual input is processed by the agents or some sort of visual feed-
back is given to the final user [159]. Different modalities of visual explanations
exist in the current literature and range from highlighting parts of the agents’
inputs to actual visual frameworks composed of various modules each explain-
ing parts of the learning task. Visual explanations are a powerful tool in that
partial explainability of XRL models can be obtained depending on the focus
on which part of the model is explained. For example, visualizing the gradient
[229], has been proposed as a method to visualize how the gradient changes
over time during learning and execution. Dedicated following subsections are
devolved to saliency maps and decision trees that are a common way of visual
explanations in XRL that differs from other, more generic, visual methods.
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Category Papers
Decision Trees (DTs) [269], [183], [19], [155], [46], [30],

[238], [225]
Saliency Maps [112], [90], [89], [306], [115], [113],

[87], [199]
Other visual [5], [230], [117], [293], [234], [255],

[303], [186], [48], [270], [323],
[317], [61], [263], [53]

Symbolic Representations [77], [165], [42], [17], [128], [145]
Causal Models and Game Theory [254], [319], [296], [193], [288],

[52], [147], [201], [180], [166],
[233]

Contrastive Explanations [158], [2], [103], [277], [184], [153],
[259], [129], [122], [215], [311],
[291], [161], [66]

Imitation Learning [203], [212], [111], [143], [328],
[281], [241]

Attention Mechanisms [304], [243], [292], [101], [309],
[192], [67], [9]

Natural Language Processing (NLP) [25], [96], [132], [39], [249], [57]
Other Methods [68], [91], [152], [65], [222], [97],

[167], [32], [268], [271], [305], [92],
[245], [54], [236], [297], [47], [6],
[135], [55], [62], [262], [196], [98],
[99], [321]

Table 2.1: Categories and papers included in each category of the various XRL
methods included.
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Decision Trees

Decision Trees (DTs) are a popular machine learning algorithm used for both
classification and regression tasks. They work by recursively partitioning the
data into subsets based on the most informative features, creating a tree-like
structure where each internal node represents a decision based on a feature, and
each leaf node corresponds to a predicted outcome. Here, DTs are used as a
form of increased interpretability for RL as they provide a clear and human-
friendly structure of how decisions are taken and how discrimination between
states is made. Indeed DTs are used in XRL, most commonly, to represent
an agent’s policy and decision making and are, as such, approximations of the
actual policies of the agents.

This immediately comes, and naturally imposes, as discussed in Sect. 1.1, a
barrier between the readability of the model and its actual performance. In most
of the studies, in fact, there is particular attention devolved into the complexity
of the tree that could grow exponentially with the state space. A good DT for
explanation should be low in overall node count and represent as accurately as
possible the real decisions made by the agent. This is not the case, however, for
the vast majority of approaches as DTs have a limited capability in this as they
are a simple tool to explain agent’s actions. Nonetheless, DTs turned out to
be a good approach for generating explanations of XAI models [73], in general,
and their applications to the XRL are listed below.

Iterative bounding MDPs (IBMDPs) are introduced in [269], where the au-
thors presented an approach of generating explanations in the form of DTs in
hierarchical RL tasks. Authors define CUSTARD, a training algorithm that
builds DT policies (DTPs) starting from IBMDPs. Empirical results in OpenAI
Gym environments show that the tree size in correctly maintained small and
reward improvements are highlighted for interpretability purposes. However,
no user study is provided thus no human evaluation of the trees generated is
provided.

Another approach of DTs for interpretability is [183], wchich introduced
two algorithms for the MARL setting: IVIPER and MAVIPER that extend the
VIPER [19] algorithm to the multi-agent case. Experiments in both cooperative-
competitive and fully cooperative environments, compared with fitted q-iteration
and imidation DT baselines, show that these two methodologies are capable of
generating high-performing yet explainable policies with the use of DTs.

In [155] Linear Model U-Trees (LMUTs) are introduced, which are an ex-
tension of the Continuous U-Tree (CUT) [274], a variant of the classical U-Tree
learning for continuous functions in the RL setting. The authors developed
a mimic learning framework which constructs a LMUT that imitates a DQNs
Q-function which is used to solve the RL problem. Here, a linear model is
trained with SGD where the influence facture is obtained via variance reduc-
tion, the rule extraction is performed on the tree and, for further interpretation,
super-pixels are used to give visual feedback. The work leverages the intrinsic
interpretability of the proposed methodology due to the transparent nature of
the DTs. LMUTs are more easily understandable in comparison to CUTs as
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tend to have fewer leaves and are capable of better generalization by having a
linear model at each leaf node, instead of a constant. The authors tested this
methodology on three OpenAI Gym tasks [27] Mountain Car, Cart Pole and
Flappy Bird.

Similarly, [46] presented a distillation method of RL policies via Soft Decision
Trees (SDTs). They used a mimicking model of DTs which tries to explain
how the policy operates in its inner features. The authors applied SDTs on
the Mario AI benchmark which is a emulator of the classical Super Mario 2D
platformer game based on Java so as to make game features available to the
agent. The state representation of the surrounding environment of Mario is a
10x10 receptive field which describes the features around the agent with block
resolution. The authors, however, didn’t put considerable emphasis on the
explanability of their methodology as the work limits itself only to evaluate the
performances of SDTs compared to DNNs.

In [30], authors proposed an ensamble method of CART [26] trees via gra-
dient boosting of DTs in the cart pole and mountain car environments. The
proposed methodology implements a REINFORCE [301] algorithm with a soft-
max output layer to emulate MDPs policies. Experiments show that, except for
the cart pole problem, this ensemble method is capable of achieving an overall
good performance. No futher assessment of model interpretability, however, is
given in this study and no practical or visual example of the actual explanations
is provided.

The use of DTs is predominant also in [238] where an optimization method
for explainable RL policies is introduced. The authors propose a Differentiable
Decision Tree (DDT) as an interpretable function approximator for the agent’s
decisions. In the original DDT formulation a sigmoid activation function that
smooths the transition between the TRUE and FALSE evaluations of the nodes
is used in place of a discrete decision. In this work, the DDT is converted into a
discrete tree by means of an arg maxj(β

j
η) function and it is encoded with a one-

hot vector. Furthermore the splitting criterion ϕη is divided by the node’s weight
βjη, forming all the discrete splits at each decision node. Also, differentiable rule
lists are employed in the form of

Tη :=

{
yη, if leaf

µη(x)yη↙ + (1− µη(x))Tη↘(x) o/w

keeping the DT discrete while also achieving performant results in RL tasks. The
experiments were done in OpenAI Gym environments cart pole and lunar lander,
a simulated wildfire tracking problem and a StarCraft II scenario. The agents
are trained via PPO, the models are updated via the RMSProp optimizer and
the performances are compared against a multilayer perceptron (MLP) baseline.
The overall performances of the reduced trees are all above baselines and this
shows a remarkably good insight on whether classical DDTs or reduced discrete
DTs as employed in this work actually can perform similarly in given scenarios.
An interpretability study was given over 15 participants. For each participant
a discretized DDT, a discretized decision list and a sample one-hot MLP were
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given as models and each model was evaluated in a Likert scale. Authors claim
that the null hypothesis on H1: A decision-based classifier is more interpretable
than a MLP and H2: A decision-based classifier is more efficient than a MLP
are both rejected with strong evidence and thus infer that DDTs are indeed a
powerful approach towards interpretable RL agents.

The proposed work in [225] introduced the Conservative Q-Improvement
(CQI) methodology to explain agents’ policies through DTs. To justify splits,
the method proposed is conservative in the sense that each split of the DT is done
by means of a decreasing threshold that is reset whenever a split occurs. This
method allows the tree to have a straight increment in the number of leaf nodes
and the whole trees converges towards leaves that are self-explained in that
they represent agent’s actions. The environment tested is a robot navigation
problem which was also made publicly available to the OpenAI Gym framework.
Evaluations are made in comparison with the method proposed in [219] and
generally exhibits an overall good performance and results in having fewer nodes
than the one in [219]. However, other than reducing tree size, the contribution of
the work is limited to considering a better interpretability due to both tree size
and leaf nodes, which in turn are made of agent’s actions. Further work should
be provided in order to better assess the goodness of the proposed solution.

Saliency Maps

Saliency maps are a category of visual representation that focuses on generat-
ing explainability via t-Stochastic Neighbor Embedding (t-SNE) visualizations
[276]. They aim at highlighting parts of the input, or parts of the state space, to
show what the agents perceive as meaningful or salient information. Different
types of saliency maps, for example in conjuction with attention mechanisms,
have been proposed and evaluated as XRL explanations. Saliceny maps are
amongst the most common methodology to generate explanations as it is a
quite a direct method of assessing agents’ attentions and provides informative
representations of how the agent evaluates meaningful features.

However, such saliency maps could be promising in low-dimensional and
trivial environments (such as Atari videogames) as one could map the salient
regions of the output with the input of the agents. It is discussed, however,
whether that such works could offer relevant aid in real-world complex scenar-
ios with by associating raw visual input to agents’ behaviours. For example,
initially, complex interactions between agents and environments in applications
such as autonomous vehicles were not foreseen to be explained by such tech-
niques as they would offer no practical way of explaining agents actions related
to raw inputs. Some of the methods are compared and benchmarked in [112],
providing a good base for drawing further conclusions. Nevertheless, such meth-
ods offer insights on the behaviour of agents and could be further exploited in
different domains to showcase their efficacy.

Saliency maps for explanation are generated in [90] in order to verify the
binary evaluative feedback hypothesis. To obtain such objective the authors,
inspired by previous works such as [34] and [88], introduced EXPAND (EXPla-
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nation AugmeNted feeDback) which is a method of augmenting the RL agent
data with human feedback. This is done by training the agent with a loss de-
fined by LF = λALA + λPLP + λV LV , where the λi are given weights and Li
are predefined losses and A, P, V represent the advantage, policy invariant and
value invariant terms respectively. The method is evaluated on a pixel taxi
task and four atari games. Human feedback is collected every Nf episodes in
form of binary evaluation for the queried trajectories. Results show that this is
a promising approach for a human-in-the-loop RL paradigm. Their work was
later extended in other works such as [89].

Interpretability through saliency maps is also used in [306], where the policy
distillation is obtained via selective Input Gradient Regularization (DIGR). The

Loss function is defined by LDIGR = Es∼D[ 1
N

∑N
i=1 1[0,∞)(λ −M t

pi) ×M
θ
gi ] +

αEs∼dπθ
[DKL(πt(s)||πθ(s))]. The interpretability of this method is presented

through the use of adversarial attacks and results in atari environments effec-
tively visualize the important features of the agents.

In [115] salient maps are produced that enable the visualization of agents’
behaviours. The method consists of taking an image input, augment the chan-
nels of the input with the objects recognised by a dedicated module and then
process the whole via a CNN. This procedure, named Object-sensitive Deep
RL uses different networks as baselines such as the classical DQN [189], Dou-
ble Deep-Q-Networks (DDQNs) [278], dueling Deep-Q-Networks [299] and Ad-
vanced Actor-Critic model (A3C) [187]. Normally, to obtain a saliency map,
computations must be made in order to apply the first-order Taylor expansion
Q(s, a) ≈ wT s + b, where w is the derivative of Q(s, a) w.r.t. the state im-
age s at state s0. Then, the overall pixel saliency map is obtained through

w = ∂Q(s,a)
∂s |s0, for each pixel. The authors here, however, introduce the no-

tion of object saliency map which modifies the computation of w into w =
Q(s, a) − Q(so, a) where so is a new state formed from a given state s with
masked out objects if they don’t appear in the new state. w can then be pos-
itive for beneficial objects for the agent while negative w values yield objects
that are negative for the agent’s strategy (and corresponding rewards). The
tests for this methodology were performed on the Mrs. Pacman videogame and
humans were included in the experiments to evaluate the contribution of the
saliency maps generated to the overall model transparency and explainability.
In the tests, 40 participants were included and were prompted with different
questions regarding the elements that they believed influenced more the agent.
No claims were made on the skills of the recruited participants. Instead results
show that showing saliency maps to them achieved better interpretability than
showing only clips of agent interacting with the environment. In that regard,
users generally perceived saliency maps could give additional info on the model
used in situations where the agent’s policy is not trivial to interpet only by
analyzing its inputs.

An approach using saliency maps was presented in [113], where explanations
of visual DRL agents are generated through a modified version of Layer-wise
Relevance Propagation (LRP). The aim of the work is to give each unit (in
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case of visual agents, input pixels) a weight of its contribution and this is done
in a backward manner starting from the network’s output back to the initial
inputs. In addition to the base LRP concept, the authors used an arg max op-
erator to omit messages that are not relevant for a particular passage. That
is, Rl,l+1

j←k := Rl+1
k if j = arg max{wjaj}, 0 if not, where Rlk is the propagating

relevance score of neuron k at layer k. To demonstrate the approach given, the
authors chose a Dueling Q-Network [299] in which the contributions of the net-
works are taken into account applying LRP on both instead of evaluating their
contributions separately. Evaluation, analogously with [299], is made in Atari
games and results show that the z+ rule introduced by the arg max operator
by the authors is capable of generating well-balanced saliency maps. However,
other than highlighting different but meaningful areas of the input space, this
work doesn’t contribute any further besides selective and focused saliency maps.

Similarly, [87] presents a visualization method employed through custom
saliency maps. In place of utilizing Jacobian saliency maps [240], the authors
used saliency maps for both π(I1:t), the distribution over actions to take at
time t (policy) and V π(I1:t), the expected future value of following policy π
after observing I1:t, on various A3C-trained agents. Authors here introduce a
perturbation defined as ϕ(It, i, j) = It⊙(1−M(i, j))+A(It, σA)⊙M(i, j), which
introduces, around the region centered in (i, j), spatial uncertainty in the form
of a Hadamard product ⊙ of the image and a 2D Gaussian blur A(It, σA = 3)
on that image. Saliency maps are then constructed using temporal differences,
defined as Sπ(t, i, j), for every pixel in It. The interested reader could find fur-
ther details on the definitions and steps provided in [87]. The agents are trained
and tested in multiple OpenAI Gym tasks. Tests show that saliency highlights
strategies of the agents which are not recognizable at first sight and reveal re-
gions that appear somewhat meaningful to agents while being in certain states.
Saliency maps generated in [87] were oriented at debugging the agents’ policies
by exploiting visual information on what the agents believes it’s important the
most in a given situation. Moreover, the work included also user testing with 31
students at Oregon State University by measuring how this technique could, in
effect, help non-experts at understanding agents’ behaviours. Results show that
saliency maps generated by this technique help both experts and non-experts to
identify salient inputs of the agents’ by highlighting visually what are the major
contribution to a particular policy at given time steps. A brief mention is made
about memory and its importance on the explanation method in such, as im-
plemented in the paper, LSTM cells and networks strongly rely on the concept
of memory. The latter aspect of this methodology still needs further research
in order to better combine memory information with visual representations of
agents’ mechanisms.

Saliency maps are also used in [199], where, differently from obtaining saliency
in a post-hoc manner, the authors introduced a method to achieve built-in ex-
plainable features. The idea is based on the DRL models with attention modules
integrating visual soft self-attention into a baseline model from [189]. The au-
thors introduce the concept of Free Lunch Saliency (FLS) in that, with a small
addition, baseline state-of-the-art models could be made more interpretable



2.1. METHODOLOGIES OF XRL 27

without any additional computational overhead. Experiments were made in
the Atari games environment where the agents are trained with PPO and per-
form below to equal to the baselines proposed. Evaluations are made by means
of metrics such as Normalized Scanpath Saliency (NSS), the Kullback-Leibler
(KL) divergence and the Shuffled AUC (Area Under Curve).

Other visual methods

Apart from DTs and saliency maps, other visual methods that are, in some
way or another, generating explanations of visual information are grouped in
the following subsection. This comprises a great variety of methods that don’t
have a common technique, as previous subsections, and were so grouped into
the following.

In [5] the HIGHLIGHTS and HIGHLIGHTS-DIV procedures were presented.
Those procedures are visual representations of an RL agent and its trajectories
rewards obtained in order to pursue a given goal. More formally, the proce-
dures start with choosing a set T = ⟨t1, ..., tk⟩ of possible trajectories of the
agent, where each trajectory comprises of a sequence of consecutive states and
actions take ⟨(si, ai), ..., (si+l−1, ai+l−1)⟩ where l is the sequence length. In or-
der to generate sequences that do not exceed a meaningful and interpretable
length, a limit budget k is given for the size of the summary such that |T | = k.
This procedure led the authors into making short video sequences of two algo-
rithms, namely HIGHLIGHTS and HIGHLIGHTS-DIV. Those two algorithms
are identical but the latter has a different trajectory selection: HIGHLIGHTS
tends to select a group of very similar trajectories to include due to their im-
portance while HIGHLIGHTS-DIV, instead, tries to preserve also states that
aren’t strictly similar between each other and include also less important states
in order to be more informative for the agent’s decisions. Tests were made in
the game of Mrs. Pacman and three agents (trained on different epochs) were
compared. A user study was provided with users voting in a Likert scale from 1
to 7 the confidence of each agent relative to the video sequences generated. This
is to show the importance of generating such video sequences of most relevant
trajectories. However, other than implicit screen sequences in which the agent
acts, no importance is given to the actual generation of a human-comprehensible
explanation as the highlights don’t tell more than how the environment looks
and how the agent play the game. More effort should be given in order to ex-
plain, e.g. with NLP models, how states are encoded, how decisions are made
and why such decisions affect the overall performance of the agent.

Moreover, the work in [230] presents a XRL technique based on the concept
of introspective analysis and, in particular, follows the approach presented in
[5]. The method applied is divided in few steps. First, elements of interest are
extracted: certain and uncertain executions are obtained approximating the
agent’s interaction policy using π̂(s) = n(s,A)/n(s), where n(s,A) and n(s)
are the number of times the agent has chosen a certain action a ∈ A when in
state s and the number of times the agent has seen the state s respectively.
Similarly, minima and maxima situations and most likely sequences to max-
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ima are extracted by means of transition-value and sequence analysis, when a
state-transition graph is constructed between any state and the most likely path
weighted by value from an initial state si to a final state sf is found. Intro-
spective analysis is then applied and visual summaries are generated. Visual
summaries consist of sequences of video clips highlighting the agents’ perfor-
mances during the whole test episodes. A user study was provided with 82
participants from psiTurk and Amazon Mechanical Turk in which, for each par-
ticipant, were given video sequences of agents’ gameplay. The results, however,
don’t conclude that the summarizations generated by this technique is perceived
as beneficial or descriptive by the users from an explanatory point of view, due
to the nature of the highlights generated by the procedure. More research is
needed in order to generate explanatory visual descriptions that could better
argue the reasoning of the agents’ to non-experts users.

A visual tool was proposed in [117], which utilized an Asynchronous Actor-
Critic (A2C) [187] algorithm to train an agent to operate in a POMDP naviga-
tion scenario of the 3D First Person Shooting (FPS) game Doom. The structure
of the work consists of directly training an end-to-end mechanism capable of in-
gesting raw 2D RGB pixels and acting in a A2C fashion. The steps faced to
obtain the resulting actions are: processing the input; transform an image into a
feature vector; process the feature vector with a Gated Recurrent Unit (GRU);
apply softmax operator to the GRU hidden state ht to obtain the actions of the
agent. The full set of parameters trained are θ = θϕ, θψ, θξ, where θϕ are the pa-
rameters of the convolutional and fully-connected layers, θψ are the parameters
of the GRU layer and θξ are the parameters of the trainable activation function
a = ξ(ht, θξ) of the last softmax layer. The visualization framework propsed by
the authors includes several components such as the memory timeline view in
form of an horizontal heat-map, the derived metrics view which encodes mea-
sures of both inputs and outputs, a t-Distributed Stochastic Neighbor (t-SNE)
embedding along with a module which highlights trajectories taken by the agent
and other GUI adjustable parameters such as intervals, selected memory and
episode number. This visual framework has indeed proven to be powerful but,
as discussed in previous works and as presented in the paper, is more structured
to being a debugging tool for experts rather than explaining to laypeople how
a RL agent’s inner mechanisms work. Indeed the user study provided with the
paper has been conducted with three RL domain experts and the efficacy of
DRLViz is evaluated consequently so it remains unclear how this framework, as
useful as it gets, could be perceived from non-expert users.

The authors in [293] also use a visual representation to introduce DQNViz, a
visual framework used to visualize DQNs’ inner workings. The work is inspired
by the state of the art at that time; like [41] and [157] applied to DQN, they
state that the only visualization technique useful for such networks was t-SNE
[276]. In this work, the network is trained in the Atari game breakout and
the single components of DQNViz are analysed by the review of three domain
experts in RL. The visual analytics system is composed of different modules:
model statistics, which exposes summary statistics of rewards, number of games
per epoch, average q value, etc.; epoch-level overview, marking the relationship
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between actions and reward epoch-wise via visual charts; behavior patterns,
such as trajectory view of episode-level exploration and summarization of event
sequence data; segment analysis, useful to gain vision of what the agent sees
from a trajectory segment. The case study is conducted via posing questions to
the experts about the model statistics over training, agent’s behavior patterns
and about segment analysis. Results show that, overall, this tool is perceived as
an useful tool for debugging agent’s behavior under particular circumstances and
that visualization of agent’s states and memory could help give good insights
on how the agent would reason. However, as for [117], this work is more focused
towards giving insights available only to domain experts and it is not aimed at
generating descriptive explanations to whom don’t have know-how in the field.

Visual explanations in MARL are presented in [234] by a method called
Multi-Agent Deep Deterministic Policy Gradient Visualization (MADDPGViz).
The method proposed encapsulates different visual key elements such as: visual-
izing the state space via t-SNE (critic behavior view); average reward, loss and
Q-values (statistics view); interactions between agents and reward sub-views
of the environment. The models are trained in cooperative environments of
communication and navigation and are observed by means of the proposed vi-
sualization tool. With the interaction views, users can easily track strategies of
the agents and their relative positions with respect to the target, to get towards
the cooperative strategies and assess whether the agents have learned a correct
optimal behavior or not.

In [255], visual representations are presented with a particular focus on trans-
fer learning. Indeed the authors, in order to account problem that derive from
the nature of RL algorithms, proposed a causal view and generalization of inter-
pretable and transferable models. The method is dived in multiple steps: first,
the cusal graph of the augmented domain data is constructed; second, based on
the causal knowledge built on the previous step, inference is done by probing
the original model; lastly, the target model is used to train the policy on the
target domain by offline RL learning.

Another approach, similar to [255], is [303], where transfer learning is used in
combination with RL. This work, however, focuses on generating explanations
for the application of Artificial Intelligence of Things (AIoT) by analyzing and
displaying salient parts of the inputs. The RL agent extracts relevant spatio-
temporal features from the visual inputs and then a mixture of transfer learning
and RL is used in a self-paced manner. Weak explanation is then provided with
a deep transfer learning model that the authors claim to be both post-hoc
interpretable and performs better than other state-of-the-art models.

Visual representations in forms of sparse bayesian RL were presented in
[186]. The methodology proposed is composed of three modules: the state
image encoder (SIE), the Sparse Bayesian RL (SBRL) training module and the
snapshot storage. The SIE module captures the visual input and encodes it
into a 64-dimensional state representation. The SBRL module uses Relevance
Vector Machines (RVM) to assign a posterior probability distribution over the
snapshots taken. The snapshot storage maintains all the snapshots learned
from SBRL and evaluates the relevance of the various snapshots over time. To
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Figure 2.2: An example Abstract Policy Graph presented in [270].

test their methods, the authors used a navigation task in which Visual SBRL
(V-SBRL) exhibits a good level of interpretability of RL policies.

Other visual representations are introduced in [48] where, in place of saliency
maps, conceptual embedding intermediate representations are utilized as forms
of explanations. The latent representation space of the employed deep RL mod-
els are utilized to capture causal factors and can, thus, yield inherent inter-
pretable forms of agent behaviour nearer to human reasoning. In addition to
this, the authors claim that the proposed method is also more efficient compared
to the free DRL models used.

Visual representations by means of Abstract Policy Graphs (APGs) are
given in [270], where explanations are presented in a lower complexity graphical
form. The process adopts a freature importance function which caculates the
conditional expected score for a feature w.r.t. a predefined function g(s), i.e.
qf (v) = E(g(s)|s[f ] = v). A representation of APGs generated by this method
is given in Fig. 2.2. The algorithm used for APG generation (APG Gen) com-
prises of various steps such as the processing of states by an importance measure,
splitting the graph with conditions over binary features, abstract state division
and APG edge creation. The tests made on the prereqworld, introduced in this
work, explain the better MDP policy readability and interpretability even when
the state space grows exponentially.

In [323], a self-supervised deep learning framework was presented called
Multi-level Abstraction Object-Oriented Predictor (MAOP). MAOP is made
of several parts such as: the motion detection level, where potential regions of
interacting dynamic objects are identified; the dynamic instance segmentation
level, where proposed regions of dynamic instances are extracted from input;
the object-oriented dynamics learning level, where the instance segmentations
generated are modelled as object-based dynamics; the object detector and in-
stance localization module, devolved in learning object masks from a sequence
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of visual pixel input images (obtained via a CNN module). MAOP was then
evaluated against several baselines and results show that it achieves a good per-
formance and is able to correctly generalize in previously unseen environments.
Visual intepretability is further given through object attention masks over the
original input images.

Authors in [317] introduced a framework for visualizing DQNs by means of
t-SNE. The environment used for these experiments were various Atari 2600
games in which DQNs are well known to perform above human level. The
methodology is composed of multiple steps: train a DQN; evaluate the network,
storing the hidden states, information about the graident and the raw pixels in-
put; apply t-SNE; visualize data; analyze manually. After the feature extraction
phase, t-SNE are calculated on pre-processed data (reduced dimensionality via
Principal Component Analysis - PCA) and their respective saliency maps are
constructed computing the Jacobian over all the network. A visual tool is then
created that helps understanding what are the salient regions for activation of
the DQN when playing games such as breakout, seaquest and pacman. Results
show that, from the various clusters created, a user could further inspect mo-
ments of high attributions of reward, moments that are clustered together for
similarity and terminal states. However, as in the case of the seaquest game,
one can visualize that the agent seeks for immediate rewards in that is not able
to generalize a more convenient strategy that pursues an higher but delayed
reward. This suggests that the policy of the agent could be inspected through
this visual tool and adjustements can be made to the reward design or agent’s
characteristics. No human study was provided and, thus, from [317] there’s no
evaluation method for assessing how beneficial this tool could be to the general
public nor to experts.

In [61] the authors propose a visual tool for generating explanations ex-
tracted from classical MDPs. The process first highlights the recommended
action and the relevant variable in a given situation, then it gives a visual rep-
resentation of the former and, finally, gives a descriptive verbal explanation.
The setting in which this system is applied is the generation of MDP-based ex-
planation of emergency situations in a power plant. Given the expertise of the
user (novice, intermediate and expert), different explanations are generated,
obtained by the most relevant variable of the MDP in a given state. To ex-
tract the relevant variable of an MDP, this work uses the formula for obtaining
relVs (Xi) = maxs′∈neighxi

(s) V (s′) − mins′∈neighxi
(s) V (s′), where neighxi(s) is

a set of states has give the same value as s for all other variables Xj (j ̸= i).
This formula in then used to extract the most relevant, amongst all the vari-
ables, with XV

R = arg maxi(rel
V
s (Xi)),∀(i). Templates of explanations are then

extracted from a knowledge base and given to the user based on his experience.
The operator then must choose between 5 different actions to bring back the
plant to a non-critical state. Experiments were made with 10 different users
and comparisons were made to the explanations given from a field expert. The
authors point out the tests made for the automatic explanations, divided in 5
evaluation criteria, were, generally, perceived as useful from both domain ex-
perts and novice users. This is to be, however, intended as domain-specific
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knowledge explanation generation and no further details besides the ones cited
above are given in the tests.

Authors in [263] proposed a method of neuroevolution of self-interpretable
RL agents. The key components of the work are concepts of neuroevolution
and attention-based RL in which self-attention mechanisms are implemented
for RL agents. The attention part is kept as simple as possible and only the
self-attention module is used in the form of A = softmax( 1√

din
(XWk)(XWq)

T ),

where din is the dimension of the input sequences X ∈ Rn×din and Wk,Wq ∈
Rdin×d are the key and query matrices, respectively. Furthermore, a simpli-
fied processing of patches of the original image is used in place of the whole
image due to computational purposes and a Spatial Softmax [70, 139] is used
as input. Then, the processed input is used as an indirect encoding, i.e. the
input is not used to search for the best parameter optimization of the NN of the
agent but is used to restrict the attention only to key elements of the (image)
input instead. This process leads to a vector called the patch importance vector,
then only the k most important patches are considered and the agent is trained
using Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [95] evo-
lutionary algorithm. Experiments provided regard two vision-based RL tasks:
DoomTakeCover, a VizDoom environment forked from the successful videogame
Doom and CarRacing. The agent outperforms, in both tasks, the baselines of
world model, Genetic Algorithm (GA), Proximal Policy Optimization (PPO)
and Deep Innovation Protection (DIP). The authors also tested their agent in
visually modified versions of the same tasks with the same objective and indeed
found that the method proposed was able to generalize well across the selected
domains while the baselines were not. This work, however, does not focus on
interpretability apart from the inner visualization of the attention module. In
addition, only very simple video game scenarios are considered and the model
complexity is kept as simple as possible due to interpretability reasons. Further
research must be done indeed to assess explainability of RL agents acting in
indirect encodings via neuroevolution as proposed in this paper.

Another approach in [53] establishes a Probabilistic Graphical Model (PGM),
introduced in [273], which aims at developing a model-agnostic explanation
mechanism through graphical representations. The authors claim that th PGM-
based approach requires little cognitive effort and is, though, a transparent way
for generating explanations of RL agents’ decisions. They provide also case
studies that support this assessment and can thus help drive forward the idea
of model-free XRL while also retaining transparency and trust.

2.1.2 Symbolic Representations

Symbolic explanations in XAI and XRL refer to providing human-understandable
explanations for the decision-making process of an AI model using symbolic rep-
resentations. These explanations often involve using human-interpretable sym-
bols, rules, or logical constructs to describe the factors influencing the model’s
output. By presenting explanations in a symbolic form, users can better com-
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prehend and trust the AI system’s decisions, enhancing transparency and ac-
countability. To date, symbolic representations do not constitute the majority
of explanation methodologies as they tend to oversimplify agents’ policies and
thus are often used in limited or simple environments. There is, however, a
substantial improved readability and model transparency through these meth-
ods as they are a powerful tool when it comes to generating model-agnostic
explanations.

The use of symbolic AI for RL has been applied in [77], where the explain-
ability is divided in three steps: low-level symbol generation, representation
building and, lastly, reinforcement learning. This methodology was applied to
an ad-hoc task where an agent is interacting with 4 variants of a grid environ-
ment and it can collect objects that give positive or negative rewards. Low-level
symbol generation is done through a CNN 5x5 convolutional layer followed by
a 2x2 pooling layer and then the corresponding decoding layers. Object de-
tection is done by the sensing of the CNN and by the individuation of the
salient regions of the image given in input. The output of this layer is fed to
the second layers which builds an internal representation of the objects seen by
elaborating spatial proximity, type transitions and neighbourhood processing.
Each component of the latter layer is multiplied by certain weights w1, w2, w3

which compose the object tracking equation L = w1Ldist+w2Ltrans+w3Lneigh.
Lastly, the output of the second layer is fed into a RL agent which processes
the inputs and computes a Q function updated by the rule Qij(sijt , at) ←
Qij(sijt , at) +α

(
rt+1 + γ(maxaQ

ij(sijt+1, a)−Qij(sijt , at))
)

, where t is the time

step, α is the learning rate, γ is the temporal discount factor and each state
sij represents an interactions between two objects i and j. The overall process
is calculated over a classical tabular Q-learning, given the statement simplic-
ity of the game mechanics. The authors conclude that the methodology is a
neural-symbolic, end-to-end RL architecture capable of decomposing the reward
function and build an inner symbolic representation of the agent’s perceptions.

The work presented in [165] propose a methodology of interpretability based
on Symbolic Planning (SP) [42] and explains how RL + SP can help explain RL
policies. The proposed framework is divided into three components: a planner,
which uses symbolic knowledge to build a plan of symbolic actions sequences or
subtasks; a controller, which uses DRL to learn a sub-task; a meta-controller
which measures via extrinsic rewards the performance of the controllers and
propose new intrinsic goals to the planner. The symbolic representation is for-
mulated with the BC language and the translation of symbols into options, due
to the hierarchical approach [17], is such that semi-Markov options are triples
defined as (I, π, β), where I = {s̃ ∈ S̃ : F(s, s̃) = t} is the initiation set de-
fined over a mapping F : S × S̃ 7→ {t, f}, π : S̃ 7→ Ã is the intra-option policy,
and β is the termination condition defined as β(s̃′) = 1 if F(s′, s̃′) = t, for
s̃′ ∈ S̃ and 0 otherwise. Here Ã is a set of primitive actions, S̃, Ã are the sets
of MDP state space and action space, respectively. The MDP tuple is then
defined as (S̃, Ã, P̃a

ss′ , r, γ), where P̃a
ss′ is the transition matrix, r is the reward

function and γ is the usual discount factor defined in a classical MDP. Rewards
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are modeled as intrinsic, i.e. ri(s̃′) = ϕ (ϕ encourages achieving optimal sub-
task execution) if β(s̃′) = 1 and r (the usual RL reward from the environment
in state s′) otherwise, and extrinsic, i.e. re = (s, g) = f(ϵ), where f is de-
fined as f(ϵ) = −ψ (ψ discourages exploring unlearnable sub-tasks) when ϵ is
under a certain threshold and f(ϵ) = r(s, g) otherwise. In equations presented
above, ϵ is a criterion that measures how a sub-task is executed with proficiency.
Intrinsic rewards are consumed to learn sub-tasks while extrinsic rewards are
consumed by the meta-controller where the controller itself is not able to learn
useful policies for a specific sub-task. Finally, learning and planning is covered
via symbolic planning where a controller uses deep Q-Learning with ri and also
uses experience replay. Meta-controller performs R-learning [228] by evaluating
extrinsic reward signals and the quality of the symbolic plan is updated accord-
ingly. An optimal plan Π∗ is guaranteed to be reached when the R-learning
converges, that is when the meta-controller stops and no further improvement
to the plan can be made. Experiments are made in the Taxi domain [17] and
Montezuma’s Revenge Atari game. While the tests provided actually show that
the methodology is indeed capable of abstracting higher level tasks with optimal
sub-tasks, the limits of this work in terms of explainability are evident as this
method is available only for finite horizon domains and no user study is pro-
vided, effectively quantifying how interpretable are the explanations generated
in forms of symbolic planning.

Another symbolic representation of explanations is MARL Model Extraction
library (MARLeME) [128], in which multiple components are brought together
to form a framework. MARLeME is formed by the MARL system itself, the
trajectory handler, the model extractor and model deployment / inspection
parts. Few researches have focused their attention into MARL settings as it
is inherently more complex to handle and to explain its dynamics. The out-
puts of MARLeME are agents based on Abstract Argumentation (AA) that are
agents that make use of Value Argumentation Frameworks (VAFs) and produce
approximations of the given models made more interpretable. A VAF is a tu-
ple VAF = (Arg,Att, V, val, V alpref) where Arg is a set of arguments, Att is
a binary attack relation between arguments Att ⊆ Arg × Arg, V is a set of
possible argument values, val : Arg → V is a map between values and argu-
ments and V alpref is a given ordering among those values. Evaluations, both
qualitative and quantitative, are made in the mountain car and robocup take-
away environments where model fidelity is preserved and interpretable symbolic
representations are given. Explanations generated via the MARLeME frame-
work suggest that AA-based agents are a viable way to describe MARL system
dynamics and behaviours.

Symbolic representations are used also in [145] towards the generation of
deep symbolic policies for interpretable agents. The method comprises two
components: the policy generator, which uses mathematical symbols and ex-
pressions to generate RL control policies, and the policy evaluator, which assess
the goodness of the generated policies via episodic rewards. Policy evaluator

will respond to the reward function defined by R(τ) = 1
N

∑N
i=1

∑T (i)

t=1 r
(i)
t , where
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T (i) is the length of episode i, N is the total number of episodes and r
(i)
t is the

immediate reward of the episode i at time t following symbolic policy τ . The
objective function Jrisk(θ; ϵ) = Eτ∼p(τ |θ)[R(τ)|R(τ) ≥ Rϵ(θ)] is then approxi-
mated using Monte Carlo estimates. Evaluations on OpenAI Gym demonstrate
that those models are inherently and provably stable and introduce an high
interpretability component to the black-box nature of RL and NNs.

2.1.3 Causal Models and Game Theory

In this subsection, causal and game theory models used for XRL are presented.
Causality refers to understanding the cause-and-effect relationships between in-
put features and the model’s outputs [254]. It aims to go beyond correlation
and identify the factors that directly influence the predictions. Causal models in
XRL involve constructing models that explicitly represent causal relationships
and are often coupled with counterfactual explanations. Causality is composed
of causal discovery, which is the identification of causal structures from raw
observational data through statistical analysis of the variable of interest, and
of causal inference, which is the process of inferring, by knowing partial or
complete causal relations, causal effects of the variables taken into account For
further details, the interested reader should refer to resources such as [319] and
[254] which provide a good overview of causality in RL.

Together with causal models, game theory models come natural as similar
approach to be grouped with causal explanations as, strictly speaking, both
search relationships between components of the overall framework. Game the-
ory and causal models in XAI and XRL share mutual focus on understanding
decision-making processes by means of variable or situational analysis. Game
theory analyzes strategic interactions between agents, seeking to predict out-
comes based on their choices and preferences while causal models, on the other
hand, aim to identify cause-and-effect relationships. One of the most widespread
methodologies in game theory applied to XRL is the Shapley Value applied to
the RL task which explains the decisions behind credit assignment.

Another application of explanations based on causal models is [296], in which
Graph Neural Networks (GNNs) are employed and explained. The authors pre-
sented a novel methodology called Reinforced Causal Explainer (RC-Explainer),
a NN-based RL agent that is devolved to the edge selection in order to perform
causal screening of the proposed GNN. THe policy network of the explainer
aims at learning the causal effect and dependencies of the edges to assess the
influential sequence of the same.

Counterfactual questions of What an agent need to do differently to obtain
a different outcome are presented also in [193]. The concept of counterfactual
policy is introduced and explanations are generated with various experiments
in a counterfactual fashion.

The work in [288] tries to address interpretability with characteristic func-
tions. Agents controlled by neural networks are trained but not used for ex-
planations. They are generated, instead, by computing the prime implicant ex-
planations with the Frank-Wolfe (FW) method which are then compared with
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the Shapley values in the connect four environment. The authors claim that,
even if the FW-method performs slightly worse than other methods, it generally
provides better interpretability via approximations of the neural-network-based
agents.

Another explanation mechanisms that leverages counterfactual policies is
proposed by [52], where the approach of FARE (eFficient counterfActual RE-
course) is presented. The process aims at generating interventions through
Monte Carlo Tree Search (MCTS) with learnt agent’s policies πx and πf . To
obtain this, however, the process id divided in four steps: create a node for each
function f available in the DSL-defined functions library F ; connect each node
after unrolling each sampled trace; store outgoing state-action pairs (si, (f, x)i)
for each node f ; train a DT for each node f ∈ P, where P is a given graph, on
the tuples (si, (f, x)i). Explanations are then generated via the interventions
and interpretable boolean propositions. That is, for each node f ∈ P, a DT is
extracted and transitions (f ′, x′) are followed afterwards.

Another application of Shapley value is [147], methodology applied to the
MARL setting that attempts to address the credit assignment problem with a
Shapley counterfactual approach. The method uses Centralized Training with
Decentralized Execution (CTDE) in various cooperative StarCraft II scenar-

ios. The Shapley Counterfactual Credits Qϕi are computed with the following

equation: Qϕi = 1
N

∑N
j=1

1

(N−1
j−1 )

∑
S∈Sj(i)

∆v(i, S), where Sj(i) is the set com-

prising of agents with size j that includes the i-th agent, A the set of all agents,
∆v(i, S) = vS in A − vS\i in A is the marginal contribution of agent i in the sub-
set S of A with S \ i, the set of S removing i-th agent. Results and ablation
studies show that the proposed methodology is able to perform well in the given
environments and proposes increased interpretability through Shapley value es-
timations.

In [201], counterfactual explanations were generated in a generative RL set-
ting to showcase the potentiality of such methods in RL interpretability. The
idea behind the work is to generate counterfactual examples that resemble the
original input in order to make the agent select an action a′ instead of a, as with
the original state. The process is then formulated as an optimization problem:
minimize ||Ew(A(s)) − z∗w||22 subject to arg maxa∈A π(DW (z∗w), a) = a′, where
z∗w a point in the latent space used to represent a possible state of the agent
and DW and EW are the Wasserstein decoder and encoder, respectively. The
agent is trained then with a deep convolutional neural network and used in user
studies as well to detect the fidelity of counterfactual states and flaws of a given
agent in Atari environments.

Another example of causal explanations is given in [180], where bayesian
networks are used in order to generate causal graphs with the use of various
algorithms. It is composed of four components: an RL agent, a bayesian network
and two RNNs. The overall procedure produces a causal graph that aims at
describing the causal relations of the features of the models engaged with the
original input.

The work in [166] presents explanation in form of causal lens. The au-
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thors employ a Structural Causal Model (SCM) in an RL setting of 6 different
scenarios (divided between OpenAI Gym and a StarCraft II task) in which
the technique presented generates, through NLP templates, conterfactual (Why
and Why not questions) sentences to provide model-free RL explainability. The
work is based on the concept of SCMs applied to human cognition and builds an
action influence graph. The graph is then used to learn structural causal equa-
tions using a regression learner L̂(s,a,r,s′)∼U(D) in which updates are done only
to equations with specific actions from an experience replay memory D, drawn
uniformly as mini-batches. In addition, a user study was provided with 128
participants from Amazon Mechanical Turk [31] and the methodology was eval-
uated on task prediction, explanation goodness and trust. Authors claim that
the model performs best on the first two evaluation criteria. Finally, this work is
oriented towards implementing epistemic knowledge and not being constrained
to provide the causal model beforehand.

The work proposed in [233] addressed vision-based RL policies explanations
generation through the development of self-supervised agents by means of causal
features. Provided causal explanations are said to have two properties such as
maximum behavior resemblance and minimum region retaining. The former
could be defined as f(s̃t) ≈ f(st), t = 1, ..., T , where s̃t = fexp(st) ⊙ st is the
attention-overlaid state corresponding to a state st of an explanation model
fexp,T is the terminal state, f is the actor network and ⊙ is the element-wise
multiplication operator. The latter could be defined as minθ∥fθexp(st)∥1, where

∥ · ∥1 is the L1-norm and θ are the parameters of the explanation model fθexp.
Two components are used after the input is fed into the model, that is the
Self-Supervised Interpretable Network (SSINet), which produces the overlaid
state s̃t, and the actor network which predicts the action to take afterwards.
The learning then proceeds in two stages: first stage provides the generation
of state-action pairs of the expert policy in order to train SSINet; second stage
aims to learn interpretable attention masks to explain agent’s behaviour, thus
making the learning self-supervised. The experiments carried are in the Ope-
nAI Gym’s Duckietown and Atari 2600 games. The method proposed is then
compared against Jacobian-based saliency maps [317], Gaussian perturbation-
based saliency maps [87], attention augmented agent model (A3M) [192] and
sparse free-lunch saliency (Sparse FLS) [199]. The evaluations are made with
two introduced metrics: the Feature Overlapping Rate (FOR) and the Back-
ground Elimination Rate (BER). FOR is the ratio of overlapping between the
true mask area and the learned mask while BER is the ratio of the area of the
background eliminated by the mask to the area of the whole background. FOR is
defined as FOR(s) =

Se,f∩St,f

St,f
and BER is defined as BER(s) =

St,b−St,b∩Se,f

St,b
,

where Se,f is the area of extracted features, St,f is the area of true task-relevant
features and St,b is the area of true background. The proposed evaluations
are accounting how much attention agents pay while learning and the proposed
methodology has an overall good performance over the tasks presented. It is
unclear, however, how beneficial to the general public are the explanations by
means of the FOR and BER metrics and how could they affect non-experts in
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the field.

2.1.4 Contrastive Explanations

Contrastive explanations are explanations in which policy features of the agents
are decomposed and weighted in order to build contrasts between different fea-
tures [248]. Usually, this is done in order to pose Why and Why not questions,
based on the weights that the agent assigns to the various components. Com-
mon techniques of explaining why features are selected over others is Minimal
Sufficient Explanations (MSX) and Reward Decomposition [129], which tend to
destructure reward signals into multiple parts for extracting analytic properties.

The work in [158] discusses the problem of imitating a Deep Reinforcement
Learning (DRL) policy into an interpretable model. They claim that exist-
ing approaches fail to fully utilize critical experience points due to heavy-tailed
experience distributions in DRL tasks. The proposed method characterizes de-
cision boundaries by identifying critical experience points close to the model’s,
resulting in a self-explainable structure in place of different more opaque mod-
els. Experimental results against state-of-the-art baselines demonstrate that the
methodology proposed outperforms recent RL models on six games scenarios.

Another approach proposed in [2], generates policies that are inherently
interpretable due to modified versions of policy evaluation and update. They
propose to explore the state space by clustering it based on the actions closer
to each cluster center. Their approach is tested in RoboSchool-Hopper and
BipedalWalker continuous control tasks and interpretability is highlighted in
the form of policies that approximate the problem differently from value or
advantage functions, thus being naturally more readable.

Contrastive explanations by means of Shapley values are generated also in
[103], where MADDPG and A3C algorithms were tested against sequential so-
cial dilemmas (such as Harvest) and multi-agent particles. The work didn’t
propose a new framework for explaining RL by means of reward decomposition
or contrastive explanations but instead focused of the adaptation of existing
methods to the multi-agent settings and implications of such methodologies in
those environments.

Another method of explaining through Shapley values is presented in [20],
where the Shapley Values for Explaining Reinforcement Learning (SVERL)
methodology is introduced. The concept borrows ideas from the Shapley value
construction and, when applied to RL, aims at building a value function that
would be explained by Shapley values. However, in order to extract meaningful
explanations from an agent’s policy performance, two types of approaches are
dervied: local and global SVERL-Performance (SVERL-P). The local SVERL-
P takes the marginal contribution of state features from the agent’s perspective
and does so by calculating, for some policy π : S × A → [0, 1] to be explained,
the function vlocal(C) := Eπ̂[

∑∞
t=0 γ

trt+1|s0 = s], where C is a given Shapley

coalition and π̂(at|st) =

{
πC(at|st) ifst = s,

π(at|st) otherwise
. The function πC(a|s) is further
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defined by πC(a|s) = Epπ(s′|sC)[π(a|s′)], where pπ(s′|sC) is the conditional limit-
ing state occupancy distribution. These explanations will result in a policy that
tries to best match the original policy but will not eventually be able to perfectly
imitate π. Global explanations of the SVERL-P methodology are generated,
similarly to vlocal, by the function vglobal(C) := EπC

[
∑∞
t=0 γ

trt+1|s0 = s]. This
function allows to track the features importance on state s along with following
states. It must be noted that this function alone cannot generalize for all the
possible states due to the evaluation of vglobal on a specific states. In order to
globally explain the importance of the various state features in different states,
the following function is used: Φi(v

global) = Epπ(s)[ϕi(vglobal, s)]. Here, ϕi(f, x)
represents the Shapley values of feature xi to the prediction y = f(x). The
proposed solutions, however, acts as an approximation of the precise Shapley
values, due to computational complexity. Evaluations are done in multiple sim-
ulated environments: Gridworld-B, Minesweeper and Taxi. Explanations are
presented in tabular form and with histograms that represent the contributions
of each features of the simulated environment.

The work in [277] uses contrastive explanations [184] applied to RL. This
pilot study was employed in a simple grid world where a RL agent must move
to achieve a goal and the authors provide explanations on what the agents
evaluates at best decisions with an extension to the classical MDP. They con-
struct the tuple ⟨S,A,R, T, γ,C,O, t,k⟩ where C and O are, respectively, state
descriptions and action outcomes whereas t and k are transformation func-
tions used to generate the explanations. Here, the Q-Value function is ex-
panded from the classical formulation, incorporating also the Q-Value function
for the users’ preferences over some actions. The novel Q-function is defined as
Qf (s, a) = Qt(s, a) + QI(s, a),∀s, a ∈ S,A, where QI is the users’ preferences
function stated above. This generates a path of possible descriptions through the
definition of a Path function defined as Path(st, π) = {(c0, o0), ..., (cn, on)}, ci =
k(si), oi = t(si, ai), (si, ai) ∈ γ(st, π)∗, where γ(st, π)∗ is the most probable
trajectory, obtained starting from a given state and following the transition
with highest probability. A user study was then performed over 82 individuals
to whom were presented the explanations generated by the reward signaling
through the use of a Radial Basis Function (RBF) and different tuning param-
eters. In conclusion, however, this work didn’t explicitly state qualitatively or
quantitatively how beneficial are the explanations generated or how they were
perceived from the participants. Thus, it remains unclear how, specifically, they
can enhance model transparency and/or trustworthiness.

Embedded Self Prediction (ESP) model was presented in [153]. ESP follows
from the Generalized Value Functions (GVFs) [259], a generalization of the clas-
sical value functions which decompose the cumulative attribution of the reward
function to an arbitrary composition F (s, a) of n-dimensional state-action fea-
ture functions fi(s, a), and is defined as F (s, a, ) = ⟨f1(s, a), ..., fn(s, a)⟩. ESP
is obtained by computing a function Q̂(s, a) = Ĉ(Q̂F (s, a)), where Q̂π̂F is the

GVF function of the agent’s greedy policy π̂, Q̂ is the agents’ Q-function and
Ĉ : Rn → R is a learned combining function from the single GVF vectors into
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the action values themselves. The ESP-DQN algorithm trains a DQN via an ϵ-
greedy policy by updating parameters θC and θF , which translates as optimizing
Q∗ and Q̂F (s, a), respectively. A replay buffer is also used to store the explo-
ration transitions. Authors claim that, analogous to the traditional Q-learning,
given the sufficient prerequisites, the tabular version of ESP, ESP-Table, con-
verges almost surely to an optimal policy. A proof is given in the appendix for
the theoretical convergence for a given update interval K. However, a stronger
convergence for K = 1 is still undetermined and remains an open problem, likely
to the case of the base Q-learning. The ESP agents were tested on OpenAI Gym
Cart Pole and Lunar Lander tasks as well as in the Real-Time Strategy (RTS)
game StarCraft II environment called Tug of War. The decomposed GVFs are
naturally more interpretable than the inner functions of the DQN used for DRL
as they tend to extract single features from the reward function which high-
light the agent’s choices for the attribution of the single factors. The overall
interpretability is given then by the concept of Minimal Sufficient Explanations
(MSE or MSX) [129] which composes iteratively an explanation composed of
features weighted by importance that are added until what the authors define
a sound explanation is found. Even though the work presented in [153] is ar-
guably solid for the construction of ESP, given the definitions of value functions
and the aspect of features selection, a broader-level explanation method is still
lacking for the general public to benefit as it still remains oriented towards do-
main experts. Authors suggest the possibility of extending the work to the more
recent GVF Networks [259] in order to obtain different levels of granularity of
the explanations.

Similarly, [122], proposes a method of explanation via reward decomposition.
The main idea is to obtain a Reward Difference eXplanation (RDX) via MSX-
MSX+ and MSX− for positive and negative consequences respectively-by de-
composing the Q-vectors into differences δ(s, a1, a2) = Q⃗(s, a1)−Q⃗(s, a2) of two
actions, namely a1 and a2. RDX can then build the MSX components by com-
puting, respectively, MSX+ = arg minM∈2C |M |s.t.

∑
c∈M δc(s, a1, a2) > d and

its counterpart MSX− = arg minM∈2C |M |s.t.
∑
c∈M δc(s, a1, a2) > v, which is

the same as MSX+ except subtracting the term v, the sum of all reasons with-
out the least contributing value. The method was tested in the CliffWorld and
Lunar Lander OpenAI Gym tasks and the experiments show that some features
learned by the agent were highlighted only by decomposing the Q-Value. This
implies that the reward decomposition is indeed necessary to further investigate
the reasons beyond the agent’s policy and that without such explanatory val-
ues one cannot correctly identify which actions give a certain contribute when
being in a given state. Whether the explanations cover all possible targets of
people seeking explanations in RL remains scope for future work and can be
still discussed as an argument.

Work in [215] is based on Reward Difference Explanation [66] and is mod-
eled around the StarCraft II Learning Environment (SC2LE) [284]. Authors
propose different tasks that are partially observable in order to provide further
explanations of multiple agents acting in the simulated environment and are
capable of generating explanations based on differences between rewards.
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The work in [311] focused on explaining agent behaviour via implicit reward
decomposition. The process aims to learn a map H called the belief map of dis-
counted expected states alongside the standard Q-learning. The map is updated
by the rule H(st, at)← H(st, at) +α(1st,at + γH(st+1, arg maxa∈AQ(st+1, a)−
H(st, at), where 1st,at ∈ RS×A is a binary indicator function that equals 1 at
position st, at and 0 elsewhere. The map is then parameterised by θh and an
action policy πθ. Thus the update rule becomes θh ← θh + α∇θhL(θh), where
L is a predefined Deep Q-Learning loss function. Evaluations of such methods
are made on three OpenAI Gym environments such as blackjack, cartpole and
taxi. Contrastive explanations of such experiments are given in the form of
tabular Q-learning. The authors claim that such explanations cannot be given
post-hoc as one cannot reconstruct the agents’ beliefs after a given policy and
value function once learning has converged towards a certain point.

The work presented in [291] propose the Shapley Q-value Deep Determinis-
tic Policy Gradient (SQDDPG), which The authors apply their methodology to
their Extended Convex Game (ECG), an infinite-horizon variation, introduced
in their work, of the Convex Game (CG), a popular multi-agent cooperative
coalition scenario in game theory. This environment is, by nature, a MARL
task and, as such, it brings up the problem of credit assignment where SQDDPG
gives its contribution. The problem of credit assignment in ECG is faced here
through Approximate Marginal Contribution (AMC) that directly estimates the
marginal contributions of each coalition (i.e. Φi(C)). The Shapley Q-value is ap-

proximated then by QΦi(s, ai) ≈ 1
M

∑M
k=1 Φ̂i(s,aCk∪{i}),∀Ck ∼ Pr(C|N \ {i}),

where aC = (ai)i∈C , Ck is an ordered coalition in which agent i would like to join
in, N is the same as the CG and Φ is a function approximation of the marginal
contribution. The interested reader can find more details on the implementa-
tions and mathematical definitions in [291]. The gradient of this function is
then obtained through solving maxπi

QΦi(s, ai) for each agent i. Evaluations
are done in three environments: cooperative navigation [161], prey-and-predator
and traffic junction [252]. Various baselines were used for comparison such as
Multi-Agent Deep Deterministic Policy Gradient (MADDPG) [161], COunter-
factual Multi-Agent policy gradient (COMA) [71], Independent A2C (IA2C)
[258] and Independent DDPG [150]. Overall, even if not the best performant
technique in all the tasks, SQDDPG exhibits a better interpretability highlight-
ing what’s behind the decomposition of credit assignment in such a scenario.

In [66] the concept of minimal sufficient explanation (MSX) and Reward-
Difference Explaination (RDX) were introduced to explain agent’s decisions
in Deep Adaptive Programs (DAPs) tasks. Adaptation Based Programming
(ABP) is a framework in which programs that need to be executed have choice
points through adaptive variables. RL explanations are then generated in
this work by decomposing the original reward into smaller components with
a SARSA-style algorithm. The RDX is then given by ∆π(s,A,B) = Qπ(s,A)−
Qπ(s,B), where the notation is the usual RL Q-value notation. MSX is then
defined by having

∑
(Q) =

∑
(r,x)∈Q x, where R−(Q) =

∑
({r, x} ∈ Q ∧ x < 0)

and Sub+(Q) = {S ⊆ Q|(r, x) ∈ S =⇒ x > 0}. Defined then µ(s,A,B) = S ∈
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Sub+(Q) :
∑

(S) > R−(Q)∧ |S|, is minimal where Q = ∆π(s,A,B). Tests were
made in a custom OpenAI Gym environment composed of a grid world where
the objective is to collect all the fruits and avoid being struck by random light-
enings of squares: in either case the game ends with a positive reward (objective
complete) or negative reward (agent dead).

2.1.5 Imitation Learning

Imitation learning (IL), also known as behavioral cloning or learning from
demonstrations, is a type of ML approach used in the context of RL. In IL,
an agent learns a policy by observing and imitating the behavior of an expert
or a pre-existing demonstrator rather than interacting with the environment
through trial and error, which is the typical RL approach [133]. Usually, the
technique used is Inverse Reinforcement Learning (IRL) as, indeed, the process
of agent learning is reverse [114]. That is, the agent is aiming at learning a
function f that describes the behaviour of a human agent to try to replicate it
in the simulated environment. IL can be beneficial in scenarios where gathering
RL experiences through exploration is costly, time-consuming, or impractical.

In [203] an explainable generative adversarial imitation learning (xGAIL)
method was introduced as a framework to learn a real-world human agent’s
decision-making policy of a taxi trajectory task. After preprocessing the data,
a generator network and a discrimnator network are employed in order to train
a policy function π(a|s). Lastly, explanations are generated with Spatial Ac-
tivation Maximization (SpatialAM) and Spatial Randomized Input Sampling
Explanations (SpatialRISE). The objective function of SpatialAM is defined
as O∗s(a) = arg maxOs

{π(a|Os) + λ · Realness(Os)}, where Realness(Os) =

−Dist(Os(a), Õs(a)) is a spatial regularization term, given Dist(Os(a), Õs(a))
is the mean square distance between the terms and λ is the weight of the term
of regularization. Differently, RISE [212] and, consequently, SpatialRISE aim
to discover the salient regions of the input by randomly masking it and probing
the original model in order to obtain its attentions.

Based on the work of [111], [143] proposes an IRL-based summary extraction
with the aim on reconstructing human beliefs about how the agents may choose
their actions. Explanations are conceived with the framework of maximum
entropy RL (Max-Ent) [328] and Imitation Learning (IL). Those takes place via
machine teaching (obtaining a reward function that is behaviorally equivalent
to the optimal policy π∗) or active learning (producing a policy summary by
the extraction of maximum policy-reconstruction quality of the trajectories).
Tests are done in domein such as a random gridworld, pac-man grid and HIV
simulator. Human-subject study further proves that, for some of the tasks, the
explanations given by the IRL-based method are preferred over other summary
types. For other tasks results show no direct evidence that human subjects
perceived the explanations given as more explanatory in regard to the others.

Programmatically Interpretable Reinforcement Learning (PIRL) [281] is a
kind of higher-level abstraction of DRL based on the concept of imitation learn-
ing [224, 227]. In this work, a specifically designed language called Neurally
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Directed Program Search (NDPS) is constructed programmatically while con-
stantly imitating a neural policy oracle eN for a given environment. The ob-
jective of the NDPS is to define syntactically a set of programmatic policies
called a sketch. The syntax of the language includes operators such as: c, for
the constants; peek(x, i) which is used for inferring the i-th observation from a
history x; fold, which is a higher-order combinator of sequences and the various
xi are unbound input variables. The framework of PIRL is tested on the The
Open Racing Car Simulator (TORCS) as well as other OpenAI Gym tasks. As
a consequence of the work presented here, NDPS results in a more interpretable
model than the standard DQN and is, thus, more easily explainable. Due to its
inherent transferable nature, NDPS is also capable of performing well in unseen
tasks as well as being controllable by symbolic verification.

Authors in [241] proposed an algorithm called Adaptive Imitation - Inter-
pretation algorithm (AI-Interpret) which is based on a solution of a Domain
Specific Language (DSL) applied to meta-level RL policies. The aim is to build
a simplified version of the policies taken into account represented by easily un-
derstandable flowcharts via the Logical Program Policies (LLP) [239] method.
Generated explainable DTs are α-similar to the original ones in that they per-
form as good as the starting policies while differing at most α, a given parameter
which is usually kept small in order to maintain consistency with the original
policies. The authors here proposed a system of generating decision aids to par-
ticular planning tasks. The results in four different planning environments show
that users, generally, prefer the explanations generated by the methodology in-
stead of autonomous planning. The flowcharts generated, through imitation
learning, are generally perceived more useful and easy to comprehend than pre-
vious works or methodologies.

2.1.6 Attention Mechanisms

Attention mechanisms became prominent in the ML scene as it turned out to be
a very powerful tool to address very complex scenarios which were known to be
previously intractable or difficult to solve [279, 246]. Attention mechanisms are
essential components that facilitate capturing relevant information from input
sequences. They consist of queries, keys, and values, and employ a score func-
tion to calculate the similarity between them. The resulting attention weights
determine the contribution of each value to the context vector, a weighted sum
of the values representing relevant information. Here, works of XRL that use
attention mechanisms were grouped into the same category because they put
forward the usage of such a technique to explain RL models.

The work in [304] proposed an attention-aware self-supervised RL for vi-
sual saliency explanations and representations. The work focuses on extract-
ing intermediate feature maps of the CNN, assumed to be f(x) ∈ RH′×W ′×C ,
via a self-supervised attention module Ψ(x) ∈ RH′×W ′

. Policy and state-
value function are predicted, thus, using a feed-forward network π(at|Ψ(x)f(x)),
V (Ψ(x)f(x)) used as functions approximations and the training loss is defined as
L = LRL +Lattention. The explanations are then given in the form of attention-
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Figure 2.3: A schematic representation of the methodology used in [304]

aware saliency maps and processed visual inputs serve as a mean to obtain
better interpretability.

The work of [243] proposed a multi-task RL methodology called CARE (Con-
textual Attention-based REpresentation learning) using context-based represen-
tations. The aim is to build an universal policy shared among all the tasks that
uses task-specific metadata to select a precise representation for a particular
task. The architecture is composed of ki encoders that are mixed together
and weighted by each αi to a latent context, a context encoder that processes
metadata with a language model and the both combined then define the final
policy processed by the policy algorithm. The process is experimented in the
RL benchmark of Meta-World [316] and tested against several baselines. In-
terpretation of the representations are given by computed cosine similarity and
highlighted through visual representations.

An interpretable Deep RL method ws proposed in [292], where the model
Alphastock was presented in order to address the problem of investment strate-
gies. The framework proposed used a mixture of DRL and attention mech-
anisms while focusing on the interpretable aspect of the work. The setting
is the buy-winners-and-selling-losers (BWSL) quantitative trading (QT) where
an RL agent aims at optimizing the Cross-Asset Attention Network (CAAN)
that models the interrelationships among stocks. Tests in the U.S. and Chinese
markets demonstrate that Alphastock is capable of achieve an above-average
performance while retaining the interpretable facet by measuring δ̄xp

(sensitiv-
ity of s to xp, value of one feature w.r.t. a given period p).

A variant of the Rainbow model [101] was proposed in [309], where the
authors retain attention mechanisms from the original model while proposing
better interpretability introducing region-sensivie Rainbow (RS-Rainbow). The
proposed architecture is composed of an image encoder that produces probabil-
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ity distributions Pn, a region-sensitive attention module and layers which are
responsible for the policy’s advantage and value streams. The interpretabil-
ity focus in this work is on the region-sesitive module which enables users to
see salient regions of the input space and allows a better understanding of the
background learning mechanics. Tests were made in the Atari games environ-
ment but no further conclusions were made about explainability of the proposed
solution.

An application of attention mechanisms toward interpretable RL policies is
given in [192], where the an agent’s network is augmented with a soft, top-down
attention architecture. The model proposed has several attention heads where
each attention head is composed of queries to a large input tensor and answers
(low dimensional vector) to produce the output. The agents are trained with
the Importance Weighted Actor-Learner Architecture [67] and are evaluated on
57 different Atari games. The tests showed that the agents are as performant as
the state of the art at that time and that introduce a built-in saliency feature
that is able to better explain the models. No user based tests are made, though,
and no metrics on evaluating how beneficial it is are provided.

Attention mechanisms are used in networks presented in [9], where visual
explanations are given through t-SNE visualizations. The work focuses on the
attempt to obtain better interpretability of DQNs by highlighting the salient
areas of the visual input of the networks. The training procedure is done with a
loss defined by the linear combination of different losses, i.e. a loss of the form
Lfinal(θ) = λ1Lbellman(θ)+λ2Ldistrib(θ)+λ2Lreconstruct(θ)+λ3Ldiversity(θ). The
agents are evaluated in 6 different Atari games and, by introducing attention
layers and keys evaluation in the architecture, the system is viable for better
intepretation while not heavily impacting the performances. Finally, the au-
thors also introduced adversarial examples to better highlight salient regions
and attentions of the agents but they dont’ provide further analysis on the
interpretability of the methodology proposed.

2.1.7 Natural Language Processing (NLP)

Forms of explanations using NLP were employed since the first advancements
of the field and its adoption became prominent also in recent years. Even if
this form of introducing transparency into the RL framework is promising, it
is not one of the most common or widespread method. Forms of explanations
include, but are not limited to, generating human-language sentences through
NLP templates, qauerying a language model to argument agents’ decisions and
other techniques that NLP have been adopted in various works [15].

Query-based explanations are provided in [25] for MARL tasks in which
agents’ policies are abstracted, summarized and explained. The authors pro-
posed explanations in forms of when, why not and what queries where the agents’
policies are summarized and compared with a given baseline [96] in three dif-
ferent MARL scenarios. Authors provided also a user study that shows the
inherent need for RL models to generate explanations that are understandable
without excessive cognitive effort.
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The autonomous vehicles task wass addressed by [132] as well by generat-
ing textual explanations in NLP format. The structure of the work is divided
into two parts: one that is dedicated to train an end-to-end visual attention
model that maps input images to controller’s actions; the other video-to-text
model produces explanations of actions in textual form. The methodology is fo-
cused on generating grounded introspective explanations and is evaluated in the
Berkley DeepDrive eXplanation (BDD-X) dataset by comparing it with human
annotations.

NLP generation in also present in [39] as a way to generate explanations
of RL agents. The architecture of the framework is inspired from Imitation
Learning (IL) and is composed of an high-level language generator and a low-
level policy conditioned on such language. Multiple architectures are tested in
a Minecraft-inspired 5x5 gridworld such as IL, IL with Generative Language,
IL with Discriminative Language, plain RL, RL + IL, an autoencoder state
reconstructur and a RNN state predictor. The method is able to generate
demonstrations and explanations of hierarchical multi-task RL agents albeit
not tested with a human-in-the-loop experiments.

Counterfactual explanations are given in NLP format by [249], where agents
ought to act in partially observable environments. Here, explanations are gener-
ated via gradient descent in the form ∆Q(mt, qt, σt, ah, at) ≡ Q(mt, qt, σt, ah)−
Q(mt, qt, σt, at), where σt ∈ R3×Ns is the list of Ns subgoal properties, mt is
the observed map, qt is a robot pose for a given belief bf . NLP explanations
are generated using a rule-based grammar in two simulated environments and
are evaluated for both accuracy and utility. The focus of the authors is to inte-
grate importance ranking to guide explanations and planning under uncertainty.
Such an approach has been promising even with its limitations wherever cer-
tain assumptions about the environment are violated and could generate poor
explanations.

One example of NLP application of RL explanations generation is [57], where
an MDP recommendation system is implemented and provided along with nat-
ural language explanations. The application domain evolves around recom-
mending optimal study opportunities to university students that have low to
none prior knowledge in choosing classes to attend. The main concept lies on
the action factored differential values (AFDVs) which is calculated, from some
state s, a policy π and a given value function V π, by V π2 (s, a1, a2) − R(s) =
γ
∑
s′∈S T (s′|s, a1) · [R(s′) + γ

∑
s′′∈S T (s′′|s′, a2) · V π(s′′)]. From V π2 a sin-

gle AFDV is calculated by ∆π(s, π, ai, a) = V π2 (s, π(s), a)− V π2 (s, ai, a) and to
compute the full set of AFDVs the computation is done ∀ai ∈ A \ π(s),∀a ∈ A.
The dataset used to generate the recommendations is taken from the University
of Kentucky about students enrolled from 2001 and 2004, regarding all courses
taken by such students. Transitions are considered atomically composed by [sce-
nario1 = {var ICP = A} → action = take PDPS → scenario2 = {var PDPS
= B}], where a single transition is about a partial assignment of state variables
scenario1, action taken after such assignment and then observing scenario2.
The work then presents NLP explanations starting from a given template and
recommending to final users which choice is best based on the past experience
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and by foreseeing future actions that could be taken. Other than generating
NLP-based explanations, however, the study doesn’t state how much the expla-
nations given are beneficial to a general public as a user study is not provided.

2.1.8 Other Methods

In this subsection all the methods that didn’t fall, partially or entirely, into
the categories presented above are grouped into a unique cluster hereby called
”other methods”, since not enough works have been published for each category
to be coherently distinguished amongst the rest. At the same time, the various
methodologies included in this subsection range from the use of specific mixed
models to the use of more novel techniques which don’t have anything in common
with the studies already presented.

In [68], explanations are applied to the online RL problem where environ-
ment design could change over time and systems must adapt in a self-adaptive
way. In their work, the authors explore the possibility of combining the reward
decomposition [122] and interestingness elements [230] approaches to introduce
a novel method for explaining online RL called XRL-DINE (eXplainable Rein-
forcement Learning - Decomposed Interestingess Elements).

The work in [91] presents an Integrated Decision and Control (IDC) frame-
work for the autonomous vehicles task. The proposed solution decomposes the
whole task into static path planning and dynamic optimal tracking and solves
it in a hierarchical fashion. The authors indeed propose all the necessary rig-
orous mathematical framework needed to assess the increased interpretability
and efficiency needed while addressing this particular problem.

In the application of [152], RL was used as an assistive tool for thera-
pists’ recommendations about four psychiatric conditions: depression, anxiety,
schizophrenia and suicidal cases. The method proposed utilizes DRL agents
with three working alliance ratings, such as task, bond and goal. The inter-
pretability is given by running a 2D Principal Component Analysis (PCA) over
the state space and transition matrices. The obtained system is capable of
giving Disorder-Specific Multi-Objective Policies (DISMOP) which have a par-
ticular focus on explainable policy dynamics and, thus, hihglights the possibility
of adopting interpretable methodologies in the field of psychiatry.

In [65], a sample-based rule extraction mechanism was proposed to introduce
better explainability in RL models. The simple approach of model-agnostic and
human-readable rule format is the key element of this work as it rpoposed iself
to be an inherently explainable methodology for learned agents. The method
was tested in various OpenAI Gym problems and shows a promising approach
as it is also compatible with already existing DT-based methods.

In [222], a variation of the Tsetlin Machine (TM) [86] applied to RL tasks,
was presented. Both off-policy and on-policy learning were proposed and the
original TM was adapted to the dynamic nature of the value function iteration.
The aim is to obtain explanations that are in the form of propositional logic
and thus inherently interpretable by nature. The work can be considered still
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experimental as few research has had been done in this field by adopting the
TM architecture.

Particle swarm optimization in combination with fuzzy logic was instead pre-
sented in [97], where interpretable representations of RL policies are generated.
The system uses fuzzy rules expressed in the form of R(i) : IF s is m(i) THEN
o(i), with i ∈ 1, ..., C, where s ∈ RD is the input vector of the environment state,
m(i) is the membership of fuzzy sets in the premise part, o(i) is a real number
of the consequent part, considering the system to be D-inputs-single-outpt with
predefined C rules and a R(i). For particle swarm optimization, the best posi-
tion for each particle, in the case of a maximization problem, is calculated as:
yi(p) = xi(p) if F(xi(p)) > F(yi(p − 1)) and yi(p − 1) otherwise. Here F is a
given fitness function and the policy’s parameters are repesenteded by particle
positions. Those two concepts are then combined to form a fuzzy particle swarm
reinforcement learning (FPSRL) with world models g̃ with inputs (s, a) to try to
predict state s′: ∆s′m = g̃sm(s1, s2, ..., sm, a). The resulting state is computed
with s′ = (s1 + ∆s′1, s2 + ∆s′2, ..., sm + ∆s′m) and the reward function is fed in
D as per ∖ = r̃(s, a, s′). Explanations are given in the form of fuzzy rules and
experiments in the OpenAI Gym proposed to be more interpretable than the
black-box case. No human study is provided however as to assess the effective
utility of generating such explanations for laypeople.

Authors in [167] proposed a framework of simple closed-form formulas for in-
terpretability of policies. The idea is based on index-based policies and revolves
around the low Kolmogorov complexity defined by κ(π) = minF∈DF (π) |F |,
where DF (π) = {F ∈ F|πF = π} is the set descripton formulas of the pol-
icy π, |F | is the description length. The set of interpretable policies of lower or

equal than K Kolmogorov complexity is then defined by
∏K

int = {π|DF (π) ̸=
∅ and κ(π) ≤ K}. The authors then pose the problem as a N-armed ban-

dit problem of finding an high-performance policy in
∏̃K

int, where
∏̃K

int is an
approximated reduced set of policies, due to computational complexity reasons.

Another approach is given in [32], where collision prediction in combination
with RL is used to address the autonomous vehicle risk-awareness task. The
authors proposed, in a simulated autonomous vehicle environment, a framework
for computing the collision prediction via vehicle dynamics and by stochastic
position estimation. Their claim is to propose post-hoc explainability of vehicles
in a given environment by means of mapping RL dynamics to the proposed
vehicle dynamics.

A proposal of Self-Reward Design (SRD) was given in [268], where the
authors adapt a NN to work in deep RL settings while also retaining inter-
pretability. They propose a mechanism of an explainability design in various
environments: a 1D Fish environment, a fish auction environment, a 2D robot
lavaland and MuJoCo with SRD.into Much focus in this work has been put on
interpretability but nonetheless, other than introducing SRD mechanisms in RL
settings, no further contribution is given.

Another approach, in [271], proposed to synthesize programs in order to
make more interpretable representations, introducing Learning Embeddings for
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lAtent Program Synthesis framework, (LEAPS) 1. So is done through the use of
a predefined Domain-Specific Language (DSL) which constructs programs that
include control flows, agent’s perceptions and agent’s actions. The methodology
is applied to finite-horizon dicounted MDPs and, in order to reconstruct a par-
ticular MDP policy, and encoder qϕ and a decoder pθ are used. The β-VAE loss
is then defined as LPθ,ϕ(ρ) = −Ez∼qϕ(z|ρ)[log pθ(ρ|z)] + βDKL(qϕ(z|ρ)||pθ(z)),
where ρ is the given program, z is latent program and DKL is the Kullback-
Leibler divergence. The first step is to learn the embedding space and then the
procedure searchs for a latent program that will maximize by the given MDP
in the original task. Experiments are made in the Karel domain and ablation
studies are also provided in order to represent the importance of each compo-
nent, thus providing a promising common ground for future work with regaards
of program synthesis in RL.

Progressive RL is adopted in [305], where Tree-Structured Policy-based Pro-
gressive RL (TSP-PRL) is presented as a mean to obtain explanations. The
focus of this work is on temporal language grounding in video and TSP is used
for hierarchical generation of policies, in combination with PRL for optimiza-
tion. An alignment network for the stop signal is also provided where the binary
cross-entropy loss is defined as Lalign = 1

M

∑M
m=1

∑Tmax

t=1 [Ut−1 log σ(Ct) + (1 −
Ut−1) log(1−σ(Ct))], where Ct deontes a given confidence score, Ut is the tempo-
ral IoU (the interested reader should refer to [305] for formal definitions), Tmax

is the maximal timestep and M is the size of a mini-batch. The overall loss
function then becomes L = Ltree + λLalign, where Ltree is a linear combination
of losses for root and leaf nodes.

The work in [92] proposed a framework called EDGE that is devolved to-
wards strategy-level explanations of DRL agents. Interpretation is done by
roughly understanding agent behaviour according to its inputs and further con-
firm first suggestions by launching adversarial attacks against its policy. Then
an explanation-guided policy patch method tries to create a remediation policy
that will be integrated with the original one and finally enhancing the agent
by making it play against an adversarial opponent. Through these steps the
method is self-explanatory in the sense that it provides explanations along with
its training.

In [245] introduced stochastic and deterministic frameworks for portfolio
management with RL focusing on explanations. Continuous portfolio optimiza-
tion is done by means of DRL agents, in the stochastic case, are composed of a
policy encoder network and a critic encoder network. Agents act with the use of
maximum entropy RL training and distributional Q-value function, forming a
Stochastic Policy with Distributional Q-network (SPDQ). Various performance
metrics are used to evaluate the performances of the agents on U.S. stock mar-
ket data and ablation studies are also performed to assess the importance of the
various modules.

An application to the networking domain is given in [54], where a post-
hoc explanation method is used to interpret the Pensieve model [174] to solve

1https://clvrai.com/leaps

https://clvrai.com/leaps
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the video bit rate adaptation problem. In order to explain the attribution of
different weights to the various features present in the task, the authors used
the LIME [223] tool. The experiments show that the conclusions drawn from
selecting the features by the original model are not as straightforward as it
may initially seem. Indeed, by removing features that are considered as most
influential for the model’s decisions, the authors show, by means of LIME, that
the agent exhibits a different behavior than expected. Other than that, however,
the contribution of this work is limited to the application of the LIME tool to a
task in the application of RL agents in the networking field. Other steps would
be needed in discovering how methods like this could impact more heavily the
interpretability and explainability in RL.

The work in [236] presented a multi-task RL explainable method based on
hierarchical reinforcement learning. The multi-task setting is defined as a col-
lection of tasks Gk and subtasks g defined by a two-word tuple template as
g = ⟨uskill, uitem⟩. The overall task is composed of several stages. At each stage
k > 0, the policy πk−1 is used as the base policy for solving the goal Gk which,
in turn, is made of Gk used as the base goal. Then, the overall policy for the
given goal Gk is composed of the base policy πinst

k and an augmented flat policy
πaug
k in the case the base policy fails to solve the new task. A switch policy is

used to determine, based on the binary variable e, when to switch to the new
policy, i.e. πsw

k (e|s, g). In order to retain temporal relation the authors used
the Stochastic Temporal Grammar (STG) based on the work of [237] and [213].
Learning is done by training the policies with the A2C algorithm [250] and by
sampling the switch condition e and the goal g at each stage k, ensuring the goal
Gk is always composed starting from the base goal Gk−1. The gradient update
is done by composing both the returns of the instruction and the switch policies
and by alternating them every M iterations to avoid unstability of learning.
The hierarchical approach combined with the STG showed a good performance
when evaluated in the environment proposed, which is a Minecraft scenario with
different tasks. However, the tasks proposed are too simplistic to be compared
with a real-world scenario and are, thus, confined to the videogame environment
proposed. The interpretability in this work is given by means of the inner struc-
ture of the hierarchical approach and no further conclusions are drawn neither
on whether to make the method more interpretable towards laypeople nor when
more complex environment are given.

An explainable RL framework was presented in [297], where the authors
proposed a method to better interpret the choices of a recommendation system
by means of model-agnostic RL agents. The architecture is based on couple
agents πGθ , the generator, which is responsible of generating an explanation z
given a state s = (u,v) and πDϑ , the discriminator, whichdetermines whether
user u will like item v, i.e. y = πDϑ (u,v, z). The two networks operate with
various steps, such as processing the input via lookup layers, embedding the
words via CNNs and an attention-based selection that outputs the probability of
selecting a certain explanation. The authors also defined a measure of goodness
of explainability composed of both readability Ωr(z) and consistency Ωc(z), thus
giving equation Ω(z) = λrΩr(z) + λcΩc(z), where the terms λr > 0 and λc > 0
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are introduce to balance the importance of the two components. The learning
is carried by designing a reward function that weights both aspects and the
learning proceeds with a doubly stochastic policy gradient. Experiments were
then made both offline, with two different datasets, and evaluations done with
human subhects. In the offline settings, the method proposed is compared
against two baslines, one of which is random and the other borrowed from
Neural Attentional Rating Regression with review-level Explanations (NARRE)
[37]. Evaluations are made with the Pearson correlation Mc to test whether the
explanations are consistent with the ratings and with the criterion Me which
measures the explainability. The tests that involved human participations were
made with the collaboration of 4 Yelp reviewers that met a certain criterion.
Results show that the method proposed is able to generate useful and meaningful
explanations on why a certain item were recommended to a certain user and is
able to outperform the state of the art at the time of their contribution.

A memory-based XRL method was proposed in [47], where state transitions
towards a goal Nt are stored in memory to be explained via Why and Why
not questions. This process saves the transitions from one state to another
in a list TList and each time the agents reaches a final state the probability
Ps ← Ts/Tt is computed, where Tt is the total number of transitions and Ts is a
success sequence. The methodology was tested in a grid world with two variants:
bounded and unbounded. Explanations are given in terms of probability instead
of direct q-values. Why and Why not questions are generated, for each action
in a given state, based on the probability of reaching a successful goal starting
from that state. This study, however, does not present a user test scenario and
doesn’t go beyond simply translating the Q-values of the agent into sentences
which express the probability of choosing a given action in a given state. In
addition to that, experiments are done in a simple 3x4 grid world and are, thus,
far from being suitable to real-world more complex applications.

A work for more interpretability of agents is [6] in which policies of agents
summarization in order to introduce more transparency of agents’ behavior is
discussed. The key components of this concept are: intelligent state extraction,
world state representation and strategy summary interface. The first step of
intelligent state extraction is obtained through selecting a set of state-action
pairs T and a limited budget k such that |T | = k could also be included or
not. The procedure called HIGHLIGHTS, formerly introduced in [5], can have
two directions in generating summaries of policies such as by means of interest,
based on policy reconstruction accuracy or via Peer-Designed Agents (PDAs)
[175]. World state representation is highly dependent on the application do-
main and could vary based on the users expectations and knowledge. Lastly,
authors present three main considerations around strategy summarization which
include summary presentation, user-guide exploration of agents’ strategies and
understanding users’ extrapolation from summaries. Evaluation criteria are also
discussed where authors take into account evaluation domains, users and tasks
characteristics and evaluation metrics.

Another view for the high-level explanations of inner mechanisms of NNs,
specifically RNNs, applied to RL is [135], where the authors built a Moore
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Machine Network (MMN) in order to explain hidden features of the network
by means of finite state machines. The idea is to obtain a Quantized Bottle-
neck Network (QBN) that consumes quantized features and maintains quan-
tized states and could be, thus, associated to a MMN. Functionally, QBNs
are identical to autoencoders except for the latent representations which is not
used, as for autoencodeers, for dimensionality reduction but for quantization
of the activation layers instead. To quantize the encoding, the QBN processes
b(x) = D(quantize(E(x))), where E is the multilayer encoder which maps in-
puts x to the latent representation E(x), D is a multilayer decoder and b(x) is
the final output. The outputs of E(x) are assumed to be in the set {−1, 0, 1}
with an activaction function of the form ϕ(x) = 1.5 tanh(x) + 0.5 tanh(3x), a
flatter version in the region around input zero of the classical tanh function.
The process then maps two QBNs bf and bh to the F and H, sets of observa-
tion features and hidden states of the RNN respsectively. The resulting net is
one where the tuples (ot, ft, ht) are represented by a quantized version of the
features and states by a QBN and thus can be viewed as a MMN. Experiments
were done in various environment such as Mode Counter Environments (MCEs),
a restricted version of POMDPs, Tomita Grammars, a popular benchmark for
Finite State Machines (FSMs) and OpenAI Gym’s Atari games. Explainabil-
ity is given in forms of minimized Moore Machines obtained from the MMNs
and can effectively reduce the number of features and observation states that a
QBN processes. The outputted MMs representation are indeed more readable
than direct policy rollout but, as the authors state however, this work is not
intended to provide a full interpretation model in a primitive and minimal way
to laypeople.

Early stages of explanations were provided in works such as [55], which aimed
to find a correlation between explanations and RL. In their work, the authors
outline the similarity of Explanation-Based Learning (EBL) and RL through
simple grid-world problems and highlighted the possibility of linking framework
such as Dynamic Programming (DP), by focusing on explanations, to RL. The
work proposed also algorithms to solve such problems and comparisons were
made in order to make better distinction between the two fields which might
have been points in common.

Works such as [62] focus their attention on explaining factored MDPs by
finding the most relevant variable in the policy. The work proposed two heuris-
tic rules of finding a relevant variable, one based on utility and one based on the
policy itself. The first on can be denoted by relVs (Xi) = maxs′∈neighxi

(s) V (s′)−
mins′∈neighxi

(s) V (s′), where neighxi
(s) is the set of states which have same val-

ues as s for all other variables Xj , j ̸= i; and a different value for Xi. The most
relevant variable is then found by XV

R = arg maxi(rel
V
s (X + i)),∀(i). The sec-

ond one is denoted by relAs (Xi) = #s′ : s′ ∈ neighxi(s) ∧ π∗(s) ̸= (s′), where
neighxi(s) is the same as before, π∗(s) is the optimal action for state s and π∗(s′)
is the action that the agent will take in other states such that s′ ∈ neighxi

(s).
The relevant variable is then found by computingXA

R = arg max(relAs (Xi)),∀(i).
The environment selected for experiments is the Intelligent Assistant for Oper-
ator Training (IAOT) [61], where the explanations generated by selecting the
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most relevant variable for all the possible states are compared with those given
by a domain expert.

In [262], Relational Forward Models (RFMs) are used in the context of
MARL to introduce better interpretability. This method is based on Graph
Networks (GNs) and is trained in a supervised fashion in order to be able to
predict inner mechanisms of multi-agent systems. The input is a description of
the state s of the environment and can output both a single action prediction
for each agent or a prediction of the joint action of all the agents. RFM allows
the agents to capture the information about the joint dynamics of the system
and aids to speed up agents’ learning. Agents are evaluated on three games of
coop navigation, stag hunt and coin game. Introduced transparency is made
by means of the RFM module which highlights behavioral trajectories of the
agents and making them able to be analyzed in terms of social interactions.

Another concept brought to RL explainability is abstract Boolean algebra
[196], where agents learn to optimize their behaviour in given environments and
can be expressed under Boolean algebra. The work in [196] describes both the
Boolean algebra for specific tasks and for value functions and the equivalency
between the two. Starting from the base tasks, these are composed to form and
solve tasks of higher complexity under Boolean algebra with the usual operators
∧,∨ and ¬. Experiments were done in a gridworld videogame environment and
show that the agent is able to correctly optimize its behaviour toward a given
goal and the explanations are given in forms of Boolean expressions.

The authors in [98, 99] propose a mix of Genetic Programming (GP) and
RL which is called Genetic Programming Reinforcement Learning (GPRL). The
most common high-leven approach of GP to RL is used here by means of inter-
preting the agents’ policies. To do so, the authors implemented a Genetic Algo-
rithm (GA) that has the common characteristics of GP like crossover, mutation,
fitness function and selection but prioritized clarity of explanations. Explana-
tions, here, are given in form of simple algebraic equations that can explain
actions undertaken by the agent under certain circumstances. To favor simpler
expressions, weights were given to each operator of the expressions as to keep
the notations as clear and simple as possible while providing good insights for
agent’s reasoning. Due to the fact that this work is oriented towards applying
RL policies to industrial applications (such as wind turbines), off-line learning
is preferred as it is more suitable to such scenarios as training on-line RL algo-
rithms that might initially fail to correctly explore the right policy is prohibitive.
The learning is done on an off-line real-word complex scenario with a dataset
composed of transition tuples of the form (s, a, s′, r), where s, a, s′, r are the
same as in the usual RL notation. The agent’s policy is approximated by a
NN and trained via Monte Carlo updates. Three test scenarios were utilized
as benchmarks: mountain cart, cart pole and a real-world application. The
real world application is one where only partial observability is possible and the
state action is continuous: the Industrial Benchmark (IB) 2. Explanations were
given for different level of complexities and authors claim that policies expressed

2https://github.com/siemens/industrialbenchmark

https://github.com/siemens/industrialbenchmark
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by algebraic equations are, generally, more readable and interpretable. Human
case tests, however, were not given in such a study to fully comprehend how
better interpretability this method gives to HMM and RL models.

The approach in [321] presented a hierarchical RL methodology based on
Graph Deep Q-Networks (GDQNs) to introduce better interpretability. The
work is structured to compute a sample-balanced deep SHAP value called
sample-balanced deep shapley additive explanation (SE-DSHAP) that ranks each
contribution of features of a model Φ, thus giving an explanations based on the
subgraphs GBS (vi) = (XS ,ES), where XS and ES are, respectively, the feature
and adjacency matrices related to the subgraph and B is a positive integer.
The methodology is tested in two active power correction control systems and
are evaluated on the explanations graphs generated that could help human op-
erators to better understand the inner working of the decision-making system.

2.2 Applications of XRL

Works that are accounted here as methodologies that address at practical and
employed applications were grouped in this section in order to better represent
potential XRL outcomes for real-world problems, as well as to overview its ap-
plications. Indeed, even if the methodologies proposed also lie in some of the
categories presented in the previous section, as per the nature of the techniques
applied, it seems more reasonable and natural to group them in a dedicated sec-
tion. Principal applications of XRL methods are: robotics and Human-Robot
Interaction (HRI), autonomous agents and self-driving vehicles, healthcare, fi-
nance and videogames (and simulated environments). The proposed clusters of
applications that are here introduces are represented in Fig. 2.4, collected in
Tab. 2.2 and further discussed in the following subsections.

Application Papers
Human-Robot Interaction (HRI) [232], [159], [29], [8], [176], [294],

[295], [261], [96], [111], [74], [198],
[110]

Autonomous Vehicles [131], [132], [32], [204]
Healthcare [242], [108], [40], [275]
Finance [33], [140]

Table 2.2: Applications categories and papers included in each category.

2.2.1 Human-Robot Interaction (HRI)

XAI for HRI has been applied widely in the literature as per the current day [232,
159] with various methods [29] and various degree of trust and explanations [8,
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Figure 2.4: Applications of XRL represented as a bubble chart. Each bubble is
a different application (size roughly represents the applications of XRL in the
related field, the bigger the higher studies conducted). Elements contained in
other circles represent subsets of applications. Many applications share method-
ologies with others and are represented as union of sets.

159]. One of the most common applications in XRL is indeed HRI, where agents
represent the forms of robot and interact either in a simulated environment
through human guide or directly with human subjects. Furthermore, trust and
transparency are a required prerequisite in this field [29] and, consequently, a
substantial subset of research has been put forward in HRI [232].

The work presented in [176] was oriented towards increasing the transparency
of a human-like robot throught the use of emotional analysis and RL. Few tests
using the iCub robot 3 were made to assess whether the 23 participants liked
most between different emotional responses. Overall, the participant perceived
that a response similar to that of a human was more likable.

Authors in works such as [294, 295] applied decision-theoretic planning and
recursive modeling to a Human-Robot Interaction (HRI) scenario modelled as

3https://icub.iit.it/

https://icub.iit.it/
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a POMDP and point out why explanations are important in such field. The
environment used for this work is a simulation environment called PsychSim 4

where a robot and a human agent, must cooperate in a reconnaissance task.
The task consists in exploring different places and mark them as safe or not safe
based on the likelihood of the current observation of the environment. The robot
should make assumptions to make the human explore some place based on its
current beliefs. Beliefs are made using sensors and giving a certain probability
of getting false negatives and false positives. There is a considerable negative
reward if the place is marked as safe while being not safe as the human can decide
to wear protective equipment or not. If, for instance, the human decides not
to wear protective gear and enters an unsafe zone it dies and the simulation is
started over. In order to generate explanations in a NLP fashion, templates were
used in natural language in order to provide humans with explanations regarding
the robot’s beliefs. Multiple factors built together the 2x4 design of the test,
being ability (high or low) and explanation (four levels). The ability factor is
referred to the correctness of the robot (high:100%, low: faulty camera) whereas
the explanation factor could be either no explanation, explanation of two sensor
readings, explanation of three sensor readings, and confidence-level explanation.
Human users tests were made comprising of 220 participants from the USA
from Amazon Mechanical Turk. This study’s results highlight the link between
explanations, trust, and the perceived value of explanations. A limitation in
this study is that participants’ understanding of the robot’s decisions is self-
reported, leaving uncertainty about their actual comprehension. Additionally,
the measures in this study are aggregated from participants’ responses after
each of the 3 missions, posing another limitation.

Another application of XRL to HRI is [261] in which a Reward Augmentation
Repair through Exploration (RARE) was presented. The framwework uses, in
a POMDP environment, a family of Hidden Markov Models (HMM) to interact
with a human collaborator. The steps needed to obtain such a goal are basically
three: estimation of reward comprehension, which is needed to extract relevant
features about the world and the reward signal; collaborative task execution and
reward repair, that augments a POMDP with RARE components; explanation
generation, that allows an agent to give an estimate of the human collaborator’s
reward function during the execution of the joint task. The environment given is
a colored augmented Sudoku game in which the human agent has the possibility
to make mistakes and the robot, in such case, gives suggestions to the human.
Two versions of the robot were given, one with no explanation and one with
minimal justification of which constraints of the game will be violated. The
authors claim that the explanations given by the second robot was objectively
perceived better. However, no further details were provided, the number of
participants was not given, no further mentions of how the results were obtained
and no explanation of how the tests were done was given.

The application in [96] attempts to solve policy explanation of autonomous
robots in an NLP fashion. The process provides few steps on composing the

4https://github.com/pynadath/psychsim
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explanations such as the composition of multiple functions through f = C s ◦
S a ◦R s ◦ I q. First, a query is transformed to a relevant set of states through
the use of Identify question (I q) and Resolve states (R s) functions, where
the text input of the query is mapped to a template and then it is resolved
to a set of states. Then, Summarize attributes(S a) and Compose summary
(C s) functions are used to summarize the relevant attributes of the states
and translated to a language comprehensible by the interaction partner. The
module that helps converting attributes to natural language and vice versa is
that of a STRIPS-style [69] boolean classifier. In order to ground explanations,
the authors apply their methodology to a scenario where an industrial robot is
asked to inspect parts of a conveyor belt while being fed by a stock feed signal.
Queries are expressed in the form of ”When [do — will] you action?” when the
agent is queried to explain its behavior and in the form of ”Why [didn’t —
aren’t] you action?” when the agent is queries to explain differences between
expected and observed behaviors. Three case studies were provided, namely a
delivery task, an inspection task and a stabilization task (CartPole). Although
making the agents more transparent, this work is more focused on a task of
debugging the agent code-wise (as the framing in the paper among the state of
the art implies) rather than testing if the explanations make the user more at
comfort with the agent. Even if the resulting explanations are generated with
NLP, the usual queries and responses are parsed and generated through the use
of templates and the scenarios adopted are generally simple in the state space.
The work, however, is indeed interesting and could lie the base of future work
applied to more complex scenarios and with additional components that could
further improve the quality of explanations.

Another application of HRI is [111] in which a simulation of self-driving
robot is made it communicate with an human user in an Inverse Reinforcement
Learning (IRL) manner. The overall approach of the robot learning how humans
make their inferences translates into solving an optimization model via Bayesian
inference as: P (θ|ξθ∗E1:n

) ∝ P (ξθ
∗

E1:n
|θ) = P (θ)

∏n
i=1 P (ξθ

∗

E1:n
|θ), where ξθ

∗

E1:n
is a

robot’s trajectory given some weights of reward function’s features θ∗ and the
environment E and θ are the parameters of the objective function.

The work in [74] extended the idea borrowed from the field of Interactive
Reinforcement Learning [267] agents towards explanations by presenting the
method of Instruction-based Behavior Explanation (IBE). Explanations through
IBE are constructed by estimating the changes in the environment states w.r.t.
the agent’s policy and are obtained by computing ∆st = st+n− st and by map-
ping the agent’s behavior to the explanation signal. The latter step is done by
a function f : ∆s→ m where m is an expression to explain agent’s actions. Ex-
planations is given in clusters (m1,m2, ...,mk) obtained by dividing the sets of
∆s into clusters C1, C2, ..., Ck and by computing f(∆st) = mi(∆s ∈ Ci). Ex-
pected values of the instructions M∗i are calculated with ei = E[m∗|m∗ ∈M∗i]
and by normalizing ei between the clusters to be |mi|. Efficacy of the proposed
methodology is tested in the lunar lander environment and nine male students
aged between 21 and 28 who have never played the game before were given
the IBE explanations. Results don’t show noticeable evidence of benefits intro-
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duced by IBE as: 1) the environment tested has both a low state space and
is still considered a toy scenario that doesn’t represent complex real-world sys-
tems; 2) the number of participants is both not adequate and not meaningful
to the explainability as a whole; 3) results are not clear on how the experiments
were made, how the explanations were generated and what effects are obtained
through the use of IBE. In conclusion, no assessment could be made on whether
this methodology is beneficial for the generation of meaningful real-world ex-
planations of RL agents towards an audience of both experts and non-experts
users.

Another application of HRI is in [111] in which a variant of the Inverse Rein-
forcement Learning (IRL) [198] algorithm is applied to robots enabling them to
communicate their objectives. Robot’s objectives are represented as linear com-
binations of features: Rθ∗(st, at, st+1;E) = θ∗Tϕ(st, at, st+1;E), where θ∗ are
the weights of the features, E is the environment descriptions and at, st are the
usual state and action as in the RL definition. The trajectories are then defined
as ξθE = arg maxξE∈ΞE

θTϕ(ξE), where ϕ(ξE) =
∑T−1
t=0 γtϕ(st, at, st+1;E), ΞE

refers to all the possible trajectories in E and γ is the discount factor between
0 and 1. The simulated environment is that of self-driving car in which an au-
tonomous car and a non-autonomous car are present. Tests aim at developing
approximate-inference models of users’ behaviours in predicting how of one of
the cars will bact in the environment. Various user studies are indeed provided
in which exact-inference IRL is evaluated against approximate-inference IRL
models. The utility of algorithmic teaching is then evaluated where coverage,
analysed by providing actual behaviour samples that users can see, is generally
perceived as a better component. The number of participants varies depend-
ing on the user study, whether was baselining the performances, evaluate the
utility of algorithmic teaching or analyzing the utility of coverage. The work
doesn’t provide, however, visual or technical examples for the intepretability
value generated by using such an approach.

Another application of HRI is in [110], where explanations are built upon
computing the critical states of the agents by means of maximum-entropy RL.
Such states are either policy-based or value-based, depending on the heuristic
selected by the explanation generation mechanism. A definition of the set of
critical states Cπ for a stochastic policy π could then be: Cπ = {s|H(π(·|s)) <
t}, where H(π(·|s)) is the definition of entropy of the policy’s output action
distribution at state s and t ∈ R is a certain threshold for it to be considered
critical. The value-based case is similar but with a different definition; that is:
Cπ = {s|(maxaQ

π(s, a) − 1
|A|

∑
aQ

π(s, a)) > t}. A user study was conducted

by the authors in which 72 participants recruited via Amazon Mechanical Turk
rate the level of control they perceive when critical states are provided. No
further conclusions are drawn after the discussion of the value that highlighting
critical states gives and the limits this work has to face.
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2.2.2 Autonomous Vehicles

XRL plays a crucial role in enhancing the safety, transparency, and trustworthi-
ness of autonomous vehicles. By providing human-understandable explanations
for the decision-making process, XRL enables stakeholders, such as develop-
ers, regulators, and end-users, to gain insights into how the self-driving vehicles
operate in multiple scenarios [131]. Key applications of XRL in self-driving ve-
hicles include safety and reliability improvement, human-machine collaboration,
regulatory compliance, anomaly detection and diagnosis, end-user acceptance,
transfer learning and many others.

XRL can be used to develop autonomous vehicle systems that can explain
why they made certain decisions during critical situations. This is particularly
important for debugging and ensuring that the system follows safety guidelines
and adheres to ethical principles. For example, the effort devoted in [132] was
employed towards explaining agent’s decisions that represent attentions to visual
stimuli in order to get better insight and debug agent’s perceptions.

XRL can facilitate better interaction between the vehicle and its human pas-
sengers or operators. By providing explanations for its decisions, the vehicle can
build trust with its users and enable a more natural and cooperative relationship
[32]. Furthermore, autonomous vehicles are subject to stringent regulations to
ensure public safety. By adopting XRL, developers can provide interpretable
evidence to regulators, demonstrating that their system complies with safety
standards and explaining how it handles potential edge cases.

Predictive control as a form of explanation is given in [204], where au-
tonomous driving agents act in few simulated environments. In particular,
Semantic Predictive Control (SPC) is used in order to provide a form of in-
herent explainabiliity by highlighting future predictions of the evolution of the
environment by the agents.

XRL can assist in detecting and diagnosing abnormal behavior in an au-
tonomous vehicle systems. If the system deviates from expected norms, it can
provide explanations for its actions, helping developers understand potential
faults and improve system robustness. With complex models like RL agents,
it can be challenging to pinpoint issues and understand why certain behaviors
occur. XRL could assist developers in validating the models, identify potential
biases, and uncover unintended consequences. What is best is that XRL can
be easily deployed to generate explanations in simulation environments, allow-
ing developers to examine and understand the behavior of autonomous vehicles
in various scenarios without real-world risks. Finally, explanations can facili-
tate knowledge sharing across different autonomous vehicle systems and insights
gained from one model can be transferred and utilized in the development of
other systems, leading to improved overall performance and efficiency.

2.2.3 Healthcare

XRL in healthcare aims at introducing transparency, interpretability, and safety
in healthcare treatments and building trust in patients. By providing human-
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understandable explanations for the actions and decisions of AI models, XRL
can significantly impact various areas of healthcare [242]. It is, however, more
widespread among XAI [315] rather than XRL per se as a general approach
given the fact that self-supervised or semi-supervised learners are difficult to
employ in those tasks. Nevertheless, XRL offers opportunities of development
in this field, when applicable, and applications to healthcare could be further
expanded.

One example of clinical decision support is [108], that uses Fuzzy Logic
Controller (FLC) rules. The algorithm proposed, the Temporal Granule Pat-
tern (TGP) mining, aims at increasing interpretability of FLC rules further
adopting a deep RL framing. XRLcan be used, indeed, to develop models that
provide explanations for their treatment recommendations, aiding healthcare
professionals in understanding the reasoning behind the suggested course of
action.

Another example is [40], in which contrastive explanations are generated and
applied to common healthcare datasets. This exploits personalized treatment
plans in which XRL can assist in explaining the reasons behind personalized
treatment for individual patients. This can help patients and their families com-
prehend the rationale behind specific interventions and foster greater adherence
to treatment regimens. In particular, this approach generates counterfactual
examples via DRL with discrete-continuous hybrid action space.

Other methods of XRL, among others, could offer the opportunities of dis-
ease diagnosis and prediction, drug discovery and development, monitoring and
anomaly detection and many more. By generating explanations for model pre-
dictions, clinicians can gain insights into the contributing factors and markers
used by the system, potentially aiding in early diagnosis and intervention. In
addition, XRL can be utilized to create AI models that explain the effects of
potential drug candidates on biological systems.

For example, in [275], XRL methodologies are applied for data collected
in the Intensive Care Unit (ICU). Given that the problem addressed in this
work is partially observable, RL comes as a great candidate and also particular
attention was given to the interpretability of the method. Indeed, RL can enable
AI models to explain the factors contributing to a patient’s risk of developing
specific conditions or complications. This information can support clinicians in
designing targeted preventive strategies and interventions.

Furthermore, another possibility is to build regulatory compliance and ethics.
In the healthcare domain, interpretability is crucial for ensuring that AI models
meet regulatory requirements and ethical standards. This could build trustu
also for medical personnel as XRL can aid in medical education by provid-
ing detailed explanations of AI-generated diagnoses and treatment plans as in
[275]. In addition, by providing transparent explanations for AI-driven medical
decisions, XRL can enhance public understanding and acceptance of AI tech-
nologies in healthcare. This can reduce skepticism and improve the adoption of
AI solutions for medical applications.
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2.2.4 Finance

XRL in finance refers to the application of RL techniques in the financial do-
main while ensuring that the decision-making process of the RL algorithm is
transparent and interpretable. The need for explainability in finance arises from
regulatory requirements, risk management, and the desire to build trust with
stakeholders. In many financial applications, stakeholders want to understand
why a particular decision was made, what factors influenced the decision, and
how the model arrived at a specific conclusion. This understanding is crucial
for risk assessment, compliance, and improving the model’s performance over
time [33].

Unfortunately, only few examples are available in the current XRL literature
as the field of application of finance is not as trivial as it might at a first glance
seem as it poses problems of economic nature and intrinsic high unpredictability.
This hinders the general use of RL techniques as high uncertainty environments
very often introduce non-stationarity of MDP processes. Nonetheless, examples
such as [140], show that XRL can be a valuable tool for interpretable financial
AI models. In their work, the approach used is through the use of a DQN. Then,
a SHapley Additive exPlanation (SHAP) approach was introduced where single
features are weighted and added together according to the following equation:

ϕj(N) =
∑

S⊂N\{i}

|S|!(|N | − |S| − 1)!

|N |!
(v(S ∪ {i})− v(S)),

where S is the subset containing the features used by the model, N is a set
containing all the possible permutations of various features, v(S) is a given pre-
diction for a small feature value in S, compared to features not in S. Similarly
to other approaches that use Shapley values, the explanations are generated
in a contrastive fashion through the elaboration of features of reward signals.
The dataset used for the experiments are 2 stock market (SENSEX and DJIA)
comprising 30 companies trading in such markets. Thus, determining the im-
portance of different features or inputs to the RL model can provide insights into
which factors have the most significant impact on the decision-making process.

Thus, XRL could aid in explaining the entire model’s behavior, local expla-
nations focus on explaining the model’s decisions for a specific instance or a small
set of instances. Furthermore, representing the agent’s decision-making process
through visualizations, such as heatmaps or saliency maps, can help stakehold-
ers grasp the model’s behavior more intuitively. Simulating the model’s behav-
ior in different scenarios and comparing the results with actual historical data
can provide a clearer understanding of the model’s strengths and limitations.
Overall, the field of XRL in finance is still a prosperous area of research and
development, driven by the need to build trustworthy AI systems and ensure
transparency in decision-making in critical financial domains.
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2.2.5 Entertainment

Entertainment and, in particular, videogames are amongst the most common
fields of application of both RL and XRL as they come in handy in exper-
iment testing, benchmarking and reproducibility. It is worth mentioning, in
this section, that videogames are a common category of application both for
RL and, consequently, for XRL. Many of the papers in videogame applications
were already included in the categories cited above and were thus classified as
methodologies but the same still applies for the section of applications per se.
Indeed, the interactive and real-time nature of videogames provide a dynamic
environment where RL agents can make decisions in real-time and in contin-
uously evolving scenarios. This real-time aspect allows players to observe RL
agents’ actions and outcomes immediately, making it easier to assess and eval-
uate the AI’s behavior. The vast majority of works in XRL are divided into
several environments such as OpenAI Gym [27], StarCraft II [284], simulated
gridworlds or, most commonly, Atari Videogames [199, 112, 309, 188].

So much so that videogames are prominent in XRL as come in handy as a toy
scenario and because, after the advent of advances in DRL in environments such
as Atari games, potiential of RL turned out to be quite successful. As it came
natural, a widespread testbed for RL algorithms was then adopted afterwards
by XRL practitioners and a vast majority of XRL applications were employed
in such scenarios. This, however, poses a limit for the actual benefit users
could obtain from XRL methodologies as videogames are complex but distant
environments compared to real-world applications that use sensors (autonomous
vehicles), day-to-day machinery and equipment. There is a need, though, to
thrive the research forward by applying methods that were used in videogames
to actual XRL problems in order to better assess its utility in more practical
applications.

Furthermore, videogames offer engaging and challenging scenarios that can
serve as valuable testbeds for XRL research and development. Researchers can
design diverse game environments to study the impact of explainability tech-
niques on agents’ performances and player experiences. Videogames have a vast
and diverse user base, making it an area of significant interest to both researchers
and the gaming industry. Applying XRL in video games can attract attention
and promote the understanding and adoption of explainable AI methods.

Video games can be also used for educational purposes, and XRL can en-
hance the learning experience. By providing comprehensible explanations for
agents’ actions, players can learn strategies and tactics, which can be valu-
able for educational or training in games. Lastly, game developers often need
to fine-tune AI behavior to create challenging and enjoyable gameplay expe-
riences. XRL can help videogame industry protagonists understand AI agent
decisions and improve their performance, leading to more compelling games,
such as AlphaStar by OpenAI [283].



2.3. CURRENT LIMITATIONS AND OPEN CHALLENGES 63

2.3 Current Limitations and Open Challenges

After exposing the numerous and undoubtful opportunities offered by XRL,
an insight of the limitations of the current technologies and of the still open
challenges will now be presented. A graphical overview that summarizes the
topic of this section is reported in Fig. 2.5. Then, each single aspect is listed
and explained in the following subsections.

Figure 2.5: Open challenges and limitations of the field of XRL presented in
this work.

Interpretability-Performance Trade-off. Often, increasing the inter-
pretability of a learning system can come at the cost of reduced performance.
Highly interpretable models may not achieve the same level of complexity and
optimization as their black-box counterparts. Indeed, there is a tangible degree
of agreement that this trade-off exists to an extent where both simplicity and
model explainability cannot be obtained jointly [18]. This is because, in order
to obtain better transparency, the models and methods must shrink in terms of
complexity of behaviours and, as such, represent simpler approximations of the
original models [24]. Works such as [172] and [244], however, suggest that main-
taining simpler methods can overcome this limitation of performance-readability
trade-off in order to retain transparency. On the other hand, there are ongoing
arguments where this phenomenon might be a false myth in fields such as ML
[226], where athe authors discourage the use of explanations mechanisms, or in
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specific RL tasks such as 2D mazes [173], where the authors claim that there is
no accuracy-interpretability trade-off for such problems. As a consequence, it is
still an open question whether there exists an interpretablity-performance trade-
off in general XRL applications as well, and whether it exists and, thus, that
it is recommended to develop a-priori interpretable models in place of post-hoc
interpretations [289].

Complexity and Scalability. Developing effective XRL methods can be
challenging due to the inherent complexity of the initial problems. Indeed, as
[211] argues, the problem of obtaining interpretable MDPs policies could be a
NP-Hard problem. In such a study, the problem of dynamic customer segment
recommendations is addressed and interpretable policies are derived by using
Mixed Integer Nonlinear Programming and McCormick inequalities. However,
the authors show that, in order to maintain the policy transparent and inter-
pretable, the number of binary variables grows exponentially with the number of
recommended products. Thus, apart from cases of strict intractability, obtain-
ing full interpretability might introduce computational issues and practically
inaccessible requirements. Also, even if a boundary between complexity and
interpretability exists, precisely defining it remains an open question that needs
further investigation. A plausible solution that have been proposed, is to ad-
dress scalable problems with simpler models [84], but such an approach doesn’t
address scenarios where dimensionality introduces intractability. In order to
ascertain if this boundary constitutes an upper limitation or it could be in any
way solvable is a current open challenge in XRL.

Real-World Problems. There is a need for XRL to face real-world prob-
lems as it is often utilized to solve toy problems or too simplistic scenarios to be
of practical advantage. This usually obfuscates the true capability of generating
explanations to non-experts in complex real-word applications and, thus, hin-
ders its real pragmatic and theoretical value [181, 102]. This is due to the natural
complexity that real-world applications have and, consequently, the XRL algo-
rithms employed for simple environments, such as gridworlds, videogames, etc.,
cannot be applied to complex environments. As also discussed above, in the
literature, whether certain degrees of complexity are achievable or not is still an
open problem. For instance, papers such as [79] argue that there is a false hope
behind scaling explainability in fields like healthcare. Nontheless, to establish
more evidence, future research directions of XRL should indeed focus more on
problems that are relevant from a real-world standpoint and could develop real
XRL framework despite the level of complexity proposed.

Formal verification. Formal verification is the process of obtaining a cer-
tification of expected or unexpected state transitions in the state space that
could enhance the safety and trustworthiness of RL paradigms through a rigor-
ous mathematical framework [126]. One example of formal verification is given
in [127], where a framework called Verily considers the space of all possible
states in the environment. Other examples such as [127] and [324, 19] pro-
pose formal frameworks for verifying NNs and DNNs systems in the context
of RL. In [127], verification is done through the concepts of good or bad states
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and through a liveness metric defined as ∃x1, ..., xn s.t. I(x1) ∧ (
∧k−1
i=1 xi+1 ∈

ϵ(xi)) ∧ (
∧k
i=1 ¬G(xi)) ∧ (

∧k−1
i=1 xk = xi), where ϵ(x) is the set of all possible

states reachable from x in a timestep, G(x) is a given predicate and I(x) is a
predicate that is true iff x is a possible initial state of the system. The process
of obtaining a formal proof of a model’s behaviour is a predominant problem
as it can provide and irrefutable statement about its decisions. This allows
the model to obtain better transparency and, as a direct consequence, better
interpretability.

While the issue of obtaining formal verification is still discussed in the lit-
erature, it becomes of paramount importance in tasks such as safe RL, that is
obtaining RL systems that account human safety constraints. Some works such
as [125] argue that the problem of safe systems through DNNs verification is
NP-complete. Furthermore, the concept of safe RL poses inherent challenges
and limitations, as per [76, 164] and [75, 120], but nonetheless safe RL frame-
works could greatly benefit from formal verification processes. It remains to
date an open challenge where its tractability could also be limited by the inner
nature of the problems and, as such, further research must be done in order to
better assess established evidence.
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Chapter 3

Related Work

Recent studies have explored the use of RL and Deep RL (DRL) in T1DM. RL
has emerged as a promising methodology for adaptive clinical decision-making.
By framing medical interventions as sequential decision processes, RL offers
the ability to optimize long-term outcomes in dynamic and uncertain environ-
ments. These characteristics make RL attractive in healthcare contexts where
treatments must be personalized, responsive to evolving patient states, and
robust to variability in outcomes. However, despite significant progress in ap-
plying RL across critical care, oncology, and chronic disease management, two
central challenges remain unresolved: safety and interpretability. Without ro-
bust safeguards and transparent reasoning, RL models risk reinforcing biases,
producing unsafe recommendations, and alienating clinicians and patients who
must ultimately trust these systems.

In this chapter, I review existing works relevant to my research on explain-
able reinforcement learning (XRL) for Type 1 diabetes management. The liter-
ature is clustered into five thematic groups: (i) reinforcement learning in clinical
decision-making, (ii) causal and personalized treatment regimes, (iii) RL in digi-
tal health and diabetes management, (iv) theoretical/model-based RL advances,
and (v) reviews and surveys. For each group, I summarize representative stud-
ies, extract key insights, and highlight their limitations relative to my focus on
chronic disease explainability. It is evident, from current literature, that this
approach is indeed interesting and successful.

3.0.1 Reinforcement Learning in Clinical Decision-Making

The majority of early RL applications in medicine emerged in acute care envi-
ronments, such as intensive care units (ICUs), where decisions must be made
quickly, stakes are high, and rich longitudinal data from electronic health records
(EHRs) are available. These settings are ideal testbeds for RL because interven-
tions can be framed as MDPs: the patient’s physiological state evolves over time,
clinicians take actions (e.g., adjusting ventilator settings, administering fluids),
and outcomes can be measured over episodes of care. In [156], Liu and colleagues

67
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focus on sepsis, a life-threatening condition with high variability in presentation
and treatment response. Using offline RL methods, they propose uncertainty
quantification mechanisms to assess the reliability of learned treatment strate-
gies. Importantly, they address the problem of structural bias in RL models,
where aggressive interventions appear statistically linked to poor outcomes due
to confounding by indication. By applying subspace learning, they attempt to
disentangle true causal effects from artifacts of observational data. Significance:
This study represents a step toward trustworthy RL in medicine, as it acknowl-
edges the importance of uncertainty in policy recommendations. Without such
mechanisms, RL risks overconfidence in spurious policies. Contrast : This work
addresses a different axis of trust. While [156] mitigate uncertainty, they do
not make policies interpretable to end-users. In T1DM, patients must not only
trust that recommendations are safe but also understand why particular insulin
dosing adjustments are made. Thus, I position explainability as complementary
to uncertainty quantification.

Another approach is given in [314], where Yu and colleagues use Inverse RL
(IRL) to infer reward functions from observed clinical behavior in intensive care
unit settings. By analyzing ventilation and sedation strategies, the system at-
tempts to replicate the implicit expertise embedded in clinician decisions. The
advantage of IRL is its ability to model complex decision-making without ex-
plicit specification of reward functions, which are often difficult to design in
healthcare contexts. Significance: IRL highlights the potential of learning from
expert demonstrations, especially in domains where clinician intuition and tacit
knowledge are critical. Contrast : IRL serves as a black-box inference mech-
anism. It uncovers hidden reward structures but does not inherently provide
explanations. My XRL approach instead seeks to explicitly communicate deci-
sion rationales, bridging the interpretability gap that [314] leave unaddressed.

The study included in [141] proposes an RL-based method for personal-
ized treatment optimization, with emphasis on patient trajectory modeling and
adaptive decision-support. It leverages electronic health records to train RL
policies while employing safety constraints. This paper is indeed highly rele-
vant in terms of literature contribution to the adoption of RL in healthcare. It
demonstrates how RL can learn treatment strategies from historical data, sim-
ilar in spirit to the approach proposed in this work. However, it lacks a focus
on explainability. My work innovates by integrating XRL, giving patients and
clinicians interpretable feedback about policy decisions in T1DM.

Conversely, in [118], the authors synthesize RL’s potential in medicine for a
clinical audience. It outlines basic RL concepts, provides examples of medical
applications, and, most importantly, identifies barriers to clinical translation:
data scarcity, safety, fairness, and interpretability. Significance: The article has
pedagogical value but also highlights interpretability as a major stumbling block.
Without transparency, RL risks being dismissed as a “black-box” tool ill-suited
for clinical workflows. Contrast : This contribution directly operationalizes this
insight by embedding explainability mechanisms within the RL framework for
T1DM, translating a recognized challenge into a concrete design principle.
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3.0.2 Causal and Personalized Treatment Regimes

Chronic disease management often requires multi-stage, long-term decision-
making. Dynamic treatment regimes (DTRs) formalize this process, specifying
treatment decisions at each stage based on patient history and evolving state.
RL is a natural fit, but causal reasoning is necessary to avoid biases and ensure
generalizability.

In this regard, [320] introduces causal reinforcement learning methods tai-
lored to DTRs. By leveraging causal graphs, the approach ensures that policies
respect underlying causal structures, avoiding spurious associations. The pro-
posed algorithms, OFU-DTR and PS-DTR, achieve improved regret bounds
by explicitly incorporating causal information. Significance: This represents
a major methodological advance, merging causal inference and RL to improve
both sample efficiency and policy robustness. Contrast : My approach shares
[320] commitment to personalization but differs in two respects: (i) the author’s
work remains largely theoretical, whereas I apply XRL in a real-world clinical
domain; (ii) the author optimizes regret bounds, while I optimize explainability
as a design objective.

On the othre hand, studies like [22] develop causal Bayesian networks to
provide counterfactual explanations for cardiovascular risk in adolescent breast
cancer survivors. By modeling necessary and sufficient causes, the system gen-
erates human-interpretable explanations for risk assessments, supporting shared
decision-making. Significance: the authors demonstrate the utility of counter-
factual reasoning for medical explainability, showing how patients and clinicians
can engage with AI outputs in an interpretable way. Contrast : My approach
extends this logic to RL. Instead of providing explanations for static risk predic-
tions, I embed explainability in sequential treatment recommendations, thereby
addressing the dynamic complexity of T1DM.

3.0.3 RL in Digital Health and Diabetes-Oriented AI

T1DM has been a fertile ground for AI applications, particularly in glucose
prediction and automated insulin delivery. However, most systems prioritize
accuracy and automation, often neglecting explainability.

In [216], the authors review AI-driven approaches to T1D management, fo-
cusing on predictive glucose modeling and closed-loop insulin pumps. RL is
identified as a promising strategy for adaptive insulin dosing. Significance: The
paper highlights the technical feasibility of AI in T1D, setting the stage for RL-
driven innovations. Contrast : While automation is emphasized, patient com-
prehension is not. My XRL framework addresses this by ensuring that patients
understand and can trust automated insulin recommendations.

In [322], the study emphasizes safety in RL applications. Key risks include
policy misalignment, poor generalization, and vulnerability to data biases. Con-
trast : This work complements this perspective by addressing not just safety but
also interpretability, thereby tackling two of the main barriers to clinical adop-
tion simultaneously.
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Another study [138] explores safe DRL in therapeutics. This preprint pro-
poses mechanisms for embedding safety constraints in RL-driven digital thera-
peutics. Contrast : I share the concern for safety but add interpretability as a
fundamental design principle, particularly critical in patient-managed chronic
conditions.

3.0.4 Theoretical and Model-Based RL Advances

Although much of the healthcare-focused RL literature is application-oriented,
theoretical research provides the algorithmic backbone for safe, efficient, and
generalizable deployment. Model-based approaches, off-policy evaluation meth-
ods, and stochastic RL frameworks contribute to making RL applicable in noisy,
high-risk environments such as medicine.

The work proposed in [119], introduce an innovative RL method that oper-
ates in a continuous-time stochastic setting. Traditional RL assumes discrete-
time MDPs, but in healthcare many systems (e.g., blood glucose fluctuations,
hemodynamics) evolve continuously. The authors propose a nonparametric
smoothing method combined with temporal-difference learning to approximate
value functions when the underlying dynamics are governed by differential equa-
tions. Their framework accounts for noisy observations generated from stochas-
tic differential equations, making it theoretically well-suited to domains with
irregular sampling or noisy physiological data. This work contributes robust-
ness at the modeling level, showing that RL can be extended beyond simplis-
tic discrete approximations. For conditions like diabetes, where glucose levels
evolve continuously and monitoring signals are noisy, such theoretical innova-
tions are highly relevant. In contrast with this contribution,while they advance
the mathematical underpinnings of RL, they do not address patient-facing in-
terpretability. My approach applies RL to T1DM in a manner that explicitly
prioritizes explainability, bridging the gap between robust theoretical founda-
tions and human-centered applications.

Simlarly, the study [177] focuses on safe deployment of RL in digital health.
It proposes hybrid methods that combine model-based planning with model-free
RL to ensure safe and stable decision-making in uncertain clinical environments.
The authors of this work directly tackle the relevant implications of the emphasis
given on safety. The approach strengthens the methodological foundation that
this project builds on. The key difference, however, is that the paper prioritizes
algorithmic safety guarantees, while my contribution balances both safety and
explainability, making the approach clinically transparent for T1D patients and
providers.

Another work included in [162] represents a thorough exploration of how
reinforcement learning can be applied to optimize treatment strategies using
real-world hospital data. The study investigates different RL paradigms, includ-
ing value-based and policy-gradient methods, applied to retrospective patient
trajectories. Key contributions include:

� Algorithmic benchmarking: The thesis compares several RL algorithms
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on medical datasets, analyzing their performance in handling sparse and
delayed rewards—both common in healthcare scenarios.

� Handling observational bias: By carefully preprocessing and structuring
clinical data, the work highlights the challenges of confounding and treat-
ment assignment bias, an issue mirrored in many large-scale EHR studies.

� Evaluation frameworks: Since deploying RL directly in clinical environ-
ments is infeasible, the thesis dedicates attention to off-policy evaluation
(OPE), assessing how well RL models perform using historical patient
data without online experimentation.

This workprovides a detailed case study of RL in healthcare from a practical per-
spective, bridging the gap between theory and application. It demonstrates the
feasibility of RL for treatment optimization while also revealing critical obsta-
cles such as data bias, sample inefficiency, and evaluation complexity. However,
while the author emphasizes algorithmic benchmarking and evaluation strate-
gies, the thesis does not address interpretability or transparency. My work ex-
tends beyond algorithmic feasibility to propose explainable reinforcement learn-
ing for T1DM, directly tackling the interpretability and trust barriers that the
author acknowledges but does not solve.

Lastly, the work in [286] focuses on the reliability of evaluating RL poli-
cies without online deployment. They conduct an empirical study of off-policy
evaluation methods, benchmarking their ability to provide unbiased and low-
variance estimates of policy performance. Such methods are indispensable in
healthcare, where testing unverified RL policies on patients is unethical. While
these methodologies strengthen the safety of RL by ensuring that policies are
vetted before clinical use, my contribution lies in making RL understandable
rather than merely evaluatable.

3.0.5 Summaries and overviews

An overview of the various RL and DRL algorithms used in T1DM is included
in [265] and [312], where thorough comparisons of deep Q-learning studies in
the field is provided. The cited examples include the use of noisy DQN for
certain experiments and dueling DQN for others. The authors assess that such
architectures outperform the classical bolus treatment without DRL. Another
example is offline RL such as [63] and [64], where human feedback is used to ob-
tain flexible insulin dosages suited on given patient records. In this framework,
the authors obtained fine-tuned RL agents that were able to solve multi-task
problem of adapting to meals and habits of the patients. Similar approaches
are also presented in studies like [298], [325] and [72], where efficiency and accu-
racy are measured by applying RL and DRL methods to T1DM. These studies
further affirm evidence that such agents are capable of solving these types of
tasks.

For instance, the review proposed in [13] comprehensively examines RL ap-
plications across multiple domains, including critical care, oncology, mental
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health, and chronic disease management. The authors underscore four recurring
challenges: Safety - Ensuring RL policies do not recommend harmful interven-
tions; Interpretability - Overcoming the “black-box” problem of deep RL mod-
els; Bias - Addressing confounding and imbalances in observational healthcare
data; Validation - Establishing robust clinical evaluation frameworks, including
offline policy evaluations and simulation environments. The review concludes
that RL’s clinical adoption depends on not only technical performance but also
alignment with clinical workflows and patient-centered values. In contrast with
this work, which directly addresses interpretability and patient-centeredness in
the context of T1DM, they design policies that are both adaptive and explain-
able. My contribution tackles two of the most prominent obstacles highlighted
by the review, thereby pushing RL one step closer to safe and trustworthy de-
ployment in everyday clinical practice.

Another work proposed in [82] discusses how machine learning can optimize
the management and organization of healthcare records, focusing on improving
efficiency, accessibility, and decision-making support through automated clas-
sification and record handling. Relevant to this work only in terms of infras-
tructure, it is accurate at record management, which is essential for RL policy
training. However, it does not contribute to interpretability or decision-making
frameworks. My approach directly targets clinical treatment optimization and
explainability in T1DM, while this paper is more about data logistics.

However, while these approaches generally succeed in solving the problem
of T1DM, they do not account for the interpretability of the models, which
is a crucial aspect for healthcare applications. This very likely translates into
opaqueness, thus hindering proper accountability of both the algorithm and the
adoption of such techniques in T1DM. A successful approach in building trust
and transparency into RL applications is the use of Shapley values, which are
borrowed from game theory and applied in the RL domain. The approach of
Shapley value has been widely adopted in the field of XAI and it was verified
in the RL domain as well. Studies such as [291] and [290] apply the concept
of distribution of the Q-value function to identify each agent’s contribution to
the global reward. These papers address the credit assignment problem in co-
operative multi-agent RL by introducing the extended convex game framework
and proposing the Shapley Q-value, a local reward approach that better reflects
each agent’s contribution than shared global rewards. They develop a new al-
gorithm, Shapley Q-value deep deterministic policy gradient and SHAQ, which
demonstrate improved convergence and fairer credit distribution in benchmark
tasks compared to existing methods. As these works offer great insight in the
broader domain of RL applicability, they do not address the problem of T1DM
directly as their scope is focused on Shapley Q-values only. Furthermore, their
work is focused on cooperative multi-agent settings, which have intrinsic differ-
ent mechanics from single-agent scenarios as the one addressed by this work.

As of XRL applied to healthcare, the work provided in [12] addresses chal-
lenges in enabling efficient local and distributed inference of deep neural net-
works. It proposes a novel online pruning strategy that uses XAI to dynamically
prune networks without retraining, overcoming data scarcity and bias issues in
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local healthcare environments. By combining XAI with RL, the agents adapt
to changing system conditions. Experiments show this method outperforms ex-
isting pruning techniques by reducing resource consumption while maintaining
high accuracy in distributed healthcare inference tasks.

Even if AI, RL and DRL have demonstrated wide adoption also in the con-
text of healthcare and T1DM, at the current state of the art, the field of XAI and
XRL in diabetes is not stressed enough. Indeed, there still are open challenges
in order to implement a full transparency-driven closed-loop control which is
accountable and trustworthy by all the parties. In this context, fully auto-
mated closed-loop control in T1DM is still an open challenge, and is crucial for
automating manual intervention and minimizing risks associated with it. The
final aim of building an artificial pancreas would include an automated system
that continuously monitors BG levels and adjusts insulin delivery in real time
to maintain glucose within a target range. It would integrate a glucose sensor,
an insulin pump, and a control algorithm to mimic the body’s natural insulin
regulation. It is, thus, of paramount importance to the algorithm regulating
such cycle to be held accountable and transparent enough so that each step of
the decisions of the agents are explicitly defined.

Towards interpretability in diabetes there are works such as [134], where the
authors show how it reveals feature influences in specific patient groups that
global interpretation might miss. By comparing three models such as gradient
boosting machine, random forest, and generalized linear model with regular-
ization, no significant differences in prediction accuracy were found, but local
interpretation identified additional factors like depression and smoking as im-
portant in certain subgroups. The study emphasizes that model selection should
consider interpretability, not just prediction performance, especially in person-
alized healthcare. Another example of XRL in diabetes is [100], where a mobile
app, XAI4Diabetes, is developed to address interpretability. The authors built a
multimodule platform that combines machine learning, knowledge graphs, and
ontologies to predict diabetes risk and explain its predictions. It includes mod-
ules for knowledge base, matching, prediction, and interpretation, and a user
study showed it improves understanding of machine learning predictions in real
patient scenarios. While these applications are framed correctly in terms of the
field of study, both don’t account into applying critical-reasoning algorithms
such as single-agent RL automata and focusing on explaining its decisions.

Conversely, in T1DM a different approach appears in [151], where the au-
thors implement a soft actor-critic controller to maintain BG levels in target
range. In such work, to address interpretability, a random forest regressor and
a dual attention network were utilized to extend the state variables and later
map them to the actual predictions of the model. Although the work proposes
a validated solution, the study is limited to few methods and other types of
explainability techniques should be taken into account.

Another example of XRL in diabetes is [179], which is a study comparing
three different methods of interpretability. The authors used the concept of
reward decomposition and belief maps to obtain better explainability and they
analyzed the results through questionnaires to T1DM patients and physicians.
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For similar reasons, this study is interesting from an explainability standpoint
but it suffers generalization by adopting only the three methods included. Fur-
thermore, the study does not explore how these interpretability methods per-
form under varying clinical scenarios or across different patient profiles, limiting
its applicability in real-world decision support systems.

Taken together, the literature reveals significant advances in RL method-
ology, clinical application, and safety assurance. However, explainability still
remains underexplored. Acute care studies prioritize uncertainty and robust-
ness, causal RL works emphasize personalization, and diabetes-specific AI em-
phasizes automation. My contribution integrates these strands by embedding
explainable reinforcement learning into T1DM, ensuring safety, personalization,
and interpretability in one framework. Thus, to help the current state of the
art bridge this kind of gap, in this work I pioneer the integration of Structural
Causal Models (SCMs) derived from Shapley Q-value attributions of Deep Q-
Network (DQN) internals, aiming to advance the frontier of interpretability in
T1DM management. By mapping the agent’s learned value structure into an
explicit causal graph, I not only provide transparent explanations of its decision-
making process but also enable principled reasoning about counterfactuals and
intervention effects, capabilities critical for building trust in clinical applications
of RL. The approach is described in better detail in the following sections.



Chapter 4

Applying XRL to T1DM

As RL systems continue to evolve and find application in increasingly sensitive
domains such as healthcare, the demand for explainability becomes not only
a matter of usability but also of ethical and regulatory importance. Explain-
ability in this context serves two essential roles: first, to make agent behavior
interpretable and meaningful to human stakeholders, and second, to deepen the
understanding of the algorithmic processes that govern autonomous decision-
making. These complementary goals inform the structure of this chapter, which
is organized around two principal axes: Explaining to People and Explaining
the Algorithms.

The Explaining to People section focuses on generating human-understandable
narratives of agent behavior, tailored to users such as clinicians, patients, or sys-
tem operators. Here, the emphasis is on developing model-agnostic and user-
centered techniques (such as reward-difference analysis and contrastive expla-
nations, along with post-hoc explainability) that help external observers make
sense of RL decisions without requiring deep technical expertise. These tech-
niques aim to enhance the trust, transparency, and accountability of RL systems
in real-world settings, especially in high-stakes contexts like T1DM manage-
ment.

In contrast, the Explaining the Algorithms section turns the lens inward,
examining the internal mechanisms and latent representations that drive agent
behavior. It investigates methods that are less concerned with user accessibil-
ity and more with theoretical clarity and diagnostic insight. In particular, it
explores Shapley-based Q-value attribution for Deep Q-Networks (DQNs), and
introduces a novel integration with Structural Causal Models (SCMs) to cap-
ture causal relationships underpinning policy decisions. This deeper layer of
analysis not only informs the development of more robust and interpretable RL
agents, but also reveals important limitations in conventional attribution-based
explanation techniques.

Together, these two approaches form a comprehensive exploration of explain-
ability in RL, one that spans the spectrum from user interaction to algorithmic
transparency. By addressing both sides of the XRL challenge, this chapter con-
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tributes to the overarching goal of aligning AI behavior with human expectations
and values: an essential step toward responsible and trustworthy deployment in
clinical environments.

4.1 Explaining to People

In the context of clinical applications such as T1DM, adopting interpretability
in RL is not just an academic preference—it is a practical necessity. When de-
cisions involve human health, particularly in conditions that demand constant
and precise management like T1D, the consequences of algorithmic recommen-
dations are deeply personal and often immediate. Here, interpretability serves
a crucial role: not to demystify the internal workings of the algorithm per se,
but to make its outputs understandable, relatable, and justifiable to the people
who are affected by them. Patients, caregivers, and clinicians alike must be able
to grasp the reasoning behind the actions suggested by a reinforcement learning
agent. Without this layer of communicative transparency, trust in automated
decision-making systems can erode quickly, regardless of their performance met-
rics.

This form of interpretability focuses less on the inner mechanics of the model
and more on rendering its behavior accessible to human reasoning. It addresses
the essential question of why a particular decision was made, in a language and
format that resonate with human experience and medical understanding. In do-
ing so, it empowers users to integrate algorithmic insights with their own judg-
ment, rather than passively accept opaque outputs. This chapter is dedicated to
that human-centered dimension of interpretability—setting the stage for the fol-
lowing technical exploration of how the algorithm itself works—because building
trust and understanding among users is foundational to the safe and effective
deployment of reinforcement learning in sensitive, real-world settings like T1D
care.

4.2 Contrastive Explanations

Contrastive explanations offer a compelling route to model transparency because
they mirror how people naturally reason about decisions. When people try to
understand a choice, especially one made by a complex system like a ML model,
they often don’t just want to know why it made that choice. They want to
know why it made that choice instead of another. This “why A rather than
B?” framing is the essence of contrastive explanation. It’s not simply about
identifying influential features, as many traditional interpretability methods do,
but about articulating what would have had to change in the input to yield a
different outcome.

This approach creates more intuitively satisfying explanations. By focusing
on what minimal or critical differences would flip the decision, contrastive ex-
planations can surface the structure of the model’s decision boundary in a way
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that is easy for humans to grasp. Unlike methods that merely highlight input
regions or assign scores to features, contrastive explanations provide counter-
factual narratives, stories about what could have been, which resonate more
strongly with how diagnose, debug, and learn are done.

Because of this alignment with human intuition, contrastive explanations
often lead to deeper trust and clearer insight, especially in settings where un-
derstanding the ”why not” is just as important as understanding the ”why.”

Contrastive methods highlight differences between outcomes or scenarios,
clarifying why a model made a specific prediction by comparing it to alterna-
tive possibilities. Use of contrastive explanations is found in works such as [277],
where the dynamics of an RL agent are explained in terms of expected conse-
quences. This technique first builds a set of user-friendly descriptions, queries
the policy and its beliefs and, finally, outputs explanations in a human-readable
format. Although this approach is interesting and valuable, it requires to have
images as agent’s inputs, hence it is not applicable here. Another example is
[291], where explanations are generated by constructing Shapley Q-values in
Multi-Agent RL (MARL) systems. Unfortunately, dynamics of MARL systems
are not trivially translated to single agent ones, which is not the case of T1D
management.

Other works such as [122] and [66] introduced, instead, key concepts such
as Reward Difference eXplanations (RDX) and Minimal Sufficient eXplanations
(MSX). The authors in these work build explanations by means of differences
in reward values, which highlight what are the expected future return values
for each action at a given state. These form of explanations can greatly help in
increasing the comprehension of how outcomes could change based on different
states, and makes this approach ideal towards better interpretability in T1D
management via XRL. Another interesting work is [311], where Belief Maps
(BMs) were first introduced as a form of contrastive explanations. Analogously,
this technique builds a visual representation of the perceived value of future
state transitions which is consistent with the Q-value map of the agent. This
method not only allows to easily visualize agents beliefs about future states but
also helps understand the learning mechanism by visualizing agent’s best choice
for a given situation.

In this work, three contrastive explanations are employed alongside the RL
algorithm in charge of explaining T1D mechanics, namely Decomposed Q-values
(DQv), MSX / RDX graphs and BMs. Results show that BMs and MSX / RDX
graphs, as forms of visual explanations, are usually perceived as better expla-
nation quality and trust towards the automated process. This highlights that
contrastive or visual explanations are on average preferred over no explana-
tions or other non-visual forms of explanations. In this section, explanations
are employed as follows: firstly, a mathematical formulation of the problem will
be given; then, the problem will be stated as an RL statement; finally, three
contrastive XRL methods (DQv, RDX and BMs) are described.
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4.2.1 Problem Formulation

The problem of closed-loop glucose control in T1D management can be formu-
lated as a continuous and infinite-state Markov Decision Process (MDP) by the
tuple ⟨S,A,P, R, γ⟩, where S is the set of possible states, A is the set of possible
agent’s actions, P is the probability function of transitioning from a given state
s to a state s′, R is the reward function and γ ∈ [0, 1] is the discount factor
for future states. At each time step t, an observation (i.e. from the CGM mea-
surements) is given by the environment that forms the state s ∈ S. The agent
then chooses an action a ∈ A to be performed, the environment then transi-
tions into a new state s′ ∈ S, following the function P, and gives the agent a
real-valued reward r ∈ R. What action to choose at a given state is defined by
the agent’s policy π. The aim of the agent is to maximize the expected future
reward rt = R(st, at) given by the environment at each time step t. Generally
speaking, the Q-Value function can then be defined by:

Qπ(s, a) = Eπ[

∞∑
k

γkrt+k+1|st = s, at = a], (4.1)

and its optimal function by Q∗(s, a) = maxπQ
π(s, a), which can be found by

solving its corresponding Bellman equation. In T1D management, the set of
possible states is the set of observed CGM measurements, actions of the agent
are to give basal insulin, bolus insulin or no bolus at all.

4.2.2 Environment Setup

The work here presented is based on the UVA / Padova simulator [171], which
is a glucose-insulin dynamics simulator, jointly developed by the University of
Virginia (US) and the University of Padova (Italy), and which has gained FDA
acceptance for pre-clinical studies. The implementation of the simulator used
is based on the library simglucose 1, which also supports the Python interface
provided by OpenAI Gym 2. This version of the simulator provides 30 in-silico
patients (10 children, 10 adolescents and 10 adults) that follow the equations of
glucose kinetics defined in [171] (S2008 version). Observations consist of CGM
measurements while agent’s actions is a basal insulin dose varying in the interval
[0, 30] units. The reward function was structured to be 1 in case of normal BG
levels and -2 elsewhere, that is BG > Gh or BG < Gl, where Gh and Gl are fixed
maximum and minimum glucose levels, respectively. Here, constant values of
Gl = 70 mg/dl and Gh = 230 mg/dl are set as the bounds for the hypoglicemia
and hyperglicemia, respectively. Thus, the goal of the agent is to maintain, as
most continuously as possible, the BG levels in the control zone, i.e. always over
Gl and under Gh. The observations of the agent consist of a tuple (BG,CHO),
where BG is the blood glucose level coming from CGM measurements and CHO
are the current carbohydrates (CHO) intake announced by the user.

1https://github.com/jxx123/simglucose
2https://github.com/openai/gym

https://github.com/jxx123/simglucose
https://github.com/openai/gym


4.2. CONTRASTIVE EXPLANATIONS 79

Figure 4.1: Overview of the AC controller as in [49], where π is the control
policy and s is the state the environment transitions to. The Actor is in charge of
policy improvement and aims at maximizing average cost α, while the Critic is in
charge of policy evaluation and outputs the Q-Value function. Both components
interact with each other in a push-and-pull manner towards the main objective
(T1D optimal control).

4.2.3 T1D Management through RL

As cited above, online and offline RL algorithms have made great impact on
closed-loop control of T1D thanks to their adaptability to new situations with-
out continuous supervision. In order to demonstrate its capability, an optimal
Actor-Critic (AC) method for solving T1D is taken into account as an example
of a black-box RL algorithm. The functions employed in this work are the ones
presented in [49]. The control policy π of the agent is formulated as a parame-
terized conditional probability µθ(s

′|s, a) with parameters θ. To obtain optimal
control, consider the following average cost function:

α(θ) =
∑

s∈S,a∈A

c(s, a)ηθ(s, a), (4.2)

where c(s, a) is a cost function describing the quality of each assigned state
s ∈ S and ηθ(s, a) = πθ(s)µ(a|s, θ) is a function representing the Markov chains
with stationary probabilities πθ(s).

Then, the gradient method is employed in order to maximize the Q-value
function:

∇θα(θ) =
∑
s,a

ηθ(s, a)Qθ(s, a)ψθ(s, a), (4.3)

where ψθ(s, a) = ∇ ln(µθ(s|a)).
AC algorithms are composed of two components: an actor, who is responsible

for the approximation of the optimal policy π and the critic, that is responsible
for the approximation of the Q-Value function Q(s, a). Fig. 4.1 represent an
high-level overview of AC method used for diabetes management. The algorithm
used in this work is the same as described by the authors but only the basal
version of the algorithm is employed. This is because, in optimal situations, the
RL environment should work solely by basal insulin and without active bolus
declarations by the patient. Similarly to [49], functions F1 = max(Gmax−Gh, 0)
and F2 = max(Gl−Gmin, 0) are built analogously. The cost associated to each
day is defined by c(st) = ahF

t
1 + alF

t
2 , where ah = 0.01 and al = 0.1 are two

parameters used for scaling the two features. The same considerations of [49] are
followed for what concerns learning rates and hyperparameter settings. Profiles
P1, with hourly variable basal rate and P2, which uses a constant basal insulin
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infusion are built accordingly. P1 has a basal rate of 0.5B/24 in hours ranging
from midnight to 04:00, 1.5B/24 from 04:00 to 10:00 and 1B/24 from 10:00 to
midnight, while P2 has a constant B/24 at each hour. Both profiles were chosen
in this scenario in order to compare the explanations generated by the different
methods at a given time step t.

To obtain optimal T1D treatment, this algorithm expects to have both basal
and bolus, whereas in this work only the basal insulin is used. Nonetheless, this
approach remains valid because the primary aim of this work is not to find
the optimal T1D treatment but to highlight and clarify the inner workings
of the methods using XRL. The primary focus on explanation, rather than
optimization, helps build trust and transparency in the technology from a user’s
standpoint.

4.2.4 Intepreting RL agents

In this work, in order to explain the RL algorithm described above, three con-
strastive XRL methods are employed to interpret T1D management. The first
method employed here is Decomposed Q-values (DQv), introduced in [122],
which explains the state-value function as a composition of reward and Q-values
differences. This presents a starting form of contrastive explanation and is con-
sidered here as a sort of benchmark of explanation quality and trust. One can
expect that mathematical explanations of the Q-value function offers little to
no insight on what happens in the background. Results indeed tend to agree to
this sentiment but they are nevertheless considered as helpful comparison.

The second method considered here are the grouping of RDX and MSX
explanations. RDX is obtained as a difference between Decomposed Q-vectors

Λ(s, a1, a2) =
−→
Q(s, a1) −

−→
Q(s, a2). From the concept of RDX, one can derive

the MSX, which is a tuple (MSX+,MSX−) composed of, respectively, the
positive and negative reasons of preference for actions a1, a2 ∈ A in state s.
Mathematically, the positive feature of the MSX is defined by the following

MSX+ = argminM∈2C |M | s.t.
∑
c∈M

∆c(s, a1, a2) > d. (4.4)

Here, C is the set of reward components / types, d is the disadvantage function
of selecting a1 over a2, ∆c(s, a1, a2) is a component of the RDX w.r.t. the
reward type c. Here, a choice of c = 6 was made in order to represent what
could naturally be divded into reward components for diabetes dynamics, i.e.
glucose and insulin kinetics, insulin action on production, insulin action in the
liver and subcutaneous insulin kinetics. The sets M are the sets of the smallest
size composed of the positive reasons that overcomes the disadvantage.

Similarly, the negative feature of the MSX is defined by:

MSX− = argminM∈2C |M | s.t.
∑
c∈M

−∆c(s, a1, a2) > v, (4.5)

where v is the just-insufficient advantage as defined in [122]. The decomposition
of the Q-values this way is considered here as a form explanation based on the
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(a) (b)

Figure 4.2: MSX and RDX representations of the Decomposed Q-values form
critic’s perspective. Fig. 4.2a represents a sample of a RDX graph. c1 through
c5 are the components of the reward function from critic’s perspective. The
components are built upon reward signaling and could represent inner insulin
kinetics. Fig. 4.2b represents a sample of a MSX graph from critic’s perspective.
The actions compared in this case are: no basal insulin or amount of basal insulin
suggested by the control policy. Both sample refer to the adolescent n.6 at h.
17.00.

mathematical representation of the inner mechanics. For the problem addressed
in this work, it serves as a sort of proper XRL contrastive baseline method.

Oftentimes, however, graphical explanations are usually preferred and com-
monly perceived more useful in terms of understanding and trusting the process.
So, the RDX and MSX graphical interpretations are taken into account as well.

The last method considered in this work is the concept of BMs introduced
in [311]. A Belief Map (BM) is a map of discounted expected states H(st, at) ∈
RS×A, which defines the expected discounted sum of perceived advantage by
the agent for visiting future states. In the classical Q-Learning setting, this
function can be defined as

H(st, at)← H(st, at) + α[1st,at+

γH(st+1, argmaxa∈AQ(st+1, a)−H(st, at)],
(4.6)

where α is the learning rate, as commonly used in Q-Learning applications,
and 1st,at ∈ RS×A is a binary indicator function of 1 at position (st, at) and 0
elsewhere. Thus, Decomposed Q-values, MSX and RDX graphs and BMs are
used for the comparison of explanation in the proposed environment.

4.2.5 Evaluation Metrics

In order to assess the significance of the given explanations, quality and trust
were evaluated separately. A one-way ANOVA test was made for both with
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the following null hypothesis: H0 is such that every explanation type gives no
influence at all H0 : µDQv = µRDX = µBM = µN , where DQv represents the
Decomposed Q-values mathematical explanations, RDX the explanations given
by MSX/RDX graphs, BM is the explanations given by BMs and N is a sim-
ple verbal description of the RL environment without any form of explanation
generation. Then, a pairwise Tukey comparison was made in order to better
understand if the population means of the votes were statistically significant for
each of the proposed metrics. For the evaluation of quality, the metrics used for
the comparisons are: understandable, satisfying, sufficiently detailed and com-
plete. On the other hand, to investigate if explanations promote trust towards
the environment, other metrics are used: confidence, predictability, reliability
and safety.

4.3 Post-hoc Explanations

Having previously explored how transparency can be designed directly into RL
systems—through the use of inherently interpretable models and architectures—
[178, 266], I now shift the focus to a different, yet equally important, approach:
the use of post-hoc interpretability methods. While inherently transparent sys-
tems offer clarity by construction, they often come at the cost of model com-
plexity, flexibility, or performance, particularly in high-dimensional, dynamic
environments such as those encountered in T1DM. Methods like [298] and [64]
are few examples of employing both online and offline RL algorithms that can
successfully maintain the BG levels in target.

In such cases, more expressive models, like deep RL agents, may be preferred
for their ability to capture subtle patterns and adapt to complex patient behav-
iors [182]. However, these models are typically opaque, which brings us back
to the core concern of interpretability. One example is Shapley Q-values, which
are used to obtain better understanding of the relationships between random
variables perceived in the environment by the agents [291]. Another example
is the work in [179], which addressed the problem of interpreting T1DM via
transparency methods. In particular, the study uses belief maps along other
non-visual methods in order to provide explanations of actor-critic agent’s de-
cisions. In addition, works such as [208] focused on applying inherent natural
language explanations generated in text-based game environments to implement
an hierarchically-explainable RL agent.

However, despite their promise, transparency methods face significant limi-
tations. Transparency is tightly coupled with the complexity of the underlying
agent or model. While transparent models provide an intrinsic window into
decision processes, their explanations often suffer from the same cognitive com-
plexity as the models themselves. That is, transparent explanations can be too
detailed or technical for human users to intuitively understand, especially in
high-dimensional or deep learning-based agents. This creates a paradox where
transparency does not necessarily translate into effective interpretability.

Conversely, post-hoc explainability techniques attempt to bridge this gap
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by generating simplified, human-understandable explanations after the model is
trained, without requiring the model itself to be inherently transparent. These
methods, such as surrogate models [146], feature attribution techniques [256],
or natural language generation [166, 60], aim to provide actionable insights
that are more accessible to users while still maintaining fidelity to the original
agent’s behavior. Examples of works in which post-hoc is used to address prac-
tical application include the use of XRL methods for categorization of intrusion
detection [146], or in the case of portfolio building [51].

Cases where post-hoc explainability reaches its best expressions are when ex-
planations are visualized through methods like Probabilistic Graphical Models
(PGMs) [251]. For example, in [53], the authors propose an algorithm-agnostic
method using PGMs to generate human-understandable explanations for RL
agents. Such explanations, generated through the use of PGMs, have demon-
strated their applicability towards the construction of accountable, reliable and
trustworthy RL agents. Another example is [137], where the interpretability of
recurrent neural networks is improved by combining them with hidden Markov
models, which are simpler and more transparent than the original models.

In such works, explainability is the main focus as it enhances operator trust
and regulatory compliance, paving the way for accountable, reliable, and trust-
worthy RL systems in real-world applications. In particular, in the context of
PGMs, there are a subset of such graphs called Markov networks which operate
on a random field and are built upon the structure of the considered variables.
Works such as [205] have demonstrated their applicability in explainability con-
texts. The authors propose a novel, feature-dependent Markov chain-based
system for forecasting complex demand patterns through relevance and infor-
mativeness metrics. Those methods become important when they can bridge
the gap between advanced AI models and domain experts’ understanding, pro-
moting adoption across business functions while handling high-dimensional data
effectively.

In the purpose of this work, the use of Markov networks as means of obtaining
better interpretability is explored in the domain of solving T1DM management
through a deep RL agent. The contribution of this work is focused on high-
lighting how post-hoc Markov networks are able to enhance qualitatively the
explanations, in the context of healthcare. This is discussed in the following
sections.

4.4 Explaining Using Markov Networks

In order to achieve better explainability in healthcare contexts such as T1DM,
the problem formulation is first stated and then the Markov network graphs are
then introduced. To explain the DQN agent, Markov networks are used in this
work to model the dependencies between various health-related variables, such
as BG levels, insulin sensitivity, meal timing, and other factors that are crucial
for managing diabetes. Markov networks are undirected graphical models based
on the concept of random fields, which satisfy the locality property: P (Fi|Fc) =
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P (Fi|Nei(Fi)), where Fc is the set of all random variables in the field except
Fi and Nei(Fi) are the neighbors of Fi.

Each node in the Markov network represents a variable (e.g., insulin dose,
insulin action, etc.). The edges (or lack thereof) represent dependencies or con-
ditional independencies between those variables. The absence of directed edges
indicates that the model assumes no direct causality between two connected
variables, but rather a mutual influence. Based on the variants of the glucose
kinetics, insulin kinetics, meal model and insulin action mechanics of the sim-
ulator, three different graphs are constructed. The labels to be assigned to the
Markov networks are described in Tab. 4.1.

Letter Description
A Insulin Action
B Insulin Concentration
C Glucose Absorption
D Plasma Glucose
E Insulin Sensitivity
F Noise/Disturbance
O Insulin Dose

Table 4.1: Association between Markov variables and alphabet letters.

Given the availability of the data and the arbitrariness of constructing such
causal models starting from variables in the random field, three graphs are
constructed and used as means of explanations. The first graph is called a Full
Model and represents the complete mechanistic model of T1D dynamics: Insulin
(B, E, A) and glucose (C, D) subsystems are fully integrated, external factors
like meal absorption (C) and noise/disturbances (F) are explicitly modeled and
the insulin dosing decision (O) is influenced by both physiological signals and
external noise. This graph is best for explaining biologically accurate simulation,
system identification and best represents the DQN agent. The graph is depicted
in Fig. 4.3.

The second graph is focused on a latent control-oriented abstraction and
is called the Reduced Model. This version simplifies the system by removing
explicit environmental inputs (like meals and disturbances), focusing instead
on: the internal insulin pathway: E � A � D; how internal physiology and
glucose levels influence the dose decision (O). This use case is ideal for model-
based control, robust policy design, or testing agent generalization when noise
is abstracted. This graph is represented in Fig. 4.4.

The last graph is called a Decision-Centric model in that it is designed
around decision logic, prioritizing: what the agent can observe (D, A); what
it can act on (O); key latent contributors (E, C), while collapsing or skipping
intermediary signals. It assumes the agent can reason over a simplified state for
dosing and is tailored to explain hte behavior of the DQN where only actionable
or observable variables are kept for efficient learning. This kind of graph is
depicted in Fig. 4.5.
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Figure 4.3: Comprehensive causal graph representing the physiological interac-
tions of the patient model. The network includes insulin sensitivity (E), insulin
concentration (B), insulin action (A), glucose absorption (C), plasma glucose
(D), disturbance/noise (F), and insulin dosing decision (O). This model cap-
tures the full endogenous and exogenous dynamics used.

4.5 Summary

Managing chronic conditions like T1DM requires continuous, nuanced decision-
making that balances multiple dynamic factors, including glucose levels, insulin
dosing, diet, and physical activity. Deep Reinforcement Learning (DRL) offers
great promise in this context, enabling adaptive and personalized treatment
strategies through iterative learning. However, a persistent barrier to clinical
adoption remains: the lack of transparency in decision-making, which is crucial
for user trust and safety.

In this work, the role of XRL methods—both integrated and post-hoc—in
enhancing transparency in a DRL-based T1DM treatment system using the
UVA/Padova simulator is explored. For transparency, an Actor-Critic algo-
rithm is employed and explanations are generated through various techniques:
Decomposed Q-values (DQv), MSX and RDX graphs, Belief Maps (BMs), and
hybrid probabilistic frameworks that integrate Markov Networks with Deep Q-
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Figure 4.4: Simplified causal structure focusing on the internal insulin-glucose
regulation loop. External factors like meal absorption and disturbances are
excluded, highlighting latent physiological pathways (E � A � D) and their
influence on insulin dosing (O).

Networks (DQNs).
To assess the impact of these methods, two user studies were conducted in-

volving real T1D patients and clinicians. In total, 60 participants evaluated the
system’s transparency, quality, and trustworthiness through structured ques-
tionnaires. Results show that visual and post-hoc explanations—such as MSX,
RDX, BMs, and probabilistic graphs—consistently increased user trust and
understanding, with a 28% improvement in willingness to adopt the system.
Notably, methods that visualize interdependencies between physiological and
behavioral variables provided the most actionable insights. These findings un-
derscore the necessity of explainability in AI-driven healthcare tools—not only
to validate models clinically, but also to engage users meaningfully.
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Figure 4.5: Control-oriented graph emphasizing observable and actionable vari-
ables for decision-making. Retains essential contributors to plasma glucose (D)
and insulin dynamics, while abstracting or omitting exogenous variables.

4.6 Explaining the Algorithms

Type 1 Diabetes Mellitus (T1DM) is a chronic autoimmune condition, that
requires lifelong management. It occurs when the immune system mistakenly
attacks the insulin-producing beta cells in the pancreas, leading to little or no
insulin production [105]. Diabetes, both type 1 and type 2, can be considered an
important issue as of today, due to its rapidly increasing prevalence worldwide
[272].

Without a proper management, T1DM can lead to severe short- and long-
term complications, including diabetic ketoacidosis, heart disease, nerve dam-
age, kidney failure, and vision loss [168]. T1DM is characterized by inadequate
insulin production by the pancreatic β-cells, necessitating the administration
of exogenous insulin [45]. Standard insulin replacement therapy for T1DM in-
volves a bolus of fast-acting insulin to address the rapid glucose rise following
meal consumption, as well as the administration of slow-acting basal insulin to
maintain glucose levels within the target range during fasting conditions. By
maintaining Blood Glucose (BG) levels within a target range through a com-
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bination of insulin therapy, regular monitoring, healthy eating, and physical
activity, individuals can reduce the risk of complications and lead full, active
lives.

In this regard, the best way to achieve optimal T1DM is to handle, as long
as possible, the factors that are out of patients’ control, such as BG and insulin
levels during sleep, or during a long period after digestion. To obtain such man-
agement, automated insulin delivery systems have been proven successful for a
wide variety of patients over recent years [221]. Furthermore, by using Contin-
uous Glucose Monitors (CGMs) and insulin pumps, automated management of
T1DM have reached satisfactory results in both reliability and accuracy, in a
drive towards artificial pancreas [136].

Indeed, the growing abundance of medical data and significant improvements
in computational capabilities have propelled the use of machine learning, espe-
cially deep learning, in numerous healthcare applications that were previously
unattainable [116, 44]. The prominence of Artificial Intelligence (AI) algorithms
in this field is evident in works where artificial neural networks [209], recurrent
neural networks [38] or convolutional neural networks [149] were employed for
glucose prediction or forecasting, fostering the use of AI in critical applications
such as T1DM management.

The adoption of AI algorithms in healthcare applications offers significant
potential, but it comes with challenges related to the interpretability of AI
decisions. In this regard, eXplainable AI (XAI) offers a set of techniques in the
field of artificial intelligence that aim to make the decision-making processes of
AI systems more transparent and understandable to humans [160]. The goal
of XAI is to ensure that AI models, which are often considered black boxes,
can provide clear and interpretable explanations for their predictions or actions
[223]. This is especially important in fields like finance law or healthcare (which
is the focus of this work), where understanding AI decisions is as fundamental
as obtaining accurate results, for reasons of trust, accountability, and regulatory
compliance.

Moreover, Reinforcement Learning (RL), a subfield of AI, tackles a more
complex class of problems: those involving sequential, adaptive decision-making
under uncertainty. Unlike traditional AI methods that passively analyze data,
RL actively learns by interacting with an environment and receiving feedback in
the form of rewards or penalties [123]. This makes it especially well-suited for
healthcare scenarios like personalized treatment planning, dynamic drug dosing,
where decisions must adapt over time to a patient’s changing condition [313].
However, simlarly to AI models, RL algorithms offer better insights in specific
complex tasks but they often lack interpretability as well.

Bridging the gap between explainability and black-box RL is eXplainable
RL (XRL), a specific subset of XAI focused on enhancing transparency and
interpretability under RL domains [182]. It helps users understand why a RL
agent takes specific actions in a given situation, providing insights into the
agent’s learned policies and making it easier to trust and validate the agent’s
behavior in real-world applications [181]. Indeed, XRL is especially useful in
healthcare because it makes complex, adaptive decision-making systems more
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transparent and trustworthy to clinicians. Studies like [308] highlight that, while
RL agents learn to act, their actions may be difficult to interpret and XRL helps
revealing the rationale behind treatment choices, making it easier for medical
professionals to validate, trust, and act upon the recommendations.

For these reasons, this study is focused on applying a novel XRL pipeline
on in-silico patients via the FDA-accepted UVA/Padova T1DM simulator [171].
While RL has shown promise in optimizing treatment strategies for chronic con-
ditions like T1DM, its black-box nature poses significant challenges for clinical
adoption. To address this, I integrate explainability directly into the learn-
ing process by extracting Shapley-based attributions from the agent’s Q-values
and further modeling them through a structural causal framework. This causal
approach not only enhances interpretability but also allows us to identify and
reason about the underlying decision structure and counterfactual effects, offer-
ing a novel pathway toward trustworthy and clinically aligned AI-driven therapy
optimization.

4.7 Methodology

This section introduces the challenge of interpretable T1DM closed-loop con-
trol and frames it within the context of applying XRL to DRL methodologies.
Building on this foundation, I deepen the problem formulation by leveraging
Shapley value attributions to quantify the contribution of individual features to
the learned policy, and propose a novel approach for constructing SCMs from
these values, thereby enhancing the interpretability and causal understanding
of the control strategy.

4.7.1 Problem Formulation

The problem of solving closed-loop control of T1DM via RL can be formulated
as a discrete infinite MDP tuple ⟨S,A,P,R, γ⟩, where S is the set of all possible
states, P is the probability function of transition between states, A is the set
of all possible actions, R is defined as the reward function and γ ∈ [0, 1] is
commonly known as the discount factor (for the process of learning through
exploration). Formulated this way, T1DM can be interpreted as the tuple where
s ∈ S represents the value of the CGM measurements, at ∈ A is the (artificial
pump) agent’s action at a given timestep t. After the action has been chosen and
performed (e.g. delivering of basal or bolus insulin), the state of the environment
transitions to a new state s′ ∈ S, according to the state transition function P
and a reward rt = R(st, at) is fed to the agent according to its performance. The
agent is said to be following a policy π which aims at maximizing the expected
future discounted reward (discounted using the discount factor γ).

From this basis an action-value function Qπ(s, a) can be defined as:

Qπ(s, a) = E[

∞∑
t′=t

γt
′−trt′ |st = s, at = a, π]. (4.7)
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According to the Bellman equations [16], the optimal value for this function
is defined as Q∗(s, a) = maxπ Q

π(s, a), can be achieved via solving:

Q∗(s, a) = Es′ [R(s, a) + γ max
a′

Q∗(s′, a′)]. (4.8)

As per the literature, directly iteratively solving Q∗ is known to be com-
putationally expensive and various methods of approximations are employed
instead, which have been demonstrated to be a sound alternative.

In this work, the state space is composed of the CGM measurements of BG
levels, which determine the environment updates according to the simulator’s
dynamics. Thus, each state st ∈ S includes the last 30 BG observations (last 2.5
hours), as well as the last 5 insulin actions taken by the agent. The resolution
used is of 5 minutes, i.e. st = [Gt, It], where It = [it−4, it−3, it−2, it−1, it] and
Gt = [gt−29, gt−28, ..., gt]. Each gt is a number in the range [0, 500], for sake of
completeness of possibilities of each BG level measurements, and it is a positive
real number. Therefore, gt is measured in mg/dL, it is measured in mU/min
and t is the time index for each step of 30 minutes time. Additionally, the time
step window is limited to the last 72 steps, to include the last 72 x 30 = 2160
minutes, which in turn equals the last 1.5 days of patient’s data.

Regarding the agent’s actions, they are defined as A = b0, b/2, b, 2b, 3b, where
b0 corresponds to giving no insulin at all and b is a reference value [265], consid-
ered to be in most cases the optimal basal insulin rate of 6.43 mU/min. Here,
timesteps t are analogous to the ones considered in the state space, namely 5
minute intervals, to keep the formalization of problem formulation as simple as
possible.

Every time a new state is obtained, the agent performs an action at and the
next state st+1 is given by the environment along with a reward rt ∈ R, which
is fed to the controller. The reward function is the same defined in [265] as

R(gt) = e−
1
2 (gt−br)

2/900, (4.9)

where gt is the BG level measurement as defined above and br is a target
BG reference value set to 108 mg/dL. This reward is given to the agent as long
as BG is kept in target range of [70, 180]. If the BG level is found outside such
range, the agent is rewarded a penalty of rt = −1000 in order to discourage risks
of hyper-glycemia or hypo-glycemia. In this work, however, a DQN is employed
and further considerations are described in the following subsection.

4.7.2 Solving T1DM via DRL

The framework of DRL was introduced in works such as [189], where a DQN
was used as the main agent’s policy approximator. DQNs use a deep neural net-
work to approximate Q(s, a) by delivering a function Q(s, a; θ), which relies on
network’s parameters θ. The learning then proceeds off-policy with a predefined
target through exploration of an ϵ-greedy policy.

The Loss function is then defined as:

Li(θi) = Es,a,r,s′ [(y
DQN
i −Q(s, a; θi))

2], (4.10)
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Figure 4.6: The structure of the adopted DQN. Without loss of generality,
the complexity is kept as low as possible so as to adhere to the well-established
standards of the DQN application. More complex DQNs or other DRL methods
could be used as well. Such methods would maintain the interpretability value
of this work as the main focus is on causal representations of the algorithms.

where yDQNi is the target Q-network parameterized by θ−, expressed as:

yDQNi = [r + γmax
a′

Q(s′, a′; θ−)]. (4.11)

The parameters are upgraded via gradient descent by minimizing the square
loss of Eq. 4.11. The Q-learning update is then defined by:

∇θiLi(θi) = Es,a,r,s′ [(r+γmax
a′

Q(s, a; θ1−i)−Q(s, a; θi)) ∇θiQ(s, a; θi)]. (4.12)

In this work, closed-loop T1DM control is achieved through the use of a
DQN. The overall architecture of the DQN used in this work is depicted in
Fig 4.6.

4.7.3 Shapley Q-Values

One approach of explaining RL models is through post-hoc methods, i.e. ex-
plaining the model after its predictions. However, post-hoc methods could have
disadvantages such as misrepresenting the original model by building other rep-
resentations, for example by over-simplificating the model. This work focuses
instead on maximizing the transparency of the interpretations by building upon
the framework of SHAP (SHapley Additive exPlanations) [163].

Shapley values are a concept in cooperative game theory that fairly dis-
tributes the total payoff among players based on their individual contributions
to various coalitions. The Shapley value of a player represents their average
marginal contribution across all possible coalitions [302].

A valid way to build Shapley values of a multi-agent RL environment is the
use of Shapley Q-Values, as proposed in [290]. The proposed approach focuses
on building Shapley-Bellman optimality equations and operator through Markov
convex games. While this is valuable in multi-agent settings, it is not trivial
on how to construct such interpretations in single-agent scenarios, which is the
scope of this work.

To address this issue, a practical way of obtaining Shapley values from a
DRL model in the single agent case is to use the SHAP Deep Explainer, which
is based on the Deep Learning Important FeaTures (DeepLIFT) algorithm [148,
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235]. Indeed, in [163], the authors showed that the attribution rules chosen in
DeepLIFT can well approximate Shapley values in various practical scenarios.
That is, by integration of multiple samples, DeepLIFT estimates sum up to the
difference between the model’s expected output on past samples and current
output (i.e. f(x)− E[f(x)]).

This method has proven successful in applications such as explaining DQN’s
experience replay mechanism [253]. In this work, however, in order to maximize
transparency of the proposed solution, major interest is posed over DQN inner
parameters. To accomplish this, Shapley values are constructed with the DQN
layers. Indeed, Shapley values, in this sense, are a thorough way of establishing
attribution of importance to the different features. Examples of Shapley values
interpretations of the algorithm used in this work is depicted in Figs. 4.7, 4.9
and 4.10.

4.7.4 Assessing Causality

Although Shapley values offer great insight on agent’s decision, an inherent
problem with this technique is that it is hard to infer causality in more complex
models, such as deep networks. Indeed, DQNs are often perceived as black
boxes, due to their nature, and this is a known cause of distrust in the model
caused by the lack of understanding of its inner mechanisms. In order to obtain
more transparency of the model without affecting its complexity, a possible
solution is to extract causality. In this regard, Shapley values alone are not
enough to assess causal relationships behind agent’s decisions.

Current research behind causal models suggests multiple ways of construct-
ing causality. A method to build causality is to use constraint-based methods,
which are statistical techniques that rely on observed conditional independen-
cies in the data to infer the structure of a causal graph. These methods operate
under the assumption that the underlying data distribution follows a causal
Markov condition and faithfulness assumption, meaning that the independen-
cies in the data reflect the structure of the true causal graph.

Structural Causal Models (SCMs) are a formal framework for representing
and analyzing causal relationships using structural equations and a correspond-
ing graphical model, typically a Directed Acyclic Graph (DAG) [206]. Each
variable in an SCM is expressed as a deterministic function of its direct causes
(parents in the graph) and an independent noise term, allowing for clear mod-
eling of causal mechanisms. SCMs enable counterfactual reasoning, causal in-
ference, and the prediction of outcomes under interventions (e.g., do-calculus)
[207].

SCMs are not the only causal method and one other approach is the Peter-
Clark (PC) algorithm [247], a constraint-based method which starts with a fully
connected graph and removes edges by testing for conditional independence be-
tween variables. This process continues iteratively, refining the causal graph
by examining increasingly complex conditional independencies. From the PC
interpretation of the data, a DAG [43] is built using a series of conditional
independence tests to first determine the skeleton of the graph, and then ori-
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(a)

(b)

Figure 4.7: Heatmap of the layers as per Shapley contributions. Fig. 4.7a rep-
resents Shapley values calculated in the frozen regime, while Fig.4.7b represents
the heatmap obtained under normal learning circumstances.
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enting edges based on identified v-structures and additional orientation rules
that preserve acyclicity and consistency with the observed independencies. The
PC algorithm is still relevant for causality as it is still used to date as a base-
line reference for assessing causality of the models [109]. However, the use of
SCMs in the context of T1DM is naturally more appealing as, in comparison
with constraint-based methods, such as the PC algorithm, they define how vari-
ables causally affect each other, thus introducing better liabilities in the decision
making.

A different approach is Granger causality, which is a statistical method to
determine whether one time series can predict another [85]. It is used in appli-
cations such as monitoring electrical activity of individual cells over time, as in
[14], or to capture spatial relationships in multielectrode EEG data, as in [264].
It is a useful tool since it enables causal connections between variable series
to be identified by assessing whether past values of one variable help predict
future values of another, beyond what the latter’s own past values can predict.
However, using Granger causality and other time-series methods only assess
predictive relationships and do not account for causal effects. Instead, SCMs
use what’s called ”do-calculus” to model interventions, enabling true causal
inference.

Other applications explore the possibility of using probabilistic graphical
models such as Bayesian networks to express causality [191]. In this other
way, the causal interventions are represented by using do-calculus, which al-
lows the modeling of changes in the network structure by explicitly setting
variables to specific values, independent of their usual causes. Still, the PC
Algorithm, Bayesian networks, and constraint-based methods rely on observa-
tional data, making them vulnerable to confounders (hidden common causes).
Instead, SCMs explicitly model confounders by introducing latent variables,
making them more robust in real-world applications.

As a consequence, in this work SCMs are used in place of other methods.
Indeed, the main focus of this contribution is to infer causal relationships in the
model’s mechanisms. When accounting for probabilistic inference and discov-
ering relationships in an unknown system, methods such as Bayesian Networks
are to be preferred. However, by deriving Shapley values the causal origin of
the data is already known. Thus, in order to analyze interventions and coun-
terfactuals, SCMs are chosen instead.

SCMs [210] can be formally defined as a collection C := (S, PN ) of d struc-
tural assignments Xj := fj(PAj , Nj), j = 1, ..., d, where PAj ⊆ {X1, ..., Xd} \
{Xj} are called parents of Xj and PN = PN1,...,Nd

is a jointly independent
product distribution over the noise variables. In the framework of SCMs, given
multiple functions that describe a non-zero dependency, structural minimality
is commonly preferred.

SCMs are used in forms of XAI such as contrastive explanations via counter-
factual explananda [185]. Indeed, one of the key strengths of SCMs lies in their
ability to facilitate causal identification, which is the process of determining
whether a causal relationship can be inferred from observed data.

To enhance interpretability of the RL agent in T1DM management, I devel-
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(a)

(b)

Figure 4.8: An example of Control Variability Grid Analysis of the network in
the two regimes of training. In Fig.4.8a, the network is not able to correctly
learn a proper way to maximize the time in-range of BG levels, while Fig.4.8b
is the expected graph in a controlled environment.
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oped a three-stage explainability pipeline: extracting DQN weights � building
Shapley Q-values from weights � building the SCM graph. This pipeline allows
us to move beyond attribution and toward causal understanding of the agent’s
decision-making process.

4.7.5 Training Procedure

The DQN model was trained using a virtual population of 30 subjects generated
by the UVA/Padova T1DM simulator, stratified equally across three age groups:
children (n=10), adolescents (n=10), and adults (n=10). The actions are defined
by the set A = b0, b/2, b, 2b, 3b, where b0 corresponds to giving no insulin at all
and b is 6.43 mU/min. The DQN is structured as a fully connected neural
network, which is designed to approximate Q-values in the proposed T1DM
setting, as depicted in Fig. 4.6. It takes a state as input and outputs a Q-
value for each possible action. The network has five linear layers, with the first
four hidden layers consisting of 256 units each. The first three hidden layers
are followed by batch normalization and dropout (p=0.5) to improve training
stability and reduce overfitting. The final layer outputs raw Q-values for each
action, defined in section 4.7.2. While raw network weights encode this learned
policy, they offer limited transparency. To address this, I compute Shapley
Q-values, that assign importance scores to input features by considering their
marginal contributions to predicted Q-values.

To investigate the internal representation dynamics relevant to interpretabil-
ity and causal attribution, training was conducted under two regimes: a stan-
dard learning regime, in which all layers were trainable, and a frozen-layer
regime, where the third hidden layer was held fixed during training by disabling
gradient updates (require grad = False). Both networks were initialized with
the same random seed and trained with identical hyperparameters to ensure
consistent experimental conditions.

The optimizer used was Adam with a learning rate of 1×10−4, and training
was performed using mini-batches of size 64 sampled from a shared experience
replay buffer containing up to 100,000 transitions. The agent followed an ϵ-
greedy exploration policy, where ϵ was linearly annealed from 0.5 to 0.05 over
the first 10,000 episodes, and held constant thereafter. Training proceeded for
a total of 500,000 environment steps. A separate target network was used to
stabilize Q-value updates, and was synchronized with the main network every
1,000 steps. Both agents received identical sequences of training data by drawing
from the same experience buffer and applying identical update steps.

Post-training, each model’s learned Q-values were decomposed using Shapley-
based attribution computed directly from the trained weights and a sampled
state, and these were used to construct DAGs that reflect the agent’s inferred
causal structure between state features and insulin action values. The frozen-
layer regime served as a diagnostic condition for impaired abstraction and rep-
resentation learning, thereby highlighting the role of depth-specific adaptability
in generating meaningful causal explanations.
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To highlight Shapley contribution, I employ two NetworkX [93] visualiza-
tions of heatmaps and bar plots. The heatmap visualizes the weighted contri-
butions of the input features to the output neurons of the network. Each cell
in the heatmap corresponds to the combined SHAP value for a specific feature
and output neuron (x-axis), given the input features (y-axis), weighted by the
learned connection weight in the neural network. The color intensity of each
cell indicates the magnitude of the contribution. On the other hand, the bar
plot isolates and visualizes the total contribution of input features (x-axis) to
a single output neuron. The bars (y-axis) represent the aggregated impact of
each input feature on a specific output feature after combining SHAP values
with model weights.

In Figs. 4.7, 4.9 and 4.10, I visualize these Shapley values across represen-
tative training episodes. These heatmaps and bar plots offer a view into which
features are driving the agent’s decisions, highlighting the relative influence of
physiological signals such as glucose trends, carbohydrate intake, and prior in-
sulin dosages, at each layer.

However, as discussed before, Shapley values are inherently associative and
not causal. They describe which inputs were influential, but not why the learn-
ing progressed in a particular direction. This limits their explanatory depth,
especially when trying to interpret model dynamics across training regimes.

While Shapley Q-values offer insight into the relative importance of input
features for the Q-function, they remain fundamentally associative. That is,
they reflect correlations between inputs and Q-values but cannot determine
whether a change in a feature or parameter causes a change in the agent’s
decision-making. To bridge this gap, I construct SCM graphs that allow for
reasoning about directional dependencies and interventional dynamics.

Indeed, as explained beforehand, to facilitate a controlled causal analysis, I
purposefully introduce a second training regime in which learning is artificially
constrained: the frozen-learning condition. The visual explanations generated
by these SCM graphs (see Figs. 4.11 and 4.12) are obtained from observational
data extracted separately between the two trainings. Thus, two main experi-
mental conditions are considered:

1. Standard Training (Fig. 4.12): The SCM reveals a well-connected causal
structure, indicating balanced contributions across multiple weights and
a coherent flow of influence from relevant features to Q-value formation.

2. Frozen-Learning Regime (Fig. 4.11): Here, gradient updates are blocked
after an early phase. While the Shapley heatmaps remain visually simi-
lar (suggesting continued attribution to input features), the SCM graph
reveals disrupted or diminished causal pathways, especially from adaptive
features like glucose variability.

In particular, Shapley values alone cannot distinguish between active learn-
ing and stagnation. Since they are based on feature marginal contributions
within a fixed model, they continue to produce apparently reasonable attribu-
tion maps, even when the model is no longer adapting (Fig.4.11). By freezing
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(a) (b)

(c) (d)

(e)

Figure 4.9: Bar plots of the hidden layers of the DQN under frozen regime:
first hidden layer 4.9a, second hidden layer 4.9b, third hidden layer 4.9c, fourth
hidden layer 4.9d and the output layer 4.9e. These plots are constructed after
extracting Shapley values attributions across all layers. No particular evidence
of issue in the learning can be visually seen in these plots.
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(e)

Figure 4.10: Bar plots of the hidden layers of the DQN under the normal training
regime: first hidden layer 4.10a, second hidden layer 4.10b, third hidden layer
4.10c, fourth hidden layer 4.10d and the output layer 4.10e. In comparison with
the bar plots of the frozen learning regime, no particular evidence of difference
in learning can be visually extracted at first sight.
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the learning, I create a scenario where the observed Shapley values may still
point to relevant inputs, yet the agent’s behavior deteriorates, as verified by the
cumulated discounted reward obtained.

The SCMs generated under the frozen-learning condition (Fig. 4.11) reflect
this explicitly. Compared to the balanced, interconnected graph of the standard
training condition (Fig.4.12), the frozen-learning SCM shows disrupted causal
pathways, such as weakened or broken links from key physiological features to
Q-value formation (for example, layer 3). This structural breakdown aligns with
observed performance deficits, but it is not detectable through Shapley analysis
alone. By purposefully freezing learning, I highlight the central contribution
of this work: only through SCMs can I access the internal causal logic of RL
agents, beyond what attribution maps suggest.

Furthermore, given the structure of the DQN, to enhance the interpretability
SCM graphs, I aggregated neurons into fixed groups of 32 based on their index
in the network architecture. This aggregation is a purely procedural decision,
not based on any clustering or functional similarity, and serves to reduce the
dimensionality of the analysis (mainly graph dimensions and number of links)
for a clearer presentation, while causal assessment is still preserved. Indeed,
examining each individual neuron would result in high visual complexity and
obscure the broader patterns I aim to surface. By grouping adjacent neurons
(e.g., Neurons 0–31, 32–63, etc.), I retain enough granularity to observe local-
ized patterns of influence, while enabling compact causal graphs and Shapley
summaries that are visually tractable and cognitively accessible. This grouping
strategy is consistently applied across all attribution maps and causal graphs
(e.g., Figs. 4.11, 4.12), where each node or feature corresponds to a block of
32 neurons. Furthermore, the influence of the neurons was also included in the
visual representation as well as it could better highlight causality layer-wise.

For better clarity, the DAG network visualizes the relationship between in-
put features by representing: nodes as entities, by using input features; output
neurons, represented as another set of nodes; edges, representing connections
between input features and output neurons - with edge weights indicating the
strength and polarity of the contribution. Derived from the normalized edge
weights (SHAP value × weight), the edge links are mapped to a colormap,
where bright colors (e.g., yellow) indicate strong positive contributions, while
dark colors (e.g., purple or blue) indicate either no contribution at all or a
strong negative contribution. In summary, the graph network shows the path-
ways through which input features influence output neurons and highlights the
most influential input-output connections based on weights. In addition, it vi-
sualizes how certain features might dominate influence over specific neurons.
Such methodology is supposed to introduce better interpretability and clarity
over model reasoning and causality.
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Figure 4.11: The DAG constructed from the SCM derived from the DQN agent.
This DAG refers to the frozen learning regime and it can be visually seen that
layer 3 is kept fixed during learning (no gradient updates). This Fig. showcases
the potential to spot eventual issues that may arise that are not discoverable by
Shapley Q-Values alone.

Figure 4.12: The DAG constructed from the SCM in the normal training regime.
From this Fig. it can be seen that the contribution values across the graph is
equally distributed (as expected), thus visually confirming that the learning is
not hindered by network internal mechanisms.
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Chapter 5

Results

5.1 Results of Transparency Explanations

The AC algorithm was tested on the in-silico 10 adults, 10 children and 10 ado-
lescents provided in the educational version of the UVA / Padova simulation
environment. The simulation was run for a 30-day period and the correspond-
ing Control Variability Grid Analysis (CVGA), zone stats and risk stats are
analogous to the ones obtained in [49]. The two profiles described in the origi-
nal work P1 and P2 were both employed in the study.

To evaluate the proposed explanations during the learning process, I pre-
sented two questionnaires to 19 T1D patients and 5 physicians. Each question-
naire used a Likert scale of 1 to 5 to assess two factors: quality and trust.
For each explanation methodology, P1 and P2 were presented jointly to ob-
tain a general sentiment of the presented explanations. The patients were aged
between 19 to 35 (µ = 24.4) comprising of 10 males and 9 females, while the
physicians were aged between 30 and 59 (µ = 48.2) comprising of 3 females
and 2 males. All the physicians had the necessary knowledge to understand
T1D mechanics but not all of them were previously exposed to RL or to T1D
through RL agents. All the participants were used in the evaluation, regardless
of the background preparation in understanding such methods. This is made
on purpose as the final aim of XRL is to provide the same types of explana-
tions to different expertise level, ideally matching all of them. It was chosen
to group MSX and RDX graphs together for a matter of simplicity of proposed
explanations. Indeed, because one is the derivation of the other and both are
represented by bar charts, it makes no significant difference to split them into
two different explanations methodologies.

The MSX and RDX graphs obtained in the environment by the algorithm
proposed are depicted in Fig. 4.2. Samples of the explanations generated by
BMs are depicted in Fig. 5.1. Here, as cited before, the choice of having 6
components was set empirically after evaluating different values. Indeed, much
lower or much higher values would make the final graph almost identical in terms
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Metric (Means) Pair Mean-diff Median-diff p-value

Understandable DQv-RDX 0.63 0.50 0.079
(µDQv=1.71, DQv-BM 2.21 2.50 0.001
µRDX=2.33, DQv-N 0.38 -0.50 0.469
µBM=3.92, RDX-BM 1.58 2.00 0.002
µN=1.33) RDX-N 1.00 1.00 0.001

BM-N 2.58 3.00 0.000

Complete DQv-RDX 0.08 0.00 0.992
(µDQv=2.21, DQv-BM 0.88 -1.00 0.021
µRDX=2.13, DQv-N 0.92 1.00 0.014
µBM=3.08, RDX-BM 0.96 -1.00 0.009
µN=1.29) RDX-N 0.83 1.00 0.030

BM-N 1.79 2.00 0.001

Detailed DQv-RDX 0.38 1.00 0.604
(µDQv=2.88, DQv-BM 0.29 0.00 0.770
µRDX=2.50, DQv-N 1.54 2.00 0.001
µBM=3.17, RDX-BM 0.67 -1.00 0.130
µN=1.33) RDX-N 1.17 1.00 0.001

BM-N 1.83 2.00 0.006

Satisfying DQv-RDX 0.79 0.00 0.046
(µDQv=1.92, DQv-BM 1.08 -1.00 0.002
µRDX=2.71, DQv-N 0.46 1.00 0.422
µBM=3.00, RDX-BM 0.29 -1.00 0.763
µN=1.46) RDX-N 1.25 1.00 0.003

BM-N 1.54 2.00 0.002

Table 5.1: Results of the one way ANOVA test in terms of pair, mean difference,
median difference (positive higher values are better) and p-values. Under the
metrics, in parenthesis, are the means of the votes in the Likert scale for each
methodology. The results refer to the votes of the questionnaire about quality.
Perceived quality of the explanations provided in this work in terms of quality
of explanations (Likert scale 1-5). Bold values are where the p-value is < 0.05.

of contributions to the Q-Value function and so a value of 6 components was
kept during the experiments. The results of the comparisons are represented in
Tab. 5.1 and Tab. 5.2.

Evidences in mean differences highlight that, generally speaking for all the
quality metrics, the p-values over the pairwise comparisons for BM and RDX
are < 0.05 and thus it’s safe to reject the null hypothesis. Indeed, it is generally
perceived by the users as beneficial to have a graphical representation of the
dynamics as with BM or MSX/RDX: those two techniques, compared with the
others usually got a better average vote on the questionnaires. In addition,
N has the lowest score in all metrics suggesting that any kind of explanation
considered in the study is still better than no explanation given. In terms of
quality, it is evident that BM is perceived as the best on all metrics, followed
by RDX, DQv and N, respectively. This demonstrates that the hypothesis of
better explainability via RDX or BM is matched with actual preference data.
The results of the pairwise comparison of the Likert scale for the quality of
explanations are represented in Tab. 5.1.

As opposed to the expectations, however, when addressing trust and safety,
apart from few examples, no method provided evidence of increased trust to-
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Metric (Means) Pair Mean-diff Median-diff p-value

Confidence DQv-RDX 1.08 -1.00 0.006
(µDQv=1.54, DQv-BM 1.38 -1.00 0.001
µRDX=2.63, DQv-N 0.42 -1.00 0.568
µBM=2.92, RDX-BM 0.29 0.00 0.801
µN=1.96) RDX-N 0.67 0.00 0.170

BM-N 0.96 0.00 0.019

Predictability DQv-RDX 0.46 1.00 0.596
(µDQv=3.00, DQv-BM 0.13 1.00 0.986
µRDX=2.54, DQv-N 0.38 1.00 0.736
µBM=2.88, RDX-BM 0.33 0.00 0.799
µN=2.63) RDX-N 0.08 0.00 0.995

BM-N 0.25 0.00 0.903

Reliability DQv-RDX 0.38 0.00 0.599
(µDQv=2.21, DQv-BM 1.04 -1.00 0.004
µRDX=2.58, DQv-N 0.58 0.50 0.219
µBM=3.25, RDX-BM 0.67 -1.00 0.126
µN=1.50) RDX-N 0.96 0.50 0.010

BM-N 1.63 1.50 0.007

Safety DQv-RDX 0.13 0.00 0.962
(µDQv=2.13, DQv-BM 0.04 0.00 0.998
µRDX=2.00, DQv-N 0.71 1.00 0.036
µBM=2.17, RDX-BM 0.17 0.00 0.917
µN=1.42) RDX-N 0.58 1.00 0.116

BM-N 0.75 1.00 0.023

Table 5.2: Results of the one way ANOVA test in terms of pair, mean difference,
median difference (positive higher values are better) and p-values. Under the
metrics, in parenthesis, are the means of the votes in the Likert scale for each
methodology. Perceived quality of the explanations provided in this work in
trust towards the explanations (Likert scale 1-5). The results refer to the trust
factor. Bold values are where the p-value is < 0.05.

wards the system. This could be due either by patients’ or physicians’ prior
assumptions of a given device for T1D control or simply no gain in trust over-
all. Other methods could be tested to ascertain if trust is a major issue in this
problem or it is dependent on the methods used. The results of the pairwise
comparison of the Likert scale for the quality of explanations are represented in
Tab. 5.2.

5.2 Results of Post-Hoc Explanations

In this Subsect. the results of the Post-Hoc explanations are given both in terms
of explaining to laypeople and explaining the algorithms through causality.

5.2.1 Results of Markov Networks

To evaluate the impact of system intepretability on patient trust and system
adoption, a structured explanation protocol was administered to T1DM patients
following an initial survey. Prior to the intervention, participants (n = 41) com-
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Figure 5.1: Examples of explanations generated by BMs that change over time,
following profile P2 from critic’s perspective. Darker areas represent higher
expected future reward. The X axis represent a projection of future 30-day
periods, while the Y axis represents the hours of the day. From top-left to
bottom-right is the evolution over time of agent’s beliefs. Top-left figure rep-
resents the initial state of the learning, that is the agent maps all hours of the
day to the same value. Middle-top figure starts differentiating between hours of
the day. The agent then learns the P2 profile and it becomes visually evident
through figures from top-right, bottom-left and, finally, bottom-right, where the
agent has correctly mapped the optimal control.

pleted a baseline assessment that captured their current treatment methods,
prior experience with automated insulin delivery, and attitudes toward closed-
loop systems. Trust was measured using a 5-point Likert scale, and patients
indicated whether they would consider using a closed-loop fully-automated con-
troller.

Patients then participated in a 15–20 minute explanation session. This in-
cluded a visual walkthrough of the reinforcement learning agent’s decision pro-
cess, modeled as a MDP. State variables such as BG level, carbohydrates (CHO)
intake, insulin on board (IoB), and physical activity were illustrated, along with
the corresponding actions and reward functions.

The session also included an interactive simulation demonstrating how the
agent responded to common scenarios (e.g., skipped meals, exercise). Analo-
gies, such as comparing the system to automotive cruise control, were used to
frame the system as assistive rather than fully autonomous. The session then
concluded with a short Q&A.

After the explanation, the same trust and adoption questions were adminis-
tered again after showing the three Markov networks to assess changes in per-
ceptions of explanation levels. This approach aimed to bridge the gap between
technical complexity and patient understanding, with the goal of increasing
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trust in automated diabetes management systems. On the real patients pool,
comprising of 22 males and 19 females aged between 18-50 (s.d. ±8.5), only
about 68% of the patients were involved in a closed-loop intervention. The
other patients actively neglected the use of an artificial pump due to lack of
trust or due to personal preference. Indeed, only around 15% of the patients
involved were willing to adopt a fully automated artificial pancreas closed-loop
mechanism before the explanations.

The questions administered to the patients were:

� Q1 (Likert): On a scale of 1–5, how much do you trust an automated
insulin delivery system (closed-loop)?

� Q2 (binary): Would you consider using a closed-loop controller in your
diabetes management?

After modeling the Markov network and showing the patients the relation-
ships between agent’s decisions and its driving mechanics, a 28% increase in
trust towards the system and were able to better understand the behavior of
the controller agent. This resulted in 43% of the patients with an increased trust
towards the system that were willing to adopt the automated agent afterwards.
The results are represented in Tab. 5.3 and are depicted in Fig 5.2.

Metric Before After
Willing to adopt closed-loop 15% (6 patients) 43% (17 patients)
High trust (Likert 4–5) 18% (7 patients) 46% (18 patients)
Average trust score (Likert 1–5) 2.51 3.27

Table 5.3: Trust and Willingness to Adopt Before and After Explanation

Figure 5.2: Results of the questionnaires before and after the Markov network
graph provided to patients.



108 CHAPTER 5. RESULTS

5.2.2 Results of Structural Causal Models

Training under both regimes proceeded smoothly, with stable convergence of
the Q-value loss observed after approximately 400,000 environment steps. The
shared experience replay and identical hyperparameter settings ensured com-
parable learning conditions, allowing for a controlled comparison of representa-
tional dynamics. In the standard learning regime, all network layers adapted
through gradient updates, resulting in robust policies capable of achieving ef-
fective glycemic control across the diverse patient cohort (see Fig. 4.8b). Con-
versely, in the frozen-layer regime, the fixed third hidden layer constrained the
network’s capacity for deep feature abstraction, yielding noticeably slower im-
provement in action-value estimates and a modestly degraded policy perfor-
mance (see Fig. 4.8a).

From an interpretability standpoint, the post-training analysis revealed crit-
ical differences between the two regimes. When examining Shapley Q-Values
derived from the learned weights, both models exhibited broadly similar attri-
butions across input features, indicating that the Shapley decomposition alone
was insufficient to clearly distinguish the effect of freezing intermediate repre-
sentations (see Figs. 4.9 and 4.10). While Shapley values provided quantitative
attributions, they lacked the granularity needed to expose structural represen-
tational deficiencies caused by the frozen layer.

In contrast, the SCMs constructed as DAGs from the same attribution data
offered a more nuanced and visually salient explanation. Under the frozen-layer
regime, the DAGs exhibited a pronounced disruption in causal pathways as-
sociated with the features mediated by the frozen third layer (see Fig. 4.12).
Specifically, the expected edges representing functional dependencies between
intermediate feature representations and downstream Q-values were either ab-
sent or markedly weakened, visually illustrating the blockage in information
flow caused by the frozen parameters. This disruption was not present in DAGs
from the standard learning regime (see Fig. 4.11), where fully trainable layers
enabled the emergence of coherent and dense causal structures linking inputs to
actions.

These results highlight that while Shapley value attributions remain a pow-
erful tool for feature importance ranking, their interpretability is limited when
internal representational learning is impaired. The SCM-based causal graphs,
by explicitly modeling the network’s hierarchical dependencies, provided a com-
plementary and more sensitive diagnostic framework capable of revealing latent
issues in the network’s learning and causal inference capabilities. This contrast
underscores the necessity of combining value-based attributions with structural
causal analysis to gain deeper insights into the representational integrity and
decision-making processes of deep reinforcement learning agents, especially in
high-stakes clinical applications such as T1DM management.



Chapter 6

Conclusions

This thesis explored the integration of explainable artificial intelligence (XAI)
and reinforcement learning (RL), with a specific focus on their application to
the management of Type 1 Diabetes Mellitus (T1DM). As autonomous agents
increasingly support or replace manual processes in healthcare, ensuring trans-
parency and trust in their decision-making becomes critical. To address this,
the research investigated a range of techniques under the umbrella of eXplain-
able Reinforcement Learning (XRL), aiming to clarify the behavior of RL-based
agents in high-stakes clinical environments.

The work spans from foundational analysis to practical applications. It
begins with a comprehensive literature review of XRL, offering a structured
understanding of current trends, methodological gaps, and opportunities in the
field. This is followed by the development and evaluation of user-centered and
model-agnostic explanation techniques, as well as an investigation into novel,
theoretically grounded approaches for interpreting agent behavior.

The contributions of this thesis can be summarized across three main dimen-
sions: foundational, methodological, and applied. On the foundational side, the
thesis provides a detailed conceptual and methodological review of the XRL
literature. By classifying existing approaches and identifying limitations, it of-
fers a structured reference point for future research. This work highlights the
fragmented nature of current XRL efforts and emphasizes the need for standard-
ization and interdisciplinary perspectives, particularly when applied to sensitive
domains like healthcare.

Methodologically, several explanation techniques were proposed and eval-
uated. These include reward-difference analysis and contrastive explanations,
designed to offer user-centered insights into agent decisions. Additionally, a
novel post-hoc abstraction technique based on Markov models was developed
to provide model-agnostic interpretations of agent behavior across trajectories.
These methods collectively aim to improve interpretability for both technical
and non-technical audiences.

From an applied perspective, the thesis introduces an innovative approach
combining Shapley-based Q-value attributions from Deep Q-Networks (DQNs)
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with Structural Causal Models (SCMs). This method provides a causal perspec-
tive on RL behavior, highlighting the limitations of attribution-based techniques
in capturing true causal dependencies. The approach enables a more principled
and explainable analysis of agent decision-making processes in the context of
T1DM.

This research contributes to the growing body of work aimed at making AI
systems more transparent, accountable, and suitable for deployment in high-
stakes environments. By focusing on healthcare and specifically T1DM, it
grounds theoretical advancements in practical, real-world challenges. The meth-
ods developed herein address the interpretability needs of diverse user groups,
ranging from clinicians and researchers to patients and caregivers. The thesis
bridges the gap between technical innovation and ethical deployment, highlight-
ing how explainability can enhance trust and facilitate regulatory compliance.
In doing so, it supports a vision of AI that complements human expertise, rather
than replacing it blindly.

While the contributions can be considered substantial, certain limitations
remain. Some of the proposed explanation techniques may not generalize easily
to continuous control settings or multi-agent environments. Additionally, the
clinical realism of the simulated environments used in this work may not fully
capture the complexity of real-world T1DM management. Another limitation
lies in the subjective nature of explanation evaluation. While the proposed
methods aim to serve both expert and lay audiences, initial human-centered
validation, through user studies involving clinicians, was conducted, but further
large-scale evaluations are still warranted.

Future research could extend the current methods to other chronic condi-
tions and more complex treatment regimens. For instance, the framework intro-
duced here could be adapted to settings involving comorbidities or multi-agent
decision systems. Moreover, additional work is needed to scale explanation
techniques to large-scale and real-time RL applications. Enhancing human-in-
the-loop feedback mechanisms, improving the interpretability of policy-gradient
methods, and integrating causal modeling with other deep RL architectures are
promising directions. Finally, broader empirical validation, including qualita-
tive studies with domain experts, will be crucial to ensure the practical utility
and adoption of these techniques.



Bibliography

[1] Amina Adadi and Mohammed Berrada. Peeking inside the black-box: a
survey on explainable artificial intelligence (xai). IEEE access, 6:52138–
52160, 2018.

[2] Riad Akrour, Davide Tateo, and Jan Peters. Towards reinforcement
learning of human readable policies. In The European Conference on
Machine Learning and Principles and Practice of Knowledge Discovery
in Databases: The 1st Workshop on Deep Continuous-Discrete Machine
Learning, 2019.

[3] Fadi Al-Turjman. Artificial intelligence in IoT. Springer, 2019.

[4] Alnour Alharin, Thanh-Nam Doan, and Mina Sartipi. Reinforcement
learning interpretation methods: A survey. IEEE Access, 8:171058–
171077, 2020.

[5] Dan Amir and Ofra Amir. Highlights: Summarizing agent behavior to peo-
ple. In Proceedings of the 17th International Conference on Autonomous
Agents and MultiAgent Systems, pages 1168–1176, 2018.

[6] Ofra Amir, Finale Doshi-Velez, and David Sarne. Summarizing agent
strategies. Autonomous Agents and Multi-Agent Systems, 33:628–644,
2019.

[7] Andrew Anderson, Jonathan Dodge, Amrita Sadarangani, Zoe Juoza-
paitis, Evan Newman, Jed Irvine, Souti Chattopadhyay, Alan Fern, and
Margaret Burnett. Explaining reinforcement learning to mere mortals:
An empirical study. arXiv preprint arXiv:1903.09708, 2019.

[8] Sule Anjomshoae, Amro Najjar, Davide Calvaresi, and Kary Främling.
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Miller, Rosina Weber, and Daniele Magazzeni. Distilling deep reinforce-
ment learning policies in soft decision trees. In Proceedings of the IJCAI
2019 workshop on explainable artificial intelligence, pages 1–6, 2019.



BIBLIOGRAPHY 115

[47] Francisco Cruz, Richard Dazeley, and Peter Vamplew. Memory-based ex-
plainable reinforcement learning. In AI 2019: Advances in Artificial In-
telligence: 32nd Australasian Joint Conference, Adelaide, SA, Australia,
December 2–5, 2019, Proceedings 32, pages 66–77. Springer, 2019.

[48] Yinglong Dai, Haibin Ouyang, Hong Zheng, Han Long, and Xiaojun Duan.
Interpreting a deep reinforcement learning model with conceptual em-
bedding and performance analysis. Applied Intelligence, 53(6):6936–6952,
2023.

[49] Elena Daskalaki, Peter Diem, and Stavroula G Mougiakakou. An actor–
critic based controller for glucose regulation in type 1 diabetes. Computer
methods and programs in biomedicine, 109(2):116–125, 2013.

[50] Richard Dazeley, Peter Vamplew, and Francisco Cruz. Explainable re-
inforcement learning for broad-xai: a conceptual framework and survey.
Neural Computing and Applications, pages 1–24, 2023.

[51] Alejandra de-la Rica-Escudero, Eduardo C Garrido-Merchán, and Maŕıa
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Cobelli, EJ Gómez, M Rigla, Alberto de Leiva, and ME Hernando. Artifi-
cial neural network algorithm for online glucose prediction from continu-
ous glucose monitoring. Diabetes technology & therapeutics, 12(1):81–88,
2010.

[210] Jonas Peters, Dominik Janzing, and Bernhard Schölkopf. Elements of
causal inference: foundations and learning algorithms. The MIT Press,
2017.

[211] Marek Petrik and Ronny Luss. Interpretable policies for dynamic product
recommendations. In UAI, 2016.

[212] Vitali Petsiuk, Abir Das, and Kate Saenko. Rise: Randomized in-
put sampling for explanation of black-box models. arXiv preprint
arXiv:1806.07421, 2018.

[213] Hamed Pirsiavash and Deva Ramanan. Parsing videos of actions with
segmental grammars. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pages 612–619, 2014.

[214] Gregory Plumb, Maruan Al-Shedivat, Ángel Alexander Cabrera, Adam
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John Agapiou, Julian Schrittwieser, et al. Starcraft ii: A new challenge
for reinforcement learning. arXiv preprint arXiv:1708.04782, 2017.

[285] Dimitrios Vogiatzis and Andreas Stafylopatis. Reinforcement learning for
symbolic expression induction. Mathematics and computers in simulation,
51(3-4):169–179, 2000.

[286] Cameron Voloshin, Hoang M Le, Nan Jiang, and Yisong Yue. Empirical
study of off-policy policy evaluation for reinforcement learning. arXiv
preprint arXiv:1911.06854, 2019.

[287] George A Vouros. Explainable deep reinforcement learning: state of the
art and challenges. ACM Computing Surveys, 55(5):1–39, 2022.
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