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Abstract

This paper investigates the prospect of developing human-interpretable, explainable
artificial intelligence (AI) systems based on active inference and the free energy prin-
ciple. We first provide a brief overview of active inference, and in particular, of how
it applies to the modeling of decision-making, introspection, as well as the generation
of overt and covert actions. We then discuss how active inference can be leveraged
to design explainable Al systems, namely, by allowing us to model core features of
“introspective” processes and by generating useful, human-interpretable models of the
processes involved in decision-making. We propose an architecture for explainable Al
systems using active inference. This architecture foregrounds the role of an explicit
hierarchical generative model, the operation of which enables the Al system to track
and explain the factors that contribute to its own decisions, and whose structure is
designed to be interpretable and auditable by human users. We outline how this ar-
chitecture can integrate diverse sources of information to make informed decisions in
an auditable manner, mimicking or reproducing aspects of human-like consciousness
and introspection. Finally, we discuss the implications of our findings for future re-
search in Al, and the potential ethical considerations of developing Al systems with
(the appearance of) introspective capabilities.
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1 Introduction: Explainable AI and active inference

Artificial intelligence (AI) systems continue to proliferate and, at the time of writing, have
become an integral part of various intellectual and industrial domains, including healthcare,
finance, and transportation (Mascarenhas et al., 2023; Raghupathi & Raghupathi, 2014]).
Traditional AI models, such as deep learning neural networks, have been widely recognized
for their ability to achieve high performance and accuracy across various tasks (Goodfellow,
Bengio & Courville, 2016; LeCun, Bengio & Hinton, 2015). However, it is well known
that these models almost invariably function as “black boxes,” with limited transparency
and interpretability of their decision-making processes (Castelvecchi, 2016; Gunning, 2017).
This lack of explainability can lead to skepticism and reluctance to adopt Al systems—and
indeed, to harm, particularly in high-stakes situations, where the consequences of a wrong
decision can be severe and harmful (Birhane, 2021; Birhane, Isaac et al., [2022; Doshi-Velez
& Kim, 2017; Ribeiro, Singh & Guestrin, 2016). Indeed, a lack of explainability precludes
applications in certain domains, such as fintech.

The problem of explainable AI (sometimes referred to as the “black box” problem) is
the problem of understanding and interpreting how these models arrive at their decisions or
predictions (Bauer, von Zahn & Hinz, 2021; Bélisle-Pipon et al.,[2022). While researchers and
users may have knowledge of the inputs provided to the model and the corresponding outputs
that it produces, comprehending the internal workings and decision-making processes of Al
systems can be complex and challenging. This is in no small part because their intricate
architectures and numerous interconnected layers learn to make predictions by analyzing vast
amounts of training data and adjusting their internal parameters, without explicit instruction
from a programmer (Ali et al., 2023). The method by which these systems are trained
thus, by design, limits their explainability. Moreover, the internal computations that are
performed by these models—when they engage in decision-making—can be highly complex
and nonlinear, making it difficult to extract meaningful explanations of their behavior, or
insights into their decision-making process (Esterhuizen, Goldsmith & Linic, |2022). This
problem is compounded by the fact that most machine learning implementations of Al fail
to represent or quantify their uncertainty; especially, uncertainty about the parameters and
weights that underwrite their accurate performance. This means that Al, in general, cannot
evaluate (or report) the confidence in its decisions, choices or recommendations.

The lack of interpretability poses several challenges. Firstly, it hampers transparency and
makes audits by third parties next to impossible, as the designers, users, and stakeholders
of these systems may struggle to understand why a particular decision or prediction was
made. This becomes problematic in critical domains such as healthcare or finance, where
the ability to explain the reasoning behind a decision is essential for trust, accountability, and
compliance with regulations (Mishra, [2021; von Eschenbach, 2021)). Secondly, the black box
nature of machine learning models can hinder the identification and mitigation of biases or
discriminatory patterns. Without visibility into the underlying decision-making process, it
becomes challenging to detect and address biases that may exist within the model’s training
data or architecture.

This opacity can lead to unfair or biased outcomes, perpetuating social inequalities or



discriminatory practices (Nascimento, Alencar & Cowan, 2023; van Giffen, Herhausen &
Fahse, [2022; Veale & Binns, 2017). Additionally, the lack of interpretability of the model
limits its ability to provide meaningful explanations to end-users. Individuals interacting
with machine learning systems often seek explanations for the decisions made by these sys-
tems (Laato et al., 2022; Stiglic et al.,[2020)). For instance, in medical diagnosis, patients and
healthcare professionals may want to understand why a particular diagnosis or treatment
recommendation was given (Neri et al., 2023; Oberste et al., 2023)); or consider automated
suggestions in practical industrial settings (Le et al., 2023)). Without explainability, users
may be hesitant to trust the system’s recommendations or may feel apprehensive (not without
good reason) about relying on the outputs of such models.

Accordingly, the need for explainable Al has become increasingly important (Adadi &
Berrada, 2018)). “Explainable AI” refers to the development of Al systems that can provide
human-understandable explanations for their decisions and actions (Guidotti et al., 2018)).
This level of transparency is crucial for fostering trust (Burrell, |2016)), ensuring accountab-
ility (San Miguel, Naseer & Inakoshi, 2021)), and facilitating inclusive collaboration between
humans and Al systems (Birhane, Ruane et al., 2022; Hipolito, Winkle & Lie, 2023; Kok-
ciyan et al., |[2021). Recent efforts to regulate Al may turn explainability into a requirement
for the deployment of any Al system at scale. For instance, in the United States, the Na-
tional Institute of Standards and Technology (NIST) released its Artificial Intelligence Risk
Management Framework (RMF) in 2023, which includes explainability and interpretability
as crucial characteristics of a trustworthy Al system. The RMF is envisioned as a guide for
tech companies to manage the risks of Al and could eventually be adopted as an industry
standard. In a similar vein, US Senator Chuck Schumer has led a congressional effort to
establish US regulations on AI, with one of the key aspects being the availability of explan-
ations for how AI arrives at its responses (Drake et al., [2023]).

In the European Union, a proposed Regulation Laying Down Harmonized Rules on Arti-
ficial Intelligence (better known as the “Al Act”) is set to increase the transparency required
for the use of so-called “high-risk” Al systems. For instance, groups that deploy automated
emotion recognition systems may be obligated to inform those on whom the system is being
deployed that they are being exposed to such a system. The AI Act is expected to be final-
ized and adopted in 2023, with its obligations likely to apply within three years’ time. The
Council of Europe is also in the process of developing a draft convention on artificial intelli-
gence, human rights, democracy, and the rule of law, which will be the first legally binding
international instrument on Al. This convention seeks to ensure that research, development,
and deployment of Al systems are consistent with the values and interests of the EU, and
that they remain compatible with the AI Act and the proposed Al Liability Directive, which
includes a risk-based approach to Al. In addition, the US-EU Trade and Technology Council
published a joint Roadmap for Trustworthy AI and Risk Management in 2022, which aims
to advance collaborative approaches in international standards bodies related to Al, among
other objectives (Skeath, Tonsager & Zhang, [2023). Therefore, explainability is clearly a
major issue in research, development, and deployment of Al systems, and will remain so for
the foreseeable future.



Explainable Al aims to bridge the gap between the complexity and lack of auditability of
contemporary Al systems and the need for human interpretability and auditability (Adadi
& Berrada, 2018} Brennen, [2020; Guidotti et al., 2018). It seeks to provide insights into the
factors that influence Al decision-making, enabling users to understand the explicit reason-
ing and other factors driving the output of Al systems. Understanding the performance and
potential biases of Al systems is crucial for their ethical and responsible deployment (Ratti
& Graves, 2022; Ridley, [2022). This understanding, however, must extend beyond the per-
formance of Al systems on academic benchmarks and tasks to include a deep understanding
of what the models represent or learn, as well as the algorithms that they instantiate (Guest
& Martin, 2023).

Transparency considerations are embedded in the design, development, and deployment
of Al systems, from the societal problems that arise worth developing a solution, to the data
collection stage, and still at the point where the Al system is deployed in the real world and
iteratively improved (Hipodlito, 2023; Hipoélito, Winkle & Lie, [2023). This transparency may
enable the implementation of other ethical AT dimensions like interpretability, accountability,
and safety (Chaudhry, Cukurova & Luckin, 2022).

Researchers have been exploring various approaches to develop more explainable Al sys-
tems (Arrieta et al.,[2020; Doshi-Velez & Kim, 2017). However, these efforts have yet to yield
a principled and widely accepted path method for, or path to, explainability. One promising
direction is to draw inspiration from research into human introspection and decision-making
processes. Furthermore, a two-stage decision-making process, which includes a reflection
stage where the network reflects on its feed-forward decision, can enhance the robustness
and calibration of Al systems (Prabhushankar & AlRegib, [2022). It has been suggested that
explainability in Al systems can be further enhanced through techniques such as layer-wise
relevance propagation (Bach et al., 2015) and saliency maps (Zhang, Wu & Zhu, 2018)),
which aid in visualizing the model’s reasoning process. By translating the internal models
of Al systems into human-understandable explanations, we can foster trust and collabora-
tion between AI systems and their human users (Lamberti, 2023). However, as (Guest &
Martin, 2023)) argue, we must also consider the metatheoretical calculus that underpins our
understanding and use of these models. This involves not only considering the performance
of the model on a task, but also the implications of the performance of the model for our
understanding of the mind and brain.

In this paper, we investigate the potential of active inference, and the free energy prin-
ciple (FEP) upon which is based (Friston et al., 2022; Ramstead, Sakthivadivel et al., 2023)),
to enhance explainability in Al systems, notably by capturing core aspects of introspective
processes, hierarchical decision-making processes, and (cover and overt) forms of action in
human beings (Hohwy, 2013; Ramstead, Albarracin, Kiefer, Klein, Fields et al., 2023; Ram-
stead, Albarracin, Kiefer, Klein, Williford et al., 2023). The FEP is a variational principle
of information physics that can be used to model the dynamics of self-organizing systems
like the brain. Active inference is an application of the FEP to model the perception-action
loops of cognitive systems: it provides us with the basis of a unified theory of the structure
and function of the brain (and indeed, of living and self-organizing systems more generally;



(Ramstead, Badcock & Friston, 2018; Ramstead et al., 2019). Active inference allows us
to model self-organizing systems like brains as being driven by the imperative to minimize
surprising encounters with the environment; where this surprise scores how far a thing or
system deviates from its characteristic states (e.g., a fish out of water). By doing so, the
brain continually updates and refines its world model, allowing the agent to act adaptively
and in situationally appropriate ways.

The relevance of using active inference is that the models of cognitive dynamics—and in
particular, introspection—that have been developed using its tools can be adapted to enable
the design of human interpretable and auditable (and indeed, self-auditable) AI systems.
The ethical and epistemological or epistemic gains that this enables are notable. The pro-
posed active inference based Al system architecture would enable artificial agents to access
and analyze their own internal states and decision-making processes, leading to a better
understanding of their decision-making processes, and the ability to report on themselves.
Proof of concept for this kind of “self report” is already at hand (Parr & Pezzulo, [2021)) and,
in principle, is supported in any application of active inference. At one level, committing
to a generative model—implicit in any active inference scheme—dissolves the explainability
problem. This is because one has direct access to the beliefs and belief-updating of the agent
in question.

Indeed, this is why active inference has been so useful in neuroscience to model and
explain behavioral and neuronal responses in terms of underlying belief states: e.g., (Adams,
Shipp & Friston, 2013; Adams et al., [2022; Smith, Khalsa & Paulus, 2021; Smith, Taylor &
Bilek, 2021} Sterzer et al., 2018). As demonstrated in (Parr & Pezzulo, 2021)) it is a relatively
straightforward matter to augment generative models to self-report their belief states. In this
paper, we address a slightly more subtle aspect of explainability that rests upon “self-access™;
namely, when an agent infers its own “states of mind™—states of mind that underwrite its
sense-making and choices. Crucially, this kind of meta-inference (Fleming, 2020; Frith, 2023}
Sandved-Smith et al., 2021} Yon & Frith, 2021) may rest on exactly the representations of
uncertainty (a.k.a., precision) that are absent in conventional Al

This paper is organized as follows. We first introduce essential aspects of active infer-
ence. We then discuss how active inference can be used to design explainable Al systems.
In particular, we propose that active inference can be used as the basis for a novel Al
architecture—based on explicit generative models—that both endows Al systems with a
greater degree of explainability and audibility from the perspective of users and stakehold-
ers, and allows Al systems to track and explain their own decision-making processes in a
manner understandable to users and stakeholders. Finally, we discuss the implications of
our findings for future research in auditable, human-interpretable Al, as well as the poten-
tial ethical considerations of developing AI systems with the appearance of introspective
capabilities.



2 Active inference and introspection

2.1 A brief introduction to active inference

Active inference offers a comprehensive framework for naturalizing, explaining, simulating,
and understanding the mechanisms that underwrite decision-making, perception, and action
(Constant et al., [2019; Da Costa et al., 2021). The free energy principle (FEP) is a vari-
ational principle of information physics (Ramstead, Sakthivadivel et al.,2023). It has gained
considerable attention and traction since it was first introduced in the context of compu-
tational neuroscience and biology (Friston, 2005, 2010). Active inference denotes a family
of models premised on the FEP, which are used to understand and predict the behavior
of self-organizing systems. The tools of active inference allow us to model self-organizing
systems as driven by the imperative to minimize surprise, which quantifies the degree to
which a given path or trajectory deviates from its inertial or characteristic path—or its up-
per bound, variational free energy, which scores the difference between its predictions and
the actual sensory inputs it receives (Ramstead, Badcock & Friston, [2018]).

Active inference modeling work suggests that decision-making, perception, and action
involve the optimization of a world model that represents the causal structure of the system
generating outcomes of observations (Ramstead, Sakthivadivel et al., 2023)). In particular,
active inference models the way that latent states or factors in the world cause sensory inputs,
and how those factors cause each other, thereby capturing the essential causal structure of
the measured or sensed world (Konaka & Naoki, [2023)). Minimizing surprise or free energy on
average and over time allows the brain to maintain a consistent and coherent internal model
of the world—one that maximizes predictive accuracy while minimizing model complexity—
which, in turn, enables agents to adapt and survive in their environments (Friston, 2010,
2013). (Strictly speaking, this is the other way around. In other words, agents who “sur-
vive” can always be read as minimizing variational free energy or maximizing their marginal
likelihood (a.k.a., model evidence). This is often called self-evidencing (Hohwy, 2016)).)

Active inference has instrumental value in allowing us to model, and thereby hopefully
help to understand, core aspects of human consciousness (for a review, see (Friston, [2010)) Fris-
ton, 2010). Of particular interest to us here, it enables us to model the processes involved in
introspective self-access (see (Ramstead, Albarracin, Kiefer, Klein, Fields et al., 2023; Ram-
stead, Albarracin, Kiefer, Klein, Williford et al., [2023). Active inference modeling deploys
the construct of generative models to make sense of the dynamics of self-organizing systems.
In this context, a generative model is a joint probability density over the hidden or latent
causes of observable outcomes; see (Ramstead, Sakthivadivel et al., 2023)) for a discussion of
how to interpret these models philosophically and (Sandved-Smith et al., 2021) for a gentle
introduction to the technical implementation of these models.

We depict a simple generative model, apt for perceptual inference, in Figure [I, and a
more complex generative model, apt for the selection of actions (a.k.a. policy selection)
in Figure 2 These models specify the way in which observable outcomes are generated by
(typically non-observable) states or factors in the world.

The main advantage of using generative models over current state of the art black box
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Figure 1: A basic generative model for precision-weighted perceptual inference.
This figure depicts an elementary generative model that is capable of performing precision-
weighted perceptual inference. States are depicted as circles and denoted in lowercase: ob-
servable states or outcomes are denoted o and latent states (which need to be inferred) are
denoted s. Parameters are depicted as squares and denoted as uppercase. The likelihood
mapping A relates outcomes to the states that cause them, whereas D harnesses our prior
beliefs about states, independent of how they are sampled. The precision term ~ controls
the precision or weighting assigned to elements of the likelihood, and implements attention
as precision-weighting. Figure from (Sandved-Smith et al., 2021).

approaches is interpretability and auditability. Indeed, the factors that figure in the gen-
erative model are explicitly labeled, such that their contributions to the operations of the
model can be read directly off its structure. This lends the generative model a degree of
auditability that other approaches do not have.

2.2 Active inference, introspection, and self-modeling

Active inference modeling has been deployed in the context of the scientific study of intro-
spection, self-modeling, and self-access, which has led to the development of several leading
theories of consciousness (for a review, see (Ramstead, Albarracin, Kiefer, Klein, Williford
et al., 2023 Seth & Bayne, 2022))). Introspection, which is defined as the ability to access
and evaluate one’s own mental states, thoughts, and experiences, plays a pivotal role in self-
awareness, learning, and decision-making and is a pillar of human consciousness (Limanowski
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Figure 2: A generative model for policy selection. This figure depicts a more sophist-
icated generative model that is apt for planning and the selection of actions in the future.
The basic model depicted in Figure [1| has now been expanded to include beliefs about the
current course of action or policy (denoted 7), as well as B, C, E, F and G parameters.
This kind of model generates a time series of states (si, s, etc.) and outcomes (01, 0,
etc.). The state transition (B) parameter encodes the transition probabilities between states
over time, independently of the way they are sampled. B, C, E, F and G enter into the
selection of beliefs about courses of action, a.k.a. policies. The C vector specifies preferred
or expected outcomes and enters into the calculation of variational (F) and expected (G)
free energies. The E vector specifies a prior preference for specific courses of action. Figure
from (Sandved-Smith et al., |[2021]).

& Friston, [2018). Self-modeling and self-access can be defined as interconnected processes
that contribute to the development of self-awareness and to the capacity for introspection.
Self-modeling involves the creation of internal representations of oneself, while self-access
refers to the ability to access and engage with these representations for self-improvement
and learning (Baker, 2022; Murray, [2018). These processes, in conjunction with introspec-
tion, form a complex dynamic system that enriches our understanding of consciousness and
the self—and indeed, may arguably form the causal basis of our capacity to understand
ourselves and others.

Introspective self-access has been modeled using active inference by deploying a hierarch-
ically structured generative model (Limanowski & Friston, 2020). The basic idea is that for
a system to report or evaluate its own inferences, it must be able to enact some form of



self-access, where some parts of the system can take the output of other parts as their own
input, for further processing. This has been discussed in computational neuroscience under
the rubric of “opacity” and “transparency” (Metzinger, 2003, |2007}, 2017; Sandved-Smith et
al., 2021). The idea is that some cognitive processes are “transparent”: like a (clean, trans-
parent) window, they enable us to access some other thing (say, a tree outside) while not
themselves being perceivable. Other cognitive processes are “opaque”: they can be assessed
per se, as in introspective self-awareness (i.e., aware that you are looking at a tree as op-
posed to seeing a tree). The idea, then, is that introspective processes make other cognitive
processes accessible to the system as such, rendering them opaque.

In the context of self-access, the transparency and opacity of introspective processes has
been modeled using a three-level generative model (Sandved-Smith et al., [2021). The model
is depicted in Figure [3] This model provides a framework for understanding how we access
and interpret our internal states and experiences. The first level of the model (in blue), which
implements the selection of overt actions, can be seen as a transparent process. The second,
hierarchically superordinate level (in orange), which implements attention and covert action
(Metzinger, [2017; Ramstead, Albarracin, Kiefer, Klein, Fields et al., [2023)), represents more
opaque processes, which make processes in the first layer accessible to the system. This
layer models mental actions and shifts in attention that we may not be consciously aware
of, or able to report. The second level takes as its input the inferences (posterior state
estimations) ongoing at the first level, as data for further inference—about the system’s
inferences. Attentional processes are of this sort: they are about cognitive processes and
action, and they modulate the activity of the first level. The third, final level (in green)
implements the awareness of where one’s attention is deployed. In other words, it both
recognizes and instantiates a particular attentional set via bottom-up and top-down messages
between levels, respectively. On the whole, this three-level architecture models our self-access
and introspective abilities in terms of the processes regulating transparency and opacity at
a phenomenal level of description, or attentional selection at a psychological level.

Ramstead, Albarracin et al. (2023)) recently discussed how active inference enables us to
model both overt and covert action (also see (Fleming, |2020; Limanowski & Friston, 2018,
2020; Metzinger, 2017; Yon & Frith, 2021)). Overt actions—observable behaviors such as
physical movements or verbal responses—are directly influenced by the brain’s hierarchical
organization and can be modeled using active inference (Friston, Mattout & Kilner, 2011}
Friston, Parr & de Vries, [2017; Friston et al., |2017). In contrast, covert actions refer to
internal mental processes, such as attention and imagination, which involve the manipulation
and processing of internal representations in the absence of observable behaviors (Ainley et
al., 2016, Brown et al., 2013} Edwards et al., 2012; Feldman & Friston, 2010; Hohwy, [2012;
Kanai et al., 2015; Limanowski, 2017; Parr & Friston, 2019; Pezzulo, 2012} Vossel et al.,
2015)—of the sort discussed as “mental action” (Limanowski, 2022 Limanowski & Friston,
2018; Metzinger, 2017; Sandved-Smith et al., |2021). These actions are essential for higher
cognitive functions, which rely on the brain’s capacity to explore and manipulate abstract
concepts and relationships.

In Smith et al. (2019), a hierarchical architecture of this type was deployed that was
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Figure 3: A hierarchical generative model capable of self-access. Here, the generative
model depicted in Figure 2| (in blue) has been augmented with two superordinate hierarchical
layers. In this architecture, posterior state estimates at one level are passed onto the next
level as data for further inference. Note that this induces an architecture where the system is
able to make inferences about its own inferences. Figure from (Sandved-Smith et al., [2021]).

augmented with the capacity to report on its emotional states. Thus, it is possible to
use active inference to design systems that can not only access their own states and perform
inferences on their basis, but also to report on their introspective processes in a manner that is
readily understandable by human users and stakeholders. With this formulation of how active
inference enables agents to model their overt and covert action, in the following sections, we
argue that we can and ought to research, design, and develop Al systems that mimic these
introspective processes, ultimately leading to more human-like artificial intelligence.

3 Using active inference to design self-explaining Al

We argue that incorporating the design principles of active inference into Al systems can
lead to better explainability. This is for two key reasons. The first is that, by deploying an

11



explicit generative model, Al systems premised on active inference are designed explicitly
such that their operations can be interpreted and audited by a user or stakeholder that is
fluent in the operation of such models. The second is that, by implementing an architecture
inspired by active inference models of introspection, we can build systems that are able to
access—and report on—the reasons for their decisions, and their state of mind when reaching
these decisions.

Al systems designed using active inference can incorporate the kind of hierarchical self-
access described by (Sandved-Smith et al., 2021) and by (Smith et al., |2019), to enhance
their introspection during decision-making. As discussed, in the active inference tradition,
introspection can be understood in the context of the (covert and overt) actions that Al
systems perform. Covert actions, which are internal computations and decision-making
processes that are not directly observable to users and stakeholders, can be recorded or
explained to make the system more explainable. Overt actions, which are actions that an
AT system takes based on its internal computations, such as making a recommendation or
decision, can be explained to help users understand why the Al system acted as it did. This
kind of deep inference promotes introspection, adaptability, and responses to environmental
changes (Dhulipala & Hruska, 2022; Schoeffer et al., |2023).

The proposed Al architecture includes components that continuously update and main-
tain an internal model of its own states, beliefs, and goals. This capacity for self-access (and
implicitly self-report) enables the Al system to optimize (and report on) its decision-making
processes, fostering introspection (and enhanced explainability). It incorporates metacognit-
ive processing capabilities, which involve the ability to monitor, control, and evaluate its own
cognitive processes. The Al system can thereby better explain the factors that contribute
to its decisions, as well as identify potential biases or errors, ultimately leading to improved
decision-making and explainability.

The proposed Al architecture would include introspection and a self-report interface,
which translates the Al system’s internal models and decision-making processes into human-
understandable (natural) language (using, e.g., large language models). In effect, the agent
would be talking to itself, describing its current state of mind and beliefs. This interface
bridges the gap between the Al system’s internal workings and human users, promoting
epistemic trust and collaboration. In this way, the system can effectively mimic human-
like consciousness and transparent introspection, leading to a deeper understanding of its
decision-making processes and explainability. This advancement may be essential in fostering
trust and collaboration between Al systems and their human users, paving the way for more
effective and responsible Al applications.

Augmenting a generative model with black box systems—Ilike large language models—
may be a useful strategy to help Al systems articulate their “understanding” of the world.
Using large language models to furnish an introspective interface may be relatively straight-
forward, leveraging their powerful natural language processing capabilities to create explan-
ations of belief updating. This architecture—with a hierarchical generative model at its
core—may contribute to the overall performance and explainability of hybrid Al systems.
Attention mechanisms also achieve this purpose by enhancing the explainability of the AI
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system’s decision making, emphasizing important factors in the hierarchical generative model
that contribute to its decisions and actions.

These ideas are not new. Attentional mechanisms, particularly those at the word-level,
have been identified as crucial components in Al architecture, specifically in the context of
hierarchical generative models—and in generative Al, in the form of transformers. They
function by focusing on relevant aspects during decision-making processes, thereby allowing
the system to effectively process and prioritize information (Lan et al., 2020)). In fact, the
performance of hierarchical models, which are a type of Al architecture, can be significantly
improved by integrating word-level attention mechanisms. These mechanisms are power-
ful because they can leverage context information more effectively, especially fine-grained
information.

The AI architecture that we propose employs a soft attention mechanism, which uses
a weighted combination of hierarchical generative model components to focus on relevant
information. The attention weights are dynamically computed based on the input data and
the AT system’s internal state, allowing the system to adaptively focus on different aspects of
the hierarchical generative model (Kulkarni & Abubakar, [2020)). This approach is similar to
the use of deep learning models for global coordinate transformations that linearize partial
differential equations, where the model is trained to learn a transformation from the physical
domain to a computational domain where the governing partial differential equations are
simpler, or even linear (Gin et al., |2021]).

The Al architecture that we describe here effectively integrates diverse information sources
for decision-making, mirroring the complex information processing capabilities observed in
the human brain. The hierarchical structure of the generative model facilitates the exchange
of information between different levels of abstraction. This exchange allows the Al system
to refine and update its internal models based on both high-level abstract knowledge and
low-level detailed information.

In conclusion, the integration of introspective processes in Al systems may represent a
significant step towards achieving more explainable Al. By leveraging explicit generative
models, as well as attention and introspection mechanisms, we can design Al systems that
are not only more efficient and robust, but also more understandable and trustworthy. This
approach allows us to bridge the gap between the complex internal computations of Al
systems and the human users who interact with them. Ultimately, the goal is to create
Al systems that can effectively communicate the reasons that drive their decision-making
processes, adapt to environmental changes, and collaborate seamlessly with human users. As
we continue to advance in this field, the importance of introspection in Al will only become
more apparent, paving the way for more sophisticated and ethically sound Al systems.
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4 Discussion

4.1 Directions for future research

The problem of explainable Al is the problem of understanding how AI models arrive at their
decisions or predictions. This problem is especially relevant to avoid biases and harm in the
design, implementation, and use of Al systems. By incorporating explicit generative models
and introspective processing into the proposed Al architecture, we can create a system that is
or seems capable of introspection and, thereby, that displays greatly enhanced explainability
and auditability. This approach to Al design paves the way for more effective Al deployment
across various real-world applications, by shedding light upon the problem of explainability,
thereby offering opportunities for fostering trust, fairness, and inclusivity.

The development of the Al architecture based on active inference opens several potential
avenues for future research. One possible direction is to further investigate the role of
attention and introspection mechanisms in both Al systems and human cognition, as well
as the development of more efficient attentional models to improve the Al system’s ability
to focus on salient information during decision-making. The approach that we propose
bridges the gap between Al and cognitive neuroscience by incorporating biologically-inspired
mechanisms into the design of AI systems. As a result, the proposed architecture promotes
a deeper understanding of the nature of cognition and its potential applications in artificial
intelligence, thus paving the way for more human-like Al systems capable of introspection
and enhanced collaboration with human users.

Future work could explore more advanced data fusion techniques, such as deep learning-
based fusion or probabilistic fusion, to improve the AI system’s ability to combine and
process multimodal data effectively. Evaluating the effectiveness of these techniques in di-
verse application domains will also be a valuable avenue for research (Lahat, Adali & Jutten,
2015; Microsoft Defender Security Research Team, 2020)). Furthermore, the explanation di-
mension of these Al systems has been a significant topic in recent years, particularly in
decision-making scenarios. These systems provide more awareness of how Al works and
its outcomes, building a relationship with the system and fostering trust between Al and
humans (Ferreira & Monteiro, 2021)).

In addition to the aforementioned avenues for future research, another promising direction
lies in the realm of computational phenomenology (for a review and discussion, see (Ramstead
et al.,2022). Beckmann, Kostner, & Hipolito (2023)) have proposed a framework that deploys
phenomenology—the rigorous descriptive study of first-person experience—for the purposes
of machine learning training. This approach conceptualizes the mechanisms of artificial
neural networks in terms of their capacity to capture the statistical structure of some kinds
of lived experience, offering a unique perspective on deep learning, consciousness, and their
relation. By grounding Al training in socioculturally situated experience, we can create
systems that are more aware of sociocultural biases and capable of mitigating their impact.
Ramstead et al. (2022) propose a similar methodology based on explicit generative models
as they figure in the active inference tradition. This connection to first-person experience,
of course, does not guarantee unbiased AI. But by moving away from traditional black
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box Al systems, we shift towards human-interpretable models that enable the identification
and correction of biases in the Al system. This approach aligns with our goal of creating
AT systems that are not only efficient and effective, but also ethically sound and socially
responsible.

The incorporation of computational phenomenology into our proposed AI architecture
could further enhance its introspective capabilities and its ability to understand and navigate
the complexities of human sociocultural contexts. This could lead to Al systems that are
more adaptable, more trustworthy, and more capable of meaningful collaboration with human
users. As we continue to explore and integrate such innovative approaches, we move closer
to our goal of creating Al systems that truly mirror the richness and complexity of human
cognition and consciousness.

4.2 Ethical considerations of introspective Al systems

Ethical Al starts with the development of Al systems that are ethically designed; Al sys-
tems must be designed in such a way as to be transparent, auditable, and explainable, and
to minimize harm. But as these systems become increasingly integrated into our daily lives,
research on the ethical implications of introspective Al systems, as well as the development
of regulatory frameworks and guidelines for responsible Al use, become crucial. The develop-
ment of introspective Al systems raises several ethical considerations. Even if these systems
provide more human-like decision-making capabilities and enhanced explainability, it is and
will remain crucial to ensure that their decisions are transparent, fair, and unbiased, and
that their designers and users can be held accountable for harm that their use may cause.

To address these concerns, future research should focus on developing methods to audit
and evaluate the Al system’s decision-making processes, as well as identify and mitigate
potential biases within the system. Additionally, the development of ethical guidelines and
regulatory frameworks for the use of introspective Al systems will be essential to ensure that
they are deployed responsibly and transparently. Moreover, as introspective Al systems be-
come more prevalent, issues related to agency, privacy, and data security may arise. Ensuring
that these systems protect sensitive information by abiding by data protection regulations,
thereby safeguarding agency, will be of paramount importance.

In conclusion, the development of Al systems based on active inference has broad implic-
ations for both the fields of Al and consciousness studies. As future research explores the
potential of this novel approach, ethical considerations and responsible use of introspective
AT systems must remain at the forefront of these advancements, ultimately leading to more
transparent, effective, and user-friendly Al applications.

5 Conclusion

We have argued that active inference has demonstrated significant potential in advancing
the field of explainable Al. By incorporating design principles from active inference, the Al
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system can better tackle complex real-world problems with improved auditability of decision-
making, thereby increasing safety and user trust.

Throughout our discussions and analysis, we have highlighted the importance of active
inference models as a foundation for designing more human-like Al systems, seemingly cap-
able of introspection and finessed (epistemic) collaboration with human users. This novel ap-
proach bridges the gap between Al and cognitive neuroscience by incorporating biologically-
inspired mechanisms into the design of Al systems, thus promoting a deeper understanding
of the nature of consciousness and its potential applications in artificial intelligence.

As we move forward in the development of Al systems, the importance of advancing
explainable AI becomes increasingly apparent. By designing Al systems that can not only
make accurate and efficient decisions, but also provide understandable explanations for their
decisions, we foster (epistemic) trust and collaboration between Al systems and human
users. This advancement ultimately leads to more transparent, effective, and user-friendly
AT applications that can be tailored to a wide range of real-world scenarios.
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