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Abstract

This thesis explores two notions of modeling within the cognitive sciences from a philosophy
of science perspective. The first concerns scientific modeling as an epistemically relevant
practice—how the construction and manipulation of models contribute to knowledge
production in the cognitive sciences. The second is the idea of mental modeling: the notion
that minds model the world and themselves in order to perceive and act, as proposed by
Predictive Processing. In this framework, cognitive behavior is conceptualized as inferential,
probabilistic, and model-based.

My research question is: What is the epistemic gain of modeling cognition under these
assumptions? To address this, | develop three philosophical concepts: modeling
framework, target construction, and ontological agnosticism. | characterize Predictive
Processing as a modeling framework—a constellation of conventionally linked epistemic
resources, such as theories, assumptions, methods, and concepts, used to construct
scientific models. Research under this framework affords plural epistemic gains, depending
on how scientists construct and manipulate models.

The thesis focuses on the conceptual dimension of modeling, specifically the construction
of target systems. | argue that scientific modeling is not primarily about representing reality
but about creating instruments for investigating it. Predictive Processing, in particular,
frames cognitive problems as probabilistic inferential tasks, transforming complex cognitive
phenomena into heuristically transformed problems solvable through computational,
mathematical, or other methods.

| argue that epistemic gains stem from the specific ways in which epistemic resources are
drawn together in research practices. This includes the creation of both target systems and
scientific models that support testable hypotheses, accurate predictions, and the
development of new epistemic tools. Based on this account, | defend ontological
agnosticism with respect to mental modeling. In particular, | argue that realist
interpretations of Predictive Processing overlook its ontological neutrality as a modeling
framework and its role in framing diverse cognitive phenomena in similar ways.



Zusammenfassung

In dieser Arbeit werden zwei Verstidndnisse von Modellierung in den
Kognitionswissenschaften aus einer wissenschaftsphilosophischen Perspektive
untersucht. Der erste betrifft wissenschaftliches Modellieren verstanden als
erkenntnistheoretisch relevante Praxis - wie die Konstruktion und Manipulation von
Modellen zur Wissensproduktion in den Kognitionswissenschaften beitragen. Das zweite
Verstandnis ist gekennzeichnet durch die Idee der mentalen Modellierung: die Vorstellung,
dass der Verstand die Welt und sich selbst modelliert, um wahrzunehmen und zu handeln,
wie das Predictive Processing suggeriert. In diesem Rahmen wird kognitives Verhalten als
schlussfolgernd, probabilistisch und modellbasiert konzeptualisiert.

Meine Forschungsfrage lautet: Was ist der erkenntnistheoretische Gewinn der
Modellierung von Kognition unter diesen Annahmen? Um diese Frage zu beantworten,
entwickle ich drei philosophische Konzepte: Modellierungsrahmen, Zielkonstruktion und
ontologischer Agnostizismus. Ich charakterisiere Predictive Processing als einen
Modellierungsrahmen - eine Konstellation von konventionell verknulpften epistemischen
Ressourcen wie Theorien, Annahmen, Methoden und Konzepten, die zur Konstruktion
wissenschaftlicher Modelle verwendet werden. Forschunginnerhalb dieses Rahmens bietet
eine Vielzahl von epistemischen Vorteilen, je nachdem, wie Wissenschaftler:innen Modelle
konstruieren und manipulieren.

Diese Arbeit konzentriert sich auf die konzeptuelle Dimension der Modellierung,
insbesondere auf die Konstruktion von Zielsystemen. Ich behaupte, dass es bei der
wissenschaftlichen Modellierung nicht in erster Linie um die Darstellung der Realitat geht,
sondern um die Erschaffung von Werkzeugen zu ihrer Erforschung. Insbesondere das
Predictive Processing stellt kognitive Probleme als probabilistische
Schlussfolgerungsaufgaben dar und transformiert komplexe kognitive Phanomene in
heuristisch bearbeitbare Probleme, die durch computationelle, mathematische oder
andere Methoden losbar sind.

Ich vertrete die These, dass der epistemische Gewinn aus der spezifischen Art und Weise
resultiert, in der epistemische Ressourcen in der Forschungspraxis zusammengefuhrt
werden. Dazu gehort die Schaffung von Zielsystemen und wissenschaftlichen Modellen, die
prufbare Hypothesen, genaue Vorhersagen und die Entwicklung neuer epistemischer
Werkzeuge unterstutzen. Auf der Grundlage dieser Darstellung verteidige ich den
ontologischen Agnostizismus in Bezug auf die mentale Modellierung. Insbesondere
argumentiere ich, dass realistische Interpretationen des Predictive Processing dessen



ontologische Neutralitat als Modellierungsrahmen und dessen Bedeutung bei der Rahmung
verschiedener kognitiver Phdnomene auf ahnliche Weise Ubersehen.
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Introduction

Overview of the Topic and Problems

This thesis develops an understanding of the concept of model employed in the cognitive
sciences, with a particular focus on Predictive Processing, a prominent theory in this field.
The examination of this theory is instrumental in articulating an understanding of the ways
scientists deliver knowledge about cognition through modeling. Furthermore, it allows for
the assessment of the validity of substantive philosophical ideas about cognition and the
brain that are based on it.

The thesis put forth is as follows: the target systems of scientific models of cognition, the
things they are models of, are constructed within the construction of the models
themselves. This argument implies that scientific models of cognition do not represent
cognitive processes, mechanisms, or entities as existing in the world independently of the
scientific theorizing about them. To phrase it differently, cognition becomes an object of
scientific inquiry because scientific modeling practices entail a conceptualization of target
cognitive systems, specifically one that characterizes cognitive phenomena as solvable
tasks. The epistemic gain derived from modeling cognition in this manner is related to the
control, simulation, or prediction of the behavior of target systems; the generation of
testable scientific hypotheses; and the development of new epistemic tools for investigating
cognition. In light of these considerations, | make the case that Predictive Processing does
not advance any metaphysical view of the mind.

Predictive Processing (hereafter PP) argues that cognition operates through predictive
modeling and that the "(...) brain is a sophisticated hypothesis-testing mechanism." (Hohwy
2012, 1). Cognitive beings model their environment through action, transforming it into a
predictable niche. Through perception, they discover regularities in their environment and
use this information to form mental models that allow them to anticipate future
environmental events. These models are constantly improved because predictions are not
always accurate, as environments are dynamic. Cognitive agents improve their models by
taking into account prediction error, which is the discrepancy between what is predicted and
what is experienced.
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When taken as a serious description of cognition and the brain, PP is quite controversial.
One might ask whether it is possible to demonstrate that specific brain regions are
responsible for the realization of predictive routines. In recent years, scientists have
searched for empirical evidence to support PP (see Kleckner et al. 2017; Walsh 2020;
Hodson etal. 2024). | approach PP through a very different lens. | do not seek to demonstrate
that PP provides a realistic view of cognition, or the opposite, but rather to understand why
it makes sense in actual scientific practices to conceptualize the brain as a predictive
system, i.e., to determine the nature of the scientific contribution that can be made by this
approach, as well its limitations.

To be more precise, it is not my intention to show that PP provides an accurate description
of our mental mechanisms and mental life. | believe that accepting the realism of the current
scientific view of the brain as a predictive machine is analogous to accepting the earlier
scientific views of the brain as a kind of hydraulic pump, or the idea of the brain as an analog
computer, which continue to have influence today. Although scientists may believe that the
mind is a predictive machine, their private beliefs are not necessarily informative about the
knowledge produced by modeling cognition as probabilistic inference. | try to find out what
role this view of cognition plays in actual scientific practices.

In recent years, philosophers have engaged extensively with the conception of cognition put
forth by PP. Realists about PP believe that the brain is literally a predictive machine, that
predictive mental (generative) models are somehow materially realized in this organ, and
that there is empirical evidence that certain brain regions are involved in predictive routines.
Similar realist positions are common in the cognitive science literature. Many cognitive
scientists believe that there are forms of natural computation and that brain activity is an
instance of them. These claims are contested by antirealists. Instrumentalists maintain that
these are fruitful analogies, metaphors, or fictions that facilitate understanding of reality, but
they should not be taken as serious descriptions of reality.

This dissertation engages with the above discussions and defends an ontological
agnosticism. In this context, ontological agnosticism is the philosophical position that in
scientific practices, the concepts used to investigate reality are ontologically neutral. For
example, a formal concept in logic or mathematics is an ontologically neutral concept. It
does not refer to or assert anything substantive about real entities, mechanisms, or
processes. According to this view, our concept of a model in the sciences of the mind does
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not have to refer to any entity or structure in the world to have an epistemic function in
scientific practices.’

My ontological agnosticism aligns with Toon's mental fictionalism (2023) in that it rejects
both mental eliminativism (see Ramsey 2024) and realism (see Demeter 2009). In Toon's
view, the ordinary discourse about the mind can be regarded as a useful metaphor. | suggest
that a comparable process occurs in the scientific theorizing about cognition, namely, that
the concepts employed to describe cognition in science are ultimately metaphorical. The
utility of the metaphors in question is contingent upon the scientific achievements that
result from their use. It is thus possible to be ontologically agnostic about the reality of
predictive models and yet to investigate cognition under this assumption, insofar as doing
so may yield epistemic gains.

Although scientific concepts are similar to formal concepts in logic and mathematics in that
they are ontologically neutral, an important distinction exists between the two. Scientific
concepts are not formal. The formation of scientific concepts depends on a number of
factors, including the underlying assumptions on which they are based (for example, to
model cognitive phenomena, scientists must assume whether cognition is realized in the
brain, in the brain-body, or in the brain-body-environment), the available knowledge of
scientists, the historical contexts in which they arise, and the material cultures. The point |
am trying to make is that each generation of scientific communities has its own set of
intuitive beliefs about the natural and social systems of interest that lead to the generation
of diverse conceptualizations of target systems. These beliefs are closely intertwined with
the available scientific analogies, metaphors, and technologies used in the investigation of
scientific problems. This suggests that the choice of scientific concepts and instruments for
investigation is determined by the material and socio-cultural realities of scientists.

According to my ontological agnosticism, the epistemic function of scientific concepts and
other epistemic resources has nothing to do with capturing the true properties of the objects
of inquiry. Rather, their utility can be traced to the epistemic work they perform in specific
research practices. Consequently, an understanding of their epistemic function can only be
achieved by conducting case studies of scientific experimentation, simulation, or modeling.
Within these cases, concepts of cognition serve as workable descriptions that do not allow
for ontological interpretations of the target systems under investigation beyond the

" A substantive claim in this context is an ontological claim about cognition. In other words, it is a
statement about the nature of cognition itself, or about the underlying structures or physical
processes that are necessary for its realization. The cognitive science literature contains many
examples of such claims. These include the ideas that cognition is a form of computation, that it is
representational, thatitis non-representational, thatitis information processing, thatitis embodied,
enacted, embedded, and extended.
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boundaries of a particular scientific practice. However, within the context of specific
scientific practices, they shape the target systems in various ways.

Applied to PP, my agnosticism boils down to this: ideas about cognition as model-based,
predictive, or inferential in nature are merely helpful conceptualizations that render target
cognitive systems amenable to scientific inquiry. However, their use in scientific practices
does not necessarily prove that they represent cognitive entities, mechanisms, or processes
in nature. Alternatively, models might be viewed as instruments employed by scientists,
acquiring meaning within the specific contexts of their application. | believe this modest
understanding has the potential to illuminate both the functions they serve and the contexts
in which they are ill-suited.

In scientific practices, conceptualizations have the basic function of framing the target
systems in ways that facilitate their investigation. This function has been referred to as
"mind-framing" by Hasok Chang (2022, 71-72):

Mind-framing is about our conceptualization of entities, and that is a wholly different
issue from mind-control. Whenever we designate an entity by a concept, the entity is
framed by the concept, which resides in our minds (or our languages). My view is that
real entities are mind-framed even though most of them are not mind-controlled.
Real entities are mind-framed simply because all entities are mind-framed. All that
we can ever think or talk about are mind-framed entities.

Mind-framing, as Chang suggests, is different from mind control simply because the use of
concepts to make sense of target systems does not lead directly to the control of such
targets. For example, | can conceptualize the social world as consisting of the family, civil
society, and the state, and argue that there is a dialectic that explains their dynamics.
However, simply by making such a conceptualization, | do not gain control, predictability, or
any other epistemic benefit over any of these targets. For this, scientists rely on
mathematical, computational, and other epistemic resources that operate on workable
characterizations of targets that are the results of mind-framing activities.

Mind-framing is distinctive in cognitive science because scientists study the mind through
the lens of epistemic resources such as scientific concepts, models, and technological
means. These epistemic resources are themselves cognitive, or at least extensions of
scientific cognition. Consequently, scientists' use of these epistemic resources shapes the
way they reason about and imagine systems of interest, as they often project these
resources' properties onto the systems they study. | argue that in PP, scientific
conceptualizations of target systems—such as mental structures as generative models,
perception as probabilistic inference, or cognition as prediction-error minimization—
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become intertwined with the properties of the scientific models employed to investigate
them.

Research in PP is heavily influenced by epistemic tools from Bayesianism, a statistical
approach that is useful for addressing problems of probabilistic inference. In statistics,
generative models represent the joint probability distribution of two variables (x, y), that is,
they estimate the probability of y given x. A simple example is that a generative model can
estimate the probability of the next letter in a sequence of letters, such as "W-0O-N-D-E-R-F-
U" In this example, the model can determine that L is the most likely letter to follow. To
achieve optimal predictive accuracy, generative models are trained by analyzing large data
sets. As | mentioned above, research based on PP attributes the inferential or predictive
properties of these models and their components to cognitive problems as their target
systems.

In the construction of scientific models of cognition, the target systems being modeled are
framed in ways that depend on the tools used in their construction, which sometimes
include mathematical and computational tools. If this is the case, then views of cognition as
predictive modeling and perception as probabilistic inference are determined by the
material culture of science. Moreover, they have emerged from scientific practices rather
than from philosophical debates. Within these practices, statistical and other concepts,
analogies, and tools, including those mentioned above, have played a centralrole in creating
the language in which cognition becomes a probabilistic and inferential task.

From the perspective | advocate, it makes little sense to assume that scientific models are
representations of mental phenomena, entities, processes, or mechanisms. If they are not:
What is the epistemic value of exploring cognition with them? To understand this question, |
argue that it is necessary to distinguish between two meanings of the concept of a modelin
PP. Only then can we properly assess its contribution to our understanding of cognition by
distinguishing what belongs to the science and what belongs to the philosophy of PP. | now
introduce these concepts of a model.

A scientific model is a type of instrument used by researchers in various scientific fields to
address theoretical and practical problems. This type of instrument has been the subject of
extensive research in contemporary philosophy of science, which can be explained by the
current prominence of model-based science. Scientific modeling is arguably the default
mode in which theoretical science is currently practiced (Gelfert 2011), and the cognitive
sciences are no exception. Following Knuuttila (2011, 2017a), | understand scientific models
as epistemic artifacts, that is, human-made instruments that scientists construct and
manipulate to produce knowledge. In Chapter 1, | articulate my understanding of scientific
models as epistemic artifacts in the cognitive sciences.
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The second concept of a model belongs to the cognitive sciences. It denotes putative mental
entities or structures known as mental models. Sussman (1975, 277) defines mental
entities as "whatever is ascribed to a person when a mental predicate is applied to him [her,
them][...] It may be a mode of consciousness, a set of behavioral dispositions, a brain state,
or what have you." Anger, fear, love, and sensations are examples of mental entities by this
definition. Sussman thinks of mental entities as theoretical entities because they are used
to make sense of or explain some behavior. As | understand it, cognitive scientists posit
similar theoretical entities when they talk about mental models or conceptualize cognition
as predictive modeling. That is, they postulate that mental models exist to make sense of
various cognitive phenomena, such as observable behaviors (e.g. tasks involving visual
perception, memory, or attention) or neural activity.

A clear distinction and proper understanding of these different concepts of models is
necessary in PP, as one of its main concepts is that of a generative model. This concept is
discussed throughout this dissertation, particularly in Chapter 2. For the time being, it is
sufficient to state that my distinction between the two notions of models reflects the
ambiguity of the concept in the PP literature. Generative models are scientific models that
scientists employ to investigate problems by framing them as tasks of probabilistic
inference. They have been used across several domains of science, including PP, where they
are used to model perception, attention, action, and many other phenomena. The same
term is used to refer to hypothetical mental models that, not coincidentally, have similar
properties to the scientific models used to study target cognitive systems.

To clarify this issue, itis necessary to distinguish between the two types of generative models
in PP. The first refers to the type of scientific model used to study the alleged mental
structures responsible for cognition and behavior. The second refers to the mental
structures themselves. To avoid confusion, | will clarify whether | am referring to the
scientific model or the mental structure whenever | use the term "generative model."

Having distinguished the two concepts of a model in PP, | now introduce the interpretation
of generative models as mental structures, entities, or mechanisms. Generative cognitive
systems function as efficient perceivers and actors because they model both the world and
themselves. In perceiving the world, they construct a model of their environment, which they
use to anticipate future events. These models are generative in that they produce new
predictions and continuously refine them in response to environmental changes.

Through their actions, generative cognitive systems transform the world into a predictable
niche. Before acting, they forecast the consequences of their actions in specific situations.
Without going into detail, generative mental models can be understood as cognitive
structures that process information by correcting the errors of their self-generated
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predictions. Specifically, a generative model anticipates future environmental and internal
states based on probability distributions and refines its predictions by learning from its own
prediction errors. In the PP literature, generative models have been described as realized in
the brain, in the brain and body, or as extended structures in the environment.

PPis notthe only approach using generative models in science. On a global scale, predictive,
generative, and machine learning models are changing the way science is practiced.
However, the current prominence of generative models has not yet attracted the attention of
philosophers. The notion of generativity was already used by Husserl in another context,
namely a theory of intersubjectivity (see Steinbock 1995). But so far it has not been examined
as property of a class of scientific models, nor have the epistemological implications of
using these models in science been explored (two exceptions in this regard are Tee 2020 and
Andrews 2021). | expect that this dissertation will help fill this gap in the literature.

In summary, this dissertation provides an understanding of the two notions of model at play
in PP. It argues that the idea of models in the mind is rooted in scientific practices in which
the properties of models are projected into reality. In other words, mental models are a kind
of by-product of the mind-framing activities of scientists. Mental models are metaphysical
constructs that arise from misinterpretations of scientific knowledge production. As | will
show, the use of generative models to investigate cognitive problems leads to a projection
of the properties of these models onto cognitive phenomena. However, this process need
not lead to metaphysical views, and in fact conceptualizing cognition as a generative
process is necessary for scientific practices in PP. | refer to the process of creating an object
of inquiry in scientific modeling practices as target construction. | elaborate on this
conceptin the next parts of this introduction and in Chapter 1.

Goals and Scope

The objective of this dissertation is to elucidate how modeling cognition as probabilistic
inference, as is done in PP, broadens our understanding of the brain and mind. In order to
achieve this objective, three arguments will be developed.

The first argument is that PP is a modeling framework. The second argument is that the
target cognitive systems are created in the construction of scientific models. | call this target
construction. The last argument is my ontological agnosticism about the reality of mental
models. My account of modeling frameworks is presented in Chapters 3 and 6, of target
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construction and scientific modeling in Chapters 1 and 2, and of ontological agnosticism in
Chapters 4 and 5.

A significant part of my work on this dissertation has been to determine the best terminology
to convey my ideas. This is a particularly difficult task in disciplines such as the cognitive
sciences, where terminology is not consistently defined or used. For example, in PP there is
no consensus on how to refer to the general approach to cognition as predictive modeling.
Over the years, attempts have been made to distinguish between PP, the Bayesian Brain,
Predictive Coding, Active Inference, and the Free Energy Principle (see Anderson and
Chemero 2013; Gallagher and Allen 2018; Piekarski 2021; Williams 2018; Zahavi 2018).
Discrepancies and inconsistencies in terminology are to some extent unavoidable. For
example, Hohwy (2013) notes that the same terms are used to describe phenomenological
experience, neural activity, and computational models. Another example is Friston's
concept of free energy, which is sometimes used to refer to an informational quantity and
sometimes to a thermodynamic one (Kim 2023). | have also previously referred to PP as a
theory in this introduction, despite my reservations about calling it a theory. One of the
strengths of referring to it a modeling framework, as | explain in Chapter 6, is that it
eliminates the need to introduce an additional ad hoc designation for what each of the above
names should refer to.

My choice of the concept of target construction is a response to the excessive attention that
the philosophy of science modeling literature has paid to the alleged capacity of scientific
models to represent target systems, as if target systems were pre-given, transparent entities
ready to be captured by models. Very often, modelers lack a clear understanding of what
they are studying, and their understanding of targets emerges in the process of constructing
a model. What are target systems, if not our best understanding of them? If there is no clear
distinction between the understanding of targets and the targets themselves, then it is
reasonable to conclude that targets are constructed in the process of constructing models.
By articulating the concept of target construction, | argue that model construction also
involves constructing a research object. Whether this research object corresponds to a
cognitive phenomenon in the cognitive sciences, | remain agnostic.

Finally, ontological agnosticism is my response to the philosophical debates about the
reality of mental models that follow from my examination of the science of PP. In the context
of modeling practices, concepts are not designators of natural entities; rather, they are
operational descriptions that acquire their roles when used to address scientific questions
and problems. Since target systems are framed by these concepts, but the concepts are not
designators of natural cognitive mechanisms or processes, neither are the resulting target
systems representations of cognitive entities.
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Having presented the rationale for my choice of concepts, | will now elaborate on the first. In
cognitive neuroscience, PP is often referred to as a theory of how the brain processes
information. In other cases, PP is presented as a framework. It is the latter that | am
interested in. A framework can be defined as a constellation of epistemic resources, such
as concepts, rules, methods, and assumptions, that are relevant to scientific practices. This
conceptis useful because it considers both the conceptual and material resources used in
research practices.

I referto PP as amodeling framework because the main strategy researchers use to address
questions and problems in the cognitive sciences is scientific modeling. In my
understanding, a modeling framework is a set of related epistemic resources that provide
scientists with a modus operandi for modeling target systems. These resources may be
conceptual, such as concepts and assumptions, or methodological, such as computational
and mathematical tools. When used to model cognition, they conceptualize it in a way that
scientists can solve using the epistemic resources at their disposal. The heuristic strategy of
conceptualizing cognition as predictive modeling involves transforming cognition into
behavior that can be analyzed, manipulated, and controlled using the framework's
epistemic resources.

One aspect of scientific modeling that the thesis pays special attention to is the fact that
target systems modeled within the scope of a given modeling framework are conceptualized
in a uniform manner. This is at least the case for PP models of cognition. Target cognitive
systems, including memory, attention, action, perception, and brain activity, are all
conceptualized as predictive tasks within this framework. An elaboration of the idea that
target cognitive systems in PP are cognitive tasks can be found in Chapters 1 and 2.

Given that modeling frameworks provide a means for conceptualizing different target
systems in a uniform manner, their conceptualizations should not be understood as
abstractions that isolate the fundamental or core properties of natural phenomena. From
this perspective, scientific models of cognition are not instruments that represent, isolate,
or map the mechanisms or processes in nature that are responsible for observable cognitive
behavior. Instead, they frame cognition as tasks that can be solved using the available
epistemic resources of the respective framework. This is how | think target construction
occurs in the cognitive sciences. My view is that modeling cognition is not about accurately
representing cognitive entities or structures in reality. Instead, it is about constructing
simpler and solvable cognitive tasks.

A case exemplifying target construction that is extensively discussed in the dissertation is
that of scientific models of perception in PP. These models conceptualize perception as the
task of probabilistically inferring the unobservable causes of sensations. This
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characterization is dependent on the epistemic resources involved in the construction of the
scientific models in question. In this context, Bayesian statistical concepts and tools are
particularly suited to deal with tasks of probabilistic inference. The argument is that
scientific models of perception in PP can address issues related to perception because they
conceptualize it as an inferential task, the kind of task that the statistical tools in question
are well-suited to address.

A last objective of this dissertation is to outline the implications of my examination of
scientific modeling in PP for ongoing philosophical debates about it. In my view, the most
important implication is ontological agnosticism. Having already introduced this notion, |
will now explain why it follows from my account of scientific modeling in PP. Ontological
agnosticism is my response to a specific debate in the philosophical literature on PP. For the
sake of brevity, | will give only a brief overview of the two main contenders, namely mental
representationalism and 4E (enactive, embodied, extended, and embedded) cognition. For
a more detailed characterization, | refer the reader to the work of Allen and Friston (2018)
and Chapter 4. The debate between the two contenders concerns the nature and reality of
mental generative models.

Mental representationalism is the hypothesis that cognition is information processing over
semantic structures. Internalism adds that it is a brain-bound process. Proponents of PP
committed to this hypothesis believe that generative mental models in PP are internal
mental representations. 4E cognition, on the other hand, is a research program in cognitive
science that argues that cognition is not brain-bounded and involves the interplay between
a cognitive agent and its environment. Those who are committed to this view and PP argue
that generative mental models are cognitive structures that are realized in the agent-
environment coupling.

My position, which | articulate in Chapter 4, is that generative models in science are
ontologically neutral epistemic resources, not mental entities or structures. And neither do
these epistemic tools serve the purpose of mapping mental models realized in the brain or
the agent-environment coupling. Arguing for the opposite, that s, for the reality of generative
models, happens when scientists or philosophers conflate the tools used to investigate
reality with reality itself. An examination of scientific practices that employ these models
reveals that there is no inherent need for scientific practices to posit the existence or
nonexistence of mental models in the first place.

Before concluding this section, | would like to emphasize that the science of PP is not yet
mature, although a substantial amount of research in cognitive science is being conducted
under its umbrella. Moreover, generative models are becoming the default scientific models
for studying cognition, with applications to almost every research topic in the field. However,
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the mere fact that generative models are becoming the dominant scientific instruments for
investigating cognition does not necessarily give PP the status of an established theory of
cognition. It is not clear what the research under its umbrella accomplishes. Moreover, its
terminology is inconsistent. By developing a philosophy of science account of PP and
articulating the epistemological implications of modeling within this framework, my
contribution will be to clarify the kind of epistemic work that PP does for scientists. This work
has implications for philosophical debates about it, because we cannot know whether PP
favors a substantive conception of cognition if it is unclear what kind of knowledge about
cognition is gained from research practices based on it.

Methods

My research methods are eclectic because they are tailored to the specific goals of each
chapter. For this reason, | will present them as | outline the structure of the dissertation. The
resources | use to study PP include concepts, views, and methods from the philosophy of
science, such as case studies. | engage with the literature on scientific modeling and
propose the concepts of modeling framework and target construction, as explained earlier,
to make sense of the research practices of modeling cognition as probabilistic inference. |
also draw on literature from theoretical debates and transdisciplinarity in the cognitive
sciences to develop my account of modeling frameworks. Finally, | engage in philosophical
debates about PP and the history of some scientific concepts to articulate my ontological
agnosticism. | will now briefly outline what | do in each chapter.

DeeplL Write and ChatGPT were used in the dissertation to stylistically improve individual
passages limited to linguistic editing.

Structure of the dissertation

Chapter 1 presents my perspective on scientific models and target construction in the
cognitive sciences. Chapter 2 introduces the reader to PP from this perspective. Chapter 3
addresses the question of why it is epistemically fruitful to model cognition in PP by
examining two cases of scientific modeling practices. Chapter 4 introduces the
philosophical debates about cognition that follow from PP and elaborates on my ontological
agnosticism. Chapter 5 provides further support for my ontological agnosticism by
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examining the history of the main concepts of PP. Finally, Chapter 6 further articulates my
view of PP as a modeling framework by taking a closer look at the transdisciplinary epistemic
resources used by researchers working under its umbrella. Each chapter is described in
detail below.

Chapter 1 presents my philosophical perspective on scientific modeling in cognitive
science. First, | examine the role of conceptualizations of cognition in the discipline. To do
so, | distinguish between the philosophical and scientific uses of concepts. | present
conceptsincognitive science as operational descriptions relevant to research practices that
frame cognitive behaviors as solvable tasks. Then, | challenge the prevailing view that
cognitive science is primarily concerned with explaining complex cognitive phenomena.
Instead, | argue that cognitive science is a model-based discipline with epistemic aims
beyond mere explanation. Finally, the chapter discusses how models and target systems are
co-created in modeling practices.

Chapter 2 is a philosophical introduction to PP. The main goal is to explain what generative
models are, when they are understood as epistemic artifacts with conceptual and material
dimensions. The chapter focuses mainly on their conceptual properties. Their material
dimensions are examined in chapters 3 and 6. The chapter first examines the assumptions
about cognition and the brain that operate in PP, namely a view of information processing in
the brain as both a top-down and a bottom-up phenomenon, a functionalist approach to the
brain and cognition, and a view of the brain as a predictive machine.

The chapterthen takes the scientific model of perception as an example of a scientific model
in PP. It shows, by comparison with a phenomenological model of perception, how the
scientific model is reductive in the sense that it constructs a target cognitive phenomenon
as a task. Perception in PP is described as the task of a system that predicts the
unobservable causes of its sensory inputs using a hierarchical generative model. This model
is hierarchical because itis composed of different layers that send information to each other
in a bottom-up and top-down manner. Upper layers make predictions about the information
in lower layers, while lower layers correct these predictions. A perceptual task occurs when
the higher-level information accurately predicts what is happening at the lower levels. When
this task is not accomplished, the system corrects its top-down predictions by minimizing
error, i.e., it computes the mismatch between predictions and evidence to make future
predictions more consistent with the evidence. PP systems also form precision estimates
that determine a learning rate for prediction error and the weight of priors. The last part of
the chapter explains the main concepts of PP, namely predictions, prediction error, precision
estimates, prior, and how they together provide a generic model that can be used to study
any target cognitive system.
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Chapter 3 addresses the question of the epistemic gain from modeling cognition as a
probabilistic inference. It does so in three steps, the first of which is an articulation of my
view of model construction as a scientific strategy for addressing questions and open
problems in the cognitive sciences. The chapter then presents two case studies of model
construction in PP and then reflects on how the epistemic gains from modeling cognition as
a predictive process are diverse and contingent upon specific research practices.

The first case study is the Action Observation Network, a model of the communication of
brain areas involved in action perception. | show how the construction of this model enables
scientists to formulate testable hypotheses and specific scientific predictions about the
behavior of a target system. The second case study concerns the Agent-Environment
Coupled System, a model of niche construction. The construction of this model does not
increase our knowledge of a natural phenomenon. Rather, the epistemic gain from
constructing this model has to do with theory development, broadly understood as the
creation of new scientific models or the application of existing ones to new target systems.

Chapter 4 develops my agnostic position on the philosophical discussions of the predictive
mind. The first part examines the contenders in these discussions by reviewing the concepts
of representationalism, internalism, distributed cognition, embodied, embedded, extended,
and embedded cognition. The second part examines the so-called conservative PP, which is
a representationalist, internalist, and realist interpretation of mental models. | raise several
objections to this interpretation and show that it erroneously attributes the properties of
scientific models of cognition to mental structures. | show that the same scientific models
can characterize cognitive systems that are neither representational nor internal. The fact
that the same model can be used to characterize extended and distributed cognitive
systems undermines the internalist, representationalist, and realist assumptions of
conservative PP. The overall lesson of this chapter is that PP tolerates, but does not
necessarily imply, multiple philosophical interpretations of mental modeling.

Chapter 5 provides further support for my ontological agnosticism. It does so by developing
a historical perspective on the concepts of inference, prediction, error, and model used in
PP. The chapter shows that these concepts originated in scientific approaches that used
them as analogies for different purposes. Helmholtz was the first to introduce the notion of
inference into the science of perception, using it as an analogy to bridge bottom-up
physiological and top-down psychological theories of perception. Moreover, he explicitly
stated that the analogy should not be taken as a literal description of perception as
inference.

After examining the notion of inference, the chapter explores the historical influence of
cybernetics in PP for two reasons. One is to examine what is understood as a model in the
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cognitive sciences. The second is to show that cybernetic concepts, such as information
processing, behavior, or systems, and analogies, such as the mind and computers, which
are fundamental to the cognitive sciences, belong to a new kind of science that does notaim
to gain knowledge of reality by representing it or discovering the fundamental laws of
cognition, but instead aims to gain control and predictability of observable behavior. This
historical perspective supports my ontological agnosticism. Among cyberneticians, Ashby
has been particularly influential for PP. He developed an anti-realist approach to the notions
of model and error currently used in PP. These historical considerations support my view of
cognitive science concepts as operational descriptions rather than representations of
natural cognitive processes, entities, or mechanisms.

Chapter 6 provides further support for my view of PP as a modeling framework, i.e., a
constellation of conventionally related epistemic resources such as assumptions,
concepts, modeling techniques, and methods relevant to model construction. In the first
part of the chapter, | critically examine traditional views of cognitive science as an
interdisciplinary field. The need for interdisciplinarity in this field is often associated with the
strategy of explaining cognitive phenomena through multilevel explanations that account for
their complexity. | criticize this narrative by exploring the dynamics of knowledge transfer in
this discipline. | suggest that in many cases interdisciplinary scientists are not interested in
developing multilevel explanations by aggregating partial disciplinary explanations.

Against this conception, | argue that cognitive science is a transdisciplinary field of research,
and that what unites the different disciplines involved in the study of cognition are indeed
modeling frameworks that gather epistemic resources to investigate questions and
problems. The remainder of the chapter is devoted to exploring the epistemic resources
used inthe PP modeling framework, which include model templates such as Bayes' rule and
the Free Energy Principle. These templates provide conceptualizations associated with
mathematical and computational resources that provide generic ways to construct target
systems. They are transdisciplinary tools used to study systems in fields as diverse as
biology, psychology, and neuroscience. When applied to questions and problems in these
fields, they add mathematical and informational rather than disciplinary constraints.

Taken together, the chapters develop a new perspective on scientific modeling in PP that is
informative for the epistemology of the cognitive sciences and for ontological discussions of
mental modeling in the philosophy of mind. By focusing on actual research practices and on
the properties and affordances of epistemic resources in PP, they clarify the epistemic work
done by modelers in this framework. If concepts such as prediction, inference, model, and
the like do not refer to actual things, but rather to the scientific means of understanding,
predicting, controlling, intervening, or simulating them, then philosophers should not use
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them to justify metaphysical claims about the mind. Finally, it is possible to be agnostic
about mental modeling realism and mental representationalism while recognizing that
these are to some extent irrelevant issues for the science of PP. An overemphasis on them
can also be problematic in that it can be detrimental to the exploration of what the cognitive
sciences are currently accomplishing, which requires an examination of actual scientific
practices.



Chapter 1 - A Philosophy of Scientific Modeling in the
Cognitive Sciences

This chapter articulates my philosophy of science approach to modeling in the cognitive
sciences. Section 1.1 begins by examining the role that scientific concepts play in this field
of research. To this end, | compare scientific and philosophical concepts of cognition.
Whereas philosophical concepts are supposed to concern the nature of cognition, scientific
concepts of cognition are characterized as workable descriptions that function as epistemic
instruments within research practices. These instruments, it is argued, have the primary
function of articulating an understanding of the target systems investigated in these
practices.

Section 1.2 presents an alternative perspective to a dominant narrative in the cognitive
sciences, namely that scientists are primarily concerned with explaining complex cognitive
phenomena. Instead, | propose that the construction and manipulation of models are the
primary scientific strategies employed by researchers in this field. The section finally
discusses the role of models in the construction of target cognitive systems.

Sections 1.3 and 1.4 present my perspective on scientific models in cognitive science.
Section 1.3 examines the assumption that scientific models represent phenomena.
Specifically, | challenge the notion that scientific models depict the underlying processes or
mechanisms of cognitive behavior. Instead, | argue that scientific models should be
regarded as representational instruments, with the capacity to render tangible diverse
conceptualizations of cognition.

Section 1.4 examines the construction of targets and the conceptual and methodological
dimensions of models. The argument is put forth that target systems acquire the properties
of the models employed in their investigation, specifically those pertaining to their
conceptualdimension. Thisis illustrated by target systems in PP, which represent perception
as a form of probabilistic inference. The present argument is developed in discussion with
the literature of the philosophy of science, with reference to the fictionalist and artifactualist
views of models. | conclude by proposing that an understanding of target systems in
cognitive science requires conceptualizing cognitive behaviors as tasks that some systems
perform.
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1.1. Scientific Concepts in the Cognitive Sciences

Cognition has multiple meanings in science. Itis arguably an umbrella term that can refer to
a wide range of phenomena, behaviors, and processes in different types of beings and
entities that are research objects in the cognitive sciences. The term can refer to the behavior
of an animal constructing its niche, human social behavior, memory systems of different
species, and even the cognition of a scientist. Cognitive scientists study human and animal
cognition and, not without controversy, the cognitive behavior is attributed to artificially
intelligent systems and organisms without nervous systems. Living systems are said to be
cognitive or sentient because they perceive changes in their internal states and in their
niches. In cognitive science, this usually amounts to perception. Furthermore, they are said
to be cognitive to the extent that they respond adaptively to such changes, which amounts
to action. They rely on a variety of cognitive capacities such as learning, language, memory,
tool use, and social behavior to perceive and act.

The concept of cognition not invented by cognitive scientists. Before cognition became
amenable to modern scientific investigation, it was a well-established philosophical topic.
The advent of the scientific study of the mind and cognition did not put an end to
philosophical debates about it. Philosophers of mind have proposed a variety of accounts
concerning the nature of the mind, its relationship with the body and brain, and whether itis
material orimmaterial. These accounts are known as (philosophical) ontologies of the mind.
They are inquiries into "the most fundamental metaphysical categories to which the mind
may belong" (Jacquette 2009). Philosophers have proposed many different answers to these
questions, some of which are mutually exclusive. These include monism, dualism,
eliminativism and reductionism, as well as a variety of other positions that can be seen as
subspecies or variations of these views. The reader is directed to the introduction of
Jacquette (2009) for a definition of each of them. For the purposes of this introduction,
however, it is preferable to focus on the shared strategies employed by these approaches.

One approach that philosophers have taken in formulating accounts of the mind is to
consider the insights provided by the sciences regarding the mind and to develop accounts
that align with these insights. This is exemplified by the early functionalist theories, which
posit that the mind can be understood as an informational system analogous to a computer
program, and that the embodiment of cognition is to some extentirrelevant. These ideas first
emerged on the philosophical scene in the 1960s, just a few years after Turing and Ashby
drew the first parallels between the brain and the computer. As Cobb (2021, 4) notes, these
scientists soon recognized that the analogy between the brain and computers was not
entirely accurate. They observed that "even the simplest animal brain is not a computer like
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anything we have built, nor one we can yet envisage." Nevertheless, the inaccuracy of the
analogy has not kept scientists from using it. As Cobb acknowledges, "the brain is not a
computer, but it is more like a computer than it is like a clock, and by thinking about the
parallels between a computer and a brain we can gain insight into what is going on inside
both our heads and those of animals" (2021, 4).

Philosophers have also employed methods such as reflective analysis and thought
experiments,? on the assumption that rigorous investigation can facilitate the identification
of the defining characteristics of the mind. One strategy is to identify the necessary and
sufficient conditions for something to be treated as cognitive or mental. An example is
provided by Pernu (2017), who identifies intentionality, consciousness, free will, teleology,
and normativity among these conditions, while acknowledging that cognitive agents need
not possess all of them simultaneously.

Philosophers and scientists sometimes regard their approaches to the mind as radically
different or even unrelated. They distinguish philosophical first-person descriptions,
reflective analysis, and analytical distinctions from scientific efforts to provide accounts of
the mind informed by empirical evidence that deal with observable or measurable entities.
However, this neglects the fact that despite their methodological differences, philosophers
and scientists can cooperate, and their work can intersect.® In particular, both groups engage
in conceptual work when studying cognition. It is worth pointing out, though this may seem
obvious, that conceptualizations are neither neutral nor empty vehicles for an objective or
transparent representation of reality.

Not only do philosophers and scientists frequently neglect to consider the historical
development of the concepts they employ in their studies of cognition, but they also
frequently fail to take into account the diverse contexts in which these concepts are used.
This is despite the fact that cognition, behavior, and similar concepts are not univocal. For
example, the concept of inference is used in logic, probability theory, and psychology. In
cognitive science, the statistical and psychological concepts of inference and reasoning are

2 Rachel Cooper (2005) defines a thought experiment as a "judgment about what would be the case
if the particular state of affairs described in some imaginary scenario were actual."

3 For example, Cooper (2005) suggests that thought experiments in science and philosophy can be
treated together. "Moreover, because of its necessarily nonempirical nature, work involving thought
experiments is particularly likely to fall on the border between philosophy and science. Articles on
the E.P.R. experiment, Schrodinger's cat, or bilking experiments (thought experiments showing that
causal paradoxes would emerge if one could go back in time and kill one's father) are as likely to be
found in the Physical Review as in the Philosophical Review. Newcombe's paradox is discussed
equally by economists and philosophers. Psychologists and philosophers alike worry about the
Turing Test and Searle's Chinese Room. It is hard to distinguish science from philosophy and even
harder to distinguish philosophical from scientific thought experiments" (Cooper 2005).
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often used interchangeably. For instance, Chater, Tenenbaum, and Yuille (2006) point out
that "probability theory has always had a dual aspect, serving both as a normative theory of
'correct' reasoning about chance events and as a descriptive theory of how people reason
about uncertainty-for example, as an analysis of the mental processes of an 'intelligent'
juror."

Since the distinction between philosophical and scientific concepts is not the focus of this
chapter, it will not be explored in detail here. My aim of introducing this distinction was to
challenge the idea that philosophical and scientific concepts of cognition are essentially
equivalent. Philosophical concepts are relevant to ontologies of the mind, while scientific
concepts, as we shall see, play different functions. Despite their methodological
differences, however, they share to some extent a concern with the nature of the relationship
between the concepts involved and the mental entities they refer to. | am agnostic about
whether the concepts of the mind map, represent, or designate mental entities and kinds.
My view is that the sciences of the mind study target systems, which are theoretical entities
created in research practices determined by the relevant scientific concepts.

Consider the scientific concept of intelligence as an illustrative example. In A History of
Intelligence and "Intellectual Disability”, Goodey (2011, 2) posits that the concept of
intelligence as it is understood in modern cultures is not a natural kind, but rather a
historically contingent form of human self-representation and social reciprocity. Goodey
does not simply assert that the concepts of intelligence and "intellectual disability" are
modern cultural products. Rather, he contends that the concept of intelligence as a means
of distinguishing human species membership is a modern phenomenon. A scientific
conceptualization of a given phenomenon need not remain confined to the domain from
which it originates; rather, a concept originating in science can transcend that domain and
influence how a phenomenon is understood in the broader social context. Goodey explains
how the scientific concept of intelligence plays an essential role in modern cultures as
follows:

Intelligence stands at the core of modern lives. It marks us out from the rest of nature.
It is crucial to our sense of self and an instant yardstick for sizing up others.
Psychologists measure it, biologists search for its DNA, women demand it of sperm
donors; learned professors from Harvard to Heidelberg foresee our descendants
turning into transhuman, bodiless intelligences able to migrate as software to other
planets. If these are the dreams of intelligence, the nightmare is its absence. This
means being denied family, friends and ordinary relationships; doctors give us
treatment without our consent and withhold it when we need it; social workers stop
us having sex, sterilize us or take away our children; psychiatrists lock us up without
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right of appeal; police officers frame us; courts acquit the parents who kill us; and
politicians fund geneticists to make sure people like us never turn up again. Both
dream and nightmare are so vivid it seems they must be based on some hard
scientific reality (...) (2011, 1).

Goodey suggests that the activities of psychologists in measuring and classifying forms of
intelligence transcend the realm of scientific practices to become influential in certain
social interactions. Without a classification of an individual as "intellectually disabled," a
medical professional would not be permitted to treat that individual without consent in
certain circumstances. One method for analyzing the function of scientific concepts is to
examine the social practices they enable. Another avenue of inquiry is to investigate whether
and how the scientific understanding of intelligence is shaped by the concepts and tools
available to scientists. This is the approach that | am going to take. An example can be found
in Ashby (1991, originally published in 1958), specifically in the idea that the measurement
tools used to study intelligence determine what is understood by intelligence in science. As
Ashby (1991) puts it:

«Intelligence» today is defined by the method used for its measurement; if the tests
used are examined they will be found to be all of the types: from a set of possibilities,
indicate one of the appropriate few. Thus all measure intelligence by the power of
appropriate selection (of the right answers from the wrong) (413).

The concept of intelligence as the power of appropriate selection is related to the scientific
practice of measuring intelligence with tests. But it fails to capture other facets of
intelligence. For example, can a test measure a person's creativity? Under the constraints
imposed by this practice, the more correct answers a person gets, the more intelligent that
personis. My pointis that the characterization of this cognitive faculty in scientific practices
depends on the epistemic resources available for its investigation.

In the example above, if an individual's IQ score is significantly above the mean, this may
indicate that the individual belongs to a particular category, such as "very superior" as
defined by the IQ classification system. The category in question is primarily a label for a
construct called intelligence, the appropriate context for which is the domain of specific
scientific practices. Intelligence in scientific practices is thus conceptualized in such a way
that it can be measured in specific patterns of individuals. The conceptualization has the
epistemic role of transforming the cognitive phenomenon (intelligence "in the wild") into a
research object (intelligence as the power of appropriate selection), thereby constructing it
a measurable target system.
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Just as the concept of intelligence as the power of appropriate selection did not exist before
extensive research on it was done in modern psychology, all scientific concepts

(...) were once created and formed in a specific context of intense scientific research,
and from there found their way into common language. At their site of their origin they
were open, tentative, insatiable, and flexible, while later they appear solidified,
stable, either as 'natural’' categories or in some cases just as 'facts' (Steinle 2009,
200).

According to Steinle, scientific concepts have the potential to transcend their disciplinary
origins and become common ideas in society. In the process, they also become reified as
real things. The concept of intelligence as the power of appropriate selection, following the
example above, was not intended to be a complete but operational characterization of
intelligence. Nor was it intended to be a socially acceptable characterization of intelligence.
It was put forward as a means of facilitating the quantitative study of intelligence by
heuristically transforming it into a simpler, measurable target system. Target systems are
not phenomena, nor representations of phenomena; rather, they are entities constructed
within scientific practices.

One questionable narrative is the idea that a scientific conceptualization has historically
prevailed among rivals because it captures the necessary and sufficient conditions of a
phenomenon. The historical dominance of the concept of intelligence in modern societies
is not due to its exhaustiveness. The concept of intelligence as the power of appropriate
selection is insufficient to account for all forms of intelligence. Its success has to do with its
reproductionin scientific and other social practices. Yet, itis unsuitable for measuring social
intelligence, for example, the intelligence of scientists attempting to create standardized
protocols for measuring intelligence or the seemingly unreflective behavior of animals in
symbiotic relationships, such as the remora fish and shark. This is because the tools that
enable the application of such a concept (e.g., IQ tests) are inappropriate for studying their
intelligence. Therefore, it is implausible that a single scientific concept of intelligence can
adequately account for all instances of intelligence.

The mere fact that a concept is not exhaustive does not justify replacing it with a more
comprehensive concept. There are other reasons to pursue conceptual change besides
exhaustiveness. Indeed, conceptualizations may be useful precisely because of their
specificity and non-exhaustiveness. In the context of scientific inquiry, concepts facilitate
the discovery of new phenomena or the acquisition of new insights into previously known
phenomena when used as operational descriptions. In a paper on scientific definitions of
life, Knuuttila and Loettgers (2017b) argue that scientific definitions play roles beyond those
of classifying devices (i.e., describing the necessary and sufficient conditions for a
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phenomenon). For instance, definitions of life can form the basis of diagnostic tools that
help scientists search for biomarkers. In my view, the function of concepts and definitions is
to delineate and frame target systems in ways that allow for scientific experimentation and
modeling.

The cognitive sciences rely on operational descriptions of cognition to study phenomena.
For example, perception cannot be studied unless a scientist makes some assumptions
about what it consists of. In PP, perception is modeled as a phenomenon analogous to
probabilistic inference. Scientific modeling in this context amounts to projecting the
properties of probabilistic inference onto a target cognitive system. In doing so, it renders
the target system epistemically accessible to scientists using tools well suited for dealing
with probabilistic inference, such as Bayesian statistics. Of course, perception in nature is
not inferential, but such a characterization, unlike that of perception as a complex cognitive
behavior, is simple (non-exhaustive) and allows scientists to study targets with particular
tools. That is, the conceptualization does not specify what the phenomenon is, but how it is
understood within a scientific practice.

In summary, conceptualizations of cognition need not be exhaustive. They are epistemic
resources that serve the function of characterizing the target systems. In scientific modeling,
scientists combine conceptualizations with other epistemic resources, such as
mathematical and computational structures, to construct tangible artifacts for investigating
the targets. For example, scientific models of perception as probabilistic inference require
statistical tools to investigate their targets. These artifacts are used to study target systems
whose description is contingent upon the epistemic resources used to construct a model of
them. Consider, for example, Ashby's suggestion, introduced earlier in this section, that the
available measurement tools determine the scientific understanding of intelligence as the
power of appropriate selection.

1.2. Scientific Models in the Cognitive Sciences

Cognitive scientists have different views on the concepts they use to study cognition. Those
who consider information processing a scientific analogy and an instrument for knowledge
production are instrumentalists. Realists, on the other hand, consider information
processing to be a natural phenomenon and scientific concepts to be designators of mental
entities, processes, or mechanisms.
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In my view, the prevalence of a common narrative in the field partly explains why many
cognitive scientists are realists. According to this narrative, cognition is a complex,
multifaceted phenomenon, often referred to as "multilevel." Due to its complexity, scientific
disciplines can only provide partial explanations. Complete explanations require
interdisciplinary efforts. | suspect this narrative is responsible for the view of concepts as
designators of mental kinds because it assumes that scientific disciplines using the same

terms ("cognition," "perception," "action," etc.) are dealing with the same entities instead of
considering them transdisciplinary phenomena, as discussed in Chapter 6. But why should
we assume that two or more disciplines are dealing with the same phenomenon just
because they use the same terms? If we cannot prove this, then we cannot assume that their

partial explanations will converge into a complete one.

Another implication of the above narrative is the assumption that cognitive science is
interdisciplinary* because it seeks to provide complete explanations of complex, multilevel
cognitive phenomena. More specifically, cognitive science is seen as adiscipline concerned
with bridging disciplinary knowledge to overcome what is known in the field as the
‘integration challenge’. According to Bermudez (2014, xxviii), "this is the challenge of
developing a unified framework that makes explicit the relations between the different
disciplines on which cognitive science draws and the different levels of organization that it

4 For many coghnitive scientists, interdisciplinarity is one of the hallmarks of their discipline
(Bergmann et al. 2017; Dale, Dietrich, and Chemero 2009; see also Cooper 2019). Cognitive
scientists acknowledge the one-sidedness of disciplinary approaches to cognition and take for
granted thatinterdisciplinarity is necessary to develop unified and complete explanations. According
to this narrative, interdisciplinary research integrates findings from different disciplines at different
levels (Thagard 2005). Marr's (2010) levels of analysis complement this view of interdisciplinarity by
specifying what disciplinary accounts of cognition should explain. Complete accounts describe
cognitive behavior at the computational, algorithmic, and implementation levels. For example, a
complete account of perception integrates a) a computational description of perception as the
computational task of transforming sensory inputs into perceived objects or scenes (artificial
intelligence); b) a description of the algorithms or rules that a perceptual system follows to
accomplish the above task (cognitive psychology); and c) an explanation of how the brain physically
implements the above process (neuroscience). | think that several problems with this view of
interdisciplinarity render it incomplete. First, it assumes that the complex nature of cognition
determines the interdisciplinarity of the science studying it. In many cases, however, scientists are
simply not interested in complete explanations of cognition, and instead work with simplistic
characterizations of cognitive phenomena that can be simulated by computational systems.
According to Marr, complete explanations are reductive because they treat cognition as
computation. But models of cognition can be non-computational and still contain descriptions. As
for the completeness assumption, many explanations in cognitive science are partial, even if they
follow Marr's levels. My point is that the outcomes of modeling practices need not be partial
representations of complex and multilevel cognitive phenomena, but of target systems performing
simpler cognitive tasks.
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studies." Overcoming the integration challenge amounts to using partial disciplinary findings
as building blocks for developing complete explanations that account for the complexity and
multilevel nature of cognition. Interdisciplinarity is thus understood as a scientific strategy
for producing complete explanations by integrating partial disciplinary explanations into
exhaustive ones. An example of this narrative is the following: cognitive psychology is said to
explain perception at the behavioral level, and neuroscience is said to explain the underlying
mechanisms responsible for such behavior. Together, they can somehow provide an
explanation of this behavior at multiple levels.®

| am skeptical of this narrative for several reasons, one of which is that it seems to neglect
the dynamics of knowledge production and the intended purposes of research activities. For
the most part, cognitive science research is not intended to provide multilevel explanations.
Scientific modeling practices in the field may serve other purposes. For example, they may
explore the intuitions that scientists have about cognitive phenomena by modeling them into
tangible representational media (McClelland 2009). While exploration can be seen as a step
toward producing multilevel explanations, it does not necessarily lead to this outcome. The
pursuit of completeness is not the only possible epistemic purpose of exploration.

In some cases, interdisciplinary collaboration in the field is unrelated to the production of
multilevel explanations. | think a more accurate picture of knowledge transfer in the field can
be obtained by looking at how cognitive scientists reuse and repurpose tools, methods, and
techniques that have disciplinary origins in new domains. For example, mathematical and
computational models serve the purpose of model building without necessarily being
constrained by the assumptions of the disciplines in which they were originally used. These
are transdisciplinary rather than interdisciplinary tools, since they do not help to provide
multilevel explanations, but rather to explore transdisciplinary problems such as cognition,
perception, or action. In Chapter 6, | address the transdisciplinary nature of the cognitive
sciences.

From this perspective, analogies such as that between cognition and computation can be
seen as means for framing transdisciplinary scientific problems. Just as cognition can be

5 One assumption underlying the narrative of interdisciplinarity as a means of providing multilevel
explanations has been hegemonic. This is the assumption that cognition is information processing
or a form of computation about representational structures (Bermudez 2014). However, it should not
be considered the central theoretical assumption of cognitive science (e.g., as in Thagard 2005)
because it no longer plays this role in contemporary cognitive science. Embodied and dynamic
systems approaches, two contemporary frameworks in the field, explicitly reject it (Bruin, Newen,
and Gallagher 2018; Chemero 2001; 2009). In principle, a science of mind need not model cognition
as a computational process. Instead, it can model it as the behavior of a dynamical system
interacting with the environment.
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seen as information processing, so can many other phenomena that are studied in the
sciences for theoretical or practical purposes. In my view, identifying the role of
conceptualizations of cognition such as that of information processing can be done by
examining their place and function in knowledge production dynamics. An examination of
the role of concepts in research practices reveals that, unlike philosophical concepts,
scientific concepts are rarely intended to be complete or exhaustive.

Scientific conceptualizations serve the basic function of delineating target systems. Often,
phenomena such as perception, decision making, creativity, tool use, empathy, or learning
are characterized by reference to various scientific analogies that transform these poorly
understood phenomena into more familiar or simpler ones (Bailer-Jones 2009). These
analogies also allow for the use of mathematical or computational tools in the study of
cognition. As will be shown in Chapter 3, the above strategies lead to the production of
scientific knowledge because they make it possible to gain control over target systems by
predicting their future behavior or simulating it in computational models. They also allow
scientists to formulate testable hypotheses.

As Bailer-Jones (2009) suggests, analogies play a crucialrole in the construction of scientific
models. This seems to me to be particularly true of scientific models in the cognitive
sciences, where views of cognition diverge because of the different analogies used to define
it. In some cases, modeling is about constructing artificial systems that simulate behavior,
and this is said to be instructive about some natural behavior. Although one might argue that
in such cases the study would yield knowledge not about cognition but about the behavior
of an artificial system, things are not so simple. For example, a modeler may construct a
model of perception to explore her assumptions or ideas about what perception consists of,
since their implications may not be fully understood unless they materialized in an external
medium that makes them tangible. At least in this sense, constructing a model that
simulates perception can be informative by showing which assumptions can be materialized
and which cannot.

According to Gelfert (2011, 521), "scientific models, along with computer simulations, are
routinely deployed across the spectrum of the natural sciences (and, increasingly, the social
sciences as well). In some disciplines, scientific modeling has become the default mode of
how to approach scientific questions." Gelfert's description of scientific modeling as a
default strategy captures the status of modeling in the cognitive sciences particularly well. |
will argue why | think this is the case in Chapter 3. For now, | will assume that scientific
modeling is the most common strategy in cognitive research practices. | follow Knuuttila's
(2011; 2017; 2021) understanding of scientific modeling as the practice of constructing and
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manipulating artifacts with material and conceptual properties that provide epistemic
access to various target systems of interest.

The construction of scientific models in the cognitive sciences often involves the use of
epistemic resources from various disciplines, including anthropology, computer science,
linguistics, neuroscience, psychology, biology, and philosophy. As noted above, this is not
necessarily aimed at providing either complete or multilevel explanations. Scientific models
can be constructed for a variety of different epistemic purposes, and their success in
achieving these purposes depends not primarily on their ability to accurately represent
something in the world, but also on factors such as the expertise of the scientists, the
intended purposes, skills, and available knowledge. But why do cognitive scientists
construct models in the first place? McClelland answers this question as follows:

[Scientific] models allow the exploration of the implications of ideas that cannot be
fully explored by thought alone. As such, they are vehicles for scientific discovery, in
much the same way as experiments on human (or other) participants. But the
discoveries take a particular form: A system with a particular set of specified
properties has another set of properties that arise from those in the specified set as
consequences. From observations of this type, we then attempt to draw implications
for the nature of human cognition (2009, 16).

Exploring the intuitions, assumptions, and ideas that scientists have about what constitutes
cognitive behavior is just one of the myriad possibilities that scientific modeling offers
researchers. The point is not only to test whether they are correct. It is also about finding
their limits. Unlike philosophical strategies such as thought experiments or conceptual
analysis, it has the advantage of embodying ideas in tangible and manipulable epistemic
artifacts. Importantly, before scientific models canyield epistemic gains, they must work, so
they must first be constructed.

Knuuttila (2011) suggests that the assumption that scientific models are representations of
phenomena conceals the multiple ways in which models provide epistemic access to the
problems of interest. According to the artifactual approach to modeling (Knuuttila 2017;
2021), scientific models are epistemic artifacts constructed and manipulated by scientists
to address open theoretical and practical issues. This approach challenges the view of
scientific models as representations in the philosophy of science by treating them as entities
that are partially independent of theory and reality (Knuuttila 2011). Scientific models do not
have a pre-established representational relationship to their targets, and in many cases,
scientists construct them without yet a clear understanding of what those targets are or as
a means of exploring them (Knuuttila 2005b).
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Knuuttila (2021) argues that scientific models are purposefully constructed as systems of
dependencies. This means that models have parts and an organization—that is, patterned
interactions of their parts. Models work when the built-in dependencies produce a desired
behavior. Models are said to be about target systems. Accordingly, they work when they
exhibit behaviors resembling those of their target systems. Importantly, scientists must
specify the similarity between a model and a target system (Giere 2010). For instance,
scientists may build a deep learning model of decision-making behavior and argue that it
does not provide insight into how humans actually make decisions (Fintz, Osadchy, and
Hertz 2022). Or they may claim the opposite. In that case, they would need to justify why the
model is informative about this behavior in humans. Similarly, PP scientific models exhibit
inferential behavior that is sometimes considered analogous to perceptual behavior.
However, the claim that PP scientific models capture the mechanisms underlying
perceptual behavior requires proper justification.

1.3. Scientific Models as Representational Devices

What makes the construction and manipulation of scientific models an epistemically
valuable practice in the cognitive sciences? Do scientific models have a distinctive property
that makes them more relevant to the study of cognition than theories, observations, or
experiments? Of course, there are no easy answers to these questions. One approach to
addressing these questions is to examine how philosophers of science have understood
scientific models and determine whether these views are informative for understanding
modeling practices in this field.

The vast majority of philosophers of science consider scientific models to be
representational devices (for an overview of the concept of scientific representation, see
Sanchez-Dorado 2024), that is, human-made objects that have the function of representing,
depicting, or mapping some properties, processes, or structure of target systems, be they
real, possible, or even purely theoretical entities. De Oliveira (2018) summarizes the
understanding of models as representations in the philosophy of science as follows:

But how is it possible to learn through modeling? It is easy to see how mathematical
equations, computer simulations, and robotic agents could help advance our
understanding of mathematics, computing, and robotics, respectively. How is it that
building and operating models enables scientists to learn something not only about
the models themselves, but also about the real-world phenomena scientists are
ultimately interested in? In short, why is modeling epistemically valuable? The
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answer seems obvious and intuitive: models can give us knowledge of their targets
because they represent those targets. That is, models are related to real-world target
phenomena in such a way that they can stand in for those targets in empirical
research and that the outcomes of modeling generate knowledge of the phenomena
being modeled. It is because they are representations of certain phenomena that
mathematical equations, computer simulations and concrete models are viable
indirect routes to understanding and explaining those phenomena (...).

(...) Philosophers generally agree that modeling is a legitimate means to knowledge,
and they also generally agree that the intuitive answer above is right, i.e., modeling is
epistemically valuable because models stand in a special relation to their targets
(namely, one of representation).

Importantly, Sanches de Oliveira (2018) seems to conflate the representational function of
models with the ontological status of models as representations. Philosophers of science
often distinguish between the two (see Godfrey-Smith 2006 and Salis 2021). | do not intend
to situate my account of modeling in PP within philosophical discussions of scientific
representation nor to support or refute the notion that models in cognitive science represent
cognitive phenomena. | agree with de Oliveira's (2018) statement that "representationalism
in the philosophy of science is a dead end," and my account of the epistemic value of
scientific models in cognitive science is intended to be independent of the notion of
scientific representation and the debates surrounding it. | acknowledge that models can
perform representational functions and are, in a minimal sense, representations because
they are models of something or represent a target system as something else. In PP,
cognition is represented as probabilistic inference. However, this representational practice
does not say much about the epistemic value of modeling. Indeed, one could argue that
models denote things other than themselves without assuming that they mirror reality.

There are alternative views of scientific modeling in the philosophical literature.
Philosophical accounts that focus on model construction (or model building) and
manipulation do not always assume that models always have a representational function.
Of course, they do not deny that in some cases models can be representations of targets or
enable researchers to make inferences about real things in the world (Suarez 2010).
However, it seems to me that questions about the epistemic function of modeling can be
addressed independently of the discussion of models as representations. In what follows, |
use some ideas from the philosophy of scientific modeling and scientific representation
insofar as they are helpful in articulating an account of scientific modeling in the cognitive
sciences and PP.
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Philosophers of science committed to the view of models as representations are careful
enough to distinguish between the types of representation that models allow. One that is
particularly important for my account is Weisberg's distinction between the types of
representation afforded by concrete, mathematical, and computational models:

Roughly speaking, concrete models are physical objects whose physical properties
can potentially stand in representational relationship with real-world phenomena.
Mathematical models are abstract structures whose properties can potentially stand
in relation to mathematical representations of phenomena. Computational models
are sets of procedures that can potentially stand in relation to a computational
description of the behavior of a system (Weisberg 2013, 7).

Weisberg is careful enough to emphasize that scientific models can, but do not have to,
represent phenomena, pointing out that they can also be representations of mathematical
and computational descriptions of phenomena. Models can be non-representational, which
means that representing phenomena is not an inherent capacity of models, but rather an
achievement of modeling practices (Teller 2001; Knuuttila 2005a, 43).

Although models are not always representations of phenomena, as concrete things they are
instantiated in tangible representational formats and media. Models can be, for example,
mathematical, computational, diagrammatic, linguistic, and so on. They can be instantiated
by various apparatuses, often called representational vehicles. To avoid misunderstandings,
whenever | speak of this material dimension of models, | will use the term representational
medium ("representational media" in the plural). Importantly, although models can be
representational vehicles in this above-mentioned sense, they need not be direct
representations of phenomena. As Weisberg points out, mathematical and computational
models are representations of mathematical representations of phenomena and
computational descriptions, respectively.

Mathematical and computational models are among the most widely used epistemic tools
for investigating cognition. For example, agent-based models are computational vehicles
that can be used to simulate the behavior of cognitive agents in social groups, such as
collective decision making (see Lewandowsky et al. 2019).® Interestingly, the concept of an
agent in agent-based modeling is not a substantive philosophical or metaphysical one.

® In addition to providing information about cognitive behavior and tasks, computational and
mathematical models also serve the purposes of theory and model development. Not only can they
help scientists explore their intuitions about cognitive behavior, but they can also allow them to
compare competing scientific models of cognition (see also Guest and Martin 2021) or serve as
cognitive aids. To this end, modelers must specify all of their assumptions in order to run computer
simulations (see also Farrell and Lewandowsky 2018, 21).
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Agents in modeling practices are understood in a technical sense as rational agents, and
their rationality is measured according to a performance measure (see Russell and Norvig,
2022, Chapter 2). By constructing and manipulating these models, ideas about how social
agents behave under certain conditions can be explored, and even scientific predictions
about collective behavior in real-world scenarios can be made. If taken as representational,
these models are representations of computational or mathematical descriptions of
phenomena, in other words, their targets are not things in the world but idealized systems. |
will explore the creation of target systems in modeling practices in the next section.

1.4. Target Construction

This section articulates my understanding of target construction in the cognitive sciences.
To this end, I firstintroduce the distinction between model descriptions and model systems,
and the view of models as epistemic artifacts with conceptual and material dimensions in
the philosophy of science. Against the distinction between model descriptions and model
systems in the philosophy of science, | argue that scientific models represent target
systems, but that these targets are constructed in modeling practices.

In the philosophy of science literature, scientific models are typically viewed as
representations of target systems. Within this literature, especially within the "fiction views
of models", a distinction is made between direct and indirect views of how target
representation is possible:

i.  Direct Representation: Models directly represent target systems.
ii.  Indirect Representation: Models are composed of model descriptions and model
systems, and only the latter represent target systems.

For the fiction views, scientific models are either concrete imaginary systems or rely on
some imaginary systems (model systems) to perform a representational function. The
representational function of models is understood as the capacity of an imaginary system,
either concrete or abstract, to stand in for some properties of a target system. Simply put, a
scientific model requires a thing to be imagined, which represents a real entity, process, or
mechanism in the world. There are several versions of the fiction view, and | do not intend
here to discuss which is the most convincing. The fiction views are relevant here because
they provide a plausible account of the components of scientific models, and because |
articulate my account of target construction in discussion with them.
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A common denominator of the fiction views is the idea that model descriptions are a key
component of scientific models. Frigg (2022) introduces model descriptions below:

Models are usually presented to us by way of descriptions, which we earlier called
"model descriptions". These descriptions should be understood as props in games of
make-believe. This squares with the practice of modelling where model-descriptions

often begin with "consider," "assume," or "imagine," which make it explicit that the
descriptions to follow are not intended to be descriptions of real-world objects but

should be understood as a prescription to imagine particular situations (414).

According to the fiction views, part of the conceptual work of modeling has to do with
specifying the properties of a tangible system that will serve as a surrogate for studying a
target system. In the philosophy of science, this is known as a model description. Model
descriptions specify that certain systems (or classes of systems) have certain properties.
Importantly, these descriptions do not exist in scientists' minds but rather "[...] in some
representational medium (mathematical formalism, words, pictures)" (Godfrey-Smith 2006,
733). Representational media are used to construct a tangible representational vehicle—a
model—which is distinct from an abstract theoretical entity, such as the concepts
discussed earlier.

Although models have a tangible dimension, fiction views do not consider the
representational vehicle to be an essential part of the model and distinguishes between the
imaginary model system, the model description, and the representational vehicle that
instantiates the description. For them, only the imaginary model system is the actual
scientific model.

Moreover, model descriptions require that certain systems be imagined having certain
properties. This system is the model system, not the target system that the model
represents. For example, PP models of perception, which will be the subject of the next
chapter, prescribe imagining a perception as an inferential and probabilistic task. According
to the fiction views, a model system based on this description would correspond to an
imaginary system existing in a mathematical or computational medium suitable for solving
probabilistic inference tasks (e.g., a Bayesian model). And this imaginary model system, in
turn, is a representation of perception in nature.

Contrary to the fiction views, it seems to me that the representational medium and vehicle
are core components of scientific models. A model is a description of a system that, of
course, is fictional because it is a human creation. However, since the modelis not separate
from the medium that represents it, the medium is also a core component of the model.
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Let me consider the case of PP models. The model system in this case corresponds to an
imaginary system that perceives by making predictions about the unobservable causes of
its internal and environmental states and improves its predictions by learning from
prediction error signals. Despite its fictional character, such a model system is not simply
the product of an act of imagination, if by this is meant an act that is not constrained by the
representational means used in constructing the model, the available knowledge about
perception, and the concepts and assumptions of a theory. According to the fiction view, the
model system would be a fictional system that represents perception in nature. The model
vehicle, in turn, would require that perception be imagined as an inferential and probabilistic
task, and the model system would correspond to an imaginary perceptual system that
makes probabilistic inferences.

Knuuttila (2017) questions the strict separation that the fiction views establish between
model descriptions and model systems, acknowledging that for these views, what properly
constitutes a scientific model is only the model system. For Knuuttila, model descriptions
are irreducible parts of models, and imaginary model systems cannot be separated from the
representational medium in which they are instantiated. Salis (2021) goes a step further,
arguing that model systems are not constituents of scientific models. Instead, she proposes
that scientific models are composed of model descriptions and model content, using the
analogy of literary fiction to explain both concepts. According to this analogy, model
descriptions are like the "props" of a make-believe game, while contents are the "truths"
inferred from these props.

In theater and film, the term "prop" refers to the objects that actors use in their
performances, such as tables, chairs, or glasses. Model descriptions can be seen as props
in make-believe games. They can be either linguistic symbols or mathematical and other
forms of representational media that constrain how particular model systems are to be
imagined. According to Salis (2021), model descriptions constrain content in much the
same way that props constrain an actor's performance. For Salis, it is not the imagined
model system that represents reality, but rather the content of the model. This content is
derived from the initial assumptions of the model descriptions and the truths inferred from
them. In her view, model descriptions impose constraints on the content of the model, not
on an imaginary model system.

| agree with Salis that invoking an imaginary system to explain the representational function
of scientific models is troublesome. Nevertheless, | remain unconvinced that her concept of
content is a superior alternative for accounting for this function. | suggest the alternative
concept of target construction. This concept points out that whatever content the model
description is constraining, it is a content attributed to the target system of the model, and
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not of the model itself. In other words, rather than having content, a scientific model allows
to attribute content to a target.

In my view, Salis (2021) confuses the content of models with that attributed to a target
system. The notion of model description is problematic because it assumes that the
conceptual dimension of modeling involves imposing constraints on a model. In contrast,
the notion of target construction suggests that these constraints are imposed on the target
system. Thus, the conceptual dimension of modeling constrains the way scientists imagine,
reason about, and conceptualize target systems. The notion of model content is
unwarranted because the content of a model is simply what is attributed to a target system.
When constructing models, scientists are not primarily interested in the models themselves
(unless the modelis the target). Their primary goalis to gain knowledge about or control over
target systems. For this reason, | prefer to shift the discussion from model description to
target construction.

When scientists talk about modeling cognitive behaviors, processes, or mechanisms, the
target systems should be understood as entities whose content emerges during the
construction of a scientific model rather than as representations of natural cognitive
phenomena. Of course, models have content as well, but the knowledge they provide is
about the target systems themselves, as their content is projected onto them. More
precisely, target systems are theoretical entities that take on distinctive forms in modeling
practices. They are constrained by the conceptual properties of models and the
mathematical and computational properties of representational vehicles. Scientific models
in cognitive science are based on conceptualizations such as perception as inference and
cognition as information processing. The target systems of these models are inferential and
information-processing tasks, respectively. | will use the term "target construction" to refer
to the process of projecting the properties of models onto target systems created in
modeling practices. | will now examine target construction in more detail.

A prominent example of target construction in the cognitive sciences are cognitive
behaviors. These are conceptualizations of target systems as simple and observable tasks
created in research practices that may in some respects resemble cognitive behavior in
nature. Examples of cognitive tasks are the activities of clustering items based on their
category membership given to participants in an experiment, any conceptualization of
decision making used to model this behavior in an artificial agent, or the target construction
of perception as the task of inferring the unobservable causes of sensory signals in PP. These
are simple characterizations that make cognition epistemically accessible via various
representational vehicles, which are "the material means with which [scientific]
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representations are produced and in which they are embodied (such as ink in paper, a digital
computer, biological substrata, and so forth)" (Knuuttila 2011).

Some authors consider model descriptions to be the entire scientific models. According to
Bailer-Jones, "a [scientific] model [is] an interpretative description of a phenomenon that
facilitates access to that phenomenon" (2009, 1). This definition is somewhat incomplete
because itignores that scientific models are tangible entities, not just linguistic structures.
Nevertheless, the definition highlights what seems to me to be a central feature of scientific
models of cognition, namely that they embed an interpretative description of their targets.
In my view, however, this is not a description of the model but of the target system itself.

As discussed earlier, scientific concepts and assumptions are necessary for the study of
cognition. Within modeling practices, they are used to characterize cognitive behavior as
something else, such as a cognitive task, an inferential task, an information processing task,
and so on. These are examples of interpretive descriptions, because in all these cases
cognition is analogized to something else. This practice does not produce a description of a
model, but a description of the target system, and it is a prerequisite for gaining
understanding of or control over a target system.’

Target cognitive behaviors, i.e., cognitive tasks constructed in the construction of scientific
models, embody these interpretative descriptions. Scientific modeling practices that study
these targets do not provide direct knowledge of real cognitive phenomena, but only of these
targets. Compared to cognition in nature, targets cognitive systems are idealized, isolated,
or simplified characterizations of cognition. For example, consider how an experimental
study of visual perception describes this cognitive phenomenon as a visual search task:

In a visual search task, subjects search for a target item among a number of
distracting items. If the time required to complete the search is roughly independent
of the number of distractors, the search is said to be parallel; if search time increases
linearly with the number of distractors, the search is said to proceed serially
(Treisman and Gelade 1980 quoted in Sireteanu and Rettenbach 2000).

The above task description was part of an experimental practice that conceptualized visual
perception as a visual search task. Understanding how this task is performed in an
experimental setting does not directly explain how, for example, human visual perception

" There are conventional and historical reasons that influence the scientific decision to choose one
interpretive description over another. As discussed in Chapter 2, modeling frameworks in the
cognitive sciences, such as Cognitivism or Connectionism, provide scientists with analogies of
minds as computers, machines, or information processing devices, on the basis of which these
interpretative descriptions are formulated (see Gigerenzer and Goldstein 1996; Fernandez-Duque
and Johnson 1999).
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works. Similarly, the target systems of scientific models of cognition are cognitive tasks, i.e.,
idealized behaviors that certain systems are expected to perform. Thus, task specification is
a prerequisite for modeling cognition. If the models exhibit a desired behavior, they are
considered cognitive (even if only metaphorically). In addition to task specification, the other
two steps in constructing cognitive models are: specifying the parts of a model and
describing how the task results from the interaction of these parts.

Consider the well-known Atkinson-Shiffrin model of human memory. In 1968, Atkinson and
Shiffrin published a paper presenting a computational model of the human memory system
and the processes that regulate it. The parts of this model are a sensory register and a short-
term and long-term memory stores. The task of the model is to assign sensory inputs in the
sensory register to the stores. To do this, the model follows algorithms in the form of control
processes that determine when to allocate resources to one of the two stores. As | will now
explain, this model exemplifies some features of models of cognition that assume that
cognition is a form of computation, namely

i.  Scientific models of cognition are models of cognitive tasks, i.e. observable
behaviors emerging from the interactions of parts of a system.

ii. Scientific models of cognition specify algorithms ruling these interactions. In
computational modeling, algorithms are step-by-step instructions that guide a
system to resolve a problem or perform its task.

Importantly, the characterization of this model's target system—a memory task—is
constrained by the target description, which is a computational characterization of the
phenomenon. Consequently, the memory task does not directly inform us about how human
memory works. This is because modelers transform human memory heuristically into a
computational phenomenon. The Atkinson-Shiffrin model deliberately excludes the neural
realization, subjective dimensions, and extended nature of human memory (see O'Regan &
Noe, 2004), representing memory as a computational task.

Philosophers sometimes assume that the scientific modeling strategy of omitting irrelevant
features of a phenomenon is useful because it allows one to focus on its essential aspects
(see Strevens 2011). They assume that this decomposition strategy can be complemented
by recomposition to simplify a complex system into its critical components and interactions
(Weisberg 2007). Rice (2018) criticizes this approach for failing to consider the pervasive
influence of simplifications, distortions, omissions, and idealizations in creating target
systems. Rice notes that these elements are epistemically valuable because they isolate
critical system components and create holistic distortions of phenomena. In contrast, my
account of target construction suggests that models construct, rather than distort, a
scientific understanding of reality.
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I think the target systems of scientific models of cognition should be understood as entities
that are constructed during the modeling process. They are not merely representations of
the computational mechanisms or processes that are responsible for cognitive behavior.
Furthermore, scientists are not capable of discovering these systems because
computational models can represent the natural computations underlying cognition. The
conceptualization of cognition as computation or information processing facilitates the
construction of a target system. Target systems are not phenomena that models represent.
Rather, they are research objects ready for investigation, manipulation, or intervention with
the appropriate epistemic resources.

1.5. Conclusions

The goal of this chapter has been to articulate my philosophical understanding of scientific
modeling and target construction in the cognitive sciences. The next chapter will introduce
the reader to PP from this perspective. This philosophical understanding differs from
common views in the cognitive science literature about the kind of knowledge that scientific
models of cognition provide. In particular, | challenge the idea that scientific models of
cognition are vehicles that represent cognitive entities, mechanisms, or processes in nature.
This idea underlies realistic views of computation in the field, which assume that
computational models of cognition are able to identify natural forms of computation that are
relevant to cognition by virtue of some assumed correspondence between computations in
the brain and those performed by the model.

My approach to target systems might be regarded as anti-realist, skeptical, constructivist or
instrumentalist, given that | assert that the cognitive sciences are not concerned with natural
cognitive phenomena but rather target systems created through scientific modeling
practices. However, it is not my intention to suggest that cognitive science is not concerned
with cognitive phenomena. Rather, my aim is to provide a clarification regarding the kind of
entity that scientific models are about. An examination of scientific modeling in this field
may facilitate the development of a critical approach, one that is attentive to the role and
limitations of the assumptions guiding this discipline. This approach would also question
problematic assumptions, such as the notion that computation is a natural phenomenon.
This chapter has not addressed the issues of anti-realism and realism in the cognitive
sciences directly. These topics will be discussed in Chapter 4. At this point, | have only
presented an argument against the idea that scientific models of cognition provide
epistemic access to phenomena by representing them.
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| have put forth an alternative perspective, namely that scientific models are epistemic
artifacts constructed on the basis of various conceptualizations and assumptions that
scientists embed in scientific models. For the purposes of this discussion, a scientific model
is understood as a tangible artifact with conceptual and material dimensions. The products
of modeling practices are not objective representations of mental processes or behaviors.
This is not simply because cognitive processes are not transparent phenomena waiting for
some neutral observer to acquire objective knowledge about them. The crucial point is that
in constructing a scientific model, a target system—that s, a cognitive task—is created, and
this target is constrained by the conceptualizations, assumptions, and representational
media and vehicles employed by scientists. My account of target construction will be further
justified in Chapter 6.

Ultimately, target systems may be considered by-products of modeling practices that largely
depend on the conceptual dimension of modeling. In the philosophy of science, this
conceptual dimension is at times referred to as "model description." In this chapter, | have
employed the concepts of target construction and target description to argue that the simple
and idealized systems are, in fact, target systems that are co-constructed in the
construction of a model, rather than mere fictional entities. These epistemic entities can be
manipulated and controlled within the modeling practices. In the context of the cognitive
sciences, as discussed in further detail in the following chapters, target systems are
cognitive tasks constructed using operational descriptions that render cognitive
phenomena into solvable problems in modeling practices. Chapter 6 explains how PP and
other cognitive science frameworks provide established ways of framing cognitive tasks and
standardize the understanding of cognition in this field.



Chapter 2 - Scientific Models in Predictive Processing

This chapter introduces Predictive Processing from a philosophy of science perspective. |
argue that PP is a scientific modeling framework composed of various epistemic resources.
| focus on its modeling assumptions and scientific concepts and explain the notion of a
generative model; the type of scientific model used in this framework.

Section 2.1 puts forth the argument that PP is a modeling framework, that is, a constellation
of conceptual and methodological epistemic resources employed by scientists to construct
models of cognition. In the preceding chapter, the notion of scientific models of cognition as
epistemic artifacts was introduced. These artifacts, defined as human-created cultural
objects, facilitate the production of diverse forms of theoretical and practical knowledge.
The primary focus of this chapteris on the conceptual dimensions of generative models. The
methodological dimension of these models is examined in Chapters 3 and 6.

Section 2.2 is an examination of the assumptions and scientific analogies about the brain
and cognition that inform the conceptualization of target systems in generative modeling.
These include a view of information processing in the brain as both a top-down and bottom-
up phenomenon, a functionalist approach to the brain and cognition, and a view of the brain
as a prediction-driven system.

Section 2.3 examines the target systems of generative models, taking the example of
scientific models of perception as probabilistic and inferential tasks. A comparison is then
presented between PP and phenomenological models of perception. Phenomenological
approaches emphasize the experiential aspects of this phenomenon, conceptualizing
perception as an act. In contrast, PP conceptualizes perception as an observable task that
arises from the interactions of a system's components. The objective of this comparison is
to ascertain the extent to which the PP modelis deliberately reductionistic and to clarify why
this reductionism is a crucial strategy in the scientific investigation of cognition.

Section 2.4 examines the components of generative models, including predictions,
prediction errors, estimates, priors, and precision estimates. The function of a generative
system is to minimize the discrepancy between its self-generated predictions and the
evidence with which they are compared. This is accomplished through the interaction of
components within a hierarchical system comprising layers that communicate in both
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bottom-up and top-down manners. The upper layers generate predictions about the lower
layers, with the lowest level representing sensory signals. Conversely, the lower layers
transmit information utilized to correct the predictions generated by the upper layers. A
cognitive task is executed effectively when the upper layers accurately predict the
information transmitted by the lower levels. If this is not the case, the system attempts to
reduce prediction error by generating new predictions. PP systems generate precision
estimates to establish a learning rate that weights prediction errors, i.e., determines how
much they will alter prior information.

2.1. Predictive Processing as a Scientific Modeling Framework

Cognitive scientists draw upon epistemic resources from established research traditions to
construct models. These resources include assumptions, analogies, methods, and
concepts. For example, the Atkinson-Shiffrin model of human memory assumes that
memory is an information-processing system. Driven by this analogy, the modelers
employed the concept of storage to define the short-term and long-term memory stores,
which are two components of the model. Other informational concepts, such as input and
output, informed the understanding of environmental information and memory as a
cognitive task. In constructing the model, which was based on informational concepts, the
target system of memory was also constructed by the modelers as an information
processing task, namely the transformation of environmental information into short- or long-
term memories.

The Atkinson-Shiffrin model serves as an exemplar of a model constructed using the
epistemic resources of the cognitivist framework. Target systems of cognitivist models are
information processing tasks, that is, as the regular observable outcomes of interactions
occurring between the components of an information processing system. In the Atkinson-
Shiffrin model, this task is the allocation of information into short- or long-term memory
stores. The characterization of a target system, such as memory, can vary significantly
depending on the epistemic resources of the framework in question and empirical
knowledge about the target. For example, research conducted within the PP framework
conceptualizes memory using other concepts, such as episodic and semantic memory
(referring to remembering and knowing, respectively), or without isolating memory from
perception and attention (Fountas et al. 2022).

Depending on the chosen scientific framework, memory can mean different things. But what
exactly is a framework? Why does it matter for understanding the target system of a model?
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PP is often defined as a framework, yet the concept has not been discussed in the literature.
To grasp the idea of a framework, one must first recognize that there are numerous
frameworks in the cognitive sciences. Connectionism, for example, utilizes artificial neural
networks as models of cognition. Connectionism is not just a theory of cognition because it
comprises other epistemic resources. Frameworks cluster sets of conventionally related
resources for investigating theoretical and practical problems. In other words, they comprise
all the methodological and conceptual tools used by researchers in a given field working
within the same epistemic community.

When using frameworks to investigate target systems, the target systems tend to be
conceptualized uniformly. In the above example, memory is defined as an information-
processing task within a cognitivist framework that relies on concepts such as information
processing. Any other phenomenon within this framework would also be modeled as an
information-processing task. A similar situation occurs in research within the PP framework,
where cognitive phenomena such as perception, attention, and mental disorders are
conceptualized as inferential or predictive tasks—that s, solvable problems. | argue that this
conceptualization of cognitive phenomena as solvable tasks is linked to the epistemic
resources of a framework. Ultimately, scientists model cognitive phenomena as solvable
tasks because they have the epistemic tools to solve them.

Given that the predominant research strategy in cognitive science is scientific modeling, it is
appropriate to refer to frameworks within this discipline as "modeling frameworks." The
following figure sketches my understanding of PP as a modeling framework:

Conceptual . Methodological
Dimensions Dimension ™,
Scientific Analogies . Mathematical and
and Assumptions ", Computational Tools :
Probablistic Inference O Bayesian Statistics .
Cognition as computation, . The Free-Energy . Target
information processing Principle Construction:
. | — — Y N— ‘ ............. Predictive
d Predictions, Cognitive
Generative Model Agent—Based%gi\g%(telte—stir"ﬁgg%% hd Task
.... Prediction-Error,
Prior, Precision S%%T;{gﬁg ;’.
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Scientific Representation
Concepts . al Vehicles ’
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Dimengions . Methodologlcal‘
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Figure 1: The Predictive Processing Modeling Framework
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Modeling frameworks are constellations of epistemic resources used to model target
systems. Unlike ontologies, they do not specify the properties and relations of entities of a
given kind. Figure 1 shows that the PP framework includes epistemic resources from various
fields, including information theory, statistics, computational theory, and artificial
intelligence. It is possible to cluster these resources as conceptual and methodological. The
latter include for instance mathematical and computational tools. This chapter focuses
exclusively on their conceptual dimensions.

The conceptual dimension of a modeling framework comprises scientific concepts,
assumptions, and analogies. In the Atkinson-Shiffrin model, for example, the analogy of
information processing establishes that memory will be modeled as an information
processing system. As we will see, concepts determine the parts of the system, while
assumptions specify how they interact with each other. In the same model, concepts
determine the parts of the system. Assumptions, such as the idea that cognition is similar to
probabilistic inference or that cognition is both bottom-up and top-down, differentiate the
PP model from other models, such as connectionist or cognitivist ones.

The concept of a modeling framework helps differentiate research traditions within the
cognitive sciences. These traditions are no longer considered theories but rather
constellations of conventionally related epistemic resources for model construction.
Frameworks provide general strategies for modeling, which explains why many target
systems are constructed similarly by modelers working within the same framework. The
foundational cognitive science research tradition, Cognitivism, conceptualizes cognition as
a representational capacity: the ability to use semantic structures to represent and act on
the world. Analogously, Connectionism conceptualizes cognition as parallel distributed
information processing. This framework uses artificial neural networks (ANN) as
representation vehicles; ANN are epistemic instruments capable of performing this form of
information processing. Connectionist models have been used to study various target
systems, such as brain activity, decision-making processes, and social interactions. In all
these cases, target systems are modeled as parallel distributed information processing
tasks.

Despite their relatively brief history, the cognitive sciences have seen the development of
many modeling frameworks. In addition to the two mentioned above, there are at least two
more: 4E Cognition and Dynamic Systems Theory. | expect to convince the reader that PP is
also a modeling framework because it clusters distinctive epistemic resources for scientific
modeling. The following is an introduction to PP as a modeling framework.
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2.2. Modeling Assumptions in Predictive Processing

Bottom-up and Top-down Information Processing

A main assumption of PP is that information processing in the brain is both top-down and
bottom-up. This assumption is contrary to a long-held philosophical assumption, namely
that "the mind is a tabula rasa or blank sheet until experiences in the form of sensation and
reflection provide the basic materials — simple ideas — out of which most of our more
complex knowledge is constructed" (Uzgalis 2020). One might argue that scientific
approaches that conceptualize perception as a purely bottom-up phenomenon are based
on this assumption. For them, perception is a reactive process triggered by sensory stimuli.
More precisely, perception consists of transforming sensory stimuli into mental
representations of environmental objects.

Most traditional theories of perception are passive and input-dominated, in the sense
that they give prominence to the (bottom-up or feed-forward) flow of information from
the sensory periphery and assume that perception, e.g., object perception, is
achieved by progressively combining object features of increasing complexity at
increasingly higher levels of the visual hierarchy (Pezzulo et al. 2017, 2-3).

In bottom-up approaches, perception is characterized as the passive accumulation of
sensory stimuli. However, even within these approaches, perception also has an active
dimension, as the mind processes sensory input based on its own internal association rules.
The tabula rasa assumption only implies that environmental information is passively
acquired; it does not imply that cognition is passive. PP rejects the tabula rasa assumption,
as it posits that cognitive agents actively seek and interpret environmental information—or
sensory signals—rather than passively receiving it.

Bottom-up approaches often rely on the brain-computer analogy. For them, the brain is an
organ that executes discrete instructions step by step, producing observable outputs (see
Brette 2022). These outputs are cognitive tasks. They are the observable results of
information processing routines within the brain triggered by sensory inputs. In sum, bottom-
up approaches depict the brain as a stimulus-driven apparatus that operates exclusively in
response to inputs (Cao 2020).

In contrast, top-down approaches posit that the experiences, expectations, and specific
circumstances of a cognitive system modulate sensory information processing. One
example is the "cognitive penetrability of perception” (Cermeno-Ainsa 2020; Vance and
Stokes 2017). This phenomenon involves the modulation of sensory signals by mental
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states. Consider, for instance, how fear often influences the perception of auditory stimuli
and movements. Macpherson illustrates the concept as follows:

| defined the cognitive penetration of experience as follows: in any case of perception,
hold fixed what it is that is perceived (the objects properties and relations seen,
heard, touched, and so on), the perceiving conditions (the level of light, shadow,
mistiness, for example), the state of the sensory organ (perfect human vision,
shortsighted human vision, for example) and the location of one’s focus of attention.
With those conditions fixed, if it is possible for two subjects (or one subject at
different times) to have different perceptual experiences due to the differing content
of the states of their cognitive systems, and moreover, there is a semantic or
intelligible link between the content of the cognitive states and the content of the
perceptual experience, then perceptual experiences are cognitively penetrable.
States of the cognitive system include beliefs, judgments and desires, and should
likely also be taken to include the concepts that we possess (Macpherson 2017, 7).

Unlike the above example, PP conceptualizes cognition as a top-down process that does not
require conscious or high-level mental states. In PP, top-down modulation occurs when
perceiving involves actively sensing or sampling the environment. This modulation can
occur at the neural level without the subject's awareness.

An example that can be useful to illustrate this position relates to visual tracking
(adapted from Friston et al. 2012; Seth 2014). How are we able to follow the trajectory
of an object in the sky, for instance, of a bird, if we have no clue where it is heading?
According to Predictive Processing, our capacity to follow a visual cue can be
explained by taking the brain to predict, based on previous knowledge, the future
position of the bird in the sky. Processing coming from a higher level of the neural
hierarchy advances a hypothesis about stimuli received at a lower level. Going back
to our example, we could say that based on past information the brain advances a
prediction about the position of the bird. The prediction is met by sensory information
coming from a lower level of the hierarchy. The brain processes an error signal that
encodes the difference between the prediction advanced and sensory input,
providing thus feedback about the accuracy of the prediction. The process allows the
system to advance better predictions over time (Clavel Vazquez 2020, 664-665)

To recap, top-down approaches assume that the brain is an information-processing system
and posit that perception occurs as a result of prior knowledge influencing the processing of
sensory signals. PP is a mixed approach that draws on both top-down and bottom-up
perspectives. In other words, the brain's processing of information is not unidirectional or
deterministic. Rather, it takes on different forms depending on the evolution of the coupling
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between the agent and the environment. For example, Sato et al. (2020) demonstrated that
elite competitive swimmers have superior sensorimotor abilities in an aquatic environment
compared to novices. This phenomenon is associated with cortical reorganization in
response to long-term, task-related behaviors.

One of the fundamental assumptions used in the PP framework is that the brain operates as
an information-processing system and that information is processed in both top-down and
bottom-up ways. Another related assumption is the functionalist view of cognition, which
will be discussed below.

A Functionalist Assumption in Cognition and Brain Research

One of the assumptions of PP is that cognition is a task or is best understood as such. | call
this the functionalist assumption. This assumption informs how brain activity and
cognition are modeled within this framework. Under this assumption, cognitive phenomena
are modeled as the behaviors of systems. More precisely, they are treated as observable
tasks resulting from the patterned interactions of system components. A functionalist
approach is not concerned with the material and physical realization of these processes but
with the information-processing routines underlying them.

PP's functionalist assumption concerns the conceptualization of cognitive target systems
as tasks of probabilistic inference realized by systems with interacting parts. In PP, these
systems are known as generative models. These models comprise predictions, prediction
errors, prior knowledge, precision estimates, and evidence. In this model, an observable
cognitive behavior occurs when the cognitive system produces an accurate prediction. To
accomplish this, the system engages in a probabilistic routine. In other words, in light of
bottom-up sensory signals, it produces top-down predictions of their most probable cause
based on some prior knowledge. The system then compares its predictions with the sensory
signal and computes the difference as prediction error. This prediction error then becomes
the system's input, which is used to update its prior. The function of a PP system is to
minimize prediction error. The following is an example of how this model characterizes
cognitive behavior:
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Figure 2: A visual example of top-down modulation of perception

Reading left to right; the predictive brain meets the raw sensory stimulations from the
central inscription with a strong expectation of the numeral 13. Reading top to
bottom, the raw sensory stimulations are met with a different prediction - the letter
B. In Bayesian terms, in the context of reading the 12, the 13 hypothesis makes the
raw visual data most probable, while in the context of reading the A, the B hypothesis
makes the raw visual data most probable (Clark 2015b, 6, reproduced with
permission).

The perception of Figure 2 illustrates how prior knowledge, and perception influences
sensory information processing. PP describes perception as the task of inferring the causes
of sensory signals. Perception is the behavior of a system (the brain) that processes
information (top-down anticipations and bottom-up sensory signals) and produces an
output (a perceived scene or object). To do so, the brain uses prior knowledge from past
experiences to generate top-down anticipations that serve to modulate bottom-up sensory
information processing.

Since predictions are based on prior knowledge, a cognitive system must first gather
information about their environment. The prior knowledge enables the system to associate
sensory signals with their possible causes. Consider Figure 2 once more. Imagine someone
who is familiar with numbers but has no experience with letters. This person would only
perceive numbers. In this case, a lack of prior knowledge about letters renders the
perceptual system blind to them.

Generative Models and the PP View of the Brain

The concept of a generative model applies to both mental and scientific models. | first briefly
discuss the scientific model and then address its interpretation as a mental model, a
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common assumption in PP framework research. The scientific model describes a system
that performs probabilistic inferences due to the patterned interaction of its components. |
will explain these components in detail later in the chapter.

In a generative model, prior knowledge is used to generate hypotheses about probable
causes of sensory evidence. The most probable hypothesis is then used to make a
prediction. This prediction is then compared to the sensory evidence, and a prediction error
is computed. This error is then used to update the weights of the hypotheses. The system
repeatedly performs this operation until the prediction error becomes insignificant.
Referring to Figure 2 again can help explain this model. Assume a cognitive system has equal
prior knowledge of numbers and letters; that is, both are equally probable hypotheses of
sensory signals. In this case, the selection of a prior is aleatory. Because of this, with
prolonged exposure, the cognitive system's perception will alternate between a letter and a
number. This alternation occurs because the perception of a letter triggers a mismatch with
the prior knowledge of numbers, and vice versa. Since the hypotheses are equally probable,
the brain will continually calculate discrepancies between its priors and sensations and
trigger error signals in any perception while alternating between the two hypotheses (Clark
2015b).

In my interpretation, generative models are functional scientific models. They describe
generic systems that perform tasks thanks to the interactions of their components. The
functional structure of generative models is projected onto target systems. Because of this,
cognition in PP is modeled as a probabilistic or inferential task. This view contrasts with the
majority of philosophical interpretations of PP, which view generative models as mental
models. Consider the following:

The core idea [of Predictive Processing] is that the brain is not a passive receiver of
sensory signals but that it predicts sensory inputs (Wiese 2018, 191).

To deal rapidly and fluently with an uncertain and noisy world, brains like ours have
become masters of prediction —surfing the waves of noisy and ambiguous sensory
stimulation by, in effect, trying to stay just ahead of them (Clark 2016, xiv).

The Brain is a sophisticated hypothesis-testing mechanism, which is constantly
involved in minimizing the error of its predictions of the sensory input it receives from
the world (Hohwy 2013, 1).

[...] Brains do not sit back and receive information from the world, form truth
evaluable representations of it, and only then work out and implement action plans.
Instead brains, tirelessly and proactively, are forever trying to look ahead in order to
ensure that we have an adequate practical grip on the world in the here and now.
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Focused primarily on action and intervention, their basic work is to make the best
possible predictions about what the world is throwing at us. The job of brains is to aid
the organisms they inhabit, in ways that are sensitive to the regularities of the
situations organisms inhabit (Hutto 2018, 2446).

The counterpart to viewing generative models as mental models is the idea that PP is an
explanatory theory. If the brain is a probabilistic system, then probabilistic scientific models
account for its functioning. However, | argue that generative models are merely epistemic
resources and that their components, such as predictions, prediction error, priors, and
precision estimates, do not correspond to any cognitive mechanisms in the brain.

The functional assumption under consideration is arguably situated at the computational
level of description, as defined by cognitive scientists (Marr 2010). A computational
description specifies what cognitive systems do. In PP, for instance, perception is defined as
the process of probabilistically inferring the unobservable causes of sensations. This
description is functional because it describes a task and the system components
responsible for it. Functional descriptions are complemented by algorithmic descriptions,
which specify the rules systems follow to perform tasks. Together, these descriptions define
a cognitive system and its components, as well as the patterned interactions that lead to
observable outputs. One issue in the PP literature is the indiscriminate use of the term
"generative model" to describe four distinct theoretical entities:

i.  Acomputational model.

ii.  Analgorithmic structure.
iii.  The entire scientific model.
iv. A putative mental model.

Generative models are sometimes regarded as the algorithmic structure that specifies the
rules governing the interactions of system components in functional models. Strictly
speaking, PP imports epistemic resources from other frameworks for this purpose. Bayesian
equations are the most popular tool for this purpose, as they are well-suited to problems
involving uncertainty. However, they are not the generative models of PP, which are epistemic
artifacts composed of computational and algorithmic structures.

There are many interpretations of the notion of a generative model, and mine is just one of
them. | consider generative models to be epistemic artifacts rather than mental structures,
which distinguishes my interpretation from others'. The extensive use of these artifacts may
have led scientists to believe that brains are statistical machines. For example, Friston's
interpretation of the brain is significantly influenced by statistical modeling terminology.
According to Friston (2019, 1), the brain is best understood as a constructive organ that
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formulates explanations or hypotheses about unobservable causes of sensations and
evaluates these hypotheses against sensory evidence. Friston et al. (2014, 148) further
describe the brain as a phantastic organ:

this perspective shifts from the Brain as a passive filter of sensations (or an elaborate
stimulus-response link) towards a view of the Brain as a statistical organ that
generates hypotheses or fantasies tested against sensory evidence. In short, the
Brain is now considered a phantastic organ (from Greek phantastikos, the ability to
create mental images).

The use of high-level epistemological terms, such as "inference,” "explanation," or
"hypothesis testing," may be appropriate when describing complex forms of cognition, such
as scientific cognition or reasoning. However, this terminology may also be a source of
misinterpretations when describing elementary forms of cognition such as perception.®
Furthermore, it may not be a suitable approach for describing virtually any cognitive
phenomenon, as suggested by proponents of PP.

Nevertheless, | believe that the use of these concepts in scientific discourse is acceptable,
on the condition that it is made clear that they are not intended to be descriptions of the
physical processes of cognitive processes in the brain. In other words, | argue thatis not that
the brain performs probabilistic inferences, but rather that the analogy of probabilistic
inference is an instrument in science for investigating cognition and the brain. Following this
analogy, the brain is not only as the locus of high-level or abstract reasoning, but a controller
or regulator of embodied activity (Clark 1997). As the locus of motor control, the brain
commands the rest of the body and the regulatory processes necessary for survival,
including homeostasis (Bears, Connors, and Paradiso 2007). Similarly, Fuchs has put forth
the argument that the brain serves as a mediator between the cognitive being and the
external world, acting as the organ responsible for understanding the world, others, and
oneself. In his words,

The brain is the mediator making the world accessible to us, and the transformer
connecting our perceptions and movements. But in isolation, the brain would be just
a dead organ. Itis only animated in connection with our senses, nerves, and muscles,
with the internal organs, our skin, our environment, and in relation to other human
beings (2018, xxvii)

8 For this reason, Zahavi (2018) characterizes PP as an "intellectualist theory of the mind." The
concepts of inference and hypothesis testing in PP particularly support this interpretation. However,
even among proponents of PP, some challenge these concepts (Bruineberg, Kiverstein, and Rietveld,
2018). As Orlandi (2016, 2018) observes, the analogy of inference can result in an inaccurate or overly
intellectualized characterization of perceptual acts.
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Fuchs puts forth an embodied view of the brain that differs from PP in that it avoids using
high-level epistemological concepts to describe it. However, when itis recognized that these
concepts are scientific analogies rather than designators of physical structures, PP can
become a model for any cognitive phenomenon. According to both views, perception and
action are the two primary cognitive processes orchestrated by the brain. Perception
involves anticipating future environmental and internal states, and action involves regulating
the body and environment through predictive control. These processes are intertwined:
Actions result in desired perceptual states, and perception enables agents to discern how
actions transform environmental and internal states.

According to PP, the brain engages in top-down control by making predictions about the body
and environment. One example of this control is the selective regulation of bottom-up
signals in sensory attenuation, which regulates bodily states (Windt, Harkness, and
Lenggenhager 2014). It is important to note that predictions are not mental representations.
Although they may entail semantic content, they are unconscious motor sampling routines
that orchestrate active sensing of the environment. As exploratory routines, they are involved
in controlling environmental and internal states rather than representing them (Schroeder et
al. 2010; Brooks and Cullen 2019). As Seth and Friston (2016, 2) observe, predictive control
is "geared towards control or regulation of physiological variables rather than accurate
representation of some extracranial state-of-affairs."

In this section, | outlined the assumptions that underlie the construction of PP scientific
models. These assumptions include a particular interpretation of how the brain processes
information, as well as a functionalist characterization of the brain and cognition. In PP, the
brain is conceptualized as an organ that controls and regulates the body and indirectly
controls the environment. More specifically, the brain is engaged in a constant process of
sampling environmental and bodily states to obtain crucial information for perception and
action.

2.3. The Predictive Processing Model of Perception

This section examines the PP scientific model of perception to illustrate how this framework
conceptualizes cognitive phenomena. Initially, the section addresses how probabilistic
inference serves as an analogy in PP to construct target cognitive systems, acting as a
generic conceptual blueprint for modeling any cognitive phenomenon. This
conceptualization employs a reductionist strategy that breaks down complex cognitive
phenomena into simpler probabilistic inference tasks that can be solved using existing
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scientific methods. To gain insight into the reductionism of the PP model, it is compared to
a phenomenological model of perception. Since the phenomenological model is holistic, it
is an appropriate point of comparison with the PP model. This comparison shows that,
despite its reductionist nature, the PP model is a valuable epistemic resource in perception
research.

Target Systems: Probabilistic Inferential Tasks

In PP, scientific models of perception rely on concepts to define systems and their
interactions. This conceptualization uses an analogy to articulate a scientific representation
of perception as the task of probabilistically inferring the unobservable causes of
sensations. The target system is the task that the modelis supposed to be informative about.
The constructed target system is an idealized behavior because it is purposefully distorted.
In the PP literature, perception and action are sometimes referred to as perceptual and
active inference, respectively. The above idealization consists of projecting the properties
probabilistic inferences onto these behaviors.

The probabilistic inference analogy of cognition implies that perception does not provide
direct access to the environment. Information is gathered only through active sensing. In the
analogy, the causes of sensations are unobservable and must be inferred. Cognitive systems
use their current sensations and prior knowledge to make inferences. These inferences are
not always accurate because environments are dynamic and because action transforms
them.

PP heuristically transforms perception, action, and other cognitive phenomena into

problems of probabilistic inference. Concepts such as "prior knowledge," "uncertainty," and
"dynamics" belong to the field of information theory. In particular, the term "uncertainty"
comes from artificial intelligence, where it is a property of information derived from
environments whose states are not fully observable or behave non-deterministically
(Russell and Norvig 2022, 403). Cognitive systems operating in such environments must
identify patterns to make predictions and gather prior knowledge. However, as these
environments are dynamic, prior knowledge must be updated to account for environmental

fluctuations.

Cognitive systems engage in probabilistic inference in perception and action to gain
knowledge of uncertain and dynamic environments. These systems can perceive when they
accurately predict specific environmental or internal patterns that elicit their sensations.
Action is defined as intentionally transforming environmental or internal patterns into
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predicted, expected states. Both perception and action are possible because cognitive
systems engage in predictive routines.

According to Clark, the concept of prediction in PP refers to

[...]the kind of automatically deployed, deeply probabilistic, non-conscious guessing
that occurs as part of the complex neural processing routines that underpin
perception and action. Predictions, in this latter sense, are something brains do to
enable embodied, environmentally situated agents to carry out various tasks (2016,
2).

For Clark, predictions are not conscious guesses, but rather perceptual anticipations and
commands for action. If this were not the case, perceivers would be aware of the process of
selecting the most probable hypothesis during perception and action. In PP, sensations
serve as evidence for cognitive systems to compare their predictions about hidden
environmental or internal causes that produce them. A generative model produces a set of
hypotheses based on prior knowledge and estimates their probability before the evidence is
presented. Then, a prediction is generated based on the hypothesis that is most consistent
with prior knowledge about the environment and signals. Agents can perceive the hidden
causes of sensory signals when the signals are accurately explained. This occurs when there
is no discrepancy between the expected signals and the sensory evidence. If there is a
discrepancy, the generative model computes it as a prediction error and changes or refines
its hypothesis to produce a new, more accurate prediction. Thus, prediction error informs
the agent whether to trust the formulated hypotheses.

A generative model's inputs are prediction error signals that indicate the discrepancy
between predicted and actual evidence. Rather than processing sensory input and
generating a prediction, these systems generate predictions and then process prediction
errors as new information. If the prediction error signals are relatively low, the system does
not alter its predictions. Conversely, if the signals are high, the predictive system updates or
changes its predictions. The function of a generative model is to minimize prediction error
signals. In doing so, the model learns to make accurate predictions by accumulating
knowledge of the environment and its internal states.

In PP, the process of perception is continuous rather than occurring in discrete stages. This
is due not only to the fact that generative models calculate discrepancies between observed
and predicted outcomes and generate predictions until discrepancies are reduced, but also
because environments and sensory signals change over time. To make accurate predictions,
a perceptual system must be able to handle environmental variations and track patterns in
dynamic environments. Consequently, generative models continually accumulate new
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information and form new hypotheses when existing ones are no longer useful for predicting
environmental and internal states.

Cognitive systems increase their predictive power in two distinct ways. One approach is to
gather new information through perception. The other one involves intervening in the
environment to make it predictable. Perception informs action by providing information
about how the movements of cognitive agents modify environmental states (Dewhurst
2019). To understand how perception and action reduce the discrepancy between
predictions and evidence, consider the example of an individual expecting to see an apple,
as discussed by Parr, Pezzulo, and Friston (2022, 25-26):

She generates a top-down visual prediction (e.g., about seeing something red and not
jumping). This visual prediction is compared with a sensation (e.g., something
jumping)—and this comparison results in a discrepancy. The person can resolve this
discrepancy in two ways. First, she could change her mind about what she is seeing
(i.e., a frog) to fit the world, hence resolving the discrepancy. This corresponds to
perception. Second, she could foveate the nearest apple tree and see something that
looks very much like an apple. This also resolves the initial discrepancy, but in a
different way. This entails changing the world—including her direction of gaze and
subsequent sensations — to fit what is in her mind, not changing her mind to fit the
world. This is the other direction of fit. This is action.

Predictive Processing Models versus Phenomenological Models of Perception

In the following, | compare the PP model of perception with an alternative model developed
in phenomenology. This comparison helps to articulate the distinctive scientific strategy
involved in conceptualizing the phenomenon as probabilistic inference. The
phenomenological model considers factors that are usually excluded from the inference
analogy. Does this imply that one model is inherently superior to the other? | would argue
that this is not necessarily the case, as both models serve different purposes. In any case,
the comparison illustrates what the reductionist heuristic of the PP model involves.

As discussed above, perception in the PP framework is conceptualized as task of
probabilistic inference. Hohwy describes this conceptualization as follows:

States of affairs in the world have effects on the brain- objects and processes in the
world are the causes of sensory inputs. The problem of perception is the problem of
using the effects —-that is, the sensory data that is all the brain has access to—to figure
out the causes. It is then a problem of causal inference for the brain, analogous in



Chapter 2 - Scientific Models in Predictive Processing -65-

many respects to our everyday reasoning about cause and effect, and to scientific
methods of causal inference (Hohwy 2013, 13).

For Hohwy, this conceptualization is not an ontological thesis about perception. Rather, itis
a useful scientific analogy for investigating perception. According to him, it is "a basic and
useful formulation of the problem of perception" (2013, 13). This analogy is useful because
it allows for the application of statistical tools, particularly those derived from Bayesianism
to the study of perception. PP's conceptualization of perception differs markedly from our
typical experience of it. The idea of perception as a probabilistic inference task does not align
with common sense. People do not experience perceptual acts as probabilistic tasks.
Although proponents of PP might argue that predictions are unconscious, PP fails to account
for the experiential dimension of perception. As a scientific characterization, itis applicable
only in scientific contexts. Within these contexts, target systems—that is, probabilistic
tasks—are created by projecting the properties of probabilistic inference onto perceptual
phenomena. Outside these contexts, perception is not a process of probabilistic inference.

As mentioned earlier in this chapter, one of the fundamental assumptions about perception
in PP is that it is not a passive or reactive process. Rather than being merely passive
associations of sensory data, perceptual inferences are interpretative acts. In the words of
Friston,

[...]there is a distinction between percepts, which are the products of recognizing the
causes of sensory input and sensation per se. Recognition (i.e., inferring causes from
sensation) is the inverse of generating sensory data from their causes. It follows that
recognition rests on models, learned through experience, of how sensations are
caused (2005, 815).

Friston's approach to perception is partially consistent with the phenomenological account
presented later in this section because, for both, perception is more than an aggregate of
sensations. Perception is a cognitive act because it involves the intelligent apprehension of
environmental or internal objects. In PP, perception is an active process because top-down
predictions are partially responsible for producing a cognitive system's inputs. Perceptual
inferences are temporal processes through which perceived objects are recognized. This
recognition occurs as a result of the complex interplay between perceptual anticipation and
sensory evidence.

Perception is a transdisciplinary phenomenon that has been the subject of nhumerous
investigations in various disciplines, including philosophy, psychology, neuroscience,
artificial intelligence, robotics, and aesthetics. These disciplines investigate distinct facets
of perception. It is therefore reasonable to assume that they can, at times, complement
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each other. Among these approaches, phenomenology is argued to be non-reductionist, at
least with respect to the experiential dimension involved in the phenomenon.

Embree (2010) distinguishes two orientations of phenomenological research. One is
philosophical, which Husserl called "transcendental." The other is a subject-oriented
approach exemplified by phenomenologies of illness, perception, social cognition,
attention, or imagination. The philosophical approach focuses on the structures of
experience. The subject-oriented approach shares its area of study with the natural
sciences. For instance, while cognitive scientists study social cognition, phenomenologists
study intersubjectivity as a transcendental structure of human subjectivity and social
cognition.

According to Embree (2010), both orientations entail reflective analysis of experience and
have the potential to clarify the nature of the phenomenon under consideration. Similarly,
Zahavi (2021) argues that phenomenological inquiry does not expand our empirical
knowledge of the subject matter under investigation. Nevertheless, phenomenological
research can contribute to scientific advancement by elucidating the nature and
foundations of knowledge. Thus, phenomenological research can be advantageous for
cognitive scientists investigating topics such as perception, attention, and imagination. This
is because phenomenological research reveals aspects of phenomena that are overlooked
when they are approached through reductionist heuristics.

According to Embree (2010), phenomenological analyses are reflective, descriptive, and
culturally appreciative. These analyses are reflective due to their detailed observation of
subjective experiences, including beliefs, values, and desires. They are descriptive in that
they provide information about individuals' experiences during intentional acts, including
their concepts, emotions, feelings, and interactions with real and fictional entities. Finally,
they are culturally appreciative because they explicitly acknowledge that the natural and
sociocultural worlds ground these experiences. According to Embree (2010, 2), a typical
phenomenological procedure is to begin "from something that is somewhat familiar,
reflectively analyzing how it is encountered, and then expressing a richer comprehension of
the thing in question."

Husserl's definition of perception is illustrative of a holistic, rather than reductionistic,
perspective to this phenomenon. This contrasts with the view of perception as inference. In
an appendix to the Logical Investigations (2001, 335), Husserl identifies and differentiates
four distinct meanings associated with the concept of perception.

i.  External perception: "the perception of things, their qualities and relationships,
their changes and interactions."



Chapter 2 - Scientific Models in Predictive Processing -67 -

ii.  Perception of the self: "the perception that each can have of his own ego and its
properties, its states and activities."

iii.  Sensuous perception: "what we perceive by the eye and the ear, by smell and
taste, in brief, through the organs of sense."

iv.  Internal perception: "[it] concerns mainly such 'spiritual' experiences as thinking,
feeling and willing, but also everything that we locate, like these, in the interior of
our bodies, do not connect with our outward organs."

The four dimensions of perceptual acts are overlooked when perception is viewed through
the reductionistic analogy of inference. Perception is intentional, directed toward either
physical or mental entities, which can be either internal or external. External and sensuous
perceptions are directed toward external entities, while self and internal perceptions are
directed toward internal ones. The intentionality of perception makes it an interpretive act.
Perception is not merely the aggregation of sensations, but rather a complex phenomenon
influenced by contextual factors and experience. As Gallagher and Zahavi (2012, 7) observe,
"the perception of my car as my car suggests that perception is informed by previous
experience." This interpretive dimension renders it a cognitive act.

Along with contextual and experiential factors, phenomenologists take into account the
extendedness and embeddedness of perception. This viewpoint is not necessarily rejected
by PP; however, the inference analogy and the model itself are unable to account for these
aspects. Gallagher and Zahavi (2012, 8), like many other phenomenologists, propose the
hypothesis that much of the semantic work involved in perception is offloaded to the
environment. As they state, "the phenomenologist would say that perceptual experience is
embedded in contexts that are pragmatic, social, and cultural, and that much of the
semantic work (the formation of perceptual meaning) is facilitated by the objects,
arrangements, and events that | encounter." Gallagher and Zahavi (2012, 8) illustr